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Quadrotor UAV
System Subject to
Actuator Faults

Abstract

In this paper, a fuzzy logic-based fault-tolerant attitude control strategy is proposed for the
attitude tracking of a quadrotor unmanned aerial vehicle (UAV) subject to actuator faults.
The attitude dynamics of the quadrotor are represented using modified Rodrigues parame-
ters. Inspired by the biological trial-and-error mechanism that reinforcement learning (RL)
emulates, the proposed method is developed by integrating fuzzy logic systems (FLSs) with
RL. To enhance the autonomous learning capability and tracking performance of the UAV
system, actor-critic (AC) learning is introduced as an effective RL method. A cost function
defined in terms of tracking errors is introduced, and an FLS is incorporated into the critic
to approximate the cost function for performance evaluation. The actor is responsible for
generating the control input based on the critic signals. Concurrently, another FLS is em-
ployed to approximate system uncertainties and actuator bias faults. Furthermore, to meet
increasingly stringent control requirements, performance constraints are imposed to guar-
antee prescribed tracking performance. The system stability and convergence of tracking
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errors are analyzed using Lyapunov stability theory. Finally, simulations are conducted to verify the effectiveness
of the proposed adaptive fault-tolerant attitude control scheme.

1. INTRODUCTION

Inspired by the exceptional agility and adaptability of biological flyers, the development of highly autonomous
and agile aerial robotics has garnered significant attention in recent years(!-3]. As a representative platform
in this field, the quadrotor unmanned aerial vehicle (UAV) is distinguished by its compact structure, high ma-
neuverability, and vertical takeoff and landing capability[+-¢. However, quadrotor UAV systems are inherently
highly nonlinear, strongly coupled, and subject to significant model uncertainties(”]. In practical applications,
UAV system performance can also be adversely affected by external disturbances, sensor inaccuracies, and ac-
tuator faults, which pose significant challenges for conventional control methods!8l. Intelligent adaptive con-
trol offers the advantage of strong resilience and autonomous decision-making capability, enabling the system
to maintain stable performance in complex environments. Consequently, adaptive control strategies offer a
promising solution to these challenges.

In practical scenarios, actuator faults have detrimental effects on quadrotor UAV operations. These faults can
significantly degrade control performance and even lead to system instability or mission failure. To address
the challenges, extensive research has been conducted, resulting in the development of various control strate-
gies[o-11]. For instance, Zhao et al. employed reinforcement learning (RL) to obtain an optimal control policy
for suppressing actuator faults[]. Furthermore, Ma et al. proposed a distributed adaptive method that compen-
sates for actuator faults with gain uncertainties and structural changes, which can ensure stable UAV-unmanned
ground vehicle (UGV) formation ['1]. However, most existing methods rely on accurate models and primarily
focus on efficiency loss, while neglecting concurrent bias faults. Thus, it is essential to develop fault-tolerant
control schemes capable of addressing simultaneous multiplicative and additive faults.

Fuzzy logic systems (FLSs) are suitable for uncertain and highly nonlinear systems, because they can approx-
imate complex nonlinear functions without requiring an accurate mathematical model. Moreover, their rule-
based structure provides interpretability and flexibility in controller design, which facilitates the effective han-
dling of external disturbances and system uncertainties['2-14l. Zhang et al. employed an FLS to approximate
unknown nonlinear dynamics over a compact set within an ideal controller framework [5]. Additionally, Yu et
al. utilized an FLS to approximate unknown nonlinearities and estimate unmeasurable states, achieving finite-
time probabilistic stability under stochastic disturbances!'¢l. Consequently, FLS can serve as an effective tool
for addressing model uncertainties and complex nonlinear dynamics in quadrotor UAV systems.

As a key realization of biomimetic intelligence, RL mimics the trial-and-error learning capability of biological
systems[17-19]. Through continuous interaction with the environment, RL can learn control policies online,
thereby enhancing decision-making performance. To meet the increasing demand for autonomy and intel-
ligence, actor—critic (AC) learning has emerged as an effective RL-based approach. This method employs a
specialized architecture consisting of two interacting networks that evaluate the value function and optimize
the control policy, enabling online adaptive control[20-23]. For example, Ouyang et al. proposed an adaptive
coordinated control method based on an AC framework to address the optimal tracking control problem of
dual-arm robots[24]. Similarly, AC learning has been utilized to handle unknown system uncertainties, where
the critic approximates the performance cost and the actor generates compensation control[25]. In addition,
odd-numbered symmetric actuators and even-numbered critics have been introduced to address instability and
asymmetry problems in quadrotor flight control based on AC learning[2¢]. These studies demonstrate that the
AC architecture, inspired by RL, can learn approximately optimal control policies through online interaction
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without relying on an explicit system model. As such, it significantly enhances autonomous learning and opti-
mization performance, thereby fulfilling the overarching requirements for autonomy and intelligence.

Prescribed performance, as a class of performance constraints, addresses control tasks with explicit transient
and steady-state requirements. A prescribed performance function (PPF) is commonly employed to ensure that
tracking error, convergence rate, and overshoot remain within predefined bounds!27-311. For example, Yu et al.
developed finite-time PPFs to transform distributed tracking errors into a new set of errors based on the transient
and steady-state requirements28l. Moreover, Li et al. integrated an improved performance function with a
reduced-order K-filter to realize prescribed performance while relaxing initial state constraints[3!]. Therefore,
to meet the growing need for superior attitude control performance in UAV systems, prescribed performance
strategies have become increasingly attractive and viable.

