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Abstract

This review presents a comprehensive study of adaptive control techniques for nonlinear
systems influenced by complex nonlinearities and system faults. Nonlinear systems are
categorized into general, stochastic, and switched classes, with a focus on their modeling
and control challenges. Common nonlinearities such as input saturation, dead-zone, and
backlash-like hysteresis, along with actuator and sensor faults, are examined due to their
critical impact on system performance. Fuzzy logic systems and neural networks are
explored as effective function approximators capable of handling system uncertainties and
complex dynamics. Their design methodologies, advantages, and implementation issues
are discussed in detail. The review also highlights recent developments in fault-tolerant
adaptive control using these intelligent approximators. Finally, the paper outlines open
challenges and future research directions, including the integration of adaptive learning
frameworks with real-time control and enhanced fault detection strategies for practical
nonlinear systems.

Keywords: adaptive control; nonlinear systems; fuzzy logic systems; neural networks;
system nonlinearities
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1. Introduction
1.1. Motivation for Adaptive Control in Nonlinear Systems

Nonlinear systems are prevalent in many engineering applications, including robotics,
aerospace, and industrial automation. These systems often involve complex dynamics,
parameter uncertainties, external disturbances, and unpredictable nonlinear behaviors
that challenge traditional control methods [1-3]. Designing effective controllers under
such conditions requires strategies that can adjust to unknown and time-varying system
characteristics. Adaptive control plays a crucial role in this context by enabling the controller
to automatically modify its parameters in real time, without requiring precise system
models [4-6]. In nonlinear systems, adaptive control is particularly valuable because it
offers a systematic way to ensure stability and tracking performance despite the presence of
uncertainties. One widely used framework for designing adaptive controllers in nonlinear
systems is the backstepping method. This recursive design technique is well-suited for
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strict-feedback structures and allows step-by-step construction of stabilizing control laws
while incorporating parameter adaptation mechanisms. The method has proven effective in
handling unknown parameters and enhancing the robustness of adaptive control schemes
in nonlinear settings [7,8]. However, traditional adaptive control approaches, including
backstepping, often assume that unknown parameters are constant or slowly varying. These
assumptions limit their effectiveness in dealing with fast time-varying uncertainties or
complex nonlinear functions that are difficult to parameterize explicitly. Moreover, practical
issues such as input saturation, dead-zone, actuator faults, and sensor uncertainties further
complicate the control problem. To address these challenges, fuzzy logic systems and neural
networks have been increasingly employed within adaptive backstepping frameworks.
These tools possess strong function approximation capabilities and can model unknown
nonlinearities without requiring precise mathematical descriptions. Their integration into
adaptive control enables improved learning, robustness, and tracking performance under
diverse and uncertain nonlinear environments [9-11]. The motivation of this review lies in
the growing need for adaptive control strategies that combine the strengths of backstepping
design with intelligent approximation methods such as fuzzy logic systems and neural
networks, to effectively handle the complexity of nonlinear systems in practical scenarios.

1.2. Scope of Review: FLS and NN Methods

This review focuses on adaptive control strategies for nonlinear systems that utilize
fuzzy logic systems (FLSs) and neural networks (NNs) as core approximation and learning
tools. These methods have gained significant attention in recent years due to their ability
to address modeling uncertainties, nonlinearities, and time-varying behaviors that are
difficult to manage with conventional control approaches.

Fuzzy logic control (FLC) and artificial neural networks (ANNSs) offer several advan-
tages over traditional model-based control techniques. One of their most notable features
is their ability to operate with minimal reliance on accurate mathematical models. This
model-free nature makes them particularly suitable for controlling nonlinear systems with
unknown or complex dynamics. FLC is inspired by human reasoning and operates using
linguistic rules, allowing it to imitate expert decision-making in uncertain environments. It
offers advantages such as flexibility, robustness, parallel processing capability, and toler-
ance to imprecise inputs. However, the design of adaptive fuzzy controllers often relies
on heuristic tuning [12-14]. The selection of membership functions and the formulation of
rule bases usually depend on trial and error, which can limit systematic implementation
and scalability. Neural networks, on the other hand, are data-driven structures capable of
learning complex input-output relationships through training. They exhibit strong function
approximation capabilities, high parallelism, and adaptive learning behavior [7,9,10]. These
characteristics make them effective tools for online identification and control of nonlinear
systems. Nevertheless, neural network-based control also faces challenges, including the
difficulty in determining optimal network architecture, slow convergence of training al-
gorithms, and reliance on numerical (rather than symbolic) representations. Given these
complementary strengths and limitations, both FLSs and NNs have become prominent
tools in adaptive control design. This review aims to explore their individual roles, compar-
ative effectiveness, integration into adaptive control frameworks (such as backstepping),
and application to various nonlinear system categories including those with uncertainties,
faults, and practical nonlinearities [15-19].

1.3. Paper Structure Overview

The remainder of this paper is organized as follows. Section 2 introduces the essential
background and fundamental concepts of adaptive control, fuzzy logic systems (FLSs),
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and neural networks (NNs), along with a comparative overview of their roles in nonlinear
control applications. Section 3 provides a classification of nonlinear systems, including
general nonlinear systems, stochastic nonlinear systems, and switched nonlinear systems,
and discusses the associated control challenges for each category. Section 4 presents
practical nonlinearities and system faults commonly encountered in control scenarios,
including input saturation, dead-zone effects, backlash-like hysteresis, actuator faults, and
sensor faults, with an emphasis on their modeling and influence on controller design.
Section 5 reviews a broad range of adaptive control strategies based on FLS and NN
techniques, highlighting key aspects such as controller architecture, stability analysis,
convergence properties, and practical effectiveness. Section 6 provides a comparative
analysis of the stability and convergence of adaptive control schemes. Finally, Section 7
concludes the paper by summarizing the major findings and outlining promising future
research directions, including integrated fault-tolerant and learning-based adaptive control
approaches for complex nonlinear systems.

2. Background and Fundamentals
2.1. Concept of Adaptive Control

Adaptive control is a class of control strategies that modify controller parameters
automatically in real time to ensure the desired performance of a system, particularly when
the system model is uncertain or varies with time. This approach is especially valuable
for nonlinear systems, where exact mathematical modeling is often challenging due to
system complexity, changing operating conditions, and unknown disturbances [20,21]. The
primary objective of adaptive control is to maintain stability and achieve performance
goals such as tracking or regulation, even when the plant parameters are unknown or
vary unpredictably. Unlike fixed-gain controllers, adaptive controllers continuously adjust
their parameters during operation, making them suitable for applications where plant
characteristics are not constant or fully known [22-24].

There are two typical scenarios where adaptive control becomes essential. In the first,
the system parameters are unknown but remain constant within a certain operating range.
In such cases, adaptive control can automatically tune the controller gains to optimal values.
Once the desired performance is reached, the effect of adaptation reduces over time. In
the second scenario, the parameters vary over time due to factors such as load changes,
environmental effects, or wear and tear. Here, the adaptation must operate continuously to
cope with the evolving dynamics and maintain control objectives.

An adaptive control system typically includes three key components

(a) Performance measurement;
(b) Comparison and decision mechanism;
(c) Adaptation mechanism.

These components work together to monitor the current system behavior, compare it
with the desired performance, and update the controller parameters based on the observed
error. What differentiates adaptive control from other methods such as robust control is its
use of real-time information to actively tune the controller in a closed-loop manner, rather
than relying on pre-designed margins of robustness.

