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Abstract— This article investigates the fault-tolerant formation
control (FTFC) problem for networked fixed-wing unmanned
aerial vehicles (UAVs) against faults. To constrain the distributed
tracking errors of follower UAVs with respect to neighboring
UAVs in the presence of faults, finite-time prescribed performance
functions (PPFs) are developed to transform the distributed
tracking errors into a new set of errors by incorporating user-
specified transient and steady-state requirements. Then, the critic
neural networks (NNs) are developed to learn the long-term
performance indices, which are used to evaluate the distributed
tracking performance. Based on the generated critic NNs, actor
NNs are designed to learn the unknown nonlinear terms. More-
over, to compensate for the reinforcement learning errors of
actor-critic NNs, nonlinear disturbance observers (DOs) with
skillfully constructed auxiliary learning errors are developed to
facilitate the FTFC design. Furthermore, by using the Lyapunov
stability analysis, it is shown that all follower UAVs can track the
leader UAV with predesigned offsets, and the distributed tracking
errors are finite-time convergent. Finally, comparative simulation
results are presented to show the effectiveness of the proposed
control scheme.
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I. INTRODUCTION

ECENTLY, networked unmanned aerial vehicles (UAVs)

have been widely used to increase the efficiency in coop-
erative search and rescue [1], forest fire monitoring [2], and
wireless communication relay [3]. Compared with rotary-wing
UAVs, fixed-wing UAVs can provide monitoring/observation
of a wide area due to the long flight duration and high
flight speed [4]. However, the high flight speed and complex
aerodynamic characteristics are very challenging to the for-
mation control design. To solve this problem, some effective
formation control architectures have been investigated, such
as leader—follower and virtual structure frameworks [5]. More-
over, sliding-mode control, adaptive control, backstepping con-
trol, and intelligent control methods are usually integrated into
the aforementioned formation control architectures to facilitate
the control design. It should be noted that unanticipated faults
are rarely handled in the aforementioned results. Moreover,
to ensure the formation flight safety against faults, user-
specified formation control requirements in the presence of
faults should be explicitly considered.

For the high-speed fixed-wing UAVs, faults may signifi-
cantly threaten flight safety or even cause crashes [6], [7].
To guarantee reliable flight, fault-tolerant control (FTC) con-
cept has been developed by using control reconfiguration
[8], [9], [10]. For the FTC of fixed-wing UAYV, [11] studied
a nonlinear adaptive control strategy with the involvement
of sliding-mode online learning. With respect to networked
UAVs, some FTC methods have been explored for enhanc-
ing reliability, such as the finite-time FTC method and the
adaptive estimator-based FTC strategy for multiple quadrotor
UAVs [12], [13]. Recently, some investigations have been
made to develop FTC strategies for fixed-wing UAVs. In [14],
an FTC method was developed for longitudinal motions
of multiple fixed-wing UAVs by integrating the disturbance
observer (DO) into the dynamic surface control architecture.
Then, by further introducing the finite-time characteristics into
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the dynamic surface control framework, a finite-time FTC
scheme was investigated to regulate the longitudinal motions
for networked fixed-wing UAVs [15]. More recently, several
FTC schemes were studied for achieving the attitude synchro-
nization tracking control of networked fixed-wing UAVs in a
distributed communication network [16]. Moreover, to achieve
refined adjustments of the transient performance at the fault
stage and the steady-state performance at the post-fault stage,
fractional-order (FO) calculus has been incorporated into the
FTC design for the attitude control of networked UAVs,
leading to the FO FTC schemes [17]. However, these results
are focused on the FTC of longitudinal or attitude motions for
UAVs. To date, the FTC methods for the position motions of
networked fixed-wing UAVs are very rare due to the challenge
caused by the high flight speeds and fast fault effect spread,
which motivates this research.

To satisfy the constrained performance requirements, pre-
scribed performance functions (PPFs) with user-assigned
convergence rates and error bounds have been widely
employed to achieve the prescribed performance control
(PPC) of UAVs [18], manipulators [19], unmanned sur-
face vehicles [20], [21], unmanned underwater vehicles [22],
tractor—trailer convoys [23], and spacecrafts [24]. Regarding
the FTC design, it is highly desirable if the transient and
steady-state performances stay within the prescribed error
bounds even when the system is suddenly encountered by
faults [25]. In [26], an FTC method was studied for UAV
against faults by incorporating prescribed transient perfor-
mance requirements. Recently, finite-time PPFs are preliminar-
ily investigated for intending to achieve appointed-time con-
vergence, which is different from the exponential convergence
in the traditional PPC schemes [27], [28]. In [29], a finite-time
fuzzy adaptive tracking control method was developed for a
nonlinear system via a finite-time PPF. More recently, a finite-
time PPF-based FTC scheme was developed for networked
unmanned airships in [30]. Despite the fact that there exist
numerous PPC methods [18], [19], [20], [21], [24], a few
PPC schemes with fault-tolerant capabilities [25], [26], several
finite-time PPC strategies [27], [28], [29], and only a finite-
time PPC framework with fault-tolerant competence [30], the
effective FTC design for networked fixed-wing UAVs with
finite-time prescribed performance is still an open topic and
should be further investigated.

To address the unknown characteristics inherent in the
systems, neural networks (NNs) are usually utilized to approxi-
mate unknown terms in the control design [31], [32]. Recently,
reinforcement learning is innovatively investigated to design
control schemes, which can handle the unknown features in
linear and nonlinear systems, such as dual-arm robots [33],
quadrotor UAVs [34], and helicopters [35]. In addition to the
approximation capabilities of traditional NNs, the reinforce-
ment learning strategy also has the optimal control perfor-
mance [36]. Different from the critic learning strategy [37],
[38], the actor-critic learning mechanism integrates the advan-
tages of the value-based and policy-based reinforcement learn-
ing structures, such that the learning framework can be used
online for achieving good control performance in continuous-
time systems [35]. For the actor-critic network, a compensated
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control signal is generated by the actor NN, which is fed
into the control unit, and the performance index function is
evaluated by the critic NN, which is then used to update the
actor NN [39]. By considering model uncertainties, nonlineari-
ties, and external disturbances, a reinforcement learning-based
flight controller was developed in [40] for quadrotor UAVs
with prescribed transient and steady performance. Recently,
the actor-critic reinforcement learning network has been used
in the FTC design. In [41], a reinforcement learning-based
FTC scheme was investigated for a multiple-input—multiple-
output (MIMO) system with less learning parameters in the
actor-critic learning framework. In [42], an FTC scheme was
studied for a discrete-time multiple agent system by using
the reinforcement learning-based policy iteration mechanism.
However, to the best of the authors’ knowledge, very few
results have been reported for the reinforcement learning-
based FTC of single fixed-wing UAV, let alone the FTC of
networked fixed-wing UAVs with nonlinear dynamics, which
needs to be investigated for providing intelligent FTC schemes.
Moreover, the reinforcement learning error was rarely compen-
sated, which may weaken the control performance and further
motivate this research.

