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Abstract— This article proposes a fault-tolerant adaptive multi-
gradient recursive reinforcement learning (RL) event-triggered
tracking control scheme for strict-feedback discrete-time mul-
tiagent systems. The multigradient recursive RL algorithm
is used to avoid the local optimal problem that may exist
in the gradient descent scheme. Different from the existing
event-triggered control results, a new lemma about the relative
threshold event-triggered control strategy is proposed to handle
the compensation error, which can improve the utilization of
communication resources and weaken the negative impact on
tracking accuracy and closed-loop system stability. To overcome
the difficulty caused by sensor fault, a distributed control method
is introduced by adopting the adaptive compensation technique,
which can effectively decrease the number of online estimation
parameters. Furthermore, by using the multigradient recursive
RL algorithm with less learning parameters, the online estimation
time can be effectively reduced. The stability of closed-loop
multiagent systems is proved by using the Lyapunov stability
theorem, and it is verified that all signals are semiglobally
uniformly ultimately bounded. Finally, two simulation examples
are given to show the availability of the presented control scheme.

Index Terms— Event-triggered control, fault-tolerant control,
multiagent systems, multigradient recursive reinforcement learn-
ing (RL) algorithm.

I. INTRODUCTION

ECENTLY, the cooperative control problem of multia-
gent systems (MASs) has received considerable atten-
tion due to its widespread applications [1]-[7]. For example,
an adaptive distributed fault-tolerant control approach with
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output regulation was proposed for linear MASs in [8].
Liu et al. [9] proposed a new distributed cooperative com-
pound tracking scheme for the vehicular platoon using neural
networks (NNs). The finite-time fault-tolerant distributed adap-
tive tracking control problem was solved for high-order non-
linear MASs in [10]. Wu et al. [11] proposed a cooperative
adaptive control scheme by using the backstepping technique
for high-order stochastic nonlinear MASs subject to dead zone.
It is noted that the results in [8]-[11] mainly solved the weight
vector problem. However, the ideal weight vector problem has
not been considered in the above achievements. Therefore, it is
important to design an adaptive control algorithm to search for
the optical solution.

The gradient descent method, which can search the optimal
solution, has received considerable attention [12]-[29]. For
instance, Bai et al. [30] proposed an NN reinforcement learn-
ing (RL) control scheme for discrete-time nonstrict-feedback
systems. A distributed fault-tolerant adaptive control scheme
was put forward for MASs via gradient descent method
in [31]. Yang and Jagannathan [32] proposed an adaptive
critic control strategy for discrete-time systems via the RL
algorithm. However, the methods in [12]-[32] searched the
optimal solution from a single point, which is easy to cause
the local optimal problem. To resolve it, Bai et al. [33]
designed a novel multigradient recursive RL algorithm. For a
family of nonlinear systems with input saturation, an adaptive
multigradient recursive RL NN tracking control scheme was
presented in [34], whereas the studied control methods in [33]
and [34] need to adjust a large number of parameters online so
that much estimation time would be wasted. Thus, we need to
design an adaptive multigradient recursive RL algorithm that
requires less online estimation time.

On the other hand, the inevitable limitation of network
resources is considered to be the main cause of unexpected
network-induced phenomenon. Therefore, the event-triggered
mechanism as one of the effective ways to reduce the com-
munication burden has attracted much interest [35]-[38].
For instance, Mu et al. [39] presented an event-triggered
adaptive robust critic control strategy for a kind of nonlin-
ear continuous-