Two fundamental types of adaptive control frameworks are widely used. The first is
model reference adaptive control, where a reference model defines the ideal response of the
system. The controller is designed to minimize the difference between the plant output and
the reference model output by adjusting its parameters online. This ensures that the actual
system behavior closely follows the desired reference. The second type is indirect adaptive
control, where the plant parameters are estimated in real time using input and output
data. Based on these estimates, the controller is then reconfigured accordingly [25-27].
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This two-stage process allows the control law to be adapted indirectly through model
identification. Adaptive control strategies are often implemented using either direct or
indirect approaches, depending on the nature of the system and the control objectives. The
performance criteria may be defined in terms of time-domain characteristics such as settling
time, overshoot, and tracking error, or frequency-domain behavior such as stability margins.
In the context of nonlinear systems, adaptive control provides a flexible and systematic
framework for dealing with complex dynamics and uncertainties. Its integration with
learning-based tools such as fuzzy logic systems and neural networks further enhances its
ability to approximate unknown functions and respond to uncertain conditions effectively.
These features make adaptive control a key methodology in modern nonlinear control
system design [28-30].

2.2. Basics of Fuzzy Logic Systems (FLSs)

Fuzzy logic control (FLC) has received increasing attention in recent years due to its
model-free nature and ability to handle system uncertainties and nonlinearities. Unlike
traditional control methods that rely on precise mathematical models, FLC operates based
on human-like reasoning using linguistic rules. It offers advantages such as flexibility,
robustness, parallel processing, and the capability to incorporate expert knowledge [12,31].
A typical fuzzy logic system consists of four main components:

1. Fuzzification: Converts crisp inputs into fuzzy sets using membership functions.

2. Rule Base: A set of if-then rules that define the control strategy using linguistic variables.

3.  Inference Mechanism: Evaluates rules and combines their outcomes based on fuzzy
logic principles.

4.  Defuzzification: Translates the fuzzy output into a crisp control signal.

The overall basic fuzzy logic architecture is illustrated in Figure 1.

' Rule Base '
Crisp E E Crisp
Input ! ) ) _ _ _ ! Output
Fuzzification Inference Engine Defuzzification —~———>
Fuzzy Input Fuzzy Output
A Set Set A

Figure 1. The basic fuzzy logic architecture.

FLC systems have been recognized for their ability to design controllers and identifiers
that can perceive the environment and imitate human operator behavior. However, one key
challenge in fuzzy control is the lack of a systematic approach for adaptive implementation.
The shapes and positions of membership functions often need to be determined through
trial and error or heuristics. Moreover, if an expert cannot express knowledge effectively in
the form of if-then rules, constructing a reliable rule base becomes difficult [13,14]. The
strengths and limitations of FLSs are summarized in Table 1.
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Table 1. Features of fuzzy logic systems.

Feature Description

Model-free design Does not require an exact mathematical model of the system
Uses linguistic variables and if-then rules, making it
intuitive and interpretable

Robustness Handles system uncertainties and nonlinearities effectively
Parallelism Capable of processing multiple rules simultaneously
Easily modified or extended by adding new rules or
changing membership functions

Membership functions and rule bases often require manual
tuning or expert input

Difficult to construct rule bases when expert knowledge is
unclear or incomplete

Human-like reasoning

Flexibility
Challenges in adaptation

Lack of symbolic clarity

Fuzzy logic systems, particularly when combined with adaptive mechanisms or inte-
grated with learning-based approaches, offer a promising direction for controlling complex
nonlinear systems without relying on exact models. In subsequent sections, we explore
how fuzzy systems have been applied to nonlinear, stochastic, and switched systems with
actuator or sensor faults, dead zones, and hysteresis effects.

2.3. Basics of Neural Networks (NNs)
2.3.1. Overview of Neural Networks

Artificial Neural Networks (ANNSs) are data-driven computational models inspired by
the structure and functionality of biological neural networks. Designed to learn complex
patterns from data, they are capable of performing tasks such as classification, regression,
prediction, filtering, and control. Neural networks are especially valuable in systems where
analytical models are difficult to derive or when uncertainties and nonlinearities dominate
system dynamics [9,10,32].

2.3.2. Why Neural Networks in Control?

The fundamental strength of neural networks lies in their ability to approximate any
continuous nonlinear function with arbitrary precision, making them suitable for modeling
and control of nonlinear systems. Their salient features include
*  Nonlinear mapping capabilities;
¢  Learning and generalization from data;

. Robustness to noise and disturbances;
*  Real-time adaptability and fault tolerance.

These properties enable NN-based controllers to learn and adapt in uncertain or
time-varying environments without requiring exact knowledge of the system model.

2.3.3. Biological vs. Artificial Neural Networks

Artificial neurons emulate key mechanisms of biological neurons, such as receiving
inputs, integrating signals, and generating outputs. The analogy between biological and
artificial neural systems is outlined in Table 2.
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Table 2. Analogy between biological and artificial neural networks.

Biological Neural Systems Artificial Neural Networks

Neurons transmit electrochemical signals Neurons compute weighted input sums
Synaptic strengths change through experience ~ Weights adjusted via learning algorithms

Output propagates through layers via

Signal propagates through axons and synapses activation functions

Learning through iterative training and

Learning through repeated stimulus-response 2
error minimization

Parallel computation via multiple layers

Highly parallel and distributed processing and neurons

2.3.4. Neural Network Structure and Operation

Neural networks are multi-input, multi-output systems composed of interconnected
processing units known as artificial neurons. The primary objective of a neural network
is to transform input data into meaningful output by learning complex patterns and
relationships inherent in the data [33-35]. A neural network typically consists of three main
types of layers

e Input Layer: Accepts raw input features and forwards them to the subsequent layer.

*  Hidden Layer(s): Performs nonlinear transformations on inputs via weighted connec-
tions and activation functions.

*  Output Layer: Produces the final prediction or control signal.

There are two major types of network architectures based on the direction of data flow

1. Feedforward Neural Networks (FNNs): Information flows unidirectionally from
the input layer to the output layer. These are widely used in pattern recognition,
classification, and regression tasks.

2.  Feedback (Recurrent) Neural Networks (RNNs): These networks contain loops,
allowing information to persist. They are effective for sequential data processing and
tasks requiring memory, such as time-series forecasting or language modeling.

Each neuron processes inputs using three components:

*  Weights: Each connection between neurons is associated with a numerical weight,
which determines the strength of influence. Weights are initially assigned randomly
and updated during the learning process.

*  Activation Function: A nonlinear function that determines the neuron’s output. It
introduces nonlinearity and helps in learning complex mappings. Common activation
functions include sigmoid, hyperbolic tangent (tanh), and rectified linear unit (ReLU).

e  Bias: An additional trainable parameter that shifts the activation function to improve
model flexibility.

The mathematical representation of a feedforward neural network with a single hidden
layer is given by

N
flx) = ;wi P(v] x + by),

where x € R" is the input vector, w; are output layer weights, v; are hidden layer weights,
b; are biases, N is the number of hidden neurons, and ¢(-) is the activation function. The
network learns by minimizing a cost function that measures the discrepancy between
the predicted and desired output. Learning involves adjusting weights and biases using
algorithms such as gradient descent or backpropagation.

