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Abstract: This paper presents a fixed-time fault-tolerant adaptive neural network control scheme for
the Twin-Rotor Multi-Input Multi-Output System (TRMS), which is challenging due to its complex,
unstable dynamics and helicopter-like behavior with two degrees of freedom (DOFs). The control
objective is to stabilize the TRMS in trajectory tracking in the presence of unknown nonlinear
dynamics, external disturbances, and sensor faults. The proposed approach employs the backstepping
technique combined with adaptive neural network estimators to achieve fixed-time convergence. The
unknown nonlinear functions and disturbances of the system are processed via an adaptive radial
basis function neural network (RBFNN), while the sensor faults are actively estimated using robust
terms. The developed controller is applied to the TRMS using a decentralized structure where each
DOF is controlled independently to simplify the control scheme. Moreover, the parameters of the
proposed controller are optimized by the gray-wolf optimization algorithm to ensure high flight
performance. The system’s stability analysis is proven using a Lyapunov approach, and simulation
results demonstrate the effectiveness of the proposed controller.

Keywords: adaptive neural network controller; fault-tolerant control; unmanned aerial vehicle (UAV);
twin-rotor system; gray-wolf optimization

1. Introduction

In recent years, the field of automatic control engineering has seen remarkable progress
in the study and implementation of autonomous aerial vehicles (UAVs) [1]. These devel-
opments have provided unprecedented efficiency and sustainability for a variety of civil
and military applications. However, controlling these vehicles poses significant challenges
due to their complex dynamics, requiring solutions for nonlinearities, system uncertain-
ties, external disturbances, and sensor faults. Ensuring their safety and reliability is of
paramount importance, especially given their potential applications. UAV helicopters with
rotors are among the most reliable drones on the market today thanks to their engineering
redundancy.

As control systems become more complex, ensuring their security remains crucial.
Developing control theories capable of handling system faults is essential. Fault diagnosis
and fault-tolerant control (FTC) are key challenges in modern control theory. The primary
objective is to design control laws that maintain stability and performance despite faults in
sensors or actuators, ensuring robustness by mitigating their adverse effects.
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1.1. Related Works

In current research, FTC techniques are generally categorized as either passive or
active, as indicated in [2–4]. Passive FTC (PFTC) systems employ a single controller
with a fixed structure and parameters to manage all predefined failure scenarios without
necessitating online fault detection, diagnosis, or control reconfiguration. While this
approach is easier to implement, it tends to be more conservative and less adaptive to
unexpected faults. Several PFTC approaches have been introduced [5–12], each aiming to
enhance the robustness and reliability of control systems under various fault conditions.
In [6,10,11], the authors proposed an adaptive passive FTC method based on sliding-mode
control. The backstepping technique was suggested in [5] for dealing with quadrotor
propeller failures. Additionally, the combination of intelligent approaches using fuzzy
and/or neural networks has proven highly effective in estimating unknown fault functions,
as demonstrated in [7,12,13].

However, unexpected failures can compromise the stability and effectiveness of the
control system, which passive approaches cannot guarantee. This shortcoming underscores
the necessity for developing innovative methods and control strategies specifically designed
for active FTC systems as demonstrated in [14–17].

1.2. Research Motivation

Despite demonstrating suitable results and contributing to addressing several prob-
lems in system control, especially in the UAV domain, the aforementioned works have
certain limitations. These approaches often rely on ideal knowledge and precise modeling
of the system, which is not always feasible. In many cases, the design of the controller
is closely tied to an accurate system model, which may not account for nonlinearities,
disturbances, and uncertainties. To overcome these challenges, several works have been
introduced that consider the system model subject to such complexities, treating it as an
unknown model [18–20]. These models can be estimated based on various approaches,
allowing for a more robust and adaptive control strategy.

The step-by-step methodology of backstepping enables a modular design approach, as
demonstrated [13,21], which showed promising results. In this approach, complex systems
can be broken down into simpler subsystems, with each subsystem designed and analyzed
individually before integrating them into the overall control scheme. Furthermore, back-
stepping can be extended to include adaptive control mechanisms, enabling the estimation
of unknown values in the dynamic system, with or without fault estimation. This adapt-
ability is crucial for enhancing system robustness and maintaining reliable performance
despite the existence of uncertainties and faults. Motivated by the above-mentioned works,
we aim to develop a controller that does not rely on prior knowledge of the dynamic model
and can handle sensor failures. This approach is applied to the Twin-Rotor Multi-Input
Multi-Output System (TRMS) [22], which represents a helicopter-like UAV with two de-
grees of freedom (DOFs), where each DOF describes the flight dynamics in the vertical and
horizontal planes.

1.3. Proposed Methodology and Contributions

In this paper, we propose a novel active FTC strategy for the TRMS to enhance
its reference tracking performance in the presence of unknown dynamics, disturbances,
and sensor faults. Our control scheme is designed using the backstepping technique
combined with adaptive neural network estimators, ensuring fixed-time stabilization of
the closed-loop system. Given that the TRMS is a multi-variable system, we implement the
control through a decentralized structure, applying the proposed approach to each input
separately. The control law developed in this work leverages a series of virtual inputs that
use sensor fault estimators and an adaptive RBFNN to manage the unknown nonlinear
dynamics and disturbances. Additionally, to optimize the selection of control parameters,
we employ the gray-wolf optimization (GWO) algorithm, which has demonstrated strong
convergence to both local and global solutions compared to other metaheuristic algorithms,
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as shown in [23,24]. Furthermore, GWO has proven its flexibility in parameter tuning
across various applications, as highlighted in [25,26]. This paper’s primary contributions
can be summarized as follows:

• A novel fault-tolerant control strategy for the TRMS that ensures stability and robust
tracking performance is proposed. Our approach utilizes a backstepping technique
combined with an RBFNN adaptive estimator. By employing this method, we can
guarantee robust control performance while maintaining accurate tracking of desired
trajectories.