Motivated by the aforementioned analyses, a reinforce-
ment learning-based fault-tolerant formation control (FTFC)
scheme is developed for networked fixed-wing UAVs by
involving user-specified transient and steady-state require-
ments. To address the unknown nonlinear terms in the
fixed-wing UAVs, the reinforcement learning framework with
actor-critic NNs is designed for providing the compensatory
signal to the unknown nonlinearities. Nonlinear DOs with
the consideration of learning errors are skillfully devel-
oped to enhance the reinforcement learning capabilities.
Finite-time PPFs are developed to strictly constrain dis-
tributed tracking errors. Moreover, FO calculus is utilized
to achieve refined performance by adjusting the FO opera-
tor. The contributions of this article can be summarized as
follows.

1) Different from the FTC schemes for single UAV [6], [7]
and the fault-tolerant synchronization tracking control
strategies for multiple fixed-wing UAVs [16], an FTFC
method is developed to achieve the outer-loop position
motions of networked fixed-wing UAVs by involving
finite-time PPFs to impose the user-specified require-
ments on the distributed tracking errors, such that the
FTFC capability is significantly enhanced in the pres-
ence of faults.

2) Compared with integer-order FTC strategies [8], [9],
the FO calculus is integrated into the developed FTFC
methods for achieving refined adjustment of the FTFC
performance, since the FO operator can be chosen as a
noninteger. By using such a strategy, a flexible FTFC
method is obtained to finely adjust the transient and
steady-state performances.

3) In contrast to widely investigated neural/fuzzy adaptive
FTC methods [31], [32], this article adopts the rein-
forcement learning architecture with actor-critic NNs
to handle the unknown nonlinear terms and long-term
performance indices. To further compensate for the
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reinforcement learning errors, nonlinear DOs with aux-
iliary learning errors are skillfully developed to enhance
the FTFC capabilities. To the best of the authors’
knowledge, this may be the first result to address the
FTFC problem for networked fixed-wing UAVs via
reinforcement learning mechanism with simultaneous
consideration of learning error compensation.

The remainder of this article is organized as follows.
Section II presents the preliminaries and states the investi-
gated problem. Section III shows the error transformations,
reinforcement learning-based FO FTFC scheme, learning error
compensation, and stability analysis. The comparative sim-
ulation results are shown in Section IV, followed by the
conclusions and future works in Section V.

II. PRELIMINARIES AND PROBLEM STATEMENT
A. Faulty Fixed-Wing UAV Model

In this article, a formation team consisting of N follower
fixed-wing UAVs (labeled as 1,2,...,N) and one leader
fixed-wing UAV (labeled as 0) is considered, and the outer-
loop position model of the ith follower UAV is expressed as
follows [43]:

X; = Vjcosy; cos x;

yi = Vjcosy; sin x; (1
| hi = Vi siny;
[ V; = uj1 — gsiny; +di

. uio di>

Xi = : + :

Vicosxi  Vicosy; 2

v geosy  da

7 v; Z

wherei € {1,..., N}. q; = [xi, yi, hi17 is the position vector.
Vi, xi, and y; represent the velocity, heading angle, and flight
path angle, respectively. u; = [u;1, uiz, uiz]7 denotes the
control input vector. d; = [d;1, d;2, diz]T is the disturbance
vector.

Differentiating (1) yields

g =f;+gui 3)

where f; and g; have the following expressions:

"d;| cos i €os x; — djp sin x; — d;3 sin y; coS X;
Si=|dircosy;siny; +dipcos x; —dizsiny;siny; | (4)
i diysiny; +dizcosy; — g
[cos yicosx; —siny; —siny;cosy;
g; = | cosy;siny; Cos Xi siny;siny; |. 4)
sin y; 0 cos ¥

By considering loss-of-effectiveness and bias faults, the
following faulty UAV model can be obtained:

G = fi+giAiujo+ g;biy (6)

where u;o = [u;jo1, uioz, uio3]’ is the signal generated from
the control scheme. A; = diag{A;1, A;2, A;3} is the unknown
remaining effectiveness matrix with A;, € [4;, 1], v = 1-3.

&i is the lowest effectiveness factor, which is predetermined

a=07 a=09 df (1)/dt)

0 5 10 15
Time (seconds)

Fig. 1. Ilustrative difference between IO and FO derivatives of
f(t) = sin(r) 4+ 0.12.

by the designer. b;y = [bjf1, bis2, b,-f3]T is the bounded bias
fault vector.

Remark 1: Different from the extensively studied FTC
methods for the inner-loop attitudes of fixed-wing UAVs, this
article focuses on the outer-loop FTFC design for networked
UAVs. For the faults encountered by the outer-loop position
model of fixed-wing UAV, A;; and b;s; are related to the
engine faults, A;2 and b;r, are mainly caused by the aileron
and rudder faults, and A;3 and b;r3 are primarily caused by
the elevator faults.

B. Fractional Calculus

Since this article mainly focuses on the FO FTFC develop-
ment of networked fixed-wing UAVs, the following definition
and property are used.

Definition 1: Based on the Gamma function I'(-), the frac-
tional integral and derivative with the Reimann—Liouville (RL)
definition are, respectively, defined as follows [44]:

D)

WD O= o | @
0
N S A C)
WPESO = i ], et ®

where n — 1 < a < n represents the positive FO operator and
n is a positive integer.

Property 1: Under Definition 1, the following property is
satisfied [45], [46]:

DT (Df (1) = f ()
DD f ()= f (),

Remark 2: From Fig. 1, it is observed that refined adjust-
ments can be achieved by varying FO operator a from O to 1,
which is significantly different from the IO derivative. With
this strategy, the FTFC performance can be finely adjusted.

ae(0,1]. 9)

C. Radial Basis Function NN

As a typical manner to handle unknown nonlinear functions,
radial basis function (RBF) NN has been widely used to
provide approximations of unknown terms, which are then fed
into the control structure [47]. Regarding a nonlinear function
vector F(r) € R"', the RBF NN is denoted by

Fry=WTo @) +e(r) (10)
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where r is the input vector. W* e R2*!l represents the
ideal weighting matrix, and /, is the number of neural nodes.
e(r) € R"*! is the bounded approximation error vector.
@(r) € R2*1 denotes the basis function vector, and the
corresponding element is defined as follows:

Ir —eull?
o (r) = exp| ———>—
mn

where n = 1,2,...,1», ¢, and m,, are the center vector and
width of the nth neural node, respectively.

