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Abstract: This paper presents an adaptive fault-tolerant control strategy tailored for fixed-
wing unmanned aerial vehicles (UAV) operating under adverse conditions such as icing.
Using radial basis function neural networks and nonlinear dynamic inversion, the pro-
posed framework effectively handles simultaneous actuator and sensor faults with arbitrary
nonlinear dynamics caused by environmental effects, model uncertainties and external
disturbances. A nonlinear disturbance observer is incorporated for accurate sensor fault
detection and estimation, thereby enhancing the robustness of the control system. The
integration of the radial basis function neural network enables an adaptive estimation of
the faults, ensuring accurate fault compensation and system stability under challenging
conditions. The observer is optimised to minimise the deviation of the closed-loop dynam-
ics eigenvalues from the assigned eigenvalues and to approach unity observer steady-state
gain. The stability of the control architecture is mathematically proven using Lyapunov
analysis, and the performance of the approach is validated through numerical simulations
on a six Degrees of Freedom fixed-wing unmanned aerial vehicles model. The results show
superior performance and robustness to challenging fault scenarios. This research provides
a comprehensive fault management solution that enhances the safety and reliability of
unmanned aircraft operations in extreme environments.

Keywords: fault-tolerant controller; flight control; adaptive control; radial basis functions
neural network; nonlinear dynamic inversion control; fixed-wing UAVs

1. Introduction
Unmanned aerial vehicles (UAV) have become indispensable tools in various sectors,

offering numerous benefits that improve efficiency and safety in a wide range of appli-
cations. In agriculture, UAVs are essential for crop monitoring and precision farming,
providing real-time data to optimise yields and reduce costs [1]. In search and rescue
missions, UAVs can quickly survey large areas, providing vital information to rescuers
in remote or hard-to-reach locations [2]. They are also used extensively for infrastructure
inspections, such as power lines, bridges and pipelines, enabling safe and efficient data
collection without putting human workers at risk [3]. In addition, UAVs play an important
role in environmental monitoring, helping to track wildlife, assess pollution and assess
damage from natural disasters [4]. These diverse applications demonstrate how UAVs are
transforming industries by increasing capabilities, improving efficiency and enhancing
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safety. As a result, ensuring the safe and reliable operation of UAVs has become a key area
of research [5].

However, UAVs are susceptible to faults in actuators and sensors that can affect mis-
sion performance [6]. Common causes of these faults or failures include mechanical wear,
exposure to harsh environments like icing conditions, electrical problems, aerodynamic
pressures, vibrations and manufacturing or assembly errors. This has led to the develop-
ment of fault-tolerant control systems that enable UAVs to maintain effective operation
even when faults occur [7].

The simultaneous fault of actuators and sensors in fixed-wing UAVs presents a com-
plex challenge to aerospace engineering [8]. Actuators carry out control commands, while
sensors collect essential data on the UAV’s attitude and speed. If both systems fail at
the same time, the UAVs performance can be severely degraded or lost altogether; for
example, speed sensor faults coupled with actuator problems in icing conditions can result
in inaccurate data that can compromise the UAV’s stability [9].

Over the past two decades, considerable research has been devoted to solving the
challenges of fault-tolerant control (FTC) for UAVs, resulting in a wide range of techniques
and approaches. These include adaptive control [10,11], model predictive control [12,13],
optimal control [14,15], sliding mode control [16–18], nonlinear dynamic inversion (NDI)
control [19], backstepping control [20], fuzzy logic-based robust control [21,22] and neural
network-based control [23]. Each of these methods offers unique advantages in maintaining
system reliability and functionality even when faults occur.

Several methods have been developed for fault-tolerant control of UAVs, including
adaptive control approaches [7,10] and robust methods combining adaptive control and
nonlinear dynamic inversion strategies [24]. In [25], the author proposes a fault-tolerant
control for fixed-wing UAVs using a sliding mode disturbance observer and adaptive
dynamic inversion. The outer loop suppresses disturbances with a super-twisting algo-
rithm, while the inner loop adapts to control surface failures using real-time aerodynamic
identification. In [26], the author studies electric aircraft under damage conditions and
designs an L1 adaptive fault-tolerant control law, showing strong robustness and safety
improvements. In [27], the paper proposes an adaptive dynamic inverse control method
to counteract icing effects on aircraft. Using a control allocation algorithm, it ensures
robustness, fault tolerance and accurate tracking, improving flight safety and performance
in icing conditions. Radial basis function (RBF) neural networks and adaptive controllers
have also been used for their real-time adaptability and robustness [28,29]. Further details
can be found in the review paper [6], where recent approaches to the recovery from UAV
sensor and actuator faults are described. Nonlinear disturbance observers (NDO) are
among the most effective methods for detecting and compensating for sensor faults [7] and
play a key role in fault-tolerant control systems. The core concept of a disturbance observer
is to consolidate internal uncertainties, external disturbances, parameter variations and
unmodelled dynamics into a single lumped disturbance [25,30]. Nonlinear disturbance
observers have also been used to develop fault-tolerant control systems [31].