• The issue of sensor faults in the control system is addressed by incorporating active
fault-tolerant control techniques, which ensure the system’s resilience in the presence
of these faults and preserve reliable flight operations.

• To guarantee the stability of the entire closed-loop system, we employ Lyapunov’s
theorem, which offers mathematical proof of fixed-time stability. Hence, fixed-time
stabilization provides a robust and efficient solution for flight systems facing distur-
bances and sensor faults, ensuring rapid responses, stable performance, and enhanced
safety.

• To identify the best control parameter values and address the selection problem, we
introduce a metaheuristic optimization algorithm based on GWO. This algorithm
allows us to automatically select the optimal design and improves the performance of
the TRMS.

Therefore, the major advantages of the proposed approach in control design compared
to existing methods can be summarized as follows:

i. Unlike classical controllers [27,28], which depend on accurate system modeling and
extensive tuning, the proposed controller is model-free and does not require a detailed
model. This flexibility allows it to better handle uncertainties and dynamic changes,
providing more robust and reliable performance across various scenarios.

ii. Unlike the approaches in [29,30], which focus on algebraic methods, our controller
incorporates fixed-time stability guarantees. This ensures that the system’s stability is
achieved within a finite time frame, regardless of initial conditions or disturbances,
providing superior robustness and reliability compared to algebraic methods that may
not account for time-dependent stability.

iii. Unlike [13,31], who employ a separate neural network for each unknown nonlinear
function, our proposed design uses a single neural network for each subsystem. This
streamlined approach significantly reduces computational complexity and simplifies
implementation, offering a more efficient and manageable control system design.

iv. Our proposed active fault-tolerant control structure integrates fault estimation and
compensation directly, unlike the approaches in [32,33], which require a separate
observer for these tasks. This integrated design simplifies the control system and
improves overall efficiency by eliminating the need for an additional observer.

The rest of this paper is organized as follows. Section 2 discusses the preliminaries of
fixed-time stability and the RBFNN approximation, together with the formulation of the
TRMS with sensor faults. Section 3 provides the detailed design procedure for the fixed-time
adaptive neural controller, as well as the active fault-tolerant control and the optimization
algorithm. Section 4 presents the numerical results that highlight the effectiveness of the
proposed control scheme. Finally, this study’s conclusions and recommendations for further
research are provided in Section 5.

2. Foundational Concepts and Model Formulation
2.1. Essential Preliminaries: Fixed-Time Stability and Radial Basis Function Neural Networks

Fixed-time stability refers to a system property where the system’s state trajectory
stabilizes to the equilibrium point within a fixed, pre-specified time, regardless of the initial
conditions. This contrasts with finite-time stability, where the settling time depends on
the initial conditions. The property of fixed-time convergence is particularly beneficial for
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systems where stability needs to be guaranteed within a certain time frame, regardless of
the initial conditions.

Consider the nonlinear system described by

ẋ = f (t, x(t)), x(0) = x0 (1)

where x ∈ R and f : R+ ×Rn → Rn is a nonlinear function. The equilibrium of system
(1) is said to be semi-globally practically fixed-time stable (SGPF-TS) if, for any initial
condition x(0) ∈ Ω, there exists a solution such that ∥x(t, x0)∥ ≤ ε, which converges to
the equilibrium in bounded finite time T(x0), i.e., ∃Tmax > 0 : T(x0) ≤ Tmax, ∀x0 ∈ Ω. As
demonstrated in Figure 1.

The solutions of the system in Figure 1a, approach the origin at some finite-time
moment, making the system finite-time stable as a result of the fractional power 1/3.
However, the convergence is still slow as long as the state is far from 1, which leads us to
the second system in Figure 1b. Because of the term −x(t), the system can achieve fast
convergence for any initial state x0. In the system in Figure 1c, where there is one fractional
exponent greater than 1, fast convergence is achieved, and the settling time is bounded
from above by a constant Tmax that can be estimated independently of the initial conditions.

(a) (b) (c)

Figure 1. Stability comparison for different initial conditions.

Lemma 1 ([34]). Let α, β > 0, p > 1, and 0 < q < 1 be design constants such that

L̇ ≤ −αLp(x)− βLq(x) (2)

where L(x) is the Lyapunov function. The origin of (1) is stable in fixed time with the settling time
T that can be predicted by

T ≤ Tmax :=
1

α(p − 1)
+

1
β(1 − q)

(3)

Lemma 2 ([35]). Let α, β > 0, p > 1, 0 < q < 1, and 0 < η < ∞ be design constants such that

L̇ ≤ −αLp(x)− βLq(x) + η (4)

The trajectory of (1) is practically fixed-time stable, and the settling time function T can be deter-
mined by

T ≤ Tmax :=
1

αφ(p − 1)
+

1
βφ(1 − q)

(5)

with the positive constant 0 < φ < 1. The residual set solution of system (1) is given by

x ∈

L(x) ≤ min

{(
η

(1 − φ)α

) 1
p
,

η

(1 − φ)β

) 1
q


 (6)

Lemma 3. Let b1, b2, and b3 be arbitrary positive constants. Then, the following inequality holds:

|x|b1 |y|b2 ≤ b1

b1 + b2
b3|x|b1+b2 +

b2

b1 + b2
b
− b1

b2
3 |y|b1+b2 (7)
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for any real variables x and y.

Lemma 4 ([36,37]). For any nonlinear unknown function H(Z) and the compact set CZ , there
exists an RBFNN satisfying

H(Z) = WTΦ(Z) + δ(Z) (8)

where W = [ω1, ω2, . . . , ωl ] ∈ Rl represents the NN ideal weights; l is the number of NN
nodes; Φ(Z) = [Φ1(Z), . . . , Φl(Z)]T ∈ Rl represents the radial basis function (RBF) vector
selected as Φi(Z) = exp(−∥Z − µi∥2/η2); µi and η denote the center and the width of the RBF,
respectively; and finally, δ(Z) represents the approximation error, which is bounded by δ(Z), i.e.,
|δ(Z)| ≤ ε, ε > 0.