(1)

D. Basic Graph Theory

By viewing each fixed-wing UAV as a node and the com-
munication link between two neighboring UAVs as an edge,
then a undirected graph G = {V, &, A} can be utilized to
describe the information flows among the N follower UAVs,
where V = {UAV #1, UAV #2,...,UAV #N} is the set of
follower UAVs, & C V x V represents the communication
edge set, and A = [q;] € RN*N denotes the adjacency
matrix. The element a;; of A is set as a positive value if
the ith UAV can obtain the information from the jth UAV,
i.e., (UAV #i, UAV #j) e &; otherwise, a;; = 0. Since the
undirected information flows are considered, a;; = aj;; that is,
A is a symmetric matrix. The neighboring UAV set of the ith
UAV is defined as N; = {UAV #j|(UAV #i, UAV #j) € &}.
Define the degree matrix D = diag{Di, D>, ..., Dy} with
D; = Z?]:l a;j; then, the symmetric Laplacian matrix £ can
be further defined as follows:

L=D- A (12)

By augmenting the graph G with one leader UAV, i.e.,
UAV #0, the leader adjacency matrix is defined as B =
diag{b1, b2, ..., by}, and the element b; is positive if the ith
UAV has access to the leader UAV; otherwise, b; = 0. The
augmented graph is called a connected graph if a path can be
found from the leader UAV to every follower UAV.

Lemma 1 [48]: If the augmented graph consisting of N fol-
lower UAVs and one leader UAV is undirected and connected,
then the matrix £ + B is symmetric and positive definite.

E. Control Objective

The control objective is to design an FO FTFC scheme for
each follower UAV with reinforcement learning mechanism,
such that the distributed tracking errors of all follower UAVs
can be strictly confined within the user-specified bounds in
finite time, even when a portion of UAVs is subjected to
unexpected faults.

III. MAIN RESULTS

In this section, a reinforcement learning-based FO FTFC
scheme is developed to achieve safe formation flight.
To strictly confine the distributed tracking errors against faults,
finite-time PPFs are utilized to construct new errors with
the involvement of FO calculus. The actor-critic NNs and
nonlinear DOs with auxiliary learning errors are innovatively
constructed for approximating the unknown nonlinear term for
each UAV.
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Fig. 2. Tllustrative difference between finite-time PPF and traditional PPF.

A. Prescribed Performance Constraints With
Finite-Time Requirements

Define the distributed tracking error as follows:

e = Zaij (¢: —q; —8ij) +bi (q; —q0— &)
JEN;

13)

where i € {1,...,N}, e = e, eig,elg]T. q, =
[qo1, 02, gqo3]" is the position vector of the leader UAV. §; =
[8i1, 8i2, 8i3]7 denotes the offset vector of the ith UAV with
respect to the leader UAV. &;; = [8;j1, 8ij2, 8ij317 = & — &
represents the relative offset between the ith and the jth UAVs.

Then, the following user-specified error constraint is
imposed:

]T

_]iv%_v < €jy < zv“;:v (14)

where v = 1-3. k,, and k, are positive design parameters. £, is
the PPF. The initial error e;,,(0) satisfies —k, (0)§, < e;,(0) <

ky€,(0).
In this article, a finite-time PPF is chosen as follows:
ar
csch + , 0<t<a
o (EUOaT—t) &t T (15)
EUT’ t Z aT

where csch(-) is the hyperbolic cosecant function. &, and &,7
are positive design parameters, satisfying csch(&,0) > &,7.
ar represents the user-specified time constant. The PPF is
strictly decreasing during ¢ € [0, ar) and reaches to the user-
specified minimal value &,7 during ¢ € [ar, 00), thus ensuring
the finite-time convergence of the error e;. Moreover, the PPF
is continuous on the time span [0, co) [29].

Remark 3: As illustrated in Fig. 2, compared with the
commonly investigated PPC with traditional PPF &, = (§,0 —
Evoo)e %" + Eyoo [49], which can only ensure the exponen-
tial convergence and &, reaches the expected value &, at
t = oo, the finite-time PPF (15) is adopted in this article,
such that the user-specified time ar can be involved. With
this strategy, the distributed tracking errors are strictly confined
within the user-specified bounds (—k,&,, Ev&,) in finite time
and eventually stay within the bounds (—k,&,7, kvEor) against
unexpected faults, thus significantly enhancing the finite-time
FTFC capabilities. Moreover, different FTFC requirements can
be imposed on the formation team by adjusting the values of
& and ar.

Remark 4: To date, the finite-time PPFs have been grad-
ually used to facilitate the constraint controller design for
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stochastic nonlinear system [29], switched nonlinear sys-
tem [50], and quadrotor UAV [28]. Especially, only several
results have been reported on the FTC investigations, such
as [50], [51], and [52]. However, different from the existing
results on finite-time PPFs, the research topic of this article
is the FTFC problem of networked high-speed fixed-wing
UAVs against faults. The high-speed characteristics of fixed-
wing UAVs increase the finite-time PPC design challenge.
Moreover, the existing results are mainly focused on the finite-
time PPC design for a single system. For the networked
systems, very rare results have been reported, let alone the
FTFC design for networked fixed-wing UAVs. In such a
situation, the fault effects will rapidly spread through the
communication links due to the high flight speeds, causing
the performance degradation of neighboring UAVs. Therefore,
the FTFC design for networked fixed-wing UAVs with finite-
time PPFs is still an open topic.

To facilitate the control design, the error constraint inequal-
ity (14) can be transformed into the following equality:

eiv = EuPiv (Miv) (16)
where ¢;,(n;,) can be expressed as follows:
_ kyeiv — ke v 7
¢lU (nlv) - m ( )
The inverse function of (17) is derived as follows:

_ i +k
Niv = ¢l_U1 (e’_”) — M (18)

&y 2 k — ¢iv Miv)

where ¢;,(n;y) can be derived as ¢;y,(niy) = e;jy/&y from (16).
By defining the transformed error as E;, = 7, —
(1/2)In(k, /ky), the control problem of finite-time error con-
straints in the presence of faults is converted to the control
problem of uniformly ultimate boundedness of E;, against
faults.
Differentiating the transformed error E;, yields

. [ 1 ( 1 1 )] [ e,-vém}
Ei = |5~ - = cleiv— —/—
Zév ¢iv +ISU ¢iv - kv Siv

eivé_iv
v 19
(‘3 Eiv ) ( )

where E;y = [(1/26,)((1/(¢iv + k) — (1/($iv — ko).