In this paper, we focus on the adaptive attitude tracking control problem for a quadrotor UAV subject to actuator
faults. To enhance autonomous learning and optimization performance under such conditions, an adaptive fault-
tolerant attitude control method integrating an FLS with RL is proposed. Furthermore, to satisfy increasingly
stringent control requirements, a prescribed performance constraint is incorporated into the UAV system. Based
on the above, the main contributions of this paper are shown as follows:

1. Compared with existing RL-based control schemes for quadrotor UAVs[#20:2¢], the proposed RL-based
fuzzy adaptive attitude control not only achieves optimized tracking control performance under pre-
scribed performance constraints, but also avoids the adverse effects caused by actuator faults. By em-
ploying an FLS, the proposed approach achieves faster convergence due to simpler parameter tuning
and fewer training iterations. In the proposed AC-based RL architecture, the critic component evaluates
future performance and yields an evaluative signal, while the actor component generates an optimized
reinforced control input that compensates for system uncertainties and actuator faults.

2. Different from existing fault-tolerant control methods for quadrotor UAVs 9111, the proposed approach
considers the simultaneous occurrence of actuator efficiency degradation faults and bias faults. Accord-
ingly, a unified fault model is constructed to characterize these concurrent failures, which facilitates effec-
tive compensation for their combined effects.

The remainder of this paper is organized as follows. Section 2 presents the preliminary concepts and problem
formulation. Section 3 shows the development of the proposed RL-based fault-tolerant attitude control strategy,
along with the corresponding stability analysis. Section 4 presents simulation studies to validate the effectiveness
of the proposed approach. Finally, Section 5 concludes the paper.

Notation: Throughout this paper, k denotes the set of real numbers, and r” denotes the »-dimensional Euclidean
space. Let 7 denote the identity matrix. The functions A, (e), Amax(e), and tr(s) denote the minimum eigenvalue,
maximum eigenvalue, and trace of a matrix, respectively. The notation diag(e) represents a diagonal matrix, o
stands for the Hadamard product, and (e)* represents the skew-symmetric matrix associated with a vector e e r3.
The notation || « || denotes the Euclidean norm of a vector or the Frobenius norm of a matrix.

2. PRELIMINARIES

2.1. Kinematics and dynamics of the UAV attitude system with actuator faults
The structural diagram of a quadrotor UAV is shown in Figure 1, which includes two coordinate frames: the
inertial frame oxvz and the body-fixed frame 0x5v525. The orientation of the body-fixed frame relative to the
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Figure 1. Structural diagram of a quadrotor UAV. UAV: Unmanned aerial vehicle.

inertial frame is represented by modified Rodrigues parameters (MRPs) [32]. Accordingly, the attitude kinemat-
ics and dynamics of the quadrotor UAV are described as
o=G(0)w, (1)
Jo = -0 Jw + 14, (2)
where ¢ = etan(®/4), @ is the Euler angle, ¢ is the Euler axis, and » = [w,,w,,w.]” denotes the angular velocity of
the quadrotor UAV. J € r33 is the inertia matrix, =, € R? denotes the control torque, and the kinematic matrix
G(o) is given by

_ T
G(o‘):% 1#1+0'X+0'0'T . (3)

It should be noted that the MRP representation possesses a coordinate singularity at ® = +360°, where the term
tan(o/4) diverges. However, for the quadrotor UAV attitude control task considered in this study, the rotation
angle @ is assumed to remain within a restricted operating region (j®| < 360°), which is well-suited for most
flight maneuvers. Under this condition, the MRPs provide a more compact and efficient parameterization com-
pared to quaternions or Euler angles, and the singularity issue can be effectively avoided through proper initial
condition settings and performance constraints. Therefore, Equations (1) and (2) can be reformulated as

M(o)F + Co,0)o =T, (4)
where
M(o) = G T (0)IG (o), (5)
Clo.0) =-GTIGLG6™ - 6T (Jw) G L, (6)
T= G’T((r)‘ra, (7)

which satisfy the following properties.

Property 11321, m(s) is bounded as follows:
O<kmllo?<o™()o <ky |l o |2 VoeR? (8)
where ,, and k, are positive constants.

Property 21331, yi(0) - 2¢(o, ) is skew-symmetric. For the skew-symmetric matrix # (o) - 2¢(o, o), it holds that
T(M(o) - 2C(0, )¢ = 0, with 7 e R3.

In this paper, the actuator fault model, which encompasses efficiency loss and bias-type faults, is expressed as[34]

i1 = (1= k)7 (1) + 70:(0), 121 (9)
where (1) is the designed control input, «; is an unknown variable in the range [0,1) representing loss of control
effectiveness. The positive loss matrix is defined as «; = diag(l - «1,....1 - k) € R™". 7,(1) = [1,1 (1), 7,.2(1). 7, 3] is
the unknown bias fault function. Here, r, represents the failure time of each actuator.
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By incorporating Equation (9) into Equation (4), the system dynamics under actuator faults can be rewritten as

M(0)F + C(or, )0 = kpt(1) + 7, (1), (10)
where 7 = [r1, 1. 73]7 denotes the control torque vector, with r;, o, and r3 representing the torques along the roll,
pitch, and yaw axes, respectively.