The optimal weights W∗ minimizing the network approximation errors ε are given by

W∗ = arg min
W∈Rl

{ sup
Z∈ΩZ

| f (Z)−WTΦ(Z)|} (9)

2.2. Twin-Rotor MIMO System: Description and Dynamic Modeling

The TRMS offers a significant opportunity for exploring control theory and systems
engineering due to its complex and highly coupled dynamics. Designed to emulate the
challenging dynamics of a helicopter, the TRMS offers a practical platform for developing
and testing control strategies for real-world applications. The system is composed of two
rotors affixed to a beam that can execute pitch and yaw movements around its central
axis, as shown in Figure 2. While the main rotor governs the pitch motion, the tail rotor
affects the yaw motion. Control over these motions is facilitated through the adjustment
of the input voltage of each rotor. The complexity of the TRMS dynamics stems from the
nonlinearity and the strong coupling effect between the pitch and yaw motions. Moreover,
the system can be influenced by parameter uncertainties, external disturbances, and sensor
faults, which further complicate its control.

Counterbalance
Gyroscope
(angular velocity sensor)

fault

Yaw angle (θh)z-
ax

is

x-axis

Pitch angle (θv)

Main rotor

Tail rotor

uvv

uhh

Figure 2. Twin-Rotor MIMO System.

The nonlinear model of the TRMS is elaborated to describe the flight dynamics in the
vertical and horizontal planes. During its motion, the positions of the main and tail rotors
are determined by two angles: the pitch angle θv and the yaw angle θh, respectively. From
the literature [22], the mathematical model describing the dynamics of the TRMS in both
planes is given by
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
θ̇v = Ωv
JvΩ̇v = (amu2

vv + bmuvv)(1 − KgyΩhcos(θv))
−Mg sin θv − BvΩv + KgxΩ2

hsin(2θv) + dv(t)
Tm1 u̇vv = −Tm0 uvv + kmuv

(10)


θ̇h = Ωh
JhΩ̇h = atu2

hh + btuhh − BhΩh − MR + dh(t)
Tt1 u̇hh = −Tt0 uhh + ktuh

(11)

where Ωv and Ωh are the angular velocities; uvv and uhh are the momentum of the main
and tail DC motors, respectively, and are assumed to be measurable; uv and uh are the
control inputs; and dv and dh are the external disturbances that satisfy dv ≤ d0,v and
dh ≤ d0,h, respectively, with unknown upper bounds d0,v and d0,h. MR is the cross-reaction
momentum expressed by

MR =
kc(T0s + 1)

Tps + 1
(atu2

hh + btuhh) (12)

which can be written in the time domain as [38]

MR = 0.375kce−0.5t(atu2
hh + btuhh) (13)

The remaining parameters and constants, along with their numerical values, can be found
in [22].

The previous model describes the dynamic and functional characteristics of the TRMS
and is given in this paper only for simulation purposes. The representations (10) and (11)
can be written in a decoupled form, representing the motion in the vertical and horizontal
planes. This simplification helps in the design process of the proposed controller by treating
the pitch and yaw subsystems as independent entities. The decoupled model is presented
as follows: 

θ̇v = Ωv
JvΩ̇v = amu2

vv + bmuvv − Mg sin θv − BvΩv +Dv
Tm1 u̇vv = −Tm0 uvv + kmuv

(14)


θ̇h = Ωh
JhΩ̇h = atu2

hh + btuhh − BhΩh +Dh
Tt1 u̇hh = −Tt0 uhh + ktuh

(15)

with Dv = −(amu2
vv + bmuvv)KgyΩhcos(θv)) + KgxΩ2

hsin(2θv) + dv(t) and Dh = −MR +
dh(t) grouping the effects of the cross-reaction moment between rotors, the gyroscopic
moment, and external disturbances.

Considering the angular velocity sensor faults, i.e., faults in the gyroscope system,
with the notations xv = [x1,v, x2,v, x3,v]

T = [θv, Ωv, uvv]T and xh = [x1,h, x2,h, x3,h]
T =

[θh, Ωh, uh]
T , the state variables of the TRMS with sensor faults, which are assumed to be

measurable, are represented as follows:
y1,i = x1,i
y2,i = fm,ix2,i(t) + fa,i
y3,i = x3,i

(16)

where yi = [y1,i, y2,i, y3,i]
T for i ∈ {h, v} represents the measured state vector of the TRMS

in the horizontal and vertical planes; fa,i denotes the additive fault represented by bias,
drift, and loss of accuracy; and fm,i denotes the multiplicative faults represented by the
sensor loss of effectiveness. Thus, only the faulted states are available for the controller and
are described below.
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Bias:
A constant offset added to the sensor output.

y2,i = x2,i(t) + fa,i (17)

with ḟa,i ≡ 0 and fa,i(t f ) ̸= 0
Drift:
A slow change over time, typically linear, added to the sensor output.

y2,i = x2,i(t) + fa,i(t) (18)

with | fa,i(t)| = dit and 0 < di ≪ 1 for all t ≥ t f
Loss of accuracy:
Random fluctuations added to the sensor output.

y2,i = x2,i(t) + fa,i(t) (19)

with | fa,i| < fa0,i and ḟa,iarrow0 for all t ≤ t f
Loss of effectiveness:
A scaling down of the sensor output.

y2,i = fm,i(t)x2,i(t) (20)

with 0 < fm0,i ≤ fm,i ≤ 1 for all t ≥ t f , where t f is the time instant of failure, and fa,i and
fm,i are smoothly varying within [− fa0,i, fa0,i] and [ fm0,i,1].

With a few adjustments, (16) can be rearranged as

y2,i(t) = x2,i(t) + fi(t, x2,i) (21)

where fi(t, x2,i) = ( fm,i(t)− 1)x2,i(t) + fa,i(t) represents an equivalent sensor fault that
includes all the types mentioned above.

ẏ1,i = y2,i − fi
ẏ2,i = y3,i + αi(x) +Di(t) + ḟi
ẏ3,i = ui + βi(x)

(22)

where αi(x) and βi(x) denote unknown nonlinear functions that represent the dynamics of
the system. These functions are estimated using an RBFNN.