The overall basic NN architecture is illustrated in Figure 2.
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Input 1
Output
Input 2
Input 3

Input Layer Hidden Layer Output Layer
Figure 2. The NN architecture.

2.3.5. Neural Network Architectures

Several NN architectures are used in control applications, as shown in Table 3.

Table 3. Common neural network architectures in control.

Architecture Description Typical Applications

Data flows unidirectionally

Feedforward Neural from input to output

Function approximation,

Network (FNN) through hidden layers. classification
Radial Basis Function Uses radial basis functions  Adaptive control,
Network (RBENN) in hidden nodes for nonlinear system
localized learning. identification
Recurrent Neural ir;i;ljci?(fﬁg(zsi;k ture Time-series prediction,
Network (RNN) temporal depen dIe)ncies. dynamic systems control
Convolutional Neural Employs spatial filtering Image recognition,
Network (CNN) and shared weights for perception for
feature extraction. autonomous systems

2.3.6. Advantages and Limitations in Nonlinear Control

Neural networks have been widely used in adaptive control frameworks to approx-
imate unknown nonlinearities in plant dynamics. However, their effectiveness depends
on proper training, structure selection, and stability guarantees. Table 4 summarizes key
advantages and challenges.

Table 4. Advantages and limitations of neural networks in nonlinear control.

Advantages Limitations

Universal function approximation Requires large training datasets
Real-time adaptability to changing May suffer from overfitting or slow
conditions convergence

Handles model uncertainties and

nonlinearities Stability analysis is often complex

Integrates well with control strategies like ~ Sensitive to initial weights and
backstepping architecture choice

Suitable for high-dimensional,

multi-variable systems Lack of interpretability in deep networks

In adaptive control of nonlinear systems, neural networks are commonly used to
estimate unknown functions or compensate for dynamic uncertainties. For instance, in

https://doi.org/10.3390 /math14081256


https://doi.org/10.3390/math14081256

Mathematics 2026, 14, 1256

8 of 25

NN-based adaptive backstepping, the neural network is trained online to approximate the
unknown nonlinearities, and its weights are updated using Lyapunov-based adaptation
laws to guarantee stability and convergence. Their flexible structure and learning capa-
bilities make neural networks a key enabler of intelligent, model-free control strategies in
complex nonlinear systems.

2.4. Comparison: FLS, NN, and Neuro-Fuzzy Systems in Control Applications

Fuzzy logic systems (FLSs) and data-driven approximators such as neural-based
models are widely utilized in adaptive control of nonlinear systems due to their strong
approximation capabilities. In addition, hybrid neuro-fuzzy systems have emerged as an
effective framework that integrates the advantages of both approaches, particularly for
handling complex nonlinearities and system faults.

Fuzzy Logic Systems (FLSs): FLSs are suitable for systems where qualitative knowledge or
expert experience is available. They employ linguistic variables, membership functions,
and rule-based inference mechanisms to approximate unknown nonlinear dynamics. The
design of FLSs typically involves constructing appropriate fuzzy rules and selecting mem-
bership functions. From a stability perspective, adaptive FLS-based controllers are often
analyzed using Lyapunov theory, where parameter adaptation laws are derived to ensure
boundedness of all closed-loop signals and convergence of tracking errors. Despite their
interpretability and simplicity, FLSs may face limitations in highly dynamic environments
due to the lack of inherent learning capability and reliance on manual rule design.
Neural-Based Approximators (NNs): Neural-based approaches provide a powerful frame-
work for approximating complex nonlinear functions without requiring prior system
knowledge. Their design involves selecting suitable network architectures and updating
parameters through adaptive or learning-based laws. In control applications, stability is
typically guaranteed by constructing Lyapunov functions and deriving weight update
laws that ensure uniform boundedness and tracking performance. These models exhibit
strong generalization ability and adaptability, making them effective in uncertain and
time-varying environments. However, their black-box nature reduces interpretability, and
their performance depends on appropriate parameter tuning and computational resources.
Neuro-Fuzzy Systems: Neuro-fuzzy systems combine the transparency of FLSs with the
adaptive learning capability of neural-based models, providing a structured yet flexible ap-
proximation framework. In such systems, fuzzy inference structures are embedded within
adaptive learning mechanisms, allowing automatic tuning of membership functions and
rule parameters. The design typically involves integrating fuzzy rule bases with adaptive
update laws, which can be derived using Lyapunov stability theory to ensure convergence
and boundedness of all signals.

From a theoretical standpoint, neuro-fuzzy systems offer enhanced capability in han-
dling coupled uncertainties, complex nonlinearities, and time-varying faults. Their hybrid
structure enables simultaneous utilization of expert knowledge and data-driven learning,
which improves approximation accuracy and robustness. In particular, the adaptive tuning
mechanism allows the controller to compensate for actuator faults, dead-zone effects, and
hysteresis nonlinearities more effectively than standalone FLSs or neural-based approaches.
The comparative characteristics of these approaches are summarized in Table 5.

In summary, while FLSs provide interpretability and simplicity, and neural-based ap-
proaches offer strong learning capability, neuro-fuzzy systems achieve a balanced trade-off
by combining both features, making them particularly suitable for adaptive fault-tolerant
control of complex nonlinear systems, where both approximation accuracy and robustness
are critical. To further emphasize their practical relevance, it is essential to evaluate these ap-
proximation methods not only based on theoretical capability but also in terms of real-time
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performance, computational load, online adaptation, and implementation feasibility. While
the FLS offers interpretable rule-based control and NNs provide high adaptability and learn-
ing capacity, hybrid Neuro-Fuzzy approaches combine these strengths, offering a balance
between interpretability, accuracy, and online learning. The following remark and Table 6
summarize these aspects and highlight their suitability for real-world implementations.

Table 5. Comparison of FLSs, neural-based approximators, and neuro-fuzzy systems in control applications.

Criteria FLS Neural-Based/Neuro-Fuzzy
Model Requirement Rule—based,. no precise Data—drlver}, no explicit
model required model required
Moderate

High (transparent rule

Interpretability structure) (neuro-fuzzy)/Low
(neural-based)
s Limited without High due to learning
Adaptability adaptation laws capability
Desien Principle Membership functions and  Network structure and
& p rule base design adaptive parameter update
Stability Analysis Lyapunov—bas'ed Lyapgnov—based adaptive
parameter tuning learning laws
Fault Handling Moderate Strong (especially
neuro-fuzzy)
Nonlinearity Handling Effec-tlve f.o.r moderate nghly eff.e.ctlve for complex
nonlinearities nonlinearities
Robustness Good High (enhanced in

neuro-fuzzy systems)

Table 6. Comparative assessment of FLS, NN, and Neuro-Fuzzy methods in adaptive control.

Method 1:: }C)E :::y Interpretability C(():I::I}:ll:lzt;?tr;al Onligirl:ie:;ning Implementation Feasibility
FLS Moderate High Low Low High for moderate complexity systems
NN High Low High High Moderat(;;n réefglsso il;ifeigient data
Neuro-Fuzzy High Moderate Moderate-High Moderate High; balances accuracy

and interpretability

This comparison emphasizes that the FLS is advantageous when interpretability and
simplicity are critical, NNs excel for complex nonlinear systems with abundant data but
at higher computational cost, and Neuro-Fuzzy methods provide a practical compromise,
suitable for systems requiring online adaptation with manageable computation while
maintaining interpretability.