Building on previous literature, this research addresses the critical but under-
researched challenge of simultaneously managing actuator and sensor faults induced
by adverse weather conditions, such as icing, in fixed-wing UAVs [9]. For the control
design, actuator and sensor faults are typically considered separately [32,33] with few
exceptions as in [34]. This study addresses the recovery from both faults simultaneously, pro-
viding a more holistic and integrated solution. Unlike previous work that relies on simplified
models [11], this study uses a six Degrees Of Freedom (6DoF) nonlinear model for fixed-wing,
providing a more accurate representation of their dynamic behaviour. The proposed approach
combines an adaptive fault-tolerant controller using radial basis function neural networks,
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known for their effectiveness in handling nonlinearities and uncertainties [28,29], with a
nonlinear disturbance observer designed to estimate and mitigate sensor errors [25,30].
In addition, the framework employs nonlinear dynamic inversion techniques to balance
controller complexity and performance, ensuring robustness in the presence of simultane-
ous faults [19]. This novel integrated methodology significantly enhances the reliability
and safety of fixed-wing UAV operations, providing a comprehensive solution for fault
tolerance in real-world applications.

The main contributions of this paper are summarised as follows:

• An adaptive fault-tolerant control strategy is proposed, which integrates radial basis
function neural networks with a nonlinear dynamic inversion controller. The approach
is specifically tailored for fixed-wing UAVs and ensures accurate attitude and velocity
control even under simultaneous nonlinear actuator and sensor faults.

• A nonlinear perturbation observer is developed for sensor fault detection and esti-
mation to mitigate sensor faults. The observer is integrated into the fault-tolerant
control strategy and is characterised by a simple design, high effectiveness and guar-
anteed convergence.

• The proposed control strategy simultaneously addresses actuator and sensor faults,
unlike most existing works that treat them separately [25,30]. This holistic approach
significantly improves fault tolerance capabilities and ensures robust performance in chal-
lenging scenarios. Simulation results show that the artificial intelligence (AI)-enhanced
observer-based fault-tolerant controller maintains a safe UAV flight in a condition where
the same controller without a sensor fault detection and estimation fails.

The rest of this paper is structured as follows: Section 2 introduces the dynamic model
of the fixed-wing UAV and defines the problem. Section 3 describes the proposed adaptive
fault-tolerant control law and its stability proof, together with the nonlinear disturbance
observer. Section 5 presents simulation results to evaluate the effectiveness of the proposed
approach and Section 6 concludes with a summary of the results.

2. Problem Formulation
In the following, the 6DoF dynamic model and the kinematic model in the body frame

for the fixed-wing UAV are described by the following equations [35].

V̇ b
=

1
m

(
Rb

SFa + Fg + FT

)
− ω × V b

ω̇ = I−1(Ma − ω × Iω)

Φ̇ = Cnω

V E = RE
b V b

(1)

Here, the mass of the UAV is denoted by m, and V b =
[

u v w
]T

represents the
velocity vector of the UAV in the body axes. The aerodynamic force vector acting on

the UAV is Fa =
[

D Y L
]T

, while the gravitational force vector in the body axes is

Fg = RE
b

[
0 0 mg

]T
, and FT is the thrust force vector. The transformation between

the stability frame and the body frame is described by the rotation matrix Rb
s . The inertia

matrix of the UAV, which governs its rotational dynamics, is represented by I. The angular

velocity vector is ω =
[

p q r
]T

, and the moment vector, which includes the roll, pitch

and yaw moments, is Ma =
[

la ma na

]T
. The Euler angles vector, Φ =

[
ϕ θ ψ

]T
,

represents the roll, pitch and yaw angles. The navigation matrix is denoted by Cn, and
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V E =
[

xe ye ze

]T
is the velocity vector in the Earth axes. The transformation from the

body frame to the Earth frame is given by the rotation matrix RE
b , while the control surface

vector is given by δ =
[

δa δe δr

]T
, and δt is the throttle control surface. The matrices

I, Cn, Rb
s and RE

b are given by

RE
b =

 cos(ϕ) 0 sin(ϕ)
0 1 0

− sin(ϕ) 0 cos(ϕ)


 1 0 0

0 cos(θ) − sin(θ)
0 sin(θ) cos(θ)


 cos(ψ) − sin(ψ) 0

sin(ψ) cos(ψ) 0
0 0 1



I =

 Ix 0 −Ixz

0 Iy 0
−Ixz 0 Iz

; Cn =

 0 sin(ϕ) tan(θ) cos(ϕ) tan(θ)
0 cos(ϕ) − sin(ϕ)

0 sin(ϕ)
cos(θ)

sin(ϕ)
cos(θ)



Rb
s =

 cos(α) − sin(α) 0
− sin(α) cos(α) 0

0 0 1


And the vectors Fa, FT and Ma are given in detailed form as follows:

Fa = 0.5ρV2
a S

 −CD(α, q, δe)

CS(β, p, r, δa, δr)

−CL(α, q, δe)

; FT =

 0.5ρSp

{
(Kmδt)

2 − V2
a

}
0
0



Ma = 0.5ρV2
a S

 bCl(β, p, r, δa, δr)

cCm(α, q, δe)

bCn(β, p, r, δa, δr)