In summary, Equation (9) indicates that the i-th actuator fails from time 1. Before the occurrence of actuator
failure, i.e., for 1 <1/, if ;; = 0 and =, = 0, the actuator is considered to operate under fault-free conditions, and
the control torque + can be fully applied. When 0 <« < 1, the actuator is considered to experience partial loss of
effectiveness (PLOE). If «; = 1, the actuator is considered to experience total loss of effectiveness; however, this
extreme case is not considered in the current study, and «; is assumed to be strictly less than 1.

Moreover, it should be noted that faults in practical systems are difficult to repair or eliminate. Therefore, the
transition from a fault-free state to a faulty state is considered unidirectional. In addition, each actuator is
assumed to experience at most one fault.

2.2. Prescribed performance

To enhance attitude tracking performance, a prescribed performance constraint is applied to the UAV system to
confine the tracking error within a predefined envelope, thereby ensuring that both transient and steady-state
performance requirements are satisfied.

Defintion 1291, A continuous function »,(:) : R, — R, is defined as the performance function, which satisfies the
following conditions:

(1) n:(r) is positive and monotonically decreasing;
(2) }im 1i (1) = Nico, and lirg n:(1) = n;0. The performance function is specified as
—00 —

ni(1) = (i = Miso)e ™" + i, (11)
where 7,9 is the initial error bound, ;. is the steady-state error bound, and 1 > 0 determines the convergence rate.
Accordingly, the prescribed tracking performance is achieved provided that the tracking error ¢, satisfies

—wmi <ei(t) <wm,  Vi>0 (12)
where o, and @; are positive constants.

2.3. FLS

An FLS consists of four components: the fuzzifier, the fuzzy inference engine, the defuzzifier, and the knowledge
base. The knowledge base comprises a set of IF-THEN fuzzy rules. The i-th rule is described as follows[12]: &, :
If 51 is Pl and sy is P, and -- - and s, is Pi, then y is G;,i = 1,2, ..., N,. The FLS can be expressed as
S Bl s (s5) ’ (13)
= (1w (5)

where s = [s1,...5,]7 € R” represents the input vector and y e R represents the system output. ~, > 1 denotes the
number of fuzzy rules. P and G, represent the fuzzy sets. u pi(s) denotes the membership functions related to
Sjs defined as ,up;_(s_,-) =exp[-(s; - c_/,-)z/(2a2)].

y(x) =

The fuzzy basis function is defined as
Ty ks (5))
S (T mr 5)
Define @(s) = [01(5), ©2(s), ....0n, ()] and W = [¥1,72. ... 7y, 17. Then, the following expression is obtained
y(x) = W'es). (15)

(14)

0;(s) =
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Lemma 1012]. For any continuous function i(s) defined over a compact set @., there exists an FLS such that the
following inequality holds
sup |h(s) - wie(s)| <e Ve 0, (16)

SEQx

where e denotes the function reconstruction error, bounded by |¢| < €, with € being an unknown positive bound.

3. AC RL-BASED ADAPTIVE ATTITUDE CONTROL DESIGN

3.1. Critic design
For the quadrotor UAV system, let o, denote the desired attitude parameters derived from the reference Euler
angles. The tracking error is defined as
ep =0 =0 (17)

The long-term tracking cost function is defined as

= [ flepo) do, (18)
where 7 denotes the time constant, and f(e, (1)) ist an appropriately chosen function to satisfy the control re-
quirements. Specifically, it is defined as f(e,) = tanh(e?0e,), with 0 € RV*V being a positive matrix. Therefore,
f(t) <b,=1.

Due to dependence on future system information, directly solving F(r) becomes intractable for complex UAV
systems subject to prescribed performance constraints and actuator faults. To overcome this difficulty, a critic
FLS is designed to approximate (1), expressed as

F(1) = WeT@c(se) + ec(se). (19)
where w; € " denotes the ideal weight vector of the critic FLS. Here, . is the number of fuzzy basis functions,
and e. represents the reconstruction error . The input s, is defined as 5. = tanh (e,,).

According to Equations (18) and (19), the continuous-time temporal difference error is defined as

ec=f(0) - %ﬁm + (). (20)
where (1) = W0, (s.) with weight estimation error w. = w. - w;, and Ww. denotes the actual weight of the critic FLS.
The error objective function is defined as . = 1¢2. Using the gradient descent method, we obtain

A E. 1
We = —pe 0 = See | =00 (se) — VOSe |, (21)
W, T

where p. denotes the learning rate, and ve represénts the gradient of e.(s.) relative to s..

Considering the symmetry of the updating law Equation (21) and that the boundary condition for J() is defined
at T — o, it is preferable to update past approximations to ensure that future estimations remain unaffected.
Furthermore, as the gradient information ve, is difficult to obtain, a store of past temporal difference errors is
utilized to perform a backward Euler approximation of £(r). Accordingly, we have

Py = FW-Fa-4n (22)
where Ar is a time interval constant. Substituting Equation (22) into Equation (20) yields

1 At A .
ce=f)++ [(1 - F@0) - F@- At)] . (23)

Then, we obtain
At OIWIOC(sc ()] _ LWL Oc(sc(t = An)]

- = . 24
T ) AW, oW, (24)

According to the gradient method, the critic updating law can be rewritten as

W, = peec(t) [—(1 - %)@C(sc(z)) + O (sc(f — At))] . (25)
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In addition, to enhance the robustness of the algorithm against system uncertainties and external disturbances,
a ¢-correction term is incorporated. This term ensures the boundedness of the estimated parameters even in the
absence of the strict persistent excitation (PE) condition [35]. Therefore, the final updating law for the critic FLS
is given by