3. Classification of Nonlinear Systems

Nonlinear systems arise in a wide range of practical engineering applications where
the relationship between inputs and outputs cannot be adequately described by linear
models. These systems often exhibit complex behaviors due to inherent nonlinearities,
external disturbances, structural uncertainties, or dynamic switching among subsystems.
To facilitate analysis and controller design, nonlinear systems can be classified into various
categories based on their structural properties and external influences. This section focuses
on two important classes of nonlinear systems: stochastic nonlinear systems with uncer-
tainties and switched nonlinear systems under arbitrary switching. Each class presents
unique challenges and requires tailored control strategies to ensure stability and tracking
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performance. The following subsections describe their mathematical formulation and
control-related issues in detail.

3.1. Stochastic Nonlinear Systems with Uncertainties

Stochastic nonlinear systems are dynamical systems characterized by inherent non-
linearities and stochastic disturbances that arise from environmental noise, modeling
uncertainties, or random external influences. These systems are commonly encountered in
real-world applications such as financial modeling, biological systems, robotics, and com-
munication networks, where uncertainties cannot be neglected. The presence of stochastic
processes makes the control and analysis of such systems more challenging, as traditional
deterministic methods may not guarantee the desired performance or stability under ran-
dom perturbations [8-10]. Therefore, specialized techniques such as stochastic stability
theory, adaptive control, and backstepping methods are often employed to handle these un-
certainties effectively. In general, stochastic nonlinear systems are modeled using stochastic
differential equations (SDEs), where a standard Brownian motion is introduced to describe
the stochastic disturbances acting on the system states. The control design for such systems
aims to ensure that the tracking errors and closed-loop signals remain bounded in probabil-
ity or in mean square sense, and that the desired tracking performance is achieved despite
the presence of random fluctuations [11].

Mathematical Formulation of Stochastic Nonlinear Systems

Consider a class of stochastic nonlinear systems described by the following set of
stochastic differential equations [32]

dx; = (fi(x) +gi(V)xip)dt + ] () dw, 1<i<n-—1,
dxy = (fu(x) + gn(X)u)dt + ¥l (x) dw, )

Yy = X1,

where x = [xq,x2,. .., xn]T € R" is the state vector, # € R is the control input, and y € R is
the system output. The function w denotes an r-dimensional standard Brownian motion
defined on a complete probability space {Q, F, { Fi }+>0, P}, where Q) is the sample space,
Fisaoc-field, { F; }1>o is a filtration, and P is a probability measure. The nonlinear functions
fi():R*" - R, gi(+) : R" - R, and ¢;(-) : R" — R" fori =1,2,...,n are assumed to be
unknown but smooth. The diffusion terms ¥ (x) dw represent stochastic perturbations
affecting each state equation, and their presence requires the design of robust or adaptive
control laws that can accommodate the resulting uncertainty. Such systems often require
advanced tools from stochastic analysis, Lyapunov stability in probability, and adaptive
estimation to ensure performance and stability in the presence of noise.

3.2. Switched Nonlinear Systems and Arbitrary Switching

Over the past decades, switched systems have emerged as a critical subclass of hy-
brid systems due to their widespread application in real-world processes such as traffic
control, power systems, communication networks, and complex industrial automation.
These systems consist of a family of continuous-time subsystems and a logical switch-
ing rule that orchestrates transitions among them. The flexibility of switched system
modeling enables it to capture diverse dynamics that cannot be represented by a single
model [12,33,36]. Switched nonlinear systems, in particular, pose significant challenges in
control design due to the presence of both nonlinearities and mode-dependent dynamics.
When the switching signal is arbitrary or unknown a priori, stability analysis and controller
synthesis become more complex. This necessitates robust and adaptive control techniques
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capable of handling mode-dependent uncertainties, discontinuities in vector fields, and
external disturbances [14,34].

Mathematical Formulation of Switched Nonlinear Systems

To mathematically represent a class of switched nonlinear systems, consider the
following dynamic model [36]

X = Gion (F)Xi1 + fio)(X) Hdigy(x,t), 1<i<n-—1,

Xp = gn,o(t)(xn)”(v) + fn,zr(t) (x) + dn,v(t)(xf t), ()
y =X,
where x = [x1,x2,...,%,]T € R" is the system state vector, ¥; = [x1,. Lx)T e R/, and

y denotes the system output. The control input is denoted by u(v) € R. The switching
signal o(t) : [0,400) — W = {1,2,...,w} is a piecewise constant function selecting the
active subsystem at time ¢. If (t) = p, then only the pth subsystem is active, and the rest
are inactive. The functions f;,(x) : R" — Rand g;,(%;) : R — R are uncertain smooth
nonlinear functions satisfying f; ,(0) = 0. The terms d; ,(x,t) : R" x R — R represent
bounded disturbances caused by sensor or measurement noise.

Arbitrary switching implies that the switching signal (t) can change unpredictably
and does not depend on the system state or performance. Such switching behavior can pose
challenges to stability and performance. Consequently, advanced control strategies such as
common and multiple Lyapunov function methods, adaptive approximation schemes, and
learning-based techniques have been developed to ensure stability and performance under
arbitrary switching conditions.

3.3. Function Approximators for Nonlinear Systems

To handle unknown nonlinearities in stochastic and switched nonlinear systems,
function approximators such as fuzzy logic systems (FLSs) and radial basis function neural
networks (RBFNNSs) are widely employed due to their universal approximation capabilities.

3.3.1. Radial Basis Function Neural Network (RBFNN)

A radial basis function neural network (RBFNN) is used in the controller design
process to describe the continuous nonlinear function ¢(Z) : R" — R as [16]

ann(Z) = WTP(Z), 3)

where Z € Q7 C R7 denotes the input vector. The weight vector W = [wy, ..., w;]T € R/
represents the weights assigned to I nodes. The vector P(Z) = [p1(Z),...,p(2)]" € R!
consists of radial basis functions, where each p;(Z) is defined as:

Z—w)(Z - w;
071 - op - Em ) 0
with w; = [wp, - ..,wiq]T being the center of the ith receptive field, and 7 the width

parameter. If (Z) is continuous and defined over a compact set (), then for any € > 0,
there exists an optimal weight vector W* such that

W(Z2) =W*TP(Z2)+46(Z), VZ e Qy, (5)
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where §(Z) is the approximation error satisfying |6(Z)| < €, and W* is defined as:

W* = arg min sup |¢(Z) — WIP(Z)|. (6)
WeR! zeq,

Lemma 1 ([16]). Given the radial basis function vector P(Z,,) = [p1(Zn), ..., p1(Zn)]" and the
input vector Z,, = [z1,...,z4)", it holds that:

IP(Z)II? < I1P(Z)IP, 7)
forallm < n.

3.3.2. Fuzzy Logic System (FLS)

The unknown nonlinear function existing in the control system is approximated using
a fuzzy logic system (FLS). The FLS consists of three key components: a fuzzy rule base,
fuzzification operators, and defuzzification operators. The fuzzy rule base of the FLS is
formulated as follows [17]

R :Ifxyis Fl, xpis El,..., xyis F}, thenbis G, 1=1,2,...,N 8)

where x = [x1,x2,. .., xn]T € R" is the input vector and b € R is the output of the FLS. Fil
and G! are fuzzy sets in R, withi =1,2,...,nand / = 1,2,..., N. The output of the FLS is
given by

Z{\il BilT HEl (xi)

B Y (H?:l Hrl (xi)>

where y 1 (x;) denotes the membership function of the fuzzy set Fil ,and B; = maxyer pa ().