The objective is to design an adaptive control law with updating laws so that the
twin-rotor system outputs yi track the desired reference signals yd,i in fixed time and
compensate for disturbances and sensor faults. The control system aims to accurately
regulate the TRMS’s pitch and yaw angles despite the occurrence of various sensor faults,
such as additive and multiplicative faults. By employing a backstepping control technique,
complemented by a radial basis function neural network (RBFNN) for approximating
unknown system dynamics, we aim to achieve robust control performance, fixed-time
stability, and fault tolerance, thereby enhancing the system’s resilience to disturbances
and uncertainties.

3. Control Design

This section provides the design of a fault-tolerant fixed-time adaptive neural con-
troller (FTFxTAC) for the pitch and yaw of a TRMS. We propose a control strategy based
on a backstepping controller, enhanced by an RBFNN estimator, to handle the unknown
dynamic functions of the system and disturbances. To ensure high tracking performance,
the tuning parameters of the proposed controller are selected using a gray-wolf optimiza-
tion algorithm. The design steps of the FTFxTAC for controlling the TRMS helicopter, as
shown in Figure 3, are developed in the following subsections.
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Figure 3. Fixed-time fault-tolerant adaptive neural control structure for the TRMS helicopter.

3.1. Fault-Tolerant Fixed-Time Control Design

As part of the backstepping approach, a mathematical transformation is applied to the
system’s coordinates

e1,i = yi − yd,i (23)

e2,i = x2,i − λ1,i (24)

e3,i = x3,i − λ2,i (25)

where λj,i is the virtual control low
Step 1: Consider the first equation of system (22). Using (23) and (24) yields

ė1,i = ẏ1,i − ẏd,i

= y2,i − fi − ẏd,i

= e2,i + λ1,i − fi − ẏd,i

(26)

Define the Lyapunov function candidate as

L1 = ∑
i∈{h,v}

L1,i = ∑
i∈{h,v}

1
2
(e2

1,i +
1

γ f ,i
f̃ 2
i ) (27)

where γ f ,i is a positive constant and f̃i = fi − f̂i is the estimation error, with f̂i being the
estimation of fi defined later.

The time derivative of (27) is expressed as

L̇1 = ∑
i∈{h,v}

e1,i ė1,i +
1

γ f ,i
f̃i( ḟi − ˙̂fi)

= ∑
i∈{h,v}

e1,i(e2,i + λ1,i − fi − ẏd,i) +
1

γ f ,i
f̃i( ḟi − ˙̂fi)

(28)

Thus, the virtual control laws λ1,i and the adaptive fault estimators f̂i can be given by

λ1,i ≜ ẏd,i + f̂i − k1,ie
2p−1
1,i (29)

˙̂fi ≜ γ f ,i(−e1,i + k f ,i f̃ 2p−1
i + l f ,i f̃ 2q−1

i ) (30)

where k1,i, k f ,i, and l f ,i are positive parameters used in control design.



Drones 2024, 8, 467 9 of 21

Remark 1. In the adaptive fault estimator, the problem of the unavailable estimation errors f̃i is
handled using only the known measurements. From (30) and (22), we can obtain

˙̂fi = γ f ,i(−e1,i + k f ,i( fi − f̂i)
2p−1 + l f ,i( fi − f̂i)

2q−1)

= γ f ,i(−e1,i + k f ,i(y2,i − ẏ1,i − f̂i)
2p−1 + l f ,i(y2,i − ẏ1,i − f̂i)

2q−1)
(31)

Substituting (29) and (30) into (28) yields

L̇1 = ∑
i∈{h,v}

−k1,ie
2p
1 + e1,ie2,i +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i (32)

Step 2: Taking the derivative of e2,i in (24) yields

ė2,i = ẏ2,i − λ̇1,i

= y3,i + αi(x) +Di(t) + ḟi − λ̇1,i

= e3,i + λ2,i + αi(x) +Di(t) + ḟi − λ̇1,i

(33)

Define the second Lyapunov function candidate as

L2 = ∑
i∈{h,v}

L1,i +
1
2
(e2

2,i +
1

γ1,i
Θ̃2

1,i) (34)

The time derivative of (34) is expressed as

L̇2 = ∑
i∈{h,v}

L̇1,i + e2,i ė2,i −
1

γ1,i
Θ̃1,i

˙̂Θ1,i

= ∑
i∈{h,v}

−k1,ie
2p
1 + e1,ie2,i +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

+ e2,i(e3,i + λ2,i + αi(x) +Di(t) + ḟi − λ̇1,i)−
1

γ1,i
Θ̃1,i

˙̂Θ1,i

= ∑
i∈{h,v}

−k1,ie
2p
1 +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

+ e2,i(e3,i + e1,i + λ2,i + αi(x) +Di(t) + ḟi − λ̇1,i)−
1

γ1,i
Θ̃1,i

˙̂Θ1,i

= ∑
i∈{h,v}

−k1,ie
2p
1 +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

+ e2,i(−l2,ie
2q−1
1,i + e3,i + λ2,i +H1,i(Z1,i))−

1
γ1,i

Θ̃1,i
˙̂Θ1,i −

1
2

e2
2,i

(35)

where
H1,i(Z1,i) ≜ l2,ie

2q−1
1,i + e1,i + αi(x) +Di(t) + ḟi − λ̇1,i +

1
2

e2,i (36)

According to (8) in Lemma 4, to address the problem of unknown nonlinear functions in
H1,i(Z1,i) that are not available for feedback—where Z1,i is the input vector—an RBFNN
is used as the approximation technique for this function, achieving any desired accuracy
ε1,i > 0.

e2,iH1,i(Z1,i) = e2,i(WT
1,iΦ1,i(Z1,i) + δ1,i(Z1,i)), ∥δ1,i(Z1,i)∥ ≤ ε1,i (37)
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Using Young’s inequality, we have

e2,iH1,i(Z1,i) = e2,i(WT
1,iΦ1,i(Z1,i) + δ1,i(Z1,i))