The compact form of (19) can be expressed as follows:

[I]

Ei = (6 - & '4e:) (20)
where E; = [Ej, En.Esl', Ei = [En.E 12, Ei3)",
E;, = diag{&;, & (ST Eiz}, & = [3117612’ gt3] & =
diag(&i1, &2, &3}, and &; = diag{éi1, &2, &i3).

By differentiating (20) again, one can obtain
Ei = Ei e — ~t§ glel + 26 + ng E ‘S §lel
— Ei&; ke — B E e 21)

B. FO FTFC Design With Reinforcement Learning
Mechanism

In this section, the FO FTFC scheme is developed based
on (21). By recalling (13), one has

Z aij +bi | §; — Z aijgj — Z aijdi;

JEN; JEN; JEN;
—bigo — bid;. (22)
Then, (21) is further obtained as follows:
Ei =g || D aij+bi | (fi +giAimio + g;biy)
JEN;
— Z aijq; — Z aij8ij — bigo — bid;
JEN; JEN;
+8ib — B Eie + ik EE e
—Ei&; ke — i E e, (23)

To achieve refined adjustment performance against faults,
the following FO sliding-mode error is proposed:

Si = B + A D"~ (sigh? (E)) 4)
where 411 > 0 and A2 > 0. a € (0, 1) is the FO operator.
Si = Isi1. si2. sl

Based on (23), the FO sliding-mode error dynamics can be
obtained as follows:

Si =g Zaij +b; | (fi + g Aiwio + g;biy)
JEN;
- Z aijq; — Z aij8ij — bijo — bidi
JEN; JEN;
+Eie — Eif; e+ Eik 68 e
— Bt Ee — Big] e

+ A1 D¢ (Sigll2 (Ei))

= Zaij+bi g f +

JEN;

Za,]—l-b)

Za,‘j + b;

JEN;

EigiAiujo

-—1gz if — A, —'lgzuIO)

E ajj + AZig

JEN;

—Ei | D aijd;+ D aijdij + bido + bidi

JEN; JEN;
S = e—li g—1;
+Eie; — Ei§ §iei +Ei&E 5 §e
= gl = e—li
—Ei§ &iei — EiE &6

+AnD? (sigh? (Ep) . (25)
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6
One can further obtain
Si=Fip+ | D aij+bi | A;Eigiuio
JEN;
—Zi | D aijdij + bijo + bidi
JEN;

+ A1 D? (Sig}le (Ei)) +€io (26)

where F;y = (ZjeN,-aij + b)Ef; + (ZJEN aij +

bi)EigiAiuior — (2 e, aij+bi)A iBigiu 10f+(z]e1vl a;j+
bi)Eig_ibif - EiZjeNiflij“I.j + _.,e, h‘l& glel
E87'6,6 6 e; — B8 '8 e — 287§, £;0 is the error
caused by breaking the algebraic loop due to the involvement
of the signal u;o in F;, i.e., F; = Fy+¢&;o. u;oy is the filtered
signal. For more details about the algebraic loop-breaking
methods, please refer to [53] and [54].

To evaluate the FO FTFC performance of each UAV, the
long-term performance index is defined as follows:

i) = / T T (8 () d @7
t

where T is a positive integral reinforcement inter-
val and 0 < o0 < 1 is the discount factor.

Yi(t) = [Yi (1), Yia(), Yiz()1", £;(Si(0) = [£i1(Sit (1)),
Li2(Sia(1)), &i3 (Si3(t)17, and the corresponding element can
be defined as follows:

0, Siw(®)?=C
1, Siy(0)?>Cy,
v=1-3

Siv (Siv (7)) = I

tet—T,1), (28)

and C¢, > 0.
The relationship between Y;(t — T) and Y;(¢) can be
obtained as follows:

Y- T) = / Y (s (o dr
t

o 4 —t+t—=T
= a,-‘lTi (1) +/ o, T ¢ (Si(r)dr
t—T
=0 (Xi (1) + Pic (1)) (29)

where  P;.(1) = [Pic1(®), Pica(2), Pic3(t)]T =
I, el f+t)/T);i(Si(r))dr.

By substituting (28) into the expression of the element
Picy(t), v = 1-3, one has

0, Siy (1)? < Cq,

Py (1) = T
fev () —(oi = 1), Siy()* > C,.
lna,-

(30)

Consider the fact that the long-term performance index (27)
contains future information, it is very difficult to obtain the
solution at the current time instant. To solve such a difficulty,
the following critic RBF NN is used:

Yi (1) = Wil (ric) + €5 (ric)

where W7 and e}.(r;.) are the bounded ideal weighting
matrix and minimum approximation error vector of the critic

€2y
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RBF NN for the ith UAV, respectively. ¢;.(r;.) is the Gaussian
basis function vector, and it is bounded according to the
expression of (11), i.e., |@;.ll < @ic-

Then, the learned results can be described as follows:

Yi(t) = ,C%C (ric () (32
Yi(t-T)= lc%c (rict=T)). (33)
The temporal difference error is defined as follows:
eixe = Xi (1) — ;i (1 = T) + Pic (1)
= W, 0@ (1) + Pic (1)
= W,CA(o,C (1) + Pic (1) + W}, A(p,c ® (34

where Ag.() = ;. (1)
1A (D)1 < (1 + 0))ic.

