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Abstract—Most existing control methods for nonlinear
systems rely on adaptive parameters or assume full-state
measurability, with limited attention paid to scenarios in-
volving unmeasurable system states. To overcome these
shortcomings, this study proposes a neuro-learning based
fault-tolerant control strategy for a nonlinear two-degrees-
of-freedom (2-DOF) helicopter system with sensor gain
faults and an unknown dead zone. First, to address the inac-
curacy of state measurements caused by sensor gain faults,
a state observer is designed to reconstruct the system
states, and adaptive parameters are introduced to estimate
the fault in real time, providing compensation information
for the controller design. A radial basis function neural
network (RBFNN) is employed to address the uncertain-
ties in the nonlinear helicopter system. In addition, the
RBFNN, adaptive parameters, and bounded estimation are
combined to compensate for the effects of the unknown
dead zone. The stability and convergence of the closed-loop
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system are analyzed using the direct Lyapunov method. In
simulations, the observer accurately estimates the actual
system states before sensor faults occur, and it responds
rapidly and reestablishes accurate state estimation when
a fault is introduced. In an experimental validation using a
Quanser 2-DOF helicopter platform, the proposed control
method provides improved tracking performance and en-
hanced robustness.

Index Terms—Neural network, sensor fault, two-degrees-
of-freedom (2-DOF) helicopter, unknown dead zone.

I. INTRODUCTION

RECENTLY, multirotor uncrewed aerial vehicles (UAVs)
have attracted significant interest owing to their strong

maneuverability and ability to hover steadily [1], [2], [3]. These
features make them highly suitable for complex tasks, such as
aerial reconnaissance and disaster rescue [4]. However, a UAV
system is inherently a strongly coupled multiple-input multiple-
output (MIMO) nonlinear system, characterized by complex
dynamics and significant modeling uncertainties. These fac-
tors pose major challenges in maintaining system stability and
robustness. Therefore, the development of effective control
strategies capable of compensating for system nonlinearity is
crucial for enhancing the autonomous control performance of
unmanned helicopters [5].

The two-degrees-of-freedom (2-DOF) helicopter has the fol-
lowing core challenges: strongly coupled pitch-yaw dynamics,
unknown parameters with slow drift, time-varying disturbances,
and nonideal perception and actuation systems. Consequently,
many researchers utilize the 2-DOF helicopter as a compact,
reproducible, real-flight system model to explore solutions for
achieving high-precision tracking under such constraints [6],
[7], [8]. To address these challenges, various control strategies
have been developed to achieve stable control of helicopter
systems [9], [10]. However, these studies either linearized the
inherently nonlinear helicopter systems or considered model
uncertainties within a nonlinear framework, without accounting
for the potential input and output constraints.

Unknown dead zone is a typical nonlinear input constraint
commonly found in various practical systems, which may de-
grade the control performance and even lead to system instabil-
ity [11], [12], [13]. Various compensation strategies have been
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developed to mitigate these effects. The dead-zone problem
has been addressed using bounded estimation, smooth func-
tions, and adaptive parameter techniques [14]. The effect on
system stability has been effectively eliminated using dead-
zone inverse modeling, adaptive control strategies, Lyapunov
methods, and parameter estimation [15]. Inverse compensation
and adaptive parameter mechanisms have been adopted for error
correction [16]. Although significant progress has been made,
most existing methods rely on adaptive parameters or assume
full-state measurability, with limited attention paid to scenarios
involving unmeasurable system states.

Because of its strong nonlinear approximation capability, the
radial basis function neural network (RBFNN) has been widely
adopted as a key technique for handling bounded uncertainties
in nonlinear control systems [17], [18], [19]. Representative
studies include the design of a neural network controller in
which an RBFNN is employed to manage uncertainties in he-
licopter systems [20]. A neural network-based adaptive con-
trol scheme under an event-triggered mechanism has been de-
veloped in which the neural networks approximate unknown
nonlinear components and time-varying control gains, thereby
enhancing the overall control performance [21]. An adaptive
control scheme combining an RBFNN with a disturbance ob-
server has been developed to address the system uncertainties
and external disturbances [22]. Similarly, although significant
achievements have been made using neural networks to ad-
dress bounded uncertainties in control systems, these designs
generally assume that the state variables are fully known and
accurately measured. It should be noted that in certain situa-
tions, the system states may be unknown, or discrepancies may
exist between the measured and actual states, especially when
sensor faults occur, and the measurements fail to reflect the true
system behavior. Therefore, to overcome this limitation, further
research is required to explore how neural networks can be
applied to approximate bounded uncertainties when the system
states are not fully available.

In practice, system instability and degraded tracking per-
formance are often encountered owing to actuator or sensor
faults, which pose a significant threat to the safety of un-
manned systems [23], [24], [25], [26]. Therefore, it is essen-
tial to employ an effective technique to reconstruct system
states and ensure that the estimated values closely approximate
the actual states [27], [28], [29], [30]. Active fault-tolerant
control (AFTC) has received considerable attention from re-
searchers because it significantly improves the reliability and
safety of fault-affected systems. A sensor fault diagnosis and
fault-tolerant control method based on a learning observer has
been developed and applied to a robotic arm system subjected to
disturbances [31]. In [32], the authors proposed a fault-tolerant
control scheme for linear parameter-varying systems, where the
estimated fault magnitudes were used to adjust the controller
and observer gains, enabling effective fault compensation and
preserving system robustness. An AFTC strategy combining
interval type-2 fuzzy-logic and sliding-mode control has been
introduced, in which a nonlinear adaptive observer is employed
to estimate and compensate for sensor and actuator faults in a
three-degrees-of-freedom helicopter system in real time [33].