CD(α, q, δe) = CD0 + CDα α + CDq

1
2Va

q + CDδe
δe

CY(α, q, δe) = CY0 + CYβ
β + CYp

1
2Va

p + CYr

1
2Va

r + CYδa
δa + CYδr

δr

CL(α, q, δe) = CL0 + CLα α + CLq

1
2Va

q + CLδe
δe

Cl(β, p, r, δa, δr) = Cl0 + Clβ
β + Clp

1
2Va

p + Clr
1

2Va
r + Clδa

δa + Clδr
δr

Cm(α, q, δe) = Cm0 + Cmα α + Cmq

1
2Va

q + Cmδe
δe

Cn(β, p, r, δa, δr) = Cn0 + Cnβ
β + Cnp

1
2Va

p + Cnr

1
2Va

r + Cnδa
δa + Cnδr

δr

Here, Va =
∥∥∥V b

∥∥∥
2

is the airspeed, α = tan−1(w/u) is the angle of attack and

β = sin−1(v/Va) is the sideslip angle. The mean aerodynamic chord is represented by
c, and b is the wingspan of the UAV. The reference wing area is denoted by S, while ρ

represents the air density. Sp is the wing propeller area, and Km is the motor coefficient.
The moment vector can be rewritten as follows: Ma = Ma0 + Maδ

δ, where

Maδ
= 0.5ρV2

a S

 bClδa
0 bClδr

0 cCmδe
0

bCnδa
0 bCnδr


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Ma0 = 0.5ρV2
a S

 b 0 0
0 c 0
0 0 b


 Cl0 + Clβ

β + Clp
1

2Va
p + Clr

1
2Va

r
Cm0 + Cmα α + Cmq

1
2Va

q
Cn0 + Cnβ

β + Cnp
1

2Va
p + Cnr

1
2Va

r


The UAV dynamic model can be represented as a nonlinear affine system described

by the following equation.

ẋ(t) = f(x(t)) + g(x(t))u(t)

y(t) = h(x(t))
(2)

Here, x(t) ∈ Rn is the state vector, f(x(t)) : Rn → Rn, g(x(t)) : Rn → Rn×m and h(x(t)) :
Rn → Rm are nonlinear smooth functions, u(t) ∈ Rm is the control vector and y(t) ∈ Rm is
the output vector. In fact, the model described in the previous section does not describe the
system accurately because of the uncertainty in the model, and also the system is subject to
faults in the actuators and/or sensors. There are various types of actuator faults—hard-over,
locked-in-place, loss of effectiveness, time-varying and bias faults [7]. This work deals with
the faults in actuators of the loss of effectiveness and time-varying types, where they are
integrated together. After the system faults appear, the model becomes

ẋ(t) = f(x(t)) + g(x(t))
{

u(t) + ufa(t)
}

y(t) = h(x(t)) + fs(t)
(3)

Here, u f a
(t) ∈ Rm is the actuator fault and fs(t) ∈ Rm is the sensor fault. ufa(t) ∈ Rm takes

the form ufa(t) = −γu(t) + bfa(t), γ ∈ Rm×m is a diagonal matrix where all elements are
positive and smaller than one and bfa(t) ∈ Rm is the vector time function representing the
bias fault.

The primary challenge addressed in this paper is the design of an FTC strategy
capable of preserving the stability and performance of the fixed-wing UAV in spite of
these faults and uncertainties. The proposed solution, shown in Figure 1, includes three
main components: (i) the development of a nonlinear observer for sensor fault detection,
(ii) construction of an adaptive FTC-based nonlinear dynamic inversion controller to handle
both actuator faults and model uncertainties, and (iii) integration of sensor fault information
from the observer to provide comprehensive fault compensation. The controller design
consists of a nonlinear dynamic inversion controller followed by an adaptive law to handle
the faults and uncertainties. This approach aims to provide robust fault compensation and
stable UAV control under uncertain and faulty conditions.

Figure 1. Adaptive FTC strategy for a fixed-wing UAV.

3. Adaptive FTC Design
3.1. Nonlinear Disturbance Observer Design

This subsection presents a methodology to reformulate the original system into a
structure that isolates the disturbance dynamics, thus facilitating accurate disturbance esti-
mation. In systems influenced by unknown disturbances, the disturbance observer design
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plays a crucial role in estimating both the system states and the disturbance dynamics [36].
For nonlinear affine systems of the form:

ẋ = f(x) + g(x)u + d (4)

Here, d represents the disturbance vector. This system can be transformed into the following
structured form [36]:

ẋ1 = f(x1) + g(x1)u + x2

ẋ2 = ḋ
(5)

To design an observer for this system, the following observer dynamics introduced

ż1 = f(x1) + g(x1)u + z2 − L1e

ż2 = L2e
(6)

Here, the observer error is defined as e = (x − z1). The time derivative of the error ė is
given by ė = x2 − z2 + L1e. Analysing the dynamics of ė and ż2, the following augmented
dynamic model is obtained:

[
ė
ż2

]
=
( L1 −In×n

L2 0n×n

)[ e
z2

]
+

[
In×n

0n×n

]
x2

y =
[

0n×n In×n

][ e
z2

] (7)

Equation (7) describes a linear system where x2 serves as the input and z2 as the
output. The objective of the observer is to accurately estimate the disturbance signal x2.
For this, it is essential that the observer gains L1 and L2 are chosen to ensure stability and
accurate estimation of an augmented state vector. This objective can be achieved by solving
the following optimisation problem:

min
L1,L2


∥∥∥∥∥∥∥∥∥∥

eig

{[
L1 −In×n

L2 0n×n

]}
−


λ1

λ2
...