≤ 1
2a2

1,i
e2

2,i∥W1,i∥2ΦT
1,i(Z1,i)Φ1,i(Z1,i) +

a2
1,i

2
+

e2
2,i

2
+

ε2
1,i

2

≤ 1
2a2

1,i
e2

2,iΘ1,iΦT
1,i(X1,i)Φ1,i(X1,i) +

a2
1,i

2
+

e2
2,i

2
+

ε2
1,i

2

(38)

where a1,i represents positive constants, Θ1,i = ∥W1,i∥2 represents unknown constants to
be estimated, and X1,i = [y1,i, y2,i, yd,i, ẏd,i, ÿd,i]

T . Thus, the virtual control laws λ2,i and the
adaptive laws Θ̂1,i are given by

λ2,i ≜ −k2,ie
2p−1
2,i − 1

2a2
1,i

e2,iΘ̂1,iΦT
1,iΦ1,i (39)

˙̂Θ1,i ≜
γ1,i

2a2
1,i

e2
2,iΦ

T
1,iΦ1,i − γ1,iσ1,iΘ̂1,i (40)

where k2,i, l2,i, and σ1,i are positive control design parameters. Substituting (38)–(40) into
(35) yields

L̇2 ≤ ∑
i∈{h,v}

−k1,ie
2p
1 +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

− k2,ie
2p
2,i − l2,ie

2q
2,i + e2,ie3,i + σ1,iΘ̃1,iΘ̂1,i +

a2
1,i

2
+

ε2
1,i

2

(41)

Step 3: As is defined in (25), the derivative of e3,i is written as

ė3,i = ẏ3,i − λ̇2,i

= ui + βi(x)− λ̇2,i
(42)

Define the Lyapunov function candidate of the whole system as

L3 = ∑
i∈{h,v}

L2,i +
1
2
(e2

3,i +
1

γ2,i
Θ̃2

2,i) (43)

The time derivative of (43) is expressed as

L̇3 = ∑
i∈{h,v}

L̇2,i + e3,i ė3,i −
1

γ3,i
Θ̃2,i

˙̂Θ2,i

= ∑
i∈{h,v}

−k1,ie
2p
1 +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

− k2,ie
2p
2,i − l2,ie

2q
1,i + σ1,iΘ̃1,iΘ̂1,i +

a2
1,i

2
+

ε2
1,i

2

+ e3,i(e2,i + ui + βi(x)− λ̇2,i)−
1

γ2,i
Θ̃2,i

˙̂Θ2,i

= ∑
i∈h,v

−k1,ie
2p
1,i +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

− k2,ie
2p
2,i − l2,ie

2q
2,i + σ1,iΘ̃1,iΘ̂1,i +

a2
1,i

2
+

ε2
1,i

2

+ e3,i(−l3,ie
2q−1
1,i + e2,i + ui +H2,i(Z2,i))−

1
γ2,i

Θ̃2,i
˙̂Θ2,i −

1
2

e2
3,i

(44)
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where
H2,i(Z2,i) ≜ l3,ie

2q−1
3,i + e2,i + βi(x)− λ̇2,i +

1
2

e3,i (45)

As is the case with (38), we can obtain the following inequality:

e3,iH2,i(Z2,i) = e3,i(WT
2,iΦ2,i(Z2,i) + δ2,i(Z2,i))

≤ 1
2a3

2,i
e2

3,i∥W2,i∥2ΦT
2,i(Z2,i)Φ2,i(Z2,i) +

a2
2,i

2
+

e2
3,i

2
+

ε2
2,i

2

≤ 1
2a2

2,i
e2

3,iΘ2,iΦT
2,i(X2,i)Φ2,i(X2,i) +

a2
2,i

2
+

e2
3,i

2
+

ε2
2,i

2

(46)

where a2,i represents positive constants, Θ2,i = ∥W2,i∥2 is an unknown constant to be
estimated, and X2,i = [y1,i, y2,i, y3,i, Θ2,i, yd,i, ẏd,i, ÿd,i,

...
y d,i]

T . Thus, the actual control laws
ui and the adaptive laws Θ̂2,i are given by

ui ≜ −k3,ie
2p−1
3,i − 1

2a2
2,i

e3,iΘ̂2,iΦT
2,iΦ2,i (47)

˙̂Θ2,i ≜
γ2,i

2a2
2,i

e2
3,iΦ

T
2,iΦ2,i − γ2,iσ2,iΘ̂2,i (48)

where k3,i, l3,i, and σ2,i are positive control design parameters. Substituting (46)–(48) into
(44) yields

L̇3 = ∑
i∈{h,v}

−k1,ie
2p
1 +

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

− k2,ie
2p
2,i − l2,ie

2q
2,i + σ1,iΘ̃1,iΘ̂1,i +

a2
1,i

2
+

ε2
1,i

2

− k3,ie
2p
3,i − l3,ie

2q
3,i + σ2,iΘ̃2,iΘ̂2,i +

a2
2,i

2
+

ε2
2,i

2

(49)

Remark 2. The design parameters can be increased to achieve better performance in the simulation
results; however, large values of k1,i, k2,i, and k3,i can lead to an undesirable amplified control
signal. As a result, a trade-off between system performance and control effort should be taken into
consideration.

Theorem 1. Consider the closed-loop system consisting of the TRMS (22) with sensor faults
described in (17) to (20), the virtual laws (29) and (39), the control law (47), the updating laws (40)
and (48), and the adaptive fault estimator (30). The practical fixed-time stability is guaranteed with
a settling time function estimated according to (3).