Moreover, Bounemeur et al. developed a series of fuzzy adap-
tive fault-tolerant control methods that efficiently compensate
for deviations caused by actuator and sensor failures in quadro-
tor systems, thereby significantly enhancing the disturbance
rejection capability of the system [34], [35]. Although sensor
fault research has advanced considerably, prior efforts seldom
evaluated algorithmic performance in real systems. In particu-
lar, the coupled effects of unknown input dead zones and sensor-
gain faults on helicopter platforms have not been sufficiently
investigated. This gap motivates the present study.

The aim of this study is to investigate an AFTC strategy to
achieve trajectory tracking control for a 2-DOF helicopter sys-
tem with sensor faults and unknown dead zones. The primary
contributions of this study are summarized as follows.

1) When sensor gain faults occur in the system, the state
measurements become inaccurate. To address this issue,
the proposed solution implements a state observer, which
corrects the system state in the presence of sensor gain
faults. Adaptive parameters are introduced to estimate the
faults in real time, providing the basis for fault com-
pensation in the controller. Compared with the observer
proposed in [36], the observer designed in this study es-
timates sensor faults more accurately, thereby enhancing
system robustness.

2) Prior studies [34] and [35] proposed effective fault-
tolerant controllers and achieved good results on MIMO
nonlinear platforms, including quadrotors. However, sev-
eral limitations remain. First, fuzzy-logic systems rely
on rule bases and membership functions. When adapted
online, the number of rules can grow rapidly, which raises
computation cost. Second, input constraints are not han-
dled in a systematic way; therefore, real-time performance
is difficult to maintain under high sampling rates and
strong coupling. Moreover, some works did not include
hardware tests; thus, performance and convergence under
constrained and disturbed conditions were not fully as-
sessed. By contrast, the proposed approach combines an
RBFNN with an observer-based fault reconstruction and
directly compensates the input dead zone.

3) Although significant progress has been made in address-
ing unknown dead-zone problems, most existing ap-
proaches either design adaptive compensation schemes
based on smooth functions or utilize neural networks to
estimate the nonlinear effects caused by dead zones. How-
ever, adaptive compensation methods are typically tai-
lored for symmetric dead zones and often perform poorly
when handling asymmetric nonlinearities. Moreover, neu-
ral networks generally require measurable system states
as inputs, which may become unavailable in the presence
of sensor failures or other physical faults. Therefore, it
is imperative to develop compensation strategies that can
effectively handle input dead zones.

The remainder of this article is organized as follows.
Section II presents the 2-DOF helicopter model, sensor
fault description, and useful preliminaries. Section III details
the observer-based fault reconstruction and RBFNN adap-
tive controller with smooth regularization. Section IV presents
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Fig. 1. Model of a 2-DOF helicopter [37].

simulation studies that were performed to evaluate tracking and
robustness. Section V discusses the hardware experiments and
results. Finally, Section VI concludes the article.

II. PROBLEM AND PRELIMINARY FORMULATION

A. Problem Formulation

The 2-DOF helicopter model is shown in Fig. 1. The heli-
copter motion is regulated by the front and back dc motors,
which produce thrust forces Fp and Fy , respectively, and are
responsible for controlling the pitch angle θ and yaw angle ψ.

Using the Euler-Lagrange equations, the dynamics of the
2-DOF helicopter system are formulated as follows:

(Jp +ml2)θ̈ =KppVpp +KpyVyy −mGl cos(θ)

−Dppθ̇ −ml2ψ̇2 cos(θ) sin(θ) (1)

(Jy +ml2 cos2(θ))ψ̈ =KypVpp +KyyVyy −Dyyψ̇

+ 2ml2θ̇ψ̇ cos(θ) sin(θ) (2)

where θ and ψ represent the pitch and yaw angles, respectively;
m is the mass of the helicopter; l represents the distance be-
tween the helicopter’s center of mass and the fixed reference
frame; Dyy and Dpp denote the viscous friction coefficients
for pitch and yaw motions, respectively; G is the gravitational
constant; Jy and Jp represent the moments of inertia of the
rotating beam about the yaw and pitch axes, respectively; and
Kpp, Kpy , Kyp, and Kyy denote the thrust torque constants.

We set the state variable as x= [x1, x2]
T , where x1 = [θ, ψ]T

and x2 = [θ̇, ψ̇]T , and the input variables u= [Vpp, Vyy]
T .

Therefore, (1) and (2) can be transformed into state-space
equations

ẋ1 = x2 (3)

ẋ2 = A(x) +B(x)u+ΔA(x) (4)

y = x1 (5)

where ΔA(x) denotes the uncertainty of the system, and the
expressions for the functions A(x) and B(x) are

A(x) =

[a11

a12
a21

a22

]
, B(x) =

[
Kpp

a12

Kpy

a12
Kyp

a22

Kyy

a22

]
(6)

where

a11 =−mGlcos(θ)−Dppθ̇ −ml2ψ̇2sin(θ)cos(θ)

a12 = Jp +ml2

a21 =−Dyyψ̇ + 2ml2ψ̇θ̇sin(θ)cos(θ)

a22 = Jy +ml2cos2(θ). (7)

B. Input Dead Zone

The unknown dead zone can be written as

O(u(t)) =

⎧⎨
⎩
br(u(t)− hr) if u(t)≥ hr

0 if hl < u(t)< hr

bl(u(t)− hl) if u(t)≤ hl

(8)

where u(t) is the dead zone input, and hr, hl, br, and bl
denote the unknown dead zone parameters. Equation (8) can
be rewritten as

O(u(t)) = bu(t) +D(u(t)) (9)

where

b=

{
br, u(t)≥ 0

bl, u(t)< 0

and

D(u(t)) =

⎧⎪⎨
⎪⎩
−brhr if u(t)≥ hr

−bu(t) if hl < u(t)< hr

−blhl if u(t)≤ hl

where ‖D(u(t))‖ ≤ ρ, ρ is a constant, and O(u(t)) =
[O1, O2]

T . For simplicity, u(t) is simplified to u.
Substituting (9) into (4) yields

ẋ2 = A(x) +B(x)O(u) + ΔA(x)

= A(x) +B(x)bu+B(x)D(u) + ΔA(x). (10)

C. Preliminaries

To guarantee the feasibility of a viable solution within the
system under consideration, the following assumptions and
lemmas are presented.