λ2n


∥∥∥∥∥∥∥∥∥∥

2

2

+

∥∥∥∥∥dcgain

([
L1 −In×n

L2 0n×n

]
,

[
In×n

0n×n

]
,
[

0n×n In×n

])
− In×n

∥∥∥∥∥
2

2


(8)

This formulation seeks to minimise the deviation of the eigenvalues of the observer
dynamics matrix from a desired set (λ1, λ2, · · · , λ2n) and to ensure that the DC gain of the
system is close to unity, thereby achieving robust disturbance estimation.

3.2. Nonlinear Dynamic Inversion Control Design

This subsection introduces the control approach adopted in this paper, which focuses
on the design of a control law using nonlinear dynamic inversion. NDI is a widely used
technique in fields such as aerospace and robotics, especially for systems with nonlinear
dynamics. The core principle of the approach is to convert the nonlinear system into an
approximately linear form, thereby simplifying the controller design process [37]. This
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is accomplished by taking the derivative of the output y(t) in Equation (2), assuming for
simplicity that the system has a relative degree of one.

ẏ(t) = ∇h(x(t))ẋ(t) = ∇h(x(t))(f(x(t)) + g(x(t))u(t)) (9)

In Equation (9), the term L f h(x(t)) = ∇h(x(t)) is called the first-order Lie derivative
along the vector field f(x(t)), and Lgh(x(t)) = ∇h(x(t)) is the first-order Lie derivative
along the vector fields g(x(t)). Then, Equation (9) becomes

ẏ(t) = L f h(x(t)) + Lgh(x(t))u(t) (10)

To linearise the system described in (10), the term L f h(x(t)) + Lgh(x(t))u(t) is used
as a new input v(t); then, (10) becomes ẏ(t) = v(t). The closed-loop dynamics of the
resulting system are linear. Therefore, the control law is chosen as v(t) = ẏd(t)− Λey(t),
where Λ is a positive definite matrix, ey(t) = (y(t)− yd(t)) is the error vector and yd(t)
is the desired output. This process is illustrated in the block diagram of Figure 2, which
represents the control law in its final form:

u(t) =
(

Lgh(x(t))
)−1
(

ẏd(t)− Λey(t)− L f h(x(t))
)

(11)

Figure 2. Block diagram of NDI control.

Now the NDI control strategy will be applied to the fixed-wing UAV model, as shown
in Figure 3. According to Equation (1), the UAV attitude takes:

ω̇ = I−1((Ma0 + Maδ
δ)− ω × Iω)

Φ̇ = Cnω
(12)

The first equation is called the slower angular loop and the second is called the faster
angular loop [38]. The commanded angular velocity ωc, as the input of the slower loop,
can be obtained by the NDI method ωc = C−1

n vΦ, where vΦ = Φ̇d + ΛΦ(Φd − Φ) and Φd

is the desired attitude. To control the faster angular loop, the input δ is given by

δ = M−1
aδ

(Ivω + ω × Iω − Ma0), (13)

where vω = Λω(ωc − ω) and ΛΦ, Λω are positive definite matrices, respectively.

Figure 3. NDI control strategy for fixed-wing UAV block diagram.
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3.3. RBF Neural Network

A radial basis function (RBF) artificial neural network is used to approximate the fault
dynamics, and the output of the network is derived from a linear combination of these
functions applied to the inputs and neuron parameters. RBF networks are commonly used
in tasks such as function approximation, time series prediction, classification and control
systems. Their popularity stems from their strong interpolation capabilities, especially in
situations with sparse or irregular training data, making them well-suited for a variety of
prediction tasks.

RBF networks generally consist of three layers: an input layer, a hidden layer with
a non-linear RBF activation function and a linear output layer (Figure 4). The input is
represented here as a vector of real numbers x ∈ Rn. The network’s output is a vector
function of the input vector, ONN : Rn → Rm. For each output ONN

i , the relationship can
be expressed as:

ONN
i (x) =

n

∑
i=1

wij φ
(

x, cj
)

(14)

Here, n represents the number of neurons in the hidden layer, cj is the centre vector
for the jth neuron and wij is the weight associated with the jth neuron and the ith output.
The radial basis function is commonly taken to be Gaussian.

Figure 4. Radial basis function neural network.