To handle the unknown nonlinear term F; in (26), the
following actor RBF NN is developed:

th = F_IW*T(om (ria) +F1 em

— 0;9;.(t — T) and is bounded by

(35)

where '} is a design parameter, and Wi , and &;, are the
bounded ideal weighting matrix and minimum approximation
error vector of the actor RBF NN, respectively. ¢,;,(ri,)
denotes the Gaussian basis function vector and is bounded
as ”‘pza” = @iu'

Then, the learned result of Fs is

N 1T
Fiy =T7'W,, 0, (ria) (36)

where Wi, is the estimated weighting matrix of W7 .
Moreover, (26) can be derived as follows:

S; =Ty "WiT g, (ria) + Di + Za,j+b A Eigiuio
JEN;

—&; Z a,-jS,-jer,-éjO +bi8i + A1 D? (Sig)“2 (E,))

JEN;
(37)
where D; = €;9 + Fl_leia and D,TD, < [),'.
Define the following auxiliary learning error:
v, =5, — S,’
A AT A ~
Si=r'W,,0;,+ D + Z aij +b; | A;Eig;uio
JEN;
(38)

— i | D aijbij + bigo + bid;
JEN;

+ A1 D? (Sig/l‘2 (Ei)) + ko1Y;

where kg1 > 0 is a design parameter and D; is the estimation
of D,’.
Taking the time derivative of (38) yields

=8 8

= F IW*T(pza (ria) + D; + Za1/+b )L '-'tgz i0
JEN;
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— & Z aij8ij + bifo + bid;
JEN;

+ A1 D? (Sig}le (Ei))

T . _
— | T Wi9i + Di + Z aij +bi | A;Eigiuio
JEN;
- Z aij8ij + bifo + bid;
JEN;
+ A1 D¢ (Sig)”2 (Ei)) + ko1¥;
T .
= —I'7'W,,0;4 + Di — ko1 ¥; (39)

where W;, = W;, — W and D, = D; — D;.
Based on the auxiliary learning error W¥;, the following
nonlinear DO is developed:

D; = &; + k02 Si

®; = —KDO;

14T
— ko2 | T "W, + z , 4ij + b
JEN;

A Eigiuio—Ei Z aij8ij+bio+bid;
JEN;

+ A0 D (sigh? (En) + k' (ks Wi + 8))

(40)
where ko2 > 0 and kg3 > 0 are design parameters.
By taking the time derivative of (40), one has
Di = i + k028
= —K02 (i)i - KOZSI) - KozrfIWiTa%a
+ k02 D;i — k3 Si + k03¥i + S
= koD — ka7 Wiggi, + k3% +Si. (A1)

The learning law of the critic NN in the reinforcement
learning architecture is designed as follows:

X AT T ~
Wic = —k11 [Afﬂic () (WiCAfﬂ,'c () + Pic) + K12Wic:|
(42)

where k17 > 0 and k12 > 0.
Based on the critic RBF NN and the auxiliary learning error
W;, the following learning law of the actor NN is developed:

X B ~ T T
Wi = k21 [Fl '9iq (ria) (Si + W, @i (ric) + K03‘I’i)
- K22Wia] 43)

where 21 > 0 and «; > 0.

Reinforcement Learning Unit |

PN |
—»(Adaptivc Law (43)) (Adaptive Law (42)):
s ! o
B Wip, Y :
—1\->(Acmr NN )—( CritieNN) |
S Sl
FO Wi
Sliding- b4 v
Nodd Auxiliary Learning
Error (38)

Ab,

Distributed
Tracking Error

Faults

Finite-Time
PPF (15) E Surface _>[
=i (24) Ky Control
i

Signal | io | Model
>

Communication Network

¥,

Neighboring Y V
UAVs Nonlinear Disturbance
S, Observer (40)

States

Fig. 3. Overall control architecture for the ith follower UAV.

Then, the control signal is developed as follows:
—1

> aij+bi | AEig;

JEN;

1T
x | —K2S; =T lwia‘Pia

—Di+ & | D aijdij + bido + bidi
JEN;

— D (sigh” (Ep) (44)

where K> is a positive diagonal matrix.

To this end, the overall control architecture for the ith fixed-
wing UAV is illustrated in Fig. 3. Moreover, Algorithm 1 is
presented to clarify the structure of the developed reinforce-

ment learning-based FO FTFC scheme for the ith fixed-wing
UAV.

Algorithm 1 Reinforcement Learning-Based FO FTFC
Method
Initialization:
SetS; =0,0;, =0, W;, =0, W;, =0fori =1,2,...
for follower fixed-wing UAV#i do
Compute e; from (13)
Compute E; from (18)
Compute S; from (24)
Compute ¥; from the first equation in (38)
Compute bi from the first equation in (40)
Compute u;g from (44)
Update S; from the second equation in (38)
Update @; from the second equation in (40)
Update Wic from (42)
Update W;, from (43)
end for

,N.

C. Stability Analysis

Theorem 1: Considering N follower fixed-wing UAVs and
one leader fixed-wing UAV with undirected communications in
a connected graph, if constraint (14) and the finite-time PPF
(15) are combined for transforming the distributed tracking
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error (13), the FO error is constructed as (24) to filter the
transformed error E;, the critic and actor NNs are developed as
(32) and (36) to, respectively, approximate the long-term per-
formance index and unknown term with the adaptive learning
laws (42) and (43), the auxiliary learning error is constructed
as (38), the nonlinear DO is designed as (40), and the control
signal is developed as (44), then all follower UAVs can track
the leader UAV with predesigned offsets, and the distributed

errors are strictly confined within the user-specified bounds.

Proof: Choose the following Lyapunov function:
= %SITS, + lejtl‘ I:W;Wia] + ﬁtr I:WchWic]
1 T 17~

+ EKOS‘I’,' v, + EDi D; (45)

where W;, = W,-C - Wi
Differentiating (45) has

1 X .
Li=ST8 + —tr[Wj; (W,~a - Wj‘a)]
K21
1 A . T ~T %
+—u [Wl-c (W,»C _ Wic)] + koW ¥ + D] D
11

=87 | Fif+eio+ Zaij+bi AiEigiui
JEN;

— B [ D aijdij + bido + bidi
JEN;

+ A1 D? (Sigl'z (Ei))

1 T A 1 LT A
[ Wi Wia | + — [ Wi Wi ]
K21 K11
. ~T 2
+ k03 ¥ W, + D; D;

= ST | r7'WiT g, + Di — Ku8; —T7'\W, 0., — D

> aijbij + bijo + bid;
JEN;

— A D* (Sig/112 (Ei))

— B [ D aijdij +bido + bidi
JEN;

+ A1 D* (Sig)“2 (Ei))

1 LT A 1 T A
+—tr[Wl.TaW,»a]+—tr[W Wi ]
K21 K11
. ~T
+k03¥] W; + D; D;.

Substituting (43) into (46) yields

(46)
. _ ~ T =
Li=-T7'SIW,,0, + S Di - STK>Si

1 LT A 1 LT A
+—tr [W,.aw,-a] +—tr [WiCWiC]
K21 K11
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T ~T 2
+xp3¥; ¥; + D; D;
_ -7 -
= -S| K28 =T 'SIW;,0,, + ST D
1T A T
+1r |:F1 "W,00i0 (Fia) [Si + Wi (ric) + Ko3‘1’i]
~ A 1 ~ T A
— ko WigWiq | + —1r [WicWiC]
K11
. ~T ~
+ K03 W] W; + D; D;
_ - T -
= _SiTKZSi - 1—‘1 1SiT‘IVia(pia +S1TD'
——
Term 1
1T
+tr [Fl IWiawia (ria) SlT]