Assumption 1: An unknown positive constant B∗ exists such
that ‖B(x)‖ ≤B∗.

Assumption 2: The desired trajectory xd is continuously
bounded and differentiable, and its derivative ẋd is both con-
tinuous and bounded.

Assumption 3: Assume Q1 = (Kpp/a12), Q2 = (ml2/a12),
Q3 = (Kyy/a22), Q4 = 2(ml2/a22), and the aforementioned
parameters are positive numbers; thus they can be expressed
as follows:

Q1 ≈ Q2 ≈Q3 ≈Q4 := l1

a12 ≈ a22 ≈ â12 ≈ â22 := l2. (11)

Assumption 4: Assume that the following inequality holds:{
k11 >

l1
l2(

k11 − l1
l2

)(
k21 − l1

l2
+ δ1

)
> δ2

(12)
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where k11, k12, k21, k22 > 0, k1 = k11 + k12, and k2 = k21 +

k22. And δa =
˙̂
θcos(θ)sin(θ)(l1/l2), δb =

˙̂
ψcos2(θ)sin2(θ)

(l21/4l
2
2).

Lemma 1 [38]: Consider a positive-definite continuous can-
didate Lyapunov function. If it is bounded by the initial condi-
tion V (0), the following inequality holds:

V̇ (x)≤−LV (x) + C1 (13)

where L > 0 and C1 are positive constants, and V (x) remains
bounded.

Lemma 2 [14]: For any constant a > 0 and q ∈R, the fol-
lowing inequality holds:

0≤ |q| − q2√
q2 + a

<
√
a. (14)

Lemma 3 [39]: The RBFNN can approximate any unknown
nonlinear function F (X), and its form is

F (X) =W ∗TS(X) + η (15)

where X ∈ R
i and W ∗T ∈ R

p represent the input vector and
optimal weight matrix, respectively. η is the approximation
error satisfying ‖η‖ ≤ η̄, where η̄ is an unknown constant.
S(X) = [s1(X), s2(X), . . . , sp(X)]T is a Gaussian function
vector that can be expressed as follows:

si(X) = exp

[
−(X − ci)

T (X − ci)

b2w

]
, i= 1, 2, . . . , p (16)

where ci is the center of the receptive field, and bw is the width
of the RBFNN.

Lemma 4 [40]: Let β1(j, t), β2(j, t) ∈R with t > 0; the
following inequalities hold:

β1 (j, t)β2 (j, t)≤ b0β
2
1 (j, t) +

1

b0
β2
2 (j, t) , j ∈ [0, R] (17)

where b0 denotes a positive constant.

D. Sensor Fault

The effectiveness loss fault of sensor is described as

ξf = λξ ∀t > Tf (18)

where 0< λ < 1, ξf denotes the value measured by the sensor,
and ξ denotes the system state. Tf denotes the time at which a
fault occurs.

Remark 1: When describing the sensor fault, if 0< λ <
1, then a sensor-gain fault exists in the system. Conversely,
λ= 1 indicates that there is no sensor fault in the system and
the sensor’s effectiveness remains unaffected.

Considering the presence of sensor faults in (18) and (10),
we rewrite (3)–(5) as

ẋ1 = x2 (19)

ẋ2 = A(x) +B(x)O(u) + ΔA(x)

= A(x) +B(x)O(u) + ΔA(x̂) + δ1

= A(x) +B(x)bu+ Ξ (20)

yf = λx1 (21)

Fig. 2. Control framework.

where Ξ =B(x)D(u) + ΔA=B(x)D(u) + ΔA(x̂) + δ1 and
δ1 =ΔA(x)−ΔA(x̂)

To mitigate the impact of sensor faults on the system, the
proposed state observer was designed to correct the system
states and introduce adaptive parameters to estimate the faults
in real time, providing compensation information for subse-
quent controller design. The design of the state observer is as
follows [41]:

˙̂x1 = x̂2 + P1(ĥy
f − x̂1) (22)

˙̂x2 = A(x̂) +B(x̂)O(u) + P2(ĥy
f − x̂1) + ΔÂ(x̂)

= A(x̂) +B(x̂)(bu+D(u)) + P2(ĥy
f − x̂1) + ΔÂ(x̂)

= A(x̂) +B(x̂)bu+ P2(ĥy
f− x̂1) +B(x̂)D(u)+ΔÂ(x̂)

= A(x̂) +B(x̂)bu+ P2(ĥy
f − x̂1) + σ (23)

ŷ = x̂1 (24)

where ĥ is the estimation of h, and h= (1/λ), λ̂= (1/ĥ).
And σ = B̂D(u) + ΔÂ(x̂), P1 = diag[P11, P12] ∈ R

2×2, P2 =
diag[P21, P22] ∈ R

2×2

Remark 2: Here, we introduce a parameter h and utilize its
observed value ĥ for fault compensation. Using the parameter ĥ,
sensor faults can be detected in real time, providing essential
information for the controller’s compensation. Therefore, the
parameter ĥ is crucial for the controller’s compensation because
it directly affects the performance of the observer and the over-
all tracking capability of the system.