3.4. Adaptive FTC Control Design

This subsection deals with the attitude control of the fixed-wing UAV in the presence
of an actuator fault, with the goal of designing a control law that compensates for the faults
and maintains the desired performance. To achieve this, an adaptive control approach is
adopted, which allows real-time adjustments to counteract the effects of faults. As shown
in Equation (3), the dynamic model of the UAV is susceptible to faults that may affect
stability and control. From the above, the faulty UAV attitude model is given by

ω̇ = I−1
((

Ma0 + Maδ

(
δ + δ fa

))
− ω × Iω

)
Φ̇ = Cnω,

(15)

where δ fa is the actuator fault. As mentioned earlier, the fault in the actuators takes the form
δ fa = −γδ + b fa . Based on the universal approximation theorem [39], a neural network of
sufficient complexity (e.g., an RBF neural network) can approximate any continuous func-
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tion, including fault dynamics, allowing the controller to account for model uncertainties
and disturbances. Thus, in general, the fault function can be represented as follows.

δ fa = W Tφ(t) (16)

Here, φ(t) is the kernel function φ(t) =
[

φ1(t) φ2(t) . . . φm(t)
]T

, with each φi(t)
potentially taking a Gaussian form:

φi(t) = exp

(
t − ti

µ2
i

)

To compensate for the actuator fault, the NDI control law given in Equation (13) is
modified as follows:

δ = M−1
aδ

(I(Λω(ωc − ω)) + ω × Iω − Ma0)− δ̂ fa (17)

Here, δ̂ fa is the estimated actuator fault given by δ̂ fa = Ŵ
T
φ(t). By applying the control

law to the system, the following equation is obtained: ėω = −Λωeω + Maδ
δ̃ fa , where

eω = (ωc − ω) and δ̃ fa represents the error of the fault signal, defined as δ̃ fa = δ fa − δ̂ fa .

Alternatively, it can be expressed as δ̃ fa = W̃
T
φ(t), where W̃

T
= W T − Ŵ

T
. The adaptation

law is given as follows:

˙̃W = Γφ(t)eT
ω Maδ

(18)

Here, Γ is a positive definite matrix that satisfies the dimensions. To prove the stability of
this control, the Lyapunov candidate function is used, which is defined as

V(eω, t) =
1
2

eT
ωeω +

1
2

tr
(

W̃
T

Γ−1W̃
)

(19)

Taking the time derivative of V yields

V̇(eω, t) = eT
ω ėω + tr

(
W̃

T
Γ−1 ˙̃W

)
(20)

Substituting eω in V̇, the expression becomes

V̇(eω, t) = −eT
ωΛωeω + eT

ω Ma0W̃
T
φ(t) + tr

(
W̃

T
Γ−1 ˙̃W

)
(21)

Via the vector trace identity aTb = tr
(

baT
)

, the formula simplifies to

V̇(eω, t) = −eT
ωΛωeω + tr

(
W̃

T(
φ(t)eT

ω Maδ
+ Γ−1 ˙̃W

))
(22)

By employing the adaptation law Equation (18), it can be determined that V̇(eω, t) =
−eT

ωΛωeω, where V̇ is a negative definite function. Accordingly, the equilibrium point
eω = 03×1 in the slower angular loop is asymptotically stable, and the error eω approaches
zero as time approaches infinity, as established by the Lyapunov stability theorem [40].
Therefore, the adaptive FTC, depicted in Figure 5, is mathematically represented as

δ = M−1
aδ

(I(Λω(ωc − ω)) + ω × Iω − Ma0)− Ŵ
T
φ(t) (23)
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Figure 5. Adaptive FTC control for fixed-wing UAV.

3.5. Airspeed Control Design

Previous sections have focused primarily on controlling the attitude of the UAV. This
section deals with the design of a control law for the speed of the UAV. Before proceeding
with the controller design, it is convenient to clarify the dynamic model of the UAV’s speed.

The UAV speed Va satisfies the relation V2
a =

(
V b
)T

V b, then the dynamics are given by

V̇a =
1

Va

(
V b
)T

V̇ b. Now from (1), V̇a takes the form

V̇a =
1

mVa

(
V b
)T(

Rb
s Fa + Fg + FT

)
− 1

Va

(
V b
)T(

ω × V b
)

(24)

Since the term
(

V b
)T(

ω × V b
)

is zero, the equation simplifies to

V̇a =
1

mVa

(
V b
)T(

Rb
s Fa + Fg

)
+

1
mVa

(
V b
)T

FT (25)

Alternatively, this can be expressed as

V̇a =
1

mVa

(
V b
)T(

Rb
s Fa + Fg

)
+

u
mVa

(
0.5ρSp

{
(Kmδt)

2 − V2
a

})
(26)

By applying the nonlinear dynamic inversion strategy described previously, the control
law for airspeed is given by

δt =
1

Km

√(
1

0.5ρSp

(
mVa

u

{(
V̇ad + λVa eVa

)
− 1

mVa

(
V b
)T(

Rb
s Fa + Fg

)})
+ V2

a

)
(27)

where eVa =
(
Vad − Va

)
represents the airspeed error, Vad is the desired airspeed and λVa is

a positive constant. The control law in Equation (27) depends on the airspeed Va, which
is measured by on-board sensors. However, these sensors are also prone to faults that
may affect the accuracy of the Va readings and, consequently, the effectiveness of the
control law. To address this issue, the observer developed in Section 3.1 is designed to
detect and compensate for sensor faults, ensuring reliable measurements for stable control
performance. Therefore, the partial model is considered.