©)

The fuzzly basis functions are defined as

[Ty Ml (xi)

& (x) = , 1=12,...,N (10)
£ (T g ()

Define the ideal constant weight vector w = [B; B B T = [@1,@,...,oN]T
and the fuzzy basis function vector & (x) = [¢1(x), &2(x), ..., &n(x)]. Then the fuzzy logic
system (2) can be rewritten in compact form as

B(x) = @TE(x) (1)

Lemma 2 ([17]). Let f(x) be a continuous function defined on a compact set Q). Then, for any
arbitrarily small positive constant € > 0, there exists an FLS of the form (2) such that

sup|f(x) —@"¢(x)| <e (12)

xeQ)

4. Nonlinearities and Faults

In practical engineering systems, nonlinear behaviors are often unavoidable due
to inherent characteristics of physical components and environmental factors. These
nonlinearities, if unaddressed, may lead to performance degradation or even instability of
the overall control system. Among the most critical nonlinearities are input nonlinearities
such as saturation, dead-zone, and hysteresis including backlash effects. In addition,
actuator faults such as bias and loss of effectiveness, and sensor faults such as measurement
noise and uncertainty, frequently occur in real-world systems and complicate the control
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design. Accurately modeling and compensating for these nonlinearities and faults is
essential for achieving reliable and robust performance. In the upcoming section, we
discuss these one by one.

4.1. Input Nonlinearities

Input nonlinearities are commonly encountered in practical control systems due
to limitations or nonlinear behavior of actuators and mechanical components. Typical
types include saturation, dead-zone, and backlash-like hysteresis. These nonlinearities
can significantly degrade system performance and may even lead to instability if not
properly addressed. Each type exhibits distinct characteristics and requires dedicated
modeling and compensation strategies. We discuss these nonlinearities one by one in the
following subsections.

4.1.1. Saturation Nonlinearity

Saturation nonlinearity is one of the most common forms of input nonlinearities en-
countered in control systems. It occurs when the output of a system component cannot
increase beyond a certain maximum or minimum level, regardless of further increases or
decreases in the input. This nonlinearity is often observed in actuators, amplifiers, and mag-
netic devices [37,38]. A classical example of saturation can be found in the magnetization
curve of a DC motor. Initially, as the excitation current increases, the magnetic flux increases
linearly. However, beyond a certain point, the iron core of the motor becomes magnetically
saturated, and further increases in the input current yield diminishing increases in flux.
This results in a curve that transitions from a linear slope to a flat region—an evident sign
of saturation. This behavior can be modeled using a piecewise-linear function that limits
the output to a maximum or minimum value. Similarly, in electronic systems, operational
amplifiers exhibit saturation characteristics. The amplifier output is proportional to the
input only within a limited input range. When the input exceeds this range, the output
voltage saturates at the supply voltage levels (either positive or negative), and the linear
input-output relationship no longer holds [39,40].

Mathematically, saturation nonlinearity can be described by the following function [41]:

Umax, if 4 > Umax
Sat(u) =3\ U, if Umin S u S Umax (13)

Umin, if 4 < Umin

where u is the control input, and upin < 0 and umax > 0 are the lower and upper bounds
of the saturation limits, respectively.

4.1.2. Dead-Zone Nonlinearity

Dead-zone nonlinearity arises in systems where there exists a range of input values
for which the output remains zero or unchanged. This phenomenon is typical in many
electromechanical actuators, such as DC motors and servo systems, where mechanical
friction or slack prevents movement until the input torque or voltage exceeds a certain
threshold. In practical terms, when the control input remains within the dead-zone, the
actuator does not respond, causing a loss of control sensitivity and increasing tracking error
in precision applications. Dead-zone nonlinearities are especially problematic in low-speed
or low-torque regimes [29,32,37].
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A commonly encountered input nonlinearity in actuators is the dead-zone, which can
be mathematically described as [28]

my(v—"b,), ifv>b,
u=D(v) =10, if —b<v<by, (14)
ml(v+bl), ifv < —by,

where v € R is the input signal to the dead-zone, and u is the output. In this formulation,
m, and m; are the right and left slopes of the dead-zone characteristic, while b, and b,
represent the right and left breakpoints, respectively. All the coefficients m,, m;, b;, b; are
assumed to be unknown but strictly positive. This model captures the behavior where
the output remains zero for small input values within the interval (—b;, b, ), and increases
linearly outside this range. Dead-zone nonlinearities are frequently observed in systems
such as DC servo motors, actuators, and other mechanical devices, and they significantly
complicate control design due to their inherent non-smooth and non-invertible nature.

4.1.3. Backlash-like Hysteresis Nonlinearity

Backlash is a type of input nonlinearity characterized by a position-dependent discon-
tinuity in the input-output relationship. Specifically, it refers to a range of input values over
which changes in input do not result in any change in the output. In other words, when
the direction of the input is reversed, the output does not respond immediately; instead, it
remains stationary for a small range before eventually changing [42,43]. This nonlinearity
typically arises in mechanical systems such as gear transmissions, screw drives, or linkage
mechanisms, where there is clearance or slack between mating parts. The lost motion
between connected components due to mechanical looseness causes this effect. Backlash
introduces several undesirable dynamic behaviors into control systems, including phase
lag, oscillations, and limit cycles, especially when high-gain feedback is applied. Unlike
magnetic hysteresis, which depends on the rate of input change (rate-dependent), backlash
is dependent on the position and direction of input change (position-dependent), making it
a special case of hysteresis that exhibits memory-like behavior [44,45].

An unknown backlash-like hysteresis nonlinearity can be described by the following
dynamic model [43]

() -l (15

where v denotes the input signal to the hysteresis block, and u is the output affected by the
backlash. The parameters c and ¢ are unknown constants, where c is the slope of the linear
segments in the backlash characteristic, and 7 is a rate-dependent coefficient. The conditions
c > 0 and ¢ > ¢ must be satisfied to ensure the physical validity and stability of the model.
This dynamic formulation captures the essential features of backlash-like hysteresis: the
lagging behavior of the output relative to the input and the memory-dependent nature
of the response. It is widely used in the analysis and control design for systems where
backlash significantly impacts performance, such as robotic actuators, gear trains, and
electro-mechanical systems.

4.2. Actuator and Sensor Faults

Faults are unexpected changes or malfunctions in system components that can signifi-
cantly impair the stability and performance of nonlinear control systems. When such faults
remain undetected or unaddressed, they may lead to degraded tracking accuracy, increased
control effort, or even complete system failure. In the context of nonlinear systems, the
effects of faults are often more pronounced due to the intrinsic complexity and sensitivity
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of system dynamics. Therefore, designing fault-tolerant control schemes that can maintain
acceptable performance in the presence of faults is essential. Next, we discuss actuator and
sensor faults in detail.