Proof. To analyze the stability of the TRMS, we introduce the Lyapunov function:

L = ∑
i∈{h,v}

1
2

(
e2

1,i +
1

γ f ,i
f̃ 2
i

)
+

1
2

(
e2

2,i +
1

γ1,i
Θ̃2

1,i

)
+

1
2

(
e2

3,i +
1

γ2,i
Θ̃2

2,i

)
(50)

Considering the definition Θ̃j,i, for ρj,i > 1/2, the following inequality can be derived:

σj,iΘ̃j,iΘ̂j,i ≤ −
σj,i

γj,i
Θ̃2

j,i +
ρj,iσj,i

2
Θ2

j,i (51)
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The time derivative of (50) is expressed as

L̇ ≤ ∑
i∈{h,v}

− ∑
j∈{1,2,3}

k j,ie
2p
j,i − ∑

j∈{2,3}
lj,ie

2q
j,i − ∑

j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i)− ∑
j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i

+ ∑
j∈{1,2}

(
a2

j,i

2
+

ε2
j,i

2
+

ρj,iσj,i

2
Θ2

j,i

)
+

1
γ f ,i

ḟi f̃i − k f ,i f̃ 2p
i − l f ,i f̃ 2q

i

 (52)

≤ ∑
i∈{h,v}

− ∑
j∈{1,2,3}

k j,i

(
e2

j,i

)p
− ∑

j∈{2,3}
lj,i

(
e2

j,i

)q
− ∑

j∈{1,2}
σj,i

(
Θ̃2

j,i

2γj,i

)p

− ∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)q

+ ∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)p

+ ∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)q

− ∑
j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i − ∑
j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i + ∑
j∈{1,2}

(
a2

j,i

2
+

ε2
j,i

2
+

ρj,iσj,i

2
Θ2

j,i

)

+
1

γ f ,i
ḟi f̃i − k f ,i

(
f̃ 2
i

)p
− l f ,i

(
f̃ 2
i

)q
]

(53)

≤ ∑
i∈{h,v}

−a

 ∑
j∈{1,2,3}

e2
j,i

2

p

− a

 ∑
j∈{2,3}

e2
j,i

2

q

− a

 ∑
j∈{1,2}

Θ̃2
j,i

2γj,i

p

−a

 ∑
j∈{1,2}

Θ̃2
j,i

2γj,i

q

+ ∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)p

+ a

 ∑
j∈{1,2}

Θ̃2
j,i

2γj,i

q

− ∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)p

− a ∑
j∈{1,2}

Θ̃2
j,i

2γj,i
+ ∑

j∈{1,2}

(
a2

j,i

2
+

ε2
j,i

2
+

ρj,iσj,i

2
Θ2

j,i

)

+
1

γ f ,i
ḟi f̃i − a

(
f̃ 2
i

2γ f ,i

)p

− a

(
f̃ 2
i

2γ f ,i

)q]
(54)

where a = min
{

2pk j,i, 2qlj,i, σj,i,
(

2γ f ,i

)p
k f ,i,

(
2γ f ,i

)q
l f ,i

}
.

According to Lemma 3, the term ∑j∈{1,2}

(
Θ̃2

j,i
2γj,i

)q
is written as

 ∑
j∈{1,2}

Θ̃2
j,i

2γj,i

q

≤ ∑
j∈{1,2}

Θ̃2
j,i

2γj,i
+ (1 − q)q

q
1−q (55)

Substituting (55) and performing further mathematical simplification yields

L̇ ≤ −αLp − βLq + ∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)p

− ∑
j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i + η1 (56)

where α = a/(n + 1)p, β = a, and η1 = ∑j∈{1,2}

(
a2

j,i
2 +

ε2
j,i
2 +

ρj,iσj,i
2 Θ2

j,i

)
+ (1 − q)q

q
1−q +

1
γ f ,i

ḟi f̃i.

Additionally, suppose that there are unknown constants ∆j,i such that |Θj,i| ≤ ∆j,i.
Next, we consider two cases

Case 1. ∆j,i <
√

2γj,i. Here, we have
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∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)p

− ∑
j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i < 0 (57)

and then we can write (56) as

L̇ ≤ −αLp − βLq + η1 (58)

Case 2. ∆j,i ≥
√

2γj,i. Here, we have

∑
j∈{1,2}

σj,i

(
Θ̃2

j,i

2γj,i

)p

− ∑
j∈{1,2}

σj,i

2γj,i
Θ̃2

j,i < ∑
j∈{1,2}

σj,i

(
∆2

j,i

2γj,i

)p

− ∑
j∈{1,2}

σj,i

2γj,i
∆2

j,i (59)

and then we can write (56) as

L̇ ≤ −αLp − βLq + η1 + ∑
j∈{1,2}

σj,i

(
∆2

j,i

2γj,i

)p

− ∑
j∈{1,2}

σj,i

2γj,i
∆2

j,i (60)

When the two cases are combined, it becomes

L̇ ≤ −αLp − βLq + η (61)

where

η =

η1, if ∆j,i <
√

2γj,i

η1 ++∑j∈{1,2} σj,i

(
∆2

j,i
2γj,i

)p
− ∑j∈{1,2}

σj,i
2γj,i

∆2
j,i, if ∆j,i ≥

√
2γj,i

(62)

In Lemma 2, we can determine that all signals of system (16) are SGPF-TS and converge
to the following compact set:

x ∈ min

{
L(x) ≤

(
η

(1 − φ)α

) 1
p
,
(

η

(1 − φ)β

) 1
q
}

(63)

and the settling time function T can be estimated by

T ≤ Tmax :=
1

αφ(p − 1)
+

1
βφ(1 − q)

(64)

By choosing the control parameters properly, the errors can converge to a small area at
a fixed time frame.

Remark 3. The controller designed in Equation (47) along with its virtual and update laws is
model-free, making it highly versatile and applicable to any uncertain nonlinear system that can
be represented by the state representation (22). The proposed approach enables the controller to
be effectively used in diverse applications, including those with complex dynamics like the Twin-
Rotor MIMO System. It can be easily adapted to other systems such as quadcopters [39] and
helicopters [19].