III. CONTROL DESIGN

This section elucidates the controller design methodology
based on the closed-loop control structure illustrated in Fig. 2.
The principles are introduced in the following two sections.

A. Observer Stability Analysis

By combining with (6), the observer in (22) and (23) can be
rewritten as

¨̂
θ =

â11
â12

+
Kpp

â12
O1 +

Kpy

â12
O2 + P21(ĥλθ − θ̂) + ΔÂ(x̂)(1)

¨̂
ψ =

â21
â22

+
Kyp

â22
O1 +

Kyy

â22
O2 + P22(ĥλψ − ψ̂) + ΔÂ(x̂)(2).

(25)
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Since ΔA(x̂) denotes the model uncertainty of the helicopter
system, it can be estimated using the RBFNN from Lemma 3.
Then, we have

ΔA(x̂) = W ∗TS(X̂1) + η1

ΔÂ(x̂) = ŴTS(X̂1) (26)

where W ∗ represents the optimal weight matrix, X̂1 =
[x̂1, x̂2]

T is the input to the RBFNN, and η1 is the estimation
error satisfying ‖η1‖ ≤ η̄1, where η̄1 is an unknown positive
constant.

Furthermore, we set W ∗ = [W ∗
1 ,W

∗
2 ]

T and Ŵ =
[Ŵ1, Ŵ2]

T , and the approximation error of the RBFNN
denoted by W̃i = Ŵi −W ∗

i , i= 1, 2. We then define the
observer’s estimation error as

e1 = θ − θ̂ e2 = ψ − ψ̂ e3 = θ̇ − ˙̂
θ

e4 = ψ̇ − ˙̂
ψ h̃= h− ĥ. (27)

From (19)–(21), (25), and (27), we obtain the error system
of the observer as

ė1 = e3 − P11e1 + P11h̃y
f (1)

ė2 = e4 − P12e2 + P12h̃y
f (2)

ė3 = R1 − P21e1 + P21h̃y
f (1)− W̃T

1 S(X̂1) + Ξ1

ė4 = R2 − P22e2 + P22h̃y
f (2)− W̃T

2 S(X̂1) + Ξ2 (28)

where

R1 =
a11
a12

+
Kpp

a12
O1 +

Kpy

a12
O2 −

â11
â12

+
Kpp

â12
O1 +

Kpy

â12
O2

R2 =
a21
a22

+
Kyp

a22
O1 +

Kyy

a22
O2 −

â21
â22

+
Kyp

â22
O1 +

Kyy

â22
O2

Ξ1 = δ1(1) + η1(1)

Ξ2 = δ1(2) + η1(2) (29)

and ‖Ξ1‖ ≤ Ξ̄1, ‖Ξ2‖ ≤ Ξ̄2, where Ξ̄1 and Ξ̄2 are constants.
To evaluate the properties of the state observer (22)–(24), we

consider the Lyapunov candidate

V0 =
1

2
e1

2 +
1

2
e2

2 +
1

2
e3

2 +
1

2
e4

2 +
1

2r1
h̃2

+ tr

{
1

2
W̃T

1 Λ−1
1 W̃1

}
+ tr

{
1

2
W̃T

2 Λ−1
2 W̃2

}
. (30)

The derivative of V0 yields

V̇0 = e1e3 − P11e1
2 + P11e1h̃y

f (1)

+ e2e4 − P12e2
2 + P12e2h̃y

f (2) + e3Ξ1 + e4Ξ2

+ e3R1 − e3(P21e1 − P21h̃y
f (1))− e3W̃

T
1 S(X̂1)

+ e4R2 − e4(P22e2 − P22h̃y
f (2))− e4W̃

T
2 S(X̂1)

− 1

r1
h̃
˙̂
h+ tr{W̃T

1 Λ−1
1

˙̂
W1}+ tr{W̃T

2 Λ−1
2

˙̂
W2}. (31)

From (11) and (12), we obtain

e3R1 + e4R2 ≤ e3

(
a11
a12

− â11
â12

− k1e
2
3

)

+ e4

(
a21
a22

− â21
â22

− k2e
2
4

)

= e3

(
l1
l2
e3 − k1e3

)
+ e4

(
l1
l2
e4 − k2e4

)

+
l1
l2
cos(θ)sin(θ)(e3e4

˙̂
ψ − e24

˙̂
θ)

=−
[
e3 e4

]
F

[
e3
e4

]
− k12e

2
3 − k22e

2
4

≤−k12e
2
3 − k22e

2
4 (32)

where

F =

[
k11 − l1

l2
l1
2l2

˙̂
ψcos(θ)

l1
2l2

˙̂
ψcos(θ) k21 − l1

l2
+ l1

l2

˙̂
θcos(θ)sin(θ)

]
.

Then, the following updated laws are designed:

˙̂
h= r1(P11e1y

f (1) + P12e2y
f (2)) + P21e3y

f (1)

+ P22e4y
f (2))− r2ĥ (33)

˙̂
W1 = Λ1(S(X̂1)e3 − λ1Ŵ1) (34)
˙̂
W2 = Λ2(S(X̂1)e4 − λ2Ŵ2). (35)

Considering (30)–(35), we obtain

V̇0 ≤ e1e3 − P11e1
2 + e2e4 − P12e2

2 − P21e1e3

− P22e2e4 − k12e
2
3 − k22e

2
4 −

r2
r1

h̃2 +
r2
r1

h̃h

− λ1tr{W̃T
1 Ŵ1} − λ2tr{W̃T

2 Ŵ2}+ e3Ξ1 + e4Ξ2.
(36)

According to Young’s inequality, we get

r2
r1

h̃h≤ r2
ξ1r1

h̃2 +
ξ1r2
r1

h2 (37)