A

We = peec(t[~(1 - %)@)Asum) +Oc(5c(t = AD)] = EcpeWe. (26)

3.2. Actor design

To address the prescribed performance constraint, an error transformation function is introduced to reformulate
it into an unconstrained equivalent form. To this end, a smooth and strictly increasing function s(z) is defined
as

ep(1) =n()S(2), (27)
where Z is the transformed error. The error transformation function is defined as
S(2) = % (28)

Because 5(z) is smooth and strictly increasing, its inverse function is
-1 1 w+ H
Z=S"(H) = § h’l(ﬂ), (29)
where # = 2. The time derivative of z is given by:

. asTL L e
2_675(6”_7)

n
=r(é, — Aep)
=r(é, —v), (30)
where r= %21,y = ac,,and 4 = diag(2, 2 i),

Accordingly, the Lyapunov function candidate L, is constructed as

Ly = %zTr-lz. (31)
The time derivative of L, is given by
Ll =771z
=77 (¢, - v). (32)

According to Equation (17), we have ¢, = ¢ —¢,. Define a new error variable ¢, = ¢ -a, where o(r) denotes a virtual
control variable. Consequently, the time derivative of £, can be expressed as
Ly =ZT(eq+af—('Tr—v). (33)

Thus, the virtual control variable « is formulated as
a=0,—Kyep, (34)
where k7 = diag(y,.... kn) >0, and «; is selected such that k; > 2. According to Equation (30), we have

i

L1=-2Z"Kyep+2ZTe, - 7Ty

=— 7T (K1 - Ae, +Z" e, (35)
where k; - 4 > 0. Subsequently, the Lyapunov function candidate L, is given by
Lo=1L1+ éegMqu (36)

Taking the time derivative of L,, we obtain
R
Lo =Ly +e,Méq + iequq
=-7Z'(Ky - Aep + ZTeq + eZ[Kf‘r +7, = Cleg +a) — Ma] + e;Ceq

=-7zZ'(Ky - Aep + ZTeq + eZ[(KfT +71, - Ca — Ma]. (37)



Page 191 Ouyang et al. Intell. Robot. 2026, 6(2), 184-204

To ensure the negative definiteness of i, the control input is designed as
T:Kf_l[—Z—Kzeq+C(I+M(‘Y—TO]A (38)

Due to model uncertainties, the exact values of M (o) and c(e, &) in Equation (4) are generally unavailable. More-
over, the bias fault , and the actuator efficiency degradation factor « in Equation (9) are unknown in practice.
Consequently, the term «,~! in Equation (38) cannot be implemented directly. To address this problem, an
adaptive parameter ¢ is introduced to estimate the unknown inverse efficiency gain o* = «,~! € R3*3. Define the
approximation error as ¢ = 6 - o* and let . = -z - Kge, + Ca + Ma - 7, denote the nominal control signal. Based on
the above settings, the control input can be redesigned as

7=07. = 0[-Z - Kgeq + Ca+ Ma —1,]. (39)

To analyze the closed-loop stability and derive the adaptive mechanisms, the following Lyapunov function can-
didate L3 is designed as

Ly=Lo+ 1tr(@TKfF*lé), (40)
where T = diag(y1.y2.73) € R¥3 is a positive definite learning rate matrix. Since the fault parameter matrix
captures the dynamics of three independent attitude channels, the trace form is employed to aggregate the

estimation errors of all dimensions into a scalar energy function.

In order to handle the relationship between the vector inner product and the matrix trace during the derivation,
the following lemma is introduced:

Lemma 2. For any two vectors x,y € R and a diagonal matrix p e B>, the following relationship holds
"Dy =tr(p - diag(x o y)). (41)

Taking the time derivative of L3, we obtain
L3 :LQ + tr(,(:)‘TKfl—HlE)

=-7Z'(Ky - Ae, — egngq + egkfé‘['(‘ + tr(éTKfFflé)‘ (42)

Applying Lemma 2 with x = ¢, D = k70, and y =z, the scalar term can be rewritten as
eZ(Kfé)‘r(, =tr(xso- diag(eq O 1¢)). (43)

Thus, i3 can be expressed as
Lg= —ZT(K1 —Aep — eZKQeq +1tr (Kf§ (diag(eq OT)+ F_lé)) . (44)

To eliminate the indefinite terms associated with ¢ and ensure i3 < 0, the bracketed term inside the trace is
required to be zero. Accordingly, the adaptive law ¢ € R3<3 is designed as
5 = —rdiag(eq O T)

(45)

=rdiag (e, © [Z +Kgeq -~ Ca — M +7,]) .

Meanwhile, the actor component is augmented with an FLS, which not only approximates the uncertain non-
linear terms in the system dynamics but also accounts for bias faults. This design enables implicit and adaptive
fault compensation. The ideal approximation performance of the actor FLS is expressed as
WZTG)a(sa)+ea(sa) =Ca+Mda-1,, (46)
where w;” e R**N denotes the ideal weight matrix. Define the approximation error as w, = W, - w;. Here, n,
denotes the number of fuzzy basis functions in the actor component. ¢, € RV is the function reconstruction
errot, and s, = [w, o, 7. 07, ¢]7. Therefore, the nominal control signal is expressed as
Te=-Z—Koey + WO, (s4), (47)
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where W, denotes the actual weight of the actor FLS. The adaptive law for the efficiency estimation matrix ¢ is
rewritten as
,_8 = —Fdiag(eq ot.)-elo
= rdiag (eq ©[Z+Kgey - W @,,(sa)]) —elo, (48)
where ¢ is a positive design parameter introduced to ensure the boundedness of the adaptive law. According to
Equations (39) and (47), the control input can be redesigned as
T=0[-Z - Kgeq + WEO,(sa)]. (49)

With the adaptive mechanism Equation (48) compensating for the actuator efficiency degradation, the remain-
ing fault tolerance capability relies on the actor FLS. By treating the unknown bias fault r, and system uncertain-
ties as a unified approximation target, the actor FLS implicitly compensates for these effects without requiring
explicit fault diagnosis.