4.2.1. Actuator Faults

Actuators are responsible for applying control commands to the system, thereby
playing a crucial role in ensuring desired system behavior. However, due to aging, wear,
harsh operating conditions, or physical damage, actuators are prone to faults that can
alter their effectiveness. In nonlinear systems, actuator faults can exacerbate the effects of
intrinsic nonlinearities, leading to severe degradation in performance or even instability.
Typical actuator faults include loss of effectiveness (LOE), bias faults, stuck faults, and
total failures [17]. In LOE faults, the actuator delivers only a fraction of the intended input,
often due to degradation or partial hardware failure [16]. Bias faults introduce a constant
offset into the control input, resulting in steady-state tracking errors. Stuck faults occur
when the actuator output becomes fixed at a constant value, regardless of the control signal.
In extreme cases, actuators may undergo complete failure and cease to respond entirely.
Such faults can seriously compromise the performance of high-gain feedback systems.
For instance, an LOE fault may result in insufficient control authority, and a bias fault
can lead to persistent output deviation [46]. Therefore, it is crucial to design adaptive
and fault-tolerant control strategies capable of identifying and compensating for these
faults in real-time. Recently, intelligent approximators such as fuzzy logic systems and
neural networks have been employed to estimate and mitigate actuator faults in nonlinear
control settings.

A widely accepted model for describing actuator faults combines both loss of effec-
tiveness and additive fault components. Let us represent the actual control input applied to
the system. The actuator fault model can be described as [47]

us = p(t, to)uc + ur(t,t,), (16)

where 1, is the control signal generated by the controller, p(t,t,) € [0,1] is a time-varying
effectiveness factor, and u, (¢, t,) represents an uncontrollable additive fault. The variable
tp denotes the time at which the LOE fault begins, while ¢, is the instant an additive fault
is introduced. Here, the term p(t, t,)u. captures the actuator’s degraded effectiveness. If
p(t,tp) =1, the actuator operates normally; if p(t,t,) = 0, it indicates total failure. The ad-
ditive term u, (¢, t,) accounts for unknown disturbances or abrupt deviations. This model is
general and captures a wide range of actuator anomalies. Effective fault-tolerant controllers
must estimate or adapt to these faults to preserve stability and desired system performance.

4.2.2. Sensor Faults

Sensors play an essential role in feedback control systems by providing state and
output measurements used in the computation of control laws. In nonlinear systems, where
accurate measurement is critical for performance, sensor faults can significantly impair
stability, estimation accuracy, and control response. Sensor faults commonly arise due
to hardware degradation, environmental disturbances, electromagnetic interference, or
signal transmission errors. These faults can lead to incorrect system feedback, causing
inappropriate control actions and, in turn, deteriorating system performance or causing
instability [48,49]. The most prevalent types of sensor faults include bias faults, drift, scaling
errors, intermittent faults, and total signal loss. A bias fault introduces a constant error
in the measurement. Drift faults cause a slow, time-dependent deviation from the actual
value. Scaling faults distort the gain of the sensor, making the output either exaggerated or
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attenuated. Intermittent faults lead to sporadic and unpredictable signal dropouts, while
total failure results in the complete absence of sensor data [50].
One typical model of a bias fault can be expressed as [46]

9() = y(8) +(t), (17)

where j(t) € Ris the measured signal, y(t) € R s the actual system output, and #(t) € Ris
an unknown fault signal representing the bias. The bias fault #7(¢) may originate from sensor
offset, aging, noise, or interference. Since (t)is generally unknown and potentially time-
varying, it introduces significant uncertainty into the feedback loop. If not properly handled,
this can lead to poor control performance or system instability. To address sensor faults,
various fault detection, isolation, and estimation (FDIE) techniques are employed. Observer-
based methods, analytical redundancy using models, and data-driven approaches help
reconstruct the correct system states. In safety-critical applications, redundant hardware
sensors or soft sensors based on learning algorithms may be deployed to ensure system
robustness and continuity of operation.

In summary, nonlinearities such as dead-zone, saturation, and hysteresis, along with
actuator and sensor faults, pose significant challenges in the modeling, analysis, and control
of nonlinear systems. These challenges are further amplified in stochastic and switched
systems due to the presence of random disturbances and abrupt structural variations. The
coexistence of uncertainties, unknown dynamics, and system faults demands the develop-
ment of robust and adaptive control strategies capable of ensuring stability, accuracy, and
reliability. As such, addressing nonlinearities and faults in these complex systems remains a
critical area of research, with intelligent approximation methods and fault-tolerant designs
playing a central role in enhancing system resilience and performance.

5. Overview of Relevant Studies

The control of nonlinear systems has been a central topic in modern control theory
due to its wide range of applications in engineering systems such as robotic manipula-
tors, electrical circuits, and chemical processes [4,51]. Owing to the inherent complexity
of nonlinear dynamics, a variety of control methodologies have been developed, includ-
ing Lyapunov-based design, adaptive control, and recursive backstepping strategies [7].
Among these, adaptive backstepping has gained significant attention as a systematic frame-
work for handling unknown parameters while guaranteeing closed-loop stability [8,52].
To provide a clearer understanding of the development of this field, the existing literature
can be broadly classified based on system structures, nonlinearities, and fault conditions,
as discussed below.

5.1. Control Based on System Structures

Deterministic Nonlinear Systems: Early developments in nonlinear control primarily fo-
cused on deterministic systems, where uncertainties arise from unknown parameters rather
than stochastic effects. In this context, Lyapunov-based adaptive control and backstepping
techniques have been widely employed to ensure stability and tracking performance. These
methods provide a systematic procedure for controller design and have laid the foundation
for more advanced control strategies.

Stochastic Nonlinear Systems: In many practical scenarios, nonlinear systems are influ-
enced by stochastic disturbances caused by environmental noise, modeling uncertainties, or
random external inputs [9]. Such systems are commonly modeled using It6-type stochastic
differential equations. To address these challenges, adaptive and fuzzy control techniques
have been extended to stochastic frameworks, ensuring probabilistic stability and robust
tracking performance [10,11,32]. For instance, adaptive backstepping methods have been
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further developed to handle state and input constraints in stochastic environments [53].
Switched Nonlinear Systems: Switched systems constitute another important class, char-
acterized by multiple subsystems governed by a switching signal. These systems naturally
arise in applications involving mode transitions, such as automotive systems and net-
worked control systems. A key challenge is that the stability of individual subsystems
does not guarantee the stability of the overall system under arbitrary switching [12,33,36].
To overcome this issue, various approaches, including adaptive neural-based controllers
and resilient control schemes, have been proposed to ensure stability and performance
under switching conditions and uncertainties [13,14,34,54,55].

5.2. Control in the Presence of Nonlinearities

Unknown Nonlinear Dynamics: To address unknown system dynamics, approximation
techniques based on intelligent methods have been extensively studied. In particular, fuzzy
logic systems (FLSs) and neural-based approximators, such as radial basis function models,
have demonstrated strong capability in approximating unknown nonlinear functions with
high accuracy [35,56,57]. These approaches eliminate the need for precise mathematical
models and enhance adaptability. For example, adaptive neural-based controllers have
been developed for strict-feedback systems with output constraints [58], while fuzzy-based
methods have been applied to systems with input nonlinearities and uncertainties [59].
These designs have also been extended to nonstrict-feedback systems, where challenges
such as algebraic loop avoidance are addressed using variable separation techniques and
learning-based frameworks [22-24].