−λ1 tr
{
W̃T

1 Ŵ1

}
≤−λ1

2
‖W̃1‖2F +

λ1

2
‖W ∗

1 ‖
2
F (38)

−λ2 tr
{
W̃T

2 Ŵ2

}
≤−λ2

2
‖W̃2‖2F +

λ2

2
‖W ∗

2 ‖
2
F (39)

e3Ξ1 ≤
1

2
e23 +

1

2
Ξ̄2
1, e4Ξ2 ≤

1

2
e24 +

1

2
Ξ̄2
2 (40)

where ξ1 > 0 is an unknown constant.
Let P21 = P22 = 1, P11 > 0, and P12 > 0. Combining this

with (37)–(40), (36) can be rewritten as

V̇0 ≤−P11e1
2 − P12e2

2 −
(
k12 −

1

2

)
e23 −

(
k22 −

1

2

)
e24

− r2
r1

(
1− 1

ξ1

)
h̃2 − λ1

2
‖W̃1‖2F − λ2

2
‖W̃2‖2F

+
ξ1r2
r1

h2 +
λ1

2
‖W ∗

1 ‖
2
F +

λ2

2
‖W ∗

2 ‖
2
F +

1

2
Ξ̄2
1 +

1

2
Ξ̄2
2

≤−μ1V0 + c1 (41)

where

μ1 =min

{
2P11, 2P12, 2

(
k12 −

1

2

)
, 2

(
k22 −

1

2

)
,

2r2

(
1− 1

ξ1

)
,

λ1

λmax(Λ
−1
1 )

,
λ2

λmax(Λ
−1
2 )

}

and

c1 =
ξ1r2
r1

h2 +
ξ1r2
r1

h2 +
λ1

2
‖W ∗

1 ‖
2
F

+
λ2

2
‖W ∗

2 ‖
2
F +

1

2
Ξ̄2
1 +

1

2
Ξ̄2
2.
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To ensure that μ1 > 0, it is necessary to choose appropriate
parameters such that 2P11 > 0, 2P12 > 0, 2(k12 − (1/2))> 0,
2(k22 − (1/2))> 0, 2r2(1− (1/ξ1))> 0,(λ1/λmax(Λ

−1
1 ))>

0,(λ2/λmax(Λ
−1
2 ))> 0.

Subsequently, multiplying (30) by eρ1t integrating over t, we
can obtain

V0 ≤
[
V0(0)−

c1
μ1

]
e−ρ1t +

c1
μ1

≤ V0(0) +
c1
μ1

. (42)

Remark 3: From (30), (41), and (42), it is evident that by
selecting appropriate parameters, the Lyapunov function V0 is
positive definite and V̇0 is negative semidefinite. In other words,
the observer can accurately estimate the state of the system and
the sensor fault values when sensor faults occur.

B. Controller Design and Stability Analysis

Because of sensor faults, the state variables of the system are
not directly accessible to the controller design. Consequently,
the following coordinate transformation is defined:

z1 = x1 − xd = ĥyf − xd + h̃yf (43)

z2 = x̂2 − α1 (44)

where α1 is the virtual control law.
According to (19), (43), (44), and x2 = x̂2 + e5, the deriva-

tive of z1 can be computed by

ż1 = x2 − ẋd = z2 + α1 + e5 − ẋd (45)

where e5 = [e3, e4]
T .

Subsequently, the following Lyapunov candidate function is
introduced:

V1 =
1

2
zT1 z1. (46)

And the derivative of V1 is given by

V̇1 = zT1 (z2 + α1 + e5 − ẋd) (47)

where α1 denotes the virtual controller, designed as follows:

α1 =−c1z1 − e5 + ẋd (48)

where c1 > 0 is a control gain.
Substituting (48) into (47) yields

V̇1 = zT1 z2 − c1z
T
1 z1. (49)

Combining (23) and (44), we obtain

ż2 =A(x̂) +B(x̂)bu+ σ + P2(ĥy
f − x̂1)− α̇1. (50)

Since σ is an unknown nonlinear function, it can be estimated
using the RBFNN from Lemma 3. Then, we have

σ =W ∗
3
TS(X) + η3 (51)

where W ∗ represents the optimal weight matrix, and X =
[x1, x2, x̂1, x̂2]

T is the input vector. η is the estimation error
satisfying ‖η3‖ ≤ η̄3, where η̄3 is an unknown positive constant.

Combining (50) and (51), we have

ż2=A(x̂)+B(x̂)bu+W ∗
3
TS(X)+η3+P2(ĥy

f− x̂1)− α̇1.
(52)

We introduce an auxiliary variable γ, which is defined as
follows:

γ =A(x̂) + P2(ĥy
f − x̂1) + ŴT

3 S(X)− α̇1 − c2z2 + z1
(53)

where c2 is a positive control gain. Then, we obtain

zT2 ż2 = zT2 B(x̂)bu+ zT2 γ − zT2 W̃
T
3 S(X)− c2z

T
2 z2 + zT2 η3.