To realize this implicit compensation while simultaneously optimizing system performance, the objective of the
actor FLS is to drive the estimated cost function £ () toward the desired value , = 0. Accordingly, the actor error
is defined as
ea = KU (Fo(t) = Fa) + W1 ®4 = KLF (1) + W0, (50)

where Ky = [Ky1.....Kyn]T € RN with &y; > 0. Define the error function £, = ¢7e,. By using the gradient descent
method, the updating law of W, is formulated as

W = ~pa®@ael = —pa@u(KEWIO)T - p,©,OF W, (51)
where p, represents a positive learning rate.

Since W, is unknown, the updating law in Equation (51) cannot be directly implemented. To this end, a &-
modification term is employed to reformulate the updating law for w, as

We = =pa®u (KTWTO)T = £upaWa, (52)
where ¢, is a positive constant. The é&-modification term enhances the robustness of the UAV system and ensures
the boundedness of W, without requiring the PE condition. Therefore, the proposed RL-based fuzzy adaptive
fault-tolerant attitude control algorithm is detailed in Algorithm 1.

Then, a theorem is obtained as follows.

Theorem 1 For a quadrotor UAV system subject to performance constraints and actuator faults, the proposed RL-
based fuzzy adaptive fault-tolerant attitude control strategy ensures stability and tracking performance. The error
signals e,, g, 0, We, and W, are semiglobally uniformly ultimately bounded, and all error signals remain within their
respective compact sets. The compact sets ¥, Wo, V3, ¥y, and ¥ are defined as follows:

W1 = {ep [ 1S(-V2rv) < e, <nS(V2r0)), (53)

Wy = {eg |lleg < Amiv( i (54)

Wy = (5113l < \|—2——), (55)
Amin (k,T71)

Wy = {We | IWell < V2pev}, (56)

W5 = (Wa | IWall < V2pav). (57)

Remark 1 It is important to emphasize the forward invariance of the prescribed performance corridor. According
to the Lyapunov analysis in Theorem 1, the candidate function L(r) is bounded for all 1 > 0, satisfying L(r) < L(0)+G/P,



Page 193 Ouyang et al. Intell. Robot. 2026, 6(2), 184-204

Algorithm 1 Fuzzy Logic Fault-Tolerant Attitude Control via Reinforcement Learning

1: Initialize:
2: Define attitude model using MRPs
3: Initialize FLS parameters for actor and critic FLS
4: Set prescribed performance bounds 5(r), w, and @, based on tracking requirements
s: Initialize actor FLS weights W, and critic FLS weights W.
6: Set learning rates p,, p. and regularization terms ¢,, &.
7. Define performance transformation function s(z) and error transformation z = s-1 ()
8: for each timestept=1to T do
9:  Measure current UAV attitude o(r) and angular rate w(r)
10:  Compute tracking error: e, = o - o,
11:  Apply prescribed performance transformation:
122 z=s"'(2H), compute transformed error z
13:  Define virtual control e = ¢, - Ky¢,
14 Compute derivative error: ¢, = ¢ -«a
15:  Actor FLS estimates control input (approximating Ca + Mda - 7,):7 = W10, (s4), Where s, = [w, o, ¢, 07, 717
16:  Apply fault-tolerant control law: r = 5[-Z - Kae, + W ©,(5.)]
17: Apply control torque (1) to UAV
18: Observe system response: o (1 + 1), w(r + 1)
19:  Critic component:
200 Compute cost signal f(e,) = tanh(e? 0e¢,)
21:  Approximate value function with critic FLS: #(1) = W/ . (s.), where s. = tanh(e,,)
22z Compute temporal difference error using backward Euler approximation: e, = f(1) - LF () + £
23:  Update critic FLS weights: We = peec()[-(1 - 30, (56 (1) + O (5c(t = AN)] = EcpeWe
24:  Actor component:
25:  Compute actor FLS update error: e, = K7 (F.(1) - F4) + W0,

26:  Update actor FLS weights:‘fV = —pu® (KLWI O — EupaWa
27: end for

as derived in Equation (69). Since Ly = $z7r"'Z is a constitutive part of L(r), the transformed error vector z(r)
remains semiglobally uniformly ultimately bounded (i.e., z € L.). Recalling the error transformation z = s-1(H)
defined in Equation (29), it is clear that |z| — « only if the normalized error H(1) approaches the boundaries +1.
Consequently, the guaranteed boundedness of z() strictly implies that -1 < H(r) < 1 for all + > 0, or equivalently,
~wni(t) < epi(t) < @mi(r). This theoretical result ensures that the tracking error e, (1) is strictly confined within the
predefined performance boundaries and cannot reach the singularity points, provided the initial condition ¢, (0) lies
within the prescribed corridor.