=T A
[T Wit i) 0L Wi |

Term 2

~ T A 1 ~ T A
—r [mwwwia] +—tr [Wicw,»c]

K11
—_— —
Term 3

Term 4
+ I kostr (W mgo,a(rm)\lr)

+K03\I’ \I’ + D D “47)
With respect to Term 1 in (47), one has
~ 2 ~ ~
SI'D; < STS + 70 D; (48)

3
where g is a positive constant.
For Term 2 in (47), the following inequality can be obtained:

Wic
F
(49)

1, T ~ 1- -
tr [Fl IWig(Pia(ria) ‘pi];Wic] =< Fl ]Qoia(pic

Wia
F

where [|9;, ()]l < @iq and [|@; ()| < @ic are used in (49).
For Term 3 in (47), one can further obtain
=2
—tr I:Kzzwz;wia:l < —Kzﬁtr[W W,a] 52% (50
where ||W? || < w;, is used in (50).
Regarding Term 4, one has

—tr[ "W, ]
K11
T T
WicA(pic (t) + Pic]

i
}

T
—tr |:W,CA(0,C (t) [W A¢,0(1)+P,C] }

|:_A‘pic ()

—k12Wic

> b— 1

LT A
— Kk1otr [WicWic]
~ T ~ T
= —tr I:WiCA(oiC (t) W,-CA(P,'C (t):l
~ T r
[ (173004 1)
~ T ~ ~ T
—Kq2tr [WicWiC] — K12tr [Wic W;kc]

—tr [W,TC (A%c 1) Al (1) + Klzl) Wic]

IA
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n H Wi . where m;; = min{2Amin(K2) — 1/73 — 72, 2601, 200 —
V/nf — kool1/mf — 1/n3 — n§. ka1 (k2 — ko213 @7, —
I:”A(pzc (t)” HW Agi, @)+ Pic| + k12 || WlL ”F] (pla@lc) k11(2k12 — @ia@ic — 1)} and mjp = = m DTDI/Z +
o K22w /2t n2/2 w1, 7o, and w3 are positive constants and

T ~ ol only 1nv01ved in the stability analysis.
=~ [Wicwic] + i1 H Wic P G According to the stability theorem, one can conclude that

where 7;0 < 7;1.
Then, by incorporating (48)—(51) into (47), one has

Li < —STKyS; + T} mtr( i (i) W! )

+K03‘I’,~T‘i’i + Di bi

+¢ia‘/_7ic Wia F. Hwic P
-2
_ %tr[WiTqu] + K”Zwa - mtr[w W ]

1 772~T~
F+PSiTSi+TODi D;

= —ain (K2) ST 8, + T eostr (Wia04 (ria) W7 )

+ 03 W] Wi + D Di

+ (Z’iajzc (WT W ) (pta(ch ( )
2 NN T
D D; S S;
— @trl: ] K22w + 0 l
2 2 278
1 ﬁ,. | orer o
— it [ Wi Wie | + L [WiWic]. 62

Consider the fact that
ry K03tl"[ iaPia Tia) ¥Y; ] + K03‘I’iT‘i’i + D,Ti),
= T7 ko3 ¥ Wio0i, (ia)
+ o3 W/ I:_FI_IWI‘Ta(oia +D; — K01‘I’i]
+ D,-T [Di — ko2 Di — K02F1W,~Ta¢,~a —k3¥i — Si]
= k03] D; — korko3 W] W; + DiTDi - KOZD[TDI'
— KozbiTFIWiTu(pia — K03Di\ll,- — biTSi.

Then, (52) can be further obtained as follows:
~T ~

(53)

. D: D;
Li < —Amin (K2) ST 8; — korko3 W] Wi + — =+
2my
7T12DITD ~T ~ Kozrlbi D
— K02 D D; + 5
2 2my
Koa 1@ tr | Wl W, AT & 2T
021 17,95, ia’"la Di Di 7T3Si Si
+ + 3
2 2713 2
+ ¢ia2¢ictr [W,Ta Wia:l + (piaz(pictr [W,{ch]
2 2
K2 [T -~ K2 W3 T T =T ~
- Ttr [W,‘awia] ) — 4 ;S S; + TD,' D;

0
=2
~ T -~ n; 1 ~ T ~
—kpatr [WI-CWZ-C] + o4 [W,-CW,-C]

< —mjiL; +mj (54)

the errors S;, Wiq, Wic, ¥;, and D; are uniformly ultimately
bounded. Then, the transformed error E; is bounded by
following the similar analysis procedure as [55]. Considering
the problem transformation from the user-specified finite-time
convergence requirement of the distributed tracking error e;
to the uniformly ultimate boundedness of the error E; via
the PPF (15), one can finally conclude that the distributed
tracking error e;, is finite-time convergent and strictly confined
within the user-specified bound (—Igvé,},ﬁvév). This ends the
proof. [ ]

Remark 5: Different from the several existing works on
reinforcement learning-based control design without explicit
consideration of learning errors [35], [41], [42], this arti-
cle provides a creative solution to handle the reinforcement
learning errors by developing nonlinear DOs with auxiliary
learning errors. Therefore, the unknown nonlinear functions
associated with the faults and highly complex terms are
effectively learned by the composite learning algorithm con-
sisting of reinforcement learning mechanisms and nonlinear
DOs.

Remark 6: With respect to the proposed FTFC method,
finite-time PPF (15) is first involved to transform the
distributed tracking errors. By using such a strategy, the
distributed tracking errors e;i, ej2, and e;3 are strictly con-
fined even when a portion of UAVs is encountered by the
faults. Moreover, FO calculus is incorporated into the FTFC
architecture for achieving refined adjustments of transient and
steady-state performances by involving the FO sliding-mode
error (24). Furthermore, actor-critic NN-based reinforcement
learning strategy is developed to handle the fault-induced
term F; with auxiliary learning error (38) and nonlinear DO
(40), thus significantly enhancing the reinforcement learning
capability. The adaptive laws (42) and (43) are developed
to update the critic and actor NNs, respectively. Actually,
the reinforcement learning functionality can be well achieved
if enough neural nodes are adopted. However, too many
nodes may induce an enormous computational burden, which
may limit the practical implementation of the reinforcement
learning method. Fortunately, the involvement of the nonlinear
DO with auxiliary learning error can increase the learning
capability with less nodes.