V̇a =
1

mVa

(
V b
)T(

Rb
s Fa + Fg

)
+

u
mVa

(
0.5ρSp

{
(Kmδt)

2 − V2
a

})
Vam = Va + fs

(28)
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Here, Vam and f s are the measured airspeed and sensor fault, respectively. The dynamics
will be as follows: V̇am = V̇a + ḟs. If the following is carried out, ∆ = ḟs, then it will be:

V̇am =
1

mVa

(
V b
)T(

Rb
s Fa + Fg

)
+

u
mVa

(
0.5ρSp

{
(Kmδt)

2 − V2
a

})
+ ∆ (29)

In order to estimate the disturbance signal, the NDO designed in Section 3.1 is used. Then,
the observer dynamic is given by:

˙̂Vam =
1

mVa

(
V b
)T(

Rb
s Fa + Fg

)
+

u
mVa

(
0.5ρSp

{
(Kmδt)

2 − V2
a

})
+ ∆̂ − L1eVa

˙̂∆ = L2eVa

f̂s =
∫ t

0
∆̂dτ,

(30)

where L1 and L2 satisfy Equation (8).

4. Linear Quadratic Regulator with Integral Action Design
In this section, a linear controller is introduced to allow a thorough comparison with

the adaptive fault-tolerant controller, demonstrating the robustness and effectiveness of the
latter in dealing with faults and uncertainties. The comparison focuses on a widely used
linear control approach, the linear quadratic regulator with integral action (LQRI) [41]. To
support this analysis, linear state-space models for both longitudinal and lateral motion are
derived by linearising Equation (1) around the trim conditions (see [35] for details). The
corresponding longitudinal and lateral variables are defined as follows.

xlon =
[

u w q θ
]T

; ulon =
[

δe δt

]T

xlat =
[

v p r ϕ ψ
]T

; ulat =
[

δa δr

]T

The state-space linear model for longitudinal or lateral motion are given by{
ẋj = Ajxj + Bjuj

yj = C jxj + Djuj
j = lon, lat

The design of a linear quadratic regulator with integral action (LQRI) involves ex-
tending the standard linear quadratic regulator (LQR) by introducing integral action to
eliminate steady-state error. To eliminate the steady-state error, the integral state ζ j is intro-
duced as ζ j =

∫ (
r j − C jxj

)
dt. The integral of the output error is added as an additional

state. The augmented state vector is defined as xaj =
[

xj ζ j

]T
, and now the augmented

system dynamics are: 

[
ẋj

ζ̇ j

]
=

[
Aj 0
C j 0

][
xj

ζ j

]
+

[
Bj

0

]
uj

yj =
[

C j 0
][ xj

ζ j

]
+ Djuj

To control the augmented system the LQR controller used, the LQR controller min-
imises the quadratic cost function J =

∫ ∞
0

(
xT

aj
Qaj

xaj + uT
j Rjuj

)
dt, where Qaj

is a positive
semi-definite state weighting matrix and Rj is a positive definite control weighting matrix.
Typically, Qaj

is chosen to penalise deviations in the states and integral action. The optimal
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control law for the augmented system is uj = −K jxaj , where K j is the LQR gain computed
from K j = R−1

j BT
aj

Pj, where Pj is the solution to the Algebraic Riccati Equation (ARE):

AT
aj

Pj + Pj AT
aj
+ PjBaj R

−1
j BT

aj
Pj + Qaj

= 0

5. Simulation Results
This section investigates the effectiveness of the proposed fault-tolerant control law

for attitude control for a fixed-wing UAV. The Aerosonde fixed-wing UAV model is used to
implement the control laws and perform numerical simulations in MATLAB. The aerody-
namic coefficients and parameters for the Aerosonde UAV are given in Table 1 and Table 2,
respectively, as referenced in [35]. The parameters of the trim conditions and linearised
longitudinal and lateral models are given in the Appendix A.

Table 1. Aerodynamic coefficients for the Aerosonde UAV.

Coefficient Value Coefficient Value

CL0 0.28 Cn0 0
CD0 0.03 CYβ

−0.98
Cm0 −0.02338 Clβ

−0.12
CLα 3.45 Cnβ

0.25
CDα 0.30 CYp 0
Cmα −0.38 Clp −0.26
CLq 0 Cnp 0.022
CDq 0 CYr 0
Cmq −3.6 Clr 0.14
CLδe

−0.36 Cnr −0.35
CDδe

0 CYδa
0

Cmδe
−0.5 Clδa

0.08
Cnδr

−0.032 Cnδa
0.06

CY0 0 CYδr
−0.17

Cl0 0 CYδr
0.105

Table 2. Parameters for the Aerosonde UAV.