Proof: For a UAV system subject to performance constraints, the following Lyapunov function candidate is
constructed

1 1. -1 - 1, - -
L=Li+ jeZMeq + jwfpglwc + jwjpglwa + §tr(gT;g-r*lg). (58)
Based on Equations (37), (48) and (49), we obtain
L=- ZTKlep -7z + pglﬁ/:.rﬁ/c + p(;lWaTﬁ/a + eZ[—ngq + (VAVGTG,, —-Ca-Ma+1,)] + tr(éTKfl"_lé). (59)
To facilitate subsequent analysis, we introduce
Lo = W piWe, (60)

2
Ly=1 +1eTMe +1WTp*1v~v +1tr(§T:< T 15) (61)
a 1 9% aT %alPa Wa™3y f .
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Based on the updating law Equation (52), we have

La=-27"Kiep —elKoeq = ZTv + el (W10, - €2) + WI [-@u (KEW!©:)T — £aWa] - etr(a” kT 0)
=—Z"Kjep —ehKoeq = Z"v + e) WEO, — el ea = WO KL (We + WO = WS (Wa + W)
+EaWa] - etr (2" s (0" + 0))
=—Z"(Ky - A)ep — el Koeq + el WiO, — el e - WO [KE WO 1" = WEOL K WO - £,WEW,
—E,WIW: = str(3Tk, T71g) - etr(g"x, T o%)
1 1 - 1 1 1 - 1 .
<-ZT(K1 - Aep — el Koeq + 5eleq + 5 IWIO2 + 5ele, + 5 lleall® + 5 IWI 0411 + 5 KL W0,
2 2 2 2 2 2
1 .. 1 1. .- 1 Tw € ~r {1~ & P
+ 5 IWG Ol + SIKIWON? — 5EaWi Wa + 5£aWiI W, = Str(2 T 0) + 5tr (e ky Tl o)
T T 32~’1‘~ 1—2 1 2 1 2\ T n 1 2 1 2y T vy 1 T
<= Z1(Ky = A)ep — ey (Kg = Deq + 50aWaWa + 56 + 5bicbe Wo Wa + 5bkbeWo Wo = 5£aWa Wa
L, rye € or lm € ]
+ §§QWGTW{1 - §tr(gTKfF 1) + §t1’(g Tyl 19 )
e, -~ -1 o 1 s
<-Z"(Ky - Aep — el (Kg — Deg ~ §tr<gTKfF 1g) - 5= 3b2)yWIW, + §bib2WZWC + G, (62)

where b,,b. and by are constants that meet the following conditions: |0, < b, 1€ < b, Kyl = bx. Furthermore,

G. is given by
Ga = %b,%b?WSTWZ + %gawfwg + %tr(g*TKfr-lg*) + %23. (63)

The parameter ¢, should satisfy the condition ¢, - 352 > 0.
Define A, (1) = (1 - %) Oc(Ze (1)) - O (Ze(t - A)) and p = 1/Ar. Furthermore, A, (1) satisfies [|A®, (1)[| < (2 - 4)b, = b.

According to Equation (26), the time derivative of L. is given by
Le =p L WIW,
= - WA, (1) (.f(t) + iwf Aecu)) A
=-WI'AB, (1) (f(t) + %(Wt + W;)AQ.(:)) —EWT(We + W)
== WIAO:(1)f (1) - %WZ WA (1)AO (1) - %VVZ WABL (NAO(1) — £ WL We — £ WL W,

1 1 o oub? o ub? e £
<EWIW. + 2 52b2 — uh®T (N AO (W W, + 08 WT W, + L8 Ty - e Wty + ety
2 2 i i 2 ¢ 2 S2 2
c—pb2 -1 Eo+ub? 1
<t HZA W, + & Q#AWjTWj+§b§b3. (64)

According to Equations (62) and (64), we can conclude that

L=Ly,+L.
S o ub2—b2p2 -1
=~ ZT(Ky - A)ep — el (Ky — Dy — %(ga _3p2)iT, - SR PR gy L
<-PL+G, (65)
where §
Ec+pub T o 1
G =6a+ 5 AwTwe 4 §b§b?, (66)
. 22 min (Ko =1
P =min {Q/Imin(Kl - A), M,a, rcp(,rupu} s (67)
/Imax(M)

with r, = &, -3b2 and r. = & + ub? - 5252 - 1. Meanwhile, the corresponding parameters k7. Ko, £,, and & should be
chosen appropriately to satisfy A, (K1 - 4) > 0, Amin (K2 = 1) > 0,74 > 0,7 > 0.
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Multiplying both sides of Equation (65) by ¢** yields
4 (Lemy = e, (68)

By integrating both sides of Equation (68), we obtain
L< (L(O) - g) e Py % <L)+ % (69)

According to Equations (58) and (69), there is
%zTr-lz <L(0)+ % (70)

Therefore, the tracking error is ultimately bounded as
nS(—N2rv) < e, < nS(V2r), (71)

where v = L(0) + g/#. In addition, we obtain

2y - 2y . _
SAl——0 <[ IWall < V2puv, (Wl < V2pev. 72
llegll "lmm(M) llell ‘//lmin(f(ff‘l) [Wall PaVs IWell PcV (72)

4. SIMULATION

In this section, simulations are conducted on a quadrotor UAV system to evaluate the proposed RL-based fuzzy
adaptive fault-tolerant attitude control strategy.