Input Nonlinearities: In practical systems, input nonlinearities such as actuator saturation,
dead-zone, and hysteresis are unavoidable due to physical limitations [28,37,51]. These
nonlinearities can significantly degrade system performance and may lead to instabil-
ity if not properly addressed. Input saturation limits the control signal within physical
bounds [29,30,60], while dead-zone effects reduce control sensitivity for small inputs.
To handle these issues, various adaptive control strategies have been developed. For in-
stance, barrier Lyapunov function-based methods combined with intelligent approximators
have been proposed for stochastic systems with input constraints [38,39]. Additionally,
command-filtering techniques have been employed to simplify backstepping design and
achieve finite-time convergence [40]. In multi-input multi-output systems, asymmetric
saturation and dead-zone nonlinearities have been effectively managed using adaptive
fuzzy and neural-based approaches [41].

Hysteresis Nonlinearity: Hysteresis, particularly backlash-like hysteresis, introduces
memory-dependent nonlinear behavior that complicates control design [42]. Traditional
inverse-based compensation methods are often computationally expensive and difficult
to implement [43]. As a result, adaptive and intelligent control approaches have been
developed to address hysteresis effects without requiring explicit inverse models. For ex-
ample, adaptive neural-based controllers have been applied to stochastic systems with
unknown hysteresis and performance constraints [44], while adaptive sliding mode control
strategies have been utilized to improve robustness and transient performance in systems
with hysteresis [45].

5.3. Recent Developments in NN- and FLS-Based Adaptive Control

Recent research has extensively explored neural network (NN)- and fuzzy logic system
(FLS)-based controllers to enhance the adaptability and robustness of nonlinear systems
under various challenges. Neural networks have been employed to approximate unknown
nonlinear dynamics and achieve precise tracking performance in multi-agent, non-affine,
and constrained systems. For example, adaptive fixed-time control scheme for nonlinear
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multi-agent non-affine systems has been proposed [61], demonstrating rapid convergence
and robustness to parametric uncertainties. Neural network-based adaptive controller has
been developed for systems with unknown backlash-like hysteresis and unmodeled dynam-
ics, showing effective compensation for actuator faults [62]. Adaptive asymptotic control
for hydraulic manipulators has been investigated using neural networks via prescribed
performance, ensuring high-precision control under uncertainty [63]. Neural network-
based adaptive control has also been applied to full-state constrained switched nonlinear
systems with actuator saturation and periodic disturbances [64], highlighting applicability
to complex switching systems.

Fuzzy logic-based controllers have also seen notable advances in recent years. Adap-
tive fuzzy asymptotic tracking controller has been introduced for uncertain nonlinear sys-
tems with full state constraints, emphasizing interpretability and smooth control action [65].
Command-filter-based adaptive fuzzy finite-time tracking scheme for fractional-order non-
linear systems have demonstrated fast convergence under input constraints [66]. Adaptive
fuzzy fixed-time controller has been designed for high-order systems subject to sensor
and actuator faults, ensuring fault-tolerant performance [67]. Adaptive fuzzy tracking
control approach has been developed for systems with multiple actuator and sensor faults,
illustrating enhanced robustness and practical feasibility [68].

These recent studies illustrate the continued relevance of NN- and FLS-based approxi-
mators in adaptive control design. Neural networks provide strong learning capabilities for
complex, high-dimensional systems, while fuzzy logic offers interpretable and structured
control solutions. Hybrid strategies combining both approaches are increasingly adopted
to leverage the advantages of each, particularly in scenarios involving input nonlinearities,
stochastic effects, and component faults. This body of work complements the foundational
methodologies discussed earlier and highlights the ongoing trend toward robust, adaptive,
and practically implementable control solutions.

5.4. Control Under Fault Conditions

Actuator Faults: Actuator faults, including loss of effectiveness, bias, and partial failures,
pose significant challenges to system reliability and performance [26,27]. To address these
issues, various fault-tolerant control strategies have been proposed. Adaptive fuzzy-based
controllers have been designed for strict-feedback systems with actuator failures [69], while
neural-based adaptive methods have been developed to compensate for input constraints
and dead-zone effects in large-scale systems [70,71]. Furthermore, finite-time and fixed-
time adaptive control schemes have been introduced to ensure rapid fault recovery and
improved robustness [72]. Hybrid approaches combining fuzzy and neural-based methods
have also been explored to enhance fault compensation capabilities under uncertainty [73].
Sensor Faults: Sensor faults, such as bias, drift, and complete failure, can significantly
degrade system performance and compromise stability. To mitigate these effects, observer-
based fault estimation combined with adaptive compensation has been widely adopted.
For instance, robust fuzzy control strategies for networked nonlinear systems have demon-
strated effective fault reconstruction and performance recovery under both actuator and
sensor faults [16,17,46].

5.5. Summary and Research Trends

The reviewed literature demonstrates substantial progress in adaptive control of non-
linear systems under a wide range of practical challenges, including stochastic disturbances,
switching dynamics, unknown nonlinearities, input constraints, and actuator or sensor
faults. The integration of intelligent approximation techniques, such as fuzzy logic systems
and neural networks, with adaptive control frameworks has significantly enhanced system
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robustness, flexibility, and tracking performance. Despite these advancements, unified
control strategies that can simultaneously handle multiple complexities—such as stochastic
effects, switching behavior, input nonlinearities, and component faults—remain an active
and challenging research area. Current approaches often address subsets of these issues,
highlighting the need for more integrated solutions.

Remark 1. In practical nonlinear systems, stochastic disturbances, arbitrary switching signals,
and actuator faults are inherently coupled and jointly influence the system dynamics. Stochastic
disturbances introduce probabilistic variations, while switching mechanisms cause abrupt changes
in subsystem structures. Meanwhile, actuator faults, such as loss of effectiveness and bias, further
distort the control input. The interaction among these factors leads to compounded uncertainties,
making the control design and stability analysis more challenging. To address such coupled effects,
intelligent approximators, including fuzzy logic systems and neural networks, are employed due
to their universal approximation capability. These methods can capture the aggregated impact of
multiple uncertainties within a unified framework. Furthermore, adaptive learning laws enable
real-time parameter tuning, allowing the approximators to respond effectively to time-varying
stochastic behaviors, switching-induced dynamics, and fault-related nonlinearities. As a result, they
play a crucial role in the development of robust and fault-tolerant adaptive control strategies for
complex nonlinear systems.

6. Comparative Stability and Convergence Analysis of Adaptive
Control Schemes

Stability and convergence characteristics are crucial for assessing controller perfor-
mance in advanced nonlinear control applications, especially when uncertainties like
time-varying faults, disturbances, and nonlinear input effects are present. Although Lya-
punov stability theory is the foundation for the majority of adaptive control systems, the
chosen Lyapunov functions and design frameworks result in essentially diverse conver-
gence behaviors and robustness qualities. Asymptotic stability, in which the system states
converge to equilibrium as time approaches infinity, is usually guaranteed by classical adap-
tive control systems. These methods guarantee boundedness and robustness under minor
uncertainties, but their rate of convergence is typically slow and cannot be measured ex-
plicitly. This restriction becomes important in systems that are susceptible to time-varying
disruptions and actuator failures, as delayed convergence may impair performance or
potentially jeopardize safety.