Parameter Value Parameter Value

m 31.5 (kg) b 2.8956 (m)
Ix 0.8244

(
kg/m2) c̄ 0.18994 (m)

Iy 1.135
(
kg/m2) Sp 0.2027

(
m2)

Iz 1.759
(
kg/m2) ρ 1.2682

(
kg/m3)

Ixz 0.1204
(
kg/m2) Km 80(−)

S 0.55
(
m2)

Without loss of generality, the actuator dynamics are simplified to a first-order lag
filter. Whilst this model may not capture complex fault behaviours, it was considered for
simplicity and to focus on the main features of the fault. Complex fault signals often exhibit
a piecewise first order or even piecewise constant behaviour. The dynamics and limits for
the aileron, rudder and elevator used in the simulation are described as follows:

δa =
10

s+10 δac

δe =
10

s+10 δec

δr =
10

s+10 δrc

|δa| ≤ 20◦; |δe| ≤ 20◦; |δr| ≤ 20◦
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Here, δac , δec and δrc are the commended aileron, rudder and elevator. The Runge–Kutta
method will be used to solve the differential equations with a time step of 0.001. The
controller parameters used are as follows:

ΛΦ =

 2 0 0
0 2 0
0 0 2

; Λω =

 500 0 0
0 500 0
0 0 500

; Γ = 70Im×m; λVa = 5;

To determine the parameters of the nonlinear perturbation observer, the optimisation
problem presented in Section 3.1, defined by Equation (8), is solved using the fminunc
function available in MATLAB.

L1 = −71.4 L2 = 893.7

λ1 = −52.5, λ2 = −53.5

The basic hyperparameters of the RBF neural network used for the summation in
this paper are as follows: the input is time, while the output is the estimated faults. The
network consists of 51 neurons and uses a Gaussian activation function. The centre µ’s for
the Gaussian function is set to 0.5 for all neurons.

The fault scenarios for both actuators and sensors are set as:

δa f =

 0
0
0

 t ≤ 8.5

δa f =

 −0.2 0 0
0 −0.25 0
0 0 −0.3

δ +

 0.12t + 4.5
0.35t + 3.7

0.21t + 4.61

 8.5 < t < 20

δa f =

 0
0
0

 t ≥ 20


fs = 0 t ≤ 10

fs = 0.5(t − 10)2 + 2.7 10 < t < 20
fs = 35.25 t ≥ 20

The values used to design the LQRI and LQR linear controllers are given below:

Qalon
= diag

([
1 0 0 1 50 50

])
; Rlon =

[
0.001 0

0 0.05

]

Qalat
= diag

([
0 0 0 1 1 50 50

])
; Rlat =

[
0.01 0

0 0.01

]

Figure 6 shows the evolution of the UAV’s attitude—roll, pitch and yaw—under nomi-
nal conditions, where the system maintains stable and accurate tracking. Small fluctuations
due to external disturbances remain minimal, ensuring reliable performance. The control
system responds quickly to dynamic changes, enabling smooth trajectory tracking and
a quick return to steady-state behaviour. In the absence of faults, the LQRI controller
performs similarly to the adaptive controller, achieving stable responses with minimal
deviations. The LQRI controller further improves robustness by reducing steady-state
errors, while overall differences in tracking accuracy and recovery times remain negligible.

Figure 7 shows the evolution of the UAV’s attitude, specifically the roll, pitch and yaw
angles, under fault conditions. The attitude remains stable and closely follows the reference
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values even when the system experiences actuator faults. Although small disturbances
occur at critical moments associated with actuator faults, these deviations remain within a
narrow range, ensuring minimal impact on overall control and aircraft performance. In
addition, the control system quickly adapts to changing dynamics with minimal delay,
enabling reliable tracking and a rapid return to steady-state behaviour.

Figure 6. Time evolution of the attitude of the UAV in the absence of faults.

Figure 7. Time evolution of the attitude of the UAV in the presence of faults.

In contrast, the performance of the LQRI controller, as shown in the figure, demon-
strates its limitations in handling actuator faults compared to the adaptive and fault-tolerant
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controller. While the LQRI controller incorporates an integral steady-state error mitigation
component, offering some improvement in robustness, it still exhibits larger deviations
from the reference trajectory and slower recovery times than the adaptive and fault-tolerant
controllers. The inability of LQRI to adapt in real time to changing system dynamics results
in prolonged transient errors and reduced tracking accuracy.

These limitations highlight the benefits of incorporating adaptive and fault-tolerant
strategies to improve resilience and maintain optimal flight performance under fault
conditions. Furthermore, no comparison with other nonlinear controllers was made, as
comparisons with other nonlinear controllers are considered unnecessary, as adaptive
control inherently balances indirect fault-tolerant and robust control strategies [42].

Figure 8 shows the angular velocity components, demonstrating smooth transitions
and stability even under actuator fault conditions. Although small oscillations occur, the
adaptive fault-tolerant control system effectively constrains these oscillations within a nar-
row range, minimising the risk of oscillatory drift commonly observed in systems without
fault compensation. This highlights the effectiveness of nonlinear dynamic inversion in
maintaining stable angular velocity.

Figure 8. Time evolution of the angular velocities of the UAV.