In the simulation, the quadrotor UAV is subjected to actuator faults occurring at s = 3 s and r = 5 s, which persist
thereafter. The corresponding faulty input torque is preset as

7(1) 0<r<3,
() = kT + 1,1 3<1<D, (73)

KpoT() +Tp2 12 5,

where t; = [r,1.7/.9.7,3]7 denotes the actual control torque subject to actuator faults along the roll, pitch, and
yaw axes, respectively. The actuator failure and bias fault parameters are chosen as «;; = diag(0.8,0.8,1), xs2 =
diag(0.7,0.7,0.7), and 7,7 = [0.15,0.15,0]7, 7,5 = [0.25,0.25,0.25]7. It should be noted that the system operates in a
fault-free condition during the first three seconds. Between the third and fifth seconds, two actuators experience
PLOE. After five seconds, all actuators are subject to PLOE.

In the simulation, the initial conditions are set as ®(0) = [-0.2,0.46,-0.2]". The desired Euler angle is set to
@ = [7/68In(0.877), 7/12 cos(xr), n/4sin(0.6x1)]7. The inertia matrix is defined as 7 = diag(0.08,0.08,0.15), as given in
Equation (2).

To achieve the prescribed performance, appropriate constraints are imposed on the UAV system. According
to Equations (11) and (12), the performance-related parameters are set as: 719 = 0.6,71,, = 0.005, 729 = 0.6,79., =
0.005, 130 = 0.6, 730 = 0.005,1; = 0.6,15 = 0.6,13 = 0.6, and @, =@; = 1, fori = 1,2,3.

For the proposed RL-based adaptive attitude control, based on Equation (13), the relevant parameters of the
membership functions are set as: the inputs are processed using tanh(-) and the centers ¢;; are uniformly dis-
tributed in [-1,1] with a = 1. In the critic component, the number of fuzzy basis functions is set to x. = 3, and the
initial critic FLS weights are W, = [0,0.0]7. For the critic weight update law Equation (26), the parameters are
chosen as ar = 0.002, 7 = 0.05, p. = 5, and & = 0.1. In the actor component, the number of fuzzy basis functions is
set to &, = 15, and the initial actor FLS weights are W,y = [0.1,0.1,0.1]”. For the actor weight update law Equation
(52), the parameters are chosen as p, = 5, &, = 0.1, and ky = [1,1,1]7. For the introduced virtual control variable
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Figure 2. Tracking errors with prescribed performance under the proposed RL-based fault-tolerant attitude controller. (A) Attitude tracking
error e,q; (B) Attitude tracking error ¢,o (the dashed lines indicate the prescribed performance boundaries); (C) Attitude tracking error ¢ 3.
RL: Reinforcement learning.

0.1 T T ]
p—
0.05 P - -
~ \
o oF \ 4 f
\
0.05F 4 4 1
. . . . . . . . .
0 2 4 6 8 10 12 14 16 18 20

t[s]

0 2 4 6 8 10 12 14 16 18 20
ts]

Figure 3. Attitude tracking performance under the proposed RL-based fault-tolerant attitude controller. RL: Reinforcement learning.

Equation (34) and the designed control law Equation (49), the parameters are chosen as k; = diag(0.8,0.5,0.8)
and K, = diag(3.6,2,3.6).

For the adaptive law used to compensate for actuator effectiveness, the learning rate matrix in Equation (48) is
chosen as I = diag(0.6,0.6,2), and the positive design parameter ¢ is set to & = 0.1.

Based on the above parameter settings, the proposed RL-based fault-tolerant attitude control performance is
shown in Figures 2-6. The tracking errors of the UAV system with prescribed performance are illustrated in
Figure 2A-C, which display the tracking errors e,;, ¢,2, and e,3, corresponding to the three attitude axes. It
is shown that all tracking errors remain within the prescribed performance bounds and converge to a small
neighborhood of zero, demonstrating that the UAV system can accurately track the desired reference with high
precision.

Figure 3 shows the overall tracking performance of the UAV system after attitude angle transformation. The
variables oy (roll) and o3 (yaw) achieve satisfactory tracking performance after about 4 s, while o (pitch) attains
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Figure 4. Angular velocity tracking performance of the quadrotor UAV. UAV: Unmanned aerial vehicle.
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Figure 5. Control torque variation of the quadrotor UAV. UAV: Unmanned aerial vehicle.

favorable tracking performance after about 6 s. Figure 4 presents the tracking performance of the quadrotor
UAV angular velocity in three coordinate directions. After 6 s, the angular velocity errors converge to a small
neighborhood of zero. The input torque of the UAV system is shown in Figure 5, indicating that the control
input is reasonable under the considered simulation conditions. Figure 6 shows the norms of the critic and
actor weight vectors, reflecting the overall convergence performance of the weights.

To further demonstrate the superiority of the proposed RL-based fault-tolerant attitude control scheme, a con-
ventional proportional-integral-derivative (PID) controller is implemented as a baseline for comparison on a
quadrotor UAV system subject to performance constraints and actuator faults. The control torque r,, is de-
signed as 7,14 = —Kpe, (1) = K; [ e, (6)ds —Kaé (1), where e, (1) denotes the attitude tracking error. The controller gains
are selected as k, = 121, K, = 51, and k; = 0.51. The resulting tracking performance is illustrated in Figure 7. As
depicted in the figure, the traditional PID controller fails to maintain the tracking errors within the prescribed
boundaries after the occurrence of actuator faults, particularly when the performance envelope becomes more
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Figure 7. Tracking errors with specified performance under traditional PID control. (A) Attitude tracking error e,,1; (B) Attitude tracking error
e,2; (C) Attitude tracking error ¢,,3. PID: Proportional-integral-derivative.

restrictive after 5 s. These results highlight that traditional PID control cannot effectively address the attitude
tracking problem of the quadrotor UAV system under concurrent actuator failures and stringent performance
requirements.