Remark 7: In the developed method, the control parameters
Kz, K11, K12, K21, K22, K01, K02, and K03 and FO operator a are
mainly involved to adjust the FTFC performance. Especially,
K is the feedback gain matrix and can be slightly increased
to reduce the distributed tracking errors. xj; and kp; are
used to regulate the learning speeds of adaptive laws (42)
and (43), respectively. k12 and ko» are mainly used to act as
the o-modification technique for avoiding the parameter drift.
ko1, ko2, and ko3 are designed to regulate the learning error
compensation capability. The FO operator a can be adjusted to
change the transient and steady-state performances. All these
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Fig. 4. Communication network.

parameters should be chosen by trial and error until a good
FTFC performance is obtained.

IV. SIMULATION RESULTS
A. Description of the Simulation Scenarios

The proposed reinforcement learning-based FO FTFC
scheme is demonstrated on a group of four follower fixed-wing
UAVs and one leader UAV. The communication network is
illustrated in Fig. 4, and the corresponding adjacency matrices
are set as (55) and (56). The trajectory of leader UAV 0 is set as
q(0) = [30r + 200, 10sin(0.2¢), 5sin(0.3¢) + 100017 m, and
the initial positions of all follower UAVs are set as ¢;(0) =
[—2,298,998]" m, q,(0) = [—298,402, 1203]7 m, ¢5(0) =
[—302, —402,902]7 m, and ¢,(0) = [0, —300, 1000]” m.
The initial states are set as V;(0) = 30 m/s, x;(0) = 0°,
and y;(0) = 0°. The offset vectors of UAVs in Fig. 4 are
given by §; = [—200, 300, 0]” m, §; = [—200, —300, 0] m,
812 = [300, —100, —200]" m, &3 = [300, 700, 100]7 m,
814 = [0,600,017 m, &1 = [-300, 100,200]7 m, 823 =
[0, 800, 30017 m, &3; = [—300, =700, —100]7 m, 83, =
[0, —800, —300]" m, 834 = [—300, —100, —100]7 m, 841 =
[0, —600,0]7 m, and 843 = [300, 100, 100]" m. In the
simulation, the external disturbances d;j; = 1.5, dip = 1.2,
and d;3 = 2 are suddenly suffered by all follower UAVs at
5 s. Moreover, to demonstrate the FTFC capability and ability
for satisfying the user-specified transient and steady-state
requirements, it is assumed that UAVs 1-3 are encountered
by the velocity, heading angle, and flight path angle channel
faults at 10, 20, and 30 s, respectively. During the simulation,
UAV 4 is healthy, such that the developed reinforcement
learning-based FO FTFC scheme can be demonstrated to be
applicable to both faulty and healthy UAVs in the formation
team. The fault signals are chosen as A;; = 0.3¢~2(~%i7) 0.7,
Ajp = 0.2e720711) £0.8, Ajz = 0.25¢720~1) +0.75, by =
6e=2Ulif) — 6, by = 2e7207l1) — 2, b3 = 5e720~lr) — 5,
i =1-3, ty= 10, hf= 20, and fif = 30

0 09 02 04
09 0 03 0

A=102 03 0 08 (55)
04 0 08 0

B = diag {0.8, 0,0, 0.9} . (56)
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Fig. 5. Flight trajectories of all fixed-wing UAVs.

In the simulation, the effectiveness of the developed FO
FTFC method is first demonstrated in Scenario 1. Then,
in Scenario 2, to verify the refined adjustment performance
of FO calculus, the comparisons between the developed FO
FTFC method with different FO operators and the IO FTFC
method are conducted, in which the widely used 10 sliding-
mode surface §; = Ei + A E; is used to facilitate the
comparative IO FTFC design. Moreover, consider the fact that
finite-time PPFs are incorporated into the FTFC architecture to
constrain the distributed tracking errors and the reinforcement
learning units are developed to compensate for the faults,
the developed FO FTFC method, the comparative FTFC
method obtained by removing the PPFs from the developed
control scheme (labeled as “No_PPF” in the simulation),
and the comparative strategy constructed by removing the
PPFs and reinforcement learning from the developed method
(labeled as “No_PPF_No_Learning” in the simulation) are
also compared in Scenario 2 to show the superiority of the
developed FO FTFC method. Furthermore, different initial
distributed tracking errors are adopted in Scenario 2 to test
the capability of the finite-time PPF-based FO FTFC method
for pulling large initial errors into the small region containing
zero. To ensure the fairness of comparisons in Scenario 2,
the same parameter values are adopted in the developed and
comparative methods. The parameter values are set as a = 0.3,
K, = diag{17, 8.6, 15.8}, ko1 = 2.8, ko2 = 1, ko3 = 15.25,
't = 16.36, k11 = 33.3, k12 = 0.8, kp1 = 81.4, kpp = 1.4,
Al = 0.23, A1p = 0.6, &9 = 1.1, &o = 1.1, &3 1.1,
Eir = 0.2, &7 = 0.2, &7 = 0.2, ky = k, = 10, A;yy = 0.4,
v=13,T =06, C;y =03, C;p =03, C,3 =0.3, and
ar = 10.

B. Scenario 1

In this scenario, the effectiveness of the developed FO FTFC
scheme is mainly verified. Fig. 5 shows the flight trajectories
of all UAVs, and it can be seen that follower UAVs 1-4 can
track the leader UAV with predesigned offsets even when the
disturbances are injected at 5 s, and UAVs 1-3 are encountered
by the faults at 10, 20, and 30 s, respectively. Fig. 6 illustrates
the distributed tracking errors e;1, €2, and e;3 of four follower
UAVs. From the initial simulation phases, it can be easily seen
that nonzero initial distributed tracking errors e11(0) = —6 m,
€21(0) = 4.8 m, e31(0) = —2.8 m, €41(0) = 2.4 m, e12(0) =
—6 m, e22(0) = 4.8 m, €32(0) = —2.8 m, e4(0) = 2.4 m,
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Fig. 6. Distributed tracking errors ¢;;, i = 1-4 and j = 1-3.
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Fig. 7. Velocities, heading angles, and flight path angles of four follower
UAVs.

e13(0) —7.7 m, e33(0) = 4.8 m, e33(0) = 2.1 m, and
e43(0) = —0.8 m are involved to demonstrate the feasibility of

the finite-time PPF-based FO FTFC method. It can be further
observed from Fig. 6 that slight performance degradation and
variations are caused if the disturbances are injected into all
follower UAVs at 5 s and follower UAVs 1-3 become faulty at
10, 20, and 30 s, respectively. However, under the developed
reinforcement learning-based FO FTFC method, the variations
are stabilized, and the errors are strictly confined within the
user-specified ranges (—k,&,, ky&,) after finite time 10 s.