Figures 9 and 10 show how effectively the combined UAV speed control law and
fault-tolerant adaptive control law regulate the UAV’s attitude. The data show successful
stabilisation of both the UAV’s overall speed and individual speed vector components,
with minimal variations that do not compromise performance. In contrast, the results of the
LQRI controller, shown in Figure 10, show significant deviations from the reference values,
demonstrating its limitations in the face of airspeed sensor and actuator faults. While the
LQRI controller improves performance by dealing with steady-state errors, its transient
response shows more significant variations than the adaptive fault-tolerant controller.
These comparative results provide further evidence of the reliability and advantages of
the proposed adaptive control methodology in providing stable and accurate flight control
despite sensor and actuator faults.
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Figure 9. Time evolution of the velocity components of the UAV.

Figure 10. Time evolution of the axial speed of the UAV.

Figures 11 and 12 show the throttle deflection together with the deflection of the
control surfaces: elevator, aileron and rudder. It can be observed that the deflection of these
control surfaces remains within the desired range [−20◦, 20◦], reflecting the accuracy of
the system in meeting the control requirements. Figure 13 shows the successful estimation
of the intermittent during the abrupt and incipient changes, with a convergence time of
approximately 2 s following the largest sudden variations.
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Figure 11. Time evolution of the throttle input deflection.

Figure 12. Time evolution of the control surfaces of the UAV.

Figure 13. Time evolution of the actuator faults estimation.
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This validates the theoretical predictions based on the Lyapunov stability criteria,
confirming the reliability of the system in complex and disturbed environments.

Figure 14 highlights the effectiveness of the proposed nonlinear disturbance observer
in dealing with sensor faults, showing a clear match between the estimated and actual
values. This reflects the ability of the observer to detect faults and provide accurate
estimates, which in turn are passed on to the controller to make the necessary adjustments.
This rapid and accurate response minimises the likelihood of degraded UAV performance
and enables the system to deal with fault conditions flexibly and reliably.

Figure 14. Time evolution of the sensor faults estimation.

Figures 15 and 16 show the attitude and velocity evolution of the UAV when the
nonlinear disturbance observer is not integrated with the fault-tolerant control system.
They show that without the NDO, the UAV becomes unstable due to sensor faults that the
FTC alone cannot effectively deal with. This highlights the essential role of the proposed
NDO in compensating for these faults, improving stability and ensuring robust UAV
performance in the presence of model uncertainty.

Figure 15. Time evolution of the UAV attitude without a disturbance observer.
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Figure 16. Time evolution of the UAV velocity components without a disturbance observer.

6. Conclusions
This paper presents an adaptive fault-tolerant control strategy for fixed-wing UAVs

that enables reliable operation under challenging conditions, such as icing, actuator and
sensor faults, model uncertainties and external disturbances. The proposed control architec-
ture integrates radial basis function neural networks with nonlinear dynamic inversion and
a nonlinear disturbance observer to provide a comprehensive fault management solution.
By using these advanced techniques, the approach ensures robust performance, stability
and precise control under harsh environmental conditions.

Theoretical analysis, validated by Lyapunov stability criteria, confirms the robustness
of the proposed methodology. Numerical simulations further demonstrate the effectiveness
of the adaptive FTC system, showing its ability to maintain attitude stability, velocity control
and fault compensation, even in scenarios where faults simultaneously affect actuators
and sensors. Compared to the conventional LQRI controller, the proposed approach
exhibits superior fault compensation and disturbance rejection, confirming its feasibility
and improved resilience in fault-prone environments.

The novelty of this work lies in its integrated fault-tolerant design, which simulta-
neously handles nonlinear actuator and sensor faults through adaptive estimation and
compensation, outperforming traditional control methods. This contribution improves
the operational safety and reliability of UAVs under extreme conditions. Future research
directions include extending the framework for energy optimisation and cooperative UAV
missions to broaden its applicability in real-world scenarios.
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Abbreviations
The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicles
DOF Degree Of Freedom
FTC Fault-Tolerant Control
RBF Radial Basis Function
NDI Nonlinear Dynamic Inversion
NDO Nonlinear Disturbance Observer
LQR Linear Quadratic Regulator
LQRI Linear Quadratic Regulator with Integral Action
ARE Algebraic Riccati Equation

Appendix A. Trimming Conditions and Linearised Model

The numerical values of the trimming conditions and linear system matrices for
both longitudinal and lateral motion used as the basis for the analysis in this paper are
given below:

xtrim =
[

24.8903 0.0461 2.3380 0 0 0 0.0014 0.0014 −0.0017
]T

utrim =
[
−0.0047 −0.1179 0.0057 −0.3134

]T

Alon =


−0.5138 0.3615 −2.3380 −9.8100
−0.5721 −2.3009 24.8903 −0.0189
0.0519 −0.5520 −0.4988 0

0 0 1 0

 ; Blon =


0 −38.1332
0 0

−18.2384 0
0 0


Clon =

[
1 0 0 0
0 0 0 1

]
; Dlon =

[
0 0
0 0

]

Alat =


−0.6329 2.3380 −24.8903 9.8100 0
−3.1826 −11.5766 5.1970 0 0
3.3703 −0.3352 −6.9172 0 0

0 1 0.0014 0 0
0 0 1 0 0

 ; Blat =


0 2.7448

65.0418 79.5051
25.9808 −6.0401

0 0
0 0


Clat =

[
0 0 0 1 0
0 0 0 0 1

]
; Dlat =

[
0 0
0 0

]
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