For a more rigorous quantitative evaluation, the integral of squared error (ISE) and integral of time-weighted
absolute error (ITAE) are calculated and summarized in Table 1. The results show that the proposed method
achieves substantially improved tracking performance, with markedly lower ISE values compared to the PID
baseline. Notably, the ITAE values obtained by the proposed controller are significantly reduced, indicating that
the RL mechanism can suppress transient oscillations caused by actuator faults more rapidly and effectively than
conventional control.

To verify the effectiveness and feasibility of the proposed RL-based fault-tolerant attitude control scheme, com-
parative simulations are conducted under three scenarios: (1) fault-tolerant control with actuator faults; (2)
fault-free control; and (3) control without fault-tolerant under faults. The tracking results for these scenarios
are presented in Figures 8-10. The proposed controller achieves accurate tracking despite the presence of ac-
tuator faults, with behavior closely matching the fault-free case. In contrast, the uncompensated faulty system
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Table 1. Quantitative comparison of tracking performance metrics

Metric Control scheme Channel 1 Channel 2 Channel 3

ISE Proposed RL-based fault-tolerant attitude control 0.0060 0.0089 0.0072
Traditional PID 0.0219 0.0131 0.0336

ITAE  Proposed RL-based fault-tolerant attitude control 0.6799 0.6817 0.6691
Traditional PID 5.5052 4.0884 7.3136

ISE: Integral of squared error; RL: reinforcement learning; PID: proportional-integral-derivative; ITAE: integral of time-
weighted absolute error.

I
N
a

o
IN)
T
I

o
N
3

o
[

o
o
a

-0.05

oy tracking performance
o

-0.1

-0.15 Fault-tolerant control under actuator faults
~ = = Fault-free control
L e Non-fault-tolerant control under actuator faults | |
-0.2 . N
= = = Desired attitude parameter oy,

.0.25 I I I I I I I I I
0 2 4 6 8 10 12 14 16 18 20

Figure 8. Tracking performance of o; under different fault conditions.

et 4

oy tracking performance

Fault-tolerant control under actuator faults
== == = Fault-free control
————— Non-fault-tolerant control under actuator faults

= = = Desired attitude parameter oy,
015 | | | | | | | | |
0 2 4 6 8 10 12 14 16 18 20
t[s]

Figure 9. Tracking performance of o under different fault conditions.

exhibits noticeable tracking errors. These results demonstrate the capability of the fault-tolerant strategy to
compensate for actuator faults and maintain reliable tracking performance.

In addition, the designed control signal is compared with the actual control input applied, as shown in Figure 11.
It can be observed that the control torque remains relatively stable under fault-free conditions. When actuator
malfunctions occur at 3 and 5 s, the torque is quickly compensated to maintain system stability. These results
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indicate that the proposed controller remains effective both in the presence and absence of actuator faults. To
investigate the influence of varying design parameters, we further examine the relationship between parameter
selection and control performance. Some results are shown in Figures 12 and 13. Specifically, Figure 12A-C illus-
trate the tracking error comparisons for ¢, ¢,2, and ¢,3, respectively, under different parameter configurations.
Based on Figure 12, when the critic update parameters are set to p. = 0.1 and ¢. = 1, the tracking performance
exhibits only marginal differences compared to the original results and remains within a satisfactory range. Fur-
thermore, in contrast to the original results, the performance obtained with p, = 30 and ¢, = 0.01 indicates that
inappropriate choices of weight update parameters can lead to deteriorated control performance. Therefore, the
careful selection of these parameters is crucial for achieving superior control performance.

Additionally, as shown in Figure 13, the tracking performance of the UAV system can be guaranteed under ap-
propriately selected prescribed performance parameters. Conversely, when 5., = 0.09, as shown in Figure 13, the
tracking errors fail to satisty the control performance requirements. The above simulation results demonstrate
that through the proposed RL-based fuzzy adaptive fault-tolerant attitude control, the UAV system with actuator
faults not only exhibits favorable attitude tracking performance, but also satisfies the prescribed performance
constraints.
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Figure 12. Impact of updating law parameters on attitude tracking performance: (A) tracking error ¢, under different parameter settings;
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5. CONCLUSIONS

In this paper, a RL-based fuzzy logic fault-tolerant attitude control strategy is proposed for a quadrotor UAV sys-
tem subject to prescribed performance requirements and actuator faults. To satisty the performance constraints,
a smooth error transformation is introduced to ensure that the tracking errors remain within the desired lim-
its. Within the AC architecture-based RL algorithm, in the critic component, an FLS is used to approximate
the value function for performance evaluation and to provide a reinforcement signal. In the actor component,
an FLS is employed to generate the control input based on the reinforcement signal. With the proposed fuzzy
adaptive fault-tolerant attitude control scheme, the stability of the closed-loop UAV system is guaranteed using
Lyapunov stability theory, even in the presence of system uncertainties, performance constraints, and actuator
faults. Finally, simulations of the quadrotor UAV system are conducted, and the results demonstrate that the
proposed RL-based fuzzy adaptive fault-tolerant attitude control strategy is effective and feasible.
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