(54)

Since b is bounded, we have κ= inft≥0b and ζ = (1/κ).
Subsequently, we propose the following AFTC strategy:

u=−B̂−1z2
ζ̂2γT γ√

ζ̂2zT2 z2γ
T γ + ε

(55)

where is ε a small constant.
Moreover, we define ζ̃ = ζ − ζ̂ and W̃3 = Ŵ3 −W ∗

3 , the

updating laws of ˙̂
ζ and ˙̂

W are given by

˙̂
ζ = λ3(z

T
2 γ − σ3ζ̂) (56)

˙̂
W3 = λ4(S(X)zT2 − σ4Ŵ3) (57)

where λ3, σ3, and σ4 are the designed parameters, and λ4

denotes a constant gain matrix.
The following Lyapunov function is designed:

V2 = V1 +
1

2
zT2 z2 +

1

2
tr{W̃T

3 λ−1
4 W̃3}+

κ

2λ3
ζ̃2. (58)

From (55) and Lemma 2, we have

zT2 B̂bu= − zT2 B̂bB̂−1z2ζ̂
2γT γ√

ζ̂2zT2 z2γ
T γ + ε

≤ − κzT2 z2ζ̂
2γT γ√

ζ̂2zT2 z2γ
T γ + ε

≤ κ(
√
ε− ζ̂zT2 γ). (59)

By combining (17), (49), and (56)–(59), we derive V̇2

V̇2 = − c1z
T
1 z1 − c2z

T
2 z2 + zT2 B(x̂)bu− zT2 W̃3S(X)

+ zT2 η3 + zT2 γ + tr{W̃T
3 λ−1

4
˙̂
W3} −

κ

λ3
ζ̃
˙̂
ζ

≤ − c1z
T
1 z1 − c2z

T
2 z2 − σ4tr{W̃T

3 Ŵ3}
+ κσ3ζ̃ζ − κσ3ζ̃

2 + zT2 η3 + κ
√
ε (60)

where zT2 η3 ≤ (1/2)zT2 z2 + (1/2)η̄23 .
By using Young’s inequality in conjunction with (17), we

derive

−σ4tr{W̃T
3 Ŵ3} ≤ − σ4

2
‖W̃3‖2 +

σ4

2
‖W ∗

3 ‖2 (61)

κσ3ζ̃ζ ≤
κσ3

a1
ζ̃2 + a1κσ3ζ

2 (62)

where a1 > 0 is a constant.
Substituting (61) and (62) into (60) yields

V̇2 ≤ − c1z
T
1 z1 −

(
c2 −

1

2

)
zT2 z2 − κσ3

(
1− 1

a1

)
ζ̃2
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− σ4

2
‖W̃3‖2 +

σ4

2
‖W ∗

3 ‖2 + a1κσ3ζ
2 +

1

2
η̄23 + κ

√
ε

≤ − μ2V2 + c2 (63)

where

μ2 =min

{
2λmin(c1), 2λmin

(
c2 −

1

2
I2×2

)
,

σ4

λmax(λ
−1
4 )

, 2λ3σ3λmin

(
1− 1

a1

)}

and

c2 =
σ4

2
‖W ∗

3 ‖2 + a1κσ3ζ
2 +

1

2
η̄23 + κ

√
ε

To ensure that μ2 > 0, it is necessary to choose appropriate
parameters such that 2λmin(c1)> 0, 2λmin(c2 − (1/2)I2×2)>
0, (σ4/λmax(λ

−1
4 )) and 2λ3σ3λmin(1− (1/a1))> 0

Subsequently, multiplying (63) by eρ1t and integrating over
t yields

V2 ≤
[
V2(0)−

c2
μ2

]
e−ρ1t +

c2
μ2

≤ V2(0) +
c2
μ2

. (64)

Therefore, all signals of the closed-loop control system are
semiglobally consistent and bounded.

IV. SIMULATIONS

Two numerical simulations are conducted to assess the ef-
fectiveness of the proposed AFTC strategy. First, the fault pa-
rameter is set to λ= 0.6, and the simulation results are used
to validate the accuracy of the proposed observer. Next, the
proposed control method is compared with a control method
that uses an adaptive compensation scheme to approximate
dead-zone disturbances [40]. Finally, control situations with and
without fault compensation are further explored.

In the simulation, the parameters of the helicopter system are
set as follows: m= 1.0750 kg, G= 9.81m/s2, l = 0.0025m,
Dpp = 0.0071N/V, Dyy = 0.0220N/V, kpp = 0.0011
N ·m/V, Kpy = 0.0021N ·m/V, Kyp = −0.0027N ·m/V,
Kyy = 0.0022N ·m/V, Jy = 0.0238 kg ·m2, and Jp =
0.0232 kg ·m2. The initial states and desired trajectories are
set to x1(0) = [0, 0]T , x2(0) = [0, 0]T , and xd = [0.28sin(t),
0.33sin(t)]T . The dead-zone parameters are given as br = 1.5,
bl = 1.45, hl = [−0.4,−0.4]T , and hr = [0.5, 0.5]T .

A. Verification of Observer Accuracy

To verify the accuracy of the proposed observer, the ob-
server parameters are set as P11 = 500, P12 = 500, P21 = 1,
and P22 = 1. The other design parameters are set to Λ1 =
15I256×256, Λ2 = 15I256×256, λ1 = 0.1, and λ2 = 0.1. r1 and
r2 are the adaptive tuning parameters in the fault-detection
observer that determine the convergence rate and stability of
the estimation law. Three cases are designed for simulation
validation to verify the influence of different parameters. In
Case 1, r1 = 0.8, r2 = 0.001; r1 = 0.8, r2 = 0.01; and r1 =
0.8, r2 = 0.1 are considered. In Case 2, r1 = 0.08, r2 = 0.01;
r1 = 0.8, r2 = 0.01; and r1 = 1.8, r2 = 0.01 are used. In Case
3, when r1 = 0.8 and r2 = 0.01, the fault occurrence times

(a) (b)

(c)

Fig. 3. Case 1: accuracy of observer in simulation. (a) Trajectory of e1.
(b) Trajectory of e2. (c) Fault estimation λ̂.

Tf = 10s and Tf = 15s are considered. In both Cases 1 and
2, a fault occurred at Tf = 10 s.