3.2. Optimization of Control Parameters

In this section, we use the gray-wolf optimization (GWO) algorithm [40,41] to deter-
mine the optimal parameters—k1,i, k2,i, and k3,i—of the proposed control laws. The GWO
algorithm is a population-based metaheuristic optimization algorithm inspired by the
hierarchy and hunting behavior of gray wolves in nature. This algorithm has been success-
fully applied to a variety of optimization problems [42], including classification, function
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optimization, and feature selection. The main advantages of the GWO algorithm are its few
parameters that require adjustment, along with its simplicity and ease of implementation.
This makes it easier to tune for specific applications compared to algorithms with more
complex parameter configurations.

The algorithm iteratively updates the positions of the wolves by combining their
positions with those of the three best wolves. The steps of the gray-wolf optimization
algorithm are summarized in Algorithm 1, where δp, βp, and αp represent the positions of
the delta, beta, and alpha wolves, respectively. The optimal parameters must minimize the
root mean square error (RMSE) as a cost function to assess the performance of the controller.
The errors are computed between the measured angles and their reference values. The
RMSE for each subsystem can be defined as

Ji =

√
∑N

j=1(yd,i − yi)2

N
(65)

Algorithm 1: GWO pseudo-code

Objective function Min J (65).
Initialize: population of gray wolves with random positions in the search space.
Find: the objective function of each wolf
Set the best wolf found in the initial population
Set alpha, beta, and delta as the three best wolves in the population
while Stopping criterion not met do

foreach wolf in the population do
foreach dimension in the problem do

r1 = random number between 0 and 1;
r2 = random number between 0 and 1;
A = 2 ∗ a ∗ r1 − a
C = 2 ∗ r2
D = abs(C ∗ δp − positions[i]);
X1 = δp − A ∗ D;
r3 = random number between 0 and 1;
r4 = random number between 0 and 1;
A = 2 ∗ a ∗ r3 − a;
C = 2 ∗ r4;
D = abs(C ∗ βp − positions[i]);
X2 = βp − A ∗ D;
r5 = random number between 0 and 1;
r6 = random number between 0 and 1;
A = 2 ∗ a ∗ r5 − a;
C = 2 ∗ r6;
D = abs(C ∗ αp − positions[i]);
X3 = αp − A ∗ D;
newposition = (X1 + X2 + X3)/3;
Update the position of the wolf with the newposition;

end
Update the objective function of the wolf;

end
Update alpha, beta, and delta based on the objective function of the wolves;

end
Return the best wolf (i.e., the one with the Min objective function);
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Since the vertical and horizontal subsystems have the same structure, we consider
the global objective function J = Jv+Jh

2 for the entire system. The parameter “a” controls
the range of the search and should be set based on the problem being optimized. The
stopping criterion considered here is the number of generations or the desired tolerance
that ensures that the system achieves the best performance. The best wolf found during the
optimization is returned as the optimal result.

4. Simulation Results and Discussion

In this section, we present the results of our simulations carried out on the TRMS
model to assess the efficiency of our proposed controller. The simulations were conducted
using the TRMS template in the MATLAB/Simulink environment.

In all the simulation results, the initial conditions are chosen as

[x1,i(0), x2,i(0), x3,i(0)]T = [0, 0, 0]T

The design parameters are chosen as follows: p = 107/100, a1,i = a2,i = 0.1, γ1,i =
1, β1,i = 1, and γ2,i = γ3,i = 4/3. Additionally, the NN estimators WT

1,iΦ1,i and WT
2,iΦ2,i

both include six nodes [43]. The RBFNN used in this study is a standard three-layer
architecture, consisting of an input layer, a hidden layer, and an output layer. The hidden
layer contains six neurons, corresponding to the six nodes mentioned earlier, with each
neuron utilizing a Gaussian activation function. The width of the RBFNN is set to four. The

centers of the Gaussian functions are defined as follows: µ1,i =



−2 −1 0 1 2
−2 −1 0 1 2
−2 −1 0 1 2
−2 −1 0 1 2
−3 −1 0 1 3
−3 −1 0 1 3

,

µ2,i =



−3 −2 −1 0 0 1 2 3
−3 −2 −1 0 0 1 2 3
−3 −2 −1 0 0 1 2 3
−3 −2 −1 0 0 1 2 3
−2 −2 −1 0 0 1 2 3
−2 −2 −1 0 0 1 2 3

.

Several scenarios were created to examine the robustness of the TRMS. These scenarios
included normal operation with external disturbances and the presence of various sensor
faults. We started by testing the fixed-time adaptive neural controller (FxTANC) without
any faults and without the adaptive fault estimation scheme. Next, we tested the proposed
fault-tolerant fixed-time adaptive neural controller (FTFxTANC), which incorporates the
adaptive fault estimation scheme to handle sensor faults for angular velocities, including
multiplicative faults (loss of effectiveness) and additive faults (bias, drift, loss of accuracy).
To guarantee a bounded and smoother profile, the desired trajectory was subjected to a
filtering process.

4.1. Case 1: Square-Wave Tracking

In the first test, our focus was on evaluating the performance of the TRMS when
subjected to square-wave reference signals for both the vertical and horizontal subsystems.
Figure 4 shows the test results, highlighting the regulation behaviors demonstrated by the
developed FxTANC. Figure 4a,b illustrate that the pitch and yaw angle responses closely
followed the desired square-wave trajectory, showcasing the controller’s ability to handle
the cross-coupling complexities between the vertical and horizontal subsystems of the
TRMS. This indicates robust performance in the presence of abrupt changes in the reference
signal. Moreover, the control inputs in Figure 4c,d remained within the constrained range of
[−2.5 V, 2.5 V] [22], showcasing the controller’s ability to maintain system stability without



Drones 2024, 8, 467 16 of 21

exceeding the actuator limits, which is crucial for practical applications. Table 1 presents
the optimal parameters of k1,i, k2,i, and k3,i used in all the scenarios.

Figure 4. Tracking performance for square-wave reference signals: (a,b) attitude angles, (c,d) input
voltages.

Table 1. Control gains.