Fig. 7 presents the velocities, heading angles, and flight path
angles. Due to the nonzero initial distributed tracking errors
shown in Fig. 6, relatively large variations of V;, x;, and y;,

= 1-4, are activated at the beginning to attempt to reduce
the distributed tracking errors. All states are bounded even
if the follower UAVs are confronted with disturbances and
faults.
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Fig. 8. Control inputs u;q;, i = 1-4 and j = 1-3.
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Fig. 9. Learning errors I:"ij, i=1l4and j=1-3

The control inputs are shown in Fig. 8. To react to the
disturbances at 5 s, control input signals u;01, #;02, and u;o3
are expeditiously adjusted, ensuring the formation stability of
networked UAVs. When follower UAV 1 becomes faulty at
10 s, ujo1, U102, and w13 are rapidly updated to stabilize
faulty UAV 1 and the neighboring UAVs. Similar control
actions are activated when UAV 2 and UAV 3 are subjected
to faults at 20 and 30 s, respectively. Moreover, from the time
responses of u;pp and u;p3, i = 1-4, it is observed that uagp
and wu403 are also slightly updated at 10 s, which is due to
the fact that there exist information exchanges between UAV
1 and UAV 4. By using such a control response mode, the
distributed tracking errors are convergent against disturbances
and faults, and all follower UAVs can track the leader UAV
with predesigned offsets.

Fig. 9 illustrates the learning errors Fj; of reinforcement
learning units and nonlinear DOs, i = 1-4 and j = 1-3.
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Fig. 10.  Distributed tracking errors e;; under the developed FO FTFC
method with different FO operators and the I0 FTFC method, i = 1-4 and
j=1-3.

It can be easily seen that the learning errors are increased
when the follower UAVs are encountered by the disturbances
at 5 s and faults at 10, 20, and 30 s. Then, under the
supervision of the developed modified reinforcement learning
method with auxiliary learning error compensation technique,
these perturbed errors are pulled into the very small region
containing zero, thus ensuring successful fault compensations.

C. Scenario 2

In this scenario, comparative simulations are mainly con-
ducted to show the superiority of the developed FO FTFC
scheme with reinforcement learning mechanism and learning
error compensation. Fig. 10 shows the distributed tracking
errors under the developed FO FTFC method with different
FO operators (¢ = 0.1, 0.3, 0.5, 0.7, and 0.9) and IO
FTFC scheme. It can be found that if the FO operator is
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Fig. 11. Distributed tracking errors ¢;; under the developed method and the
comparative “No_PPF” and “No_PPF_No_Learning” methods, i = 1-4 and
j=1-3.

incorporated into the strategy, the transient and steady-state
performances can be finely adjusted by changing the FO
operator a, which significantly increases the flexibility of the
FTFC method. Moreover, the comparative results among the
developed FO FTFC method, the “No_PPF” scheme, and
the “No_PPF_No_Learning” strategy are given in Fig. 11.
It can be seen that the distributed tracking errors violate the
prescribed bounds if the finite-time PPFs are removed from
the developed method. Moreover, if the reinforcement learning
units are further removed from the “No_PPF” method, it is
observed that the enlarged distributed tracking error curves
occur larger deviations from the small convergence region
containing zero than the developed FO FTFC method and the
“No_PPF” scheme.

Furthermore, to verify the capability of the proposed
finite-time PPF-based FO FTFC method to pull large initial
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Fig. 12. Distributed tracking errors ¢;; of the developed FO FTFC method
with original and larger initial errors, i = 1-4 and j = 1-3.
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Fig. 13.  Control inputs u;(; under the developed FO FTFC method with

original and larger initial errors, i = 1-4 and j = 1-3.

distributed tracking errors into the very small convergence
region containing zero, the developed method with the original
initial errors, i.e., the same initial errors as Scenario 1, and

partial larger initial errors (e11(0) = —8.75 m, €21(0) = 6.3 m,
e31(0) = —2.75 m, e41(0) = 2.8 m, e¢;2(0) = —8.75 m,
e»n(0) = 63 m, e3(0) = —2.75 m, e4(0) = 2.8 m,
e13(0) = —8.85 m, ¢3(0) = 525 m, e33(0) = 2.2 m,

and e43(0) = —0.6 m) are considered. It can be seen from
Fig. 12 that the developed finite-time PPF-based FO FTFC
method can pull back the original and larger initial errors

only if these initial errors are within the initial bounds.
Moreover, the distributed errors are strictly confined within
the overall prescribed bounds. However, it is clearly observed
from Fig. 13 that if larger initial errors are involved, the
control inputs u;o; at the beginning phases will be perturbed
and dynamically updated to stabilize the formation stability,
i = 1-4 and j = 1-3, thus achieving reliable formation flight.

V. CONCLUSION AND FUTURE WORKS

This article has developed a reinforcement learning-based
FO FTFC scheme for networked fixed-wing UAVs with user-
specified performance constraints. The finite-time PPFs have
been used to transform the distributed tracking errors of all
follower UAVs, which are then filtered by FO sliding-mode
surfaces. Based on the transformed FO error dynamics, the
reinforcement learning with actor-critic NNs has been used
to handle the approximation problems of unknown nonlinear
terms and long-term performance indices. Nonlinear DOs and
auxiliary learning errors have been skillfully constructed to
compensate for the reinforcement learning errors. It has been
shown by theoretical analysis and simulation results that all
follower UAVs can track the leader UAV with predefined
offsets, and the distributed tracking errors are strictly confined
within the user-specified bounds.

With respect to the developed method, there is one disadvan-
tage that the initial errors must fit within the specified initial
bound (—k,&,(0), IEUSU (0)), which may limit the implementa-
tion of the developed method. For very large initial errors, non-
PPC strategy should be first adopted to steer the errors into the
prescribed bounds, and the PPC method is still effective once
these errors are pulled into the bounds. As one of future works,
very large initial errors outside the user-specified initial bounds
will be considered in the development of the reinforcement
learning-based FO FTFC strategy for networked fixed-wing
UAVs, leading to a piecewise control architecture.
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