The simulation results are shown in Fig. 3–5. Cases 1.1–1.3
correspond to the three parameter settings described in Case 1,
and Cases 2.1–2.3, and Cases 3.1 and 3.2 follow the same num-
bering pattern, corresponding to the parameter configurations
in Cases 2 and 3, respectively. As illustrated in Figs. 3(a) and
(b) and 4(a) and (b), the observer accurately estimate the actual
system states before the occurrence of sensor faults. When a
sensor fault is introduced at t= 10s, a short and slight deviation
was observed between the estimated and actual states. However,
the observer responded rapidly and reestablished accurate state
estimation. Figs. 3(c) and 4(c) further show that the proposed
observer can quickly and precisely estimate sensor faults. More-
over, Figs. 3 and 4 demonstrate that maintaining a constant r1
while gradually increasing r2 leads to an initial improvement
in observer performance, followed by degradation when r2
exceeds a certain value. Similarly, with a fixed r2, progressively
increasing r1 first enhances then reduces observer effectiveness.
Comparative results indicate that the observer achieves optimal
performance when r1 = 0.8 and r2 = 0.01.

In addition, as shown in Fig. 5, when the fault occurred at
t= 10 s or t= 15 s, the observer accurately estimates both the
system states and the sensor faults.

B. Comparison Between the Proposed Control and
Adaptive Dead-Zone Disturbance Compensation Control

To verify the effectiveness of the proposed control method,
we compare it to a control strategy that employs adaptive
parameters to approximate dead-zone disturbances. The con-
trol gains are set as c1 = [40, 40]T and c2 = [50, 50]T , and
the parameters are chosen as λ3 = 0.0018, σ3 = 0.001, λ4 =
1.5I256×256, σ4 = 0.01, and ε= 0.25. The remaining parame-
ters are identical to those in Case A. The adaptive dead-zone
disturbance compensation controller is given as follows. Except
for d1 = 0.25, λ5 = 1.5, and σ5 = 0.01, the parameters of the
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(a) (b)

(c)

Fig. 4. Case 2: accuracy of observer in simulation. (a) Trajectory of e1.
(b) Trajectory of e2. (c) Fault estimation λ̂.

(a) (b)

(c) (d)

Fig. 5. Case 3: accuracy of observer in simulation. (a) Trajectory of e1.
(b) Trajectory of e2. (c) Fault estimation λ̂. (d) Fault estimation λ̂.

adaptive dead-zone disturbance compensation controller are
consistent with those of the proposed control method

u=−B̂−1z2
ζ̂2γT

1 γ1√
ζ̂2zT2 z2γ

T
1 γ1 + ε

(65)

where

γ =A(x̂) + P2(ĥy
f − x̂1)− α̇1 − c2z2 + z1

+ ŴTS(X̂1) + tanh

(
z2
d1

)
Ω̂f . (66)

Ω=B(x̂)D(u) and ‖Ω‖ ≤ Ωf , where Ωf is an unknown
positive constant. The updating law for Ω̂f is

˙̂
Ωf = λ5

(
zT2 tanh

(
z2
d1

)
− σ5Ω̂f

)
. (67)

(a) (b)

(c) (d)

(e) (f)

Fig. 6. Tracking performance of the proposed control and the compar-
ative control. (a) Tracking response of θ. (b) Tracking response of ψ. (c)
Tracking error z11. (d) Tracking error z12. (e) Control input u1. (f) Control
input u1.

The simulation results are shown in Fig. 6. Fig. 6(a) and
(b) illustrates the tracking performance of θ and ψ, respec-
tively. The results demonstrate that the proposed control method
achieves more accurate tracking performance compared to the
comparative method. Fig. 6(c) and (d) presents the trajectories
of the errors z11 and z12, indicating that the proposed method
consistently maintains smaller tracking errors. Fig. 6(e) and
(f) shows the control input voltages. It can be seen that the
method in [40] exhibits multiple voltage overshoot and shows
instability.

C. Comparison Between the Proposed Control and
Control Without Fault Compensation

To validate the feasibility of the proposed control method, we
compare it with a control strategy without fault compensation,
using the same parameter settings as in Case B.

The simulation results are presented in Fig. 7. Fig. 7(a) and
(b) illustrates the tracking trajectories of θ and ψ. The results
demonstrate that after the occurrence of faults, the control
method without fault compensation fails to follow the desired
trajectories, whereas the proposed method maintains an accu-
rate tracking performance. Fig. 7(c) and (d) shows the control
input voltages.

The analysis of these simulation results for Cases A, B, and
C verifies the feasibility and superiority of the proposed control
method.
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(a) (b)

(c) (d)

Fig. 7. Performance of the proposed control with/without fault compen-
sation. (a) Tracking response of θ. (b) Tracking response of ψ. (c) Control
input u1. (d) Control input u1.

Fig. 8. Quanser Aero 2 experiment platform.

V. EXPERIMENTS

To further verify the feasibility of the proposed control strat-
egy, experimental validation is conducted using a Quanser 2-
DOF helicopter platform, as shown in Fig. 8. The voltage
range of the two input channels in the physical system is
[−24V, 24V]. In addition, an industrial fan is employed in
all experiments to generate wind disturbances, thereby further
validating the robustness and performance of the proposed
control scheme under real-world disturbance conditions. The
helicopter and dead-zone parameters are set to be the same
as those in the simulation. The initial states and desired tra-
jectories are set as x1(0) = [0, 0]T , x2(0) = [0, 0]T , and xd =
[0.28sin(t), 0.33sin(t)]T .