Subsystem Gains

Vertical k1,v = 13.9650
k2,v = 47.3081
k3,v = 15.5180

Horizontal k1,h = 21.0615
k2,h = 50.0000
k3,h = 29.5547

4.2. Case 2: Sine-Wave Tracking

The second scenario involved tracking sinusoidal reference signals, which were given
by the following two equations: yd,v(t) = 0.4sin(0.02t) and yd,h(t) = sin(0.02t). Note that
the complexity of this test was increased by the introduction of external disturbances, as
depicted in Figure 5. The results in Figure 6 demonstrate the tracking capabilities and
robustness of the proposed FxTANC. Figure 6a,b show a comparison of the results with
the nominal backstepping controller in [44]. The FxTANC exhibited superior tracking
performance, maintaining closer adherence to the desired trajectory, despite disturbances.
The voltages delivered to the main and tail rotors, as displayed in Figure 6c,d, reveal that
the values were maintained within a restricted acceptable range.

D
is

tu
rb

an
ce

s 
va

lu
e 

(N
)

Figure 5. External disturbances.



Drones 2024, 8, 467 17 of 21

Figure 6. Tracking performance for sine-wave reference signals with disturbances: (a,b) attitude
angles, (c,d) input voltages.

4.3. Case 3: Bias Sensor Faults

In this test, we introduced a bias fault into the sensor readings to evaluate the system’s
performance under such conditions. Figure 7 illustrates the robustness of the FTFxTANC,
which managed the bias fault introduced into the velocity sensor. To simulate this fault
scenario, a bias was introduced into the sensors at time t f = 20 s, with bias values of fa,v =
0.4 rad/s and fa,h = 0.8 rad/s. The simulation results presented in Figure 7a,b demonstrate
the robust nature of the proposed controller, which effectively decreased the impact of
the bias fault, ensuring stability and accurate tracking. The fault estimation, as shown
in Figure 7c,d, effectively identified and compensated for sensor biases, showcasing the
controller’s robustness and adaptability to these biases. Furthermore, Figure 7e,f depict the
input voltages of the two DC motors of the TRMS provided by the proposed controller.

Figure 7. Tracking performance for sine-wave reference signals with a bias fault: (a,b) attitude angles,
(c,d) bias fault estimates, (e,f) input voltages.

4.4. Case 4: Drift Sensor Faults

In this test, we focused on assessing the TRMS in the context of a drift fault affecting
the velocity sensor. We introduced a fault into the sensors at time t f = 20 s, with drift
coefficients of fa,v = 0.01 and fa,h = 0.02, knowing that even small deviations in sensor
readings over time can potentially affect control accuracy. The results depicted in Figure 8
reveal how well the FTFxTANC handled this kind of fault. In Figure 8a,b, it can be seen
that the proposed FTFxTANC effectively managed the drift fault, keeping the helicopter on
track despite the drifting sensor readings. Figure 8c,d present the fault and its estimation,
illustrating the adaptive fault estimator’s proficiency in tracking and compensating for



Drones 2024, 8, 467 18 of 21

drift faults. Figure 8e,f provide a closer look at the control signals that guide the helicopter,
which remained within safe limits.

Figure 8. Tracking performance for sine-wave reference signals with drift fault: (a,b) attitude angles,
(c,d) drift fault estimates, (e,f) input voltages.

4.5. Case 5: Loss of Accuracy Sensor Faults

In this test, we focused on addressing the issue of accuracy loss in the TRMS’s velocity
sensor. When this situation occurs, the sensor can become less accurate, providing incorrect
readings that may confuse the control system and affect the helicopter’s performance.
To evaluate how effectively the controller handled this problem, we made the sensor
less accurate at time t f = 20 s. As seen in Figure 9, we introduced this accuracy loss
defect with fa,v = 0.15 rad/s and fa,h = 0.4 rad/s. In Figure 9a,b, it is clear that the
proposed FTFxTANC is capable of handling this kind of fault. Despite the inaccurate sensor
readings, the controller kept the helicopter on track, while the fault estimation, as shown
in Figure 9c,d, accurately identified and compensated for the sensor biases. The input
voltages of the TRMS fell within an admissible range, as depicted in Figure 9e,f.

Figure 9. Tracking performance for sine-wave reference signals with loss of accuracy fault: (a,b) atti-
tude angles, (c,d) loss of accuracy fault estimates, (e,f) input voltages.
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4.6. Case 6: Loss of Effectiveness Sensor Faults

The final case of our investigation focused on the tolerance of the controller against sen-
sor faults, specifically the velocity sensor. When this situation occurs, the sensor becomes
much less reliable, providing readings that are only accurate within a small percentage.
We simulated the loss of effectiveness at time t f = 20 s to test the controller’s ability to
handle this kind of failure. Figure 10 illustrates a 55% reduction in the velocity sensor’s
effectiveness. The angle responses, as shown in Figure 10a,b, demonstrate that the proposed
FTFxTANC effectively managed the reduced sensor effectiveness, maintaining close adher-
ence to the desired trajectory. However, this kind of fault led to instability and performance
degradation with the FxTANC. The fault estimation, as shown in Figure 10c,d, successfully
detected and compensated for the loss of effectiveness, highlighting the robustness of the
control scheme. Figure 10e,f depict the control voltages of the FTFxTANC, which exhibited
similar observations and remained within admissible values.

Figure 10. Tracking performance for sine-wave reference signals with loss of effectiveness fault:
(a,b) attitude angles, (c,d) loss of effectiveness fault estimates, (e,f) input voltages.

5. Conclusions

In this paper, we introduced a fault-tolerant fixed-time adaptive neural control scheme
for the challenging Twin-Rotor MIMO System, specifically addressing sensor faults. The
proposed scheme integrates the backstepping technique, an RBFNN, and an adaptive fault
estimator. This combination ensures system stability, robustness against sensor faults, and
fixed-time convergence, as validated by Lyapunov-based stability analysis. The simulation
results demonstrate the potential and effectiveness of our proposed approach in practical
control applications. Future research should focus on experimental validation, addressing
actuator faults, and exploring hybrid control strategies to further enhance the robustness
and applicability of the control framework.
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