Finite-time control techniques have been developed to improve convergence speed.
By creating non-smooth Lyapunov functions, these techniques guarantee that the system
states attain equilibrium in a limited amount of time. Despite this benefit, their utility
in situations where the beginning state is unclear or highly variable is limited because
the convergence time is intrinsically dependent on the original conditions. By adding
Lyapunov requirements that guarantee an upper bound on the settling time independent
of initial conditions, fixed-time control further reinforces convergence guarantees. This
feature greatly increases resilience and predictability, especially in systems that are prone to
errors. However, the controller settings indirectly determine the convergence bound, which
restricts the versatility of actual implementations. In more recent times, predefined-time
control has become a sophisticated framework that allows the convergence time to be
explicitly specified in the controller architecture. This method ensures convergence within
a user-defined time bound, independent of beginning conditions and parameter choice,
by suitably building Lyapunov functions with time-scaling techniques. For time-sensitive
applications and systems impacted by actuator faults, hysteresis, and external disturbances,
this feature’s increased tunability makes it ideal.
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Faster convergence generally enhances the system’s capacity to mitigate the conse-
quences of time-varying errors and uncertainties from a robustness standpoint. Because the
system states are pushed quickly in the direction of the intended trajectory, fixed-time and
predefined-time techniques, in particular, show better disturbance rejection capabilities
than asymptotic methods. Furthermore, these control algorithms can efficiently adjust for
unknown nonlinearities and linked uncertainties when paired with intelligent approxi-
mators like fuzzy logic systems or data-driven models. A comparative summary of these
control approaches is provided in Table 7.

Table 7. Comparison of adaptive control schemes in terms of stability, convergence, and robustness.

Method Stability Convergence IC Dependence Robustness
Conventional . L

Adaptive Asymptotic Infinite-time Dependent Moderate
Finite-Time Finite-time Fast Dependent High
Fixed-Time Fixed-time Uniform bounded Independent Very high
Predefined-Time Predefined-time User-defined Independent Very high

Remark 2. The convergence rate and resilience characteristics of adaptive control systems are
directly impacted by the choice of Lyapunov function. Specifically, by requiring fast error con-
vergence, time-constrained control schemes, such fixed-time and predefined-time techniques, offer
greater guarantees in the presence of time-varying actuator defects and disturbances. Among
these, predefined-time control allows for explicit assignment of the convergence time, which is very
desirable in real-world engineering applications and provides an extra degree of design flexibility.

Remark 3. In recent years, the integration of network-induced effects with fault-tolerant control
has attracted significant attention in nonlinear control systems. In particular, the composite anti-
disturbance control framework proposed in [74] provides an effective strategy for handling external
disturbances and actuator attacks in networked environments. By employing an event-triggered
output feedback mechanism, this approach reduces communication burden while maintaining system
stability and robustness.

From a control design perspective, such methods extend traditional adaptive control schemes by
explicitly considering network constraints, including communication delays, packet dropouts, and
cyber-physical attacks. Moreover, the incorporation of disturbance observers and event-triggered
strategies enhances the system’s ability to reject disturbances and compensate for actuator faults in
a resource-efficient manner. Therefore, this class of approaches represents an important advancement
in modern networked control systems and complements existing adaptive and intelligent control
technigues discussed in this review.

Remark 4. In many practical nonlinear systems, input nonlinearities such as saturation, dead-
zone, and hysteresis often coexist with actuator faults, leading to compounded effects on system
performance. The simultaneous presence of these factors introduces significant challenges in control
design, as they collectively distort the control input and degrade tracking accuracy. Recent advances
in adaptive control have shown that intelligent approximators, such as fuzzy logic systems and
neural-based models, can effectively compensate for these combined effects within a unified frame-
work. By leveraging their universal approximation capability, these methods are able to capture the
aggregated influence of input nonlinearities and actuator faults. Furthermore, adaptive learning
laws derived from Lyapunov stability theory ensure the boundedness of all closed-loop signals
while achieving satisfactory tracking performance. In particular, integrated control schemes that
combine adaptive backstepping with fuzzy or neural-based approximation have demonstrated strong
robustness against simultaneous input constraints and actuator faults. These approaches avoid
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the need for explicit inverse models of nonlinearities and provide a practical solution for complex
nonlinear systems affected by multiple uncertainties.

Remark 5. In practical control applications, real-time performance and computational complexity
are critical factors that directly affect the feasibility of adaptive control schemes. Although fuzzy
logic systems and neural-based methods offer strong function approximation capabilities, their
real-time applicability depends on the efficiency of implementation and the speed of parameter
adaptation. Fuzzy logic systems typically exhibit relatively low computational complexity during
online operation, especially when designed with a limited number of rules. Similarly, neural-based
methods, when implemented with simplified architectures such as radial basis function models
or shallow networks, can also achieve fast computation and real-time adaptability. However, as
system complexity increases, both approaches may face computational challenges due to parameter
tuning and adaptation requirements. To address these issues, recent research has focused on
developing lightweight structures, efficient learning algorithms, and reduced-order approximators
that enable rapid online adaptation while maintaining satisfactory approximation accuracy. These
advancements improve the suitability of both fuzzy and neural-based control methods for real-time
industrial applications.

Remark 6. Different approximation tools exhibit distinct advantages depending on the character-
istics of the nonlinear system under consideration. Fuzzy logic systems (FLSs) are particularly
effective for systems where qualitative knowledge or expert rules are available, and where the system
dynamics are moderately nonlinear and can be described using interpretable linguistic structures.
They are well suited for applications requiring transparency and ease of implementation. Neural-
based methods are more suitable for highly complex and strongly nonlinear systems with unknown
dynamics, especially when sufficient data is available. Their strong approximation and learning
capabilities enable them to handle high-dimensional and time-varying uncertainties, making them
effective in adaptive and data-driven control scenarios. Hybrid neuro-fuzzy approaches become
advantageous when both interpretability and adaptability are required. By integrating rule-based
inference with adaptive learning mechanisms, these systems can automatically tune parameters
while preserving structural transparency. As a result, neuro-fuzzy methods are particularly effective
in systems involving complex nonlinearities, coupled uncertainties, and fault conditions, where
standalone FLSs or neural-based approaches may not achieve the desired balance between accuracy,
robustness, and interpretability.

Remark 7. Many adaptive control designs in the literature are developed under certain standard
assumptions, such as Lipschitz continuity of nonlinear functions, bounded external disturbances,
availability of full state measurements, and known control directions [3,48,75]. These assumptions
simplify the analysis and enable the application of Lyapunov-based stability methods. However,
in practical engineering systems, such conditions may not always be satisfied due to unmodeled
dynamics, measurement limitations, and complex uncertainties. As a result, the performance of
these control strategies may be affected when applied to real-world scenarios, highlighting the gap
between theoretical development and practical implementation.

7. Conclusions and Future Work

This review presented a structured overview of adaptive control strategies for non-
linear systems facing challenges such as stochastic disturbances, switching dynamics,
input nonlinearities, and system faults. Fuzzy logic systems and neural networks were
highlighted as essential tools for approximating unknown nonlinearities and enhancing
control performance. The classification of nonlinear systems and the contributions of
learning-based approaches in adaptive control were analyzed, providing insights into
current methodologies and their practical relevance. Future research may focus on strength-
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ening the approximation capabilities of neural networks through advanced weight op-
timization techniques. Integration of nature-inspired optimization algorithms, such as
swarm intelligence, within adaptive control frameworks can improve convergence speed,
reduce computational complexity, and enhance robustness. Hybrid strategies combin-
ing interpretability and learning capacity hold significant promise for real-time control
of high-dimensional, uncertain nonlinear systems. Additionally, modular or distributed
learning schemes can provide scalable and efficient solutions for complex engineering
applications, while ensuring formal stability guarantees even with deep, data-driven, and
less interpretable learning modules.
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