A. Verification of Observer Accuracy

To verify the accuracy of the proposed observer, the observer
parameters are set as P11 = 450, P12 = 450, and P21 = 1 and
P22 = 1. The other design parameters are set to Λ1 = 15I55×55,
Λ2 = 15I55×55, λ1 = 0.8, and λ2 = 0.8. As with the simu-
lations, we conduct comparative experiments using different
values of r1 and r2. In Case 4, r1 = 0.15, r2 = 0.00001; r1 =
0.15, r2 = 0.001; and r1 = 0.15, r2 = 0.001 are considered. In
Case 5, r1 = 0.05, r2 = 0.0001; r1 = 0.15, r2 = 0.0001; and

(a) (b)

(c)

Fig. 9. Case 4: accuracy of observer in experiment. (a) Trajectory of e1.
(b) Trajectory of e2. (c) Fault estimation λ̂.

r1 = 0.25, r2 = 0.0001 are used. In Case 6, when r1 = 0.15 and
r2 = 0.0001, the fault occurrence times Tf = 10s and Tf = 15s
are considered. In both Cases 1 and 2, a fault occurs at Tf = 10
s. In addition, the fault parameter is set to λ= 0.7.

The experimental results are shown in Figs. 9–11. Cases
4.1–4.3 correspond to the three parameter configurations de-
scribed in Case 4, and Cases 5.1–5.3 and 6.1 and 6.2 follow the
same numbering convention, corresponding to the parameter
settings in Cases 5 and 6, respectively. As shown in Figs. 9(a)
and (b) and 10(a) and (b), the observer accurately estimates
the actual system states before the occurrence of sensor faults.
When a sensor fault is introduced at t= 10 s, a brief and slight
deviation appears between the estimated and actual states. How-
ever, the observer quickly responds and restores an accurate
state estimation. Figs. 9(c) and 10(c) further demonstrate that
the proposed observer can rapidly and precisely identify the
sensor faults. As can be seen from Figs. 9 and 10, consistent
with the simulation results, maintaining a constant r1 while
gradually increasing r2 leads to an initial improvement in ob-
server performance, followed by degradation when r2 exceeds
a certain threshold. Similarly, with a fixed r2, progressively
increasing r1 first enhances then reduces observer effective-
ness. The comparative results indicate that the optimal observer
performance is achieved when r1 = 0.15 and r2 = 0.0001. In
addition, as shown in Fig. 11, when the fault occurs at t= 10
s and t= 15 s, the observer still accurately estimates both the
system states and the sensor faults.

B. Comparison Between the Proposed Control and the
Adaptive Dead-Zone Disturbance Compensation Control

The control gains are set to c1 = [18, 18]T and c2 =
[19, 19]T , and the parameters are set to λ3 = 0.015, σ3 = 0.01,
λ4 = 10I55×55, σ4 = 0.6, and ε= 0.25. In the adaptive dead-
zone disturbance compensation controller, λ5 = 10 and σ5 =
0.6, while the other parameters remain consistent with those of
the proposed control method.
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(a) (b)

(c)

Fig. 10. Case 5: accuracy of observer in experiment. (a) Trajectory of
e1. (b) Trajectory of e2. (c) Fault estimation λ̂.

(a) (b)

(c) (d)

Fig. 11. Case 6: accuracy of observer in experiment. (a) Trajectory of
e1. (b) Trajectory of e2. (c) Fault estimation λ̂. (d) Fault estimation λ̂.

The experimental results for the proposed control and adap-
tive dead-zone disturbance compensation control are shown in
Fig. 12. Fig. 12(a) and (b) demonstrates the tracking perfor-
mance of θ and ψ, respectively. Fig. 12(c) and (d) shows the
error variations of z11 and z12. Fig. 12(e) and (f) depicts the
input voltage. The experimental results show that the proposed
control method provides improved tracking performance and
enhanced robustness.

C. Comparison Between the Proposed Control and the
Control Without Fault Compensation

Fig. 13 presents the experimental results of the proposed
control and the control without fault compensation. Fig. 13(a)
and (b) demonstrates the tracking performance of θ and ψ,
respectively. Fig. 13(c) and (d) shows the input voltage. The

(a) (b)

(c) (d)

(e) (f)

Fig. 12. Tracking performance of the proposed control and the com-
parative control in experiment. (a) Tracking response of θ. (b) Tracking
response of ψ. (c) Tracking error z11. (d) Tracking error z12. (e) Control
input u1. (f) Control input u1.

(a) (b)

(c) (d)

Fig. 13. Performance of the proposed control with/without fault com-
pensation in the experiment. (a) Tracking response of θ. (b) Tracking
response of ψ. (c) Control input u1. (d) Control input u1.

experimental results indicate that after the occurrence of sen-
sor faults, the proposed control method responded quickly and
exhibited good tracking performance. By contrast, the control
method without fault compensation failed to effectively track
the desired trajectory after a fault occurred.
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Analysis of the experimental results further validated the
effectiveness of the proposed control method.

VI. CONCLUSION

In this article, an neuro-learning based AFTC is proposed
for a 2-DOF helicopter system with sensor gain faults and
unknown dead zones. First, to address the issue of inaccurate
state measurements caused by sensor faults, a state observer is
designed to reconstruct the system’s states, and an adaptive pa-
rameter is introduced to estimate the faults in real time. Then, an
RBFNN is used to handle the uncertainties in the system. Mean-
while, bounded estimation, adaptive parameters, and RBFNN
are combined to compensate for the effects of dead zones.
The stability of the closed-loop system is subsequently proven
using the Lyapunov method. Finally, the effectiveness of the
proposed control method is validated through simulations and
experiments. Future work will extend the proposed AFTC to
multi–degree-of-freedom aerial platforms such as quadrotors,
integrate multi-network reinforcement learning to improve data
efficiency and adaptation speed, and incorporate control barrier
functions to enforce safety constraints—thereby enhancing both
flight performance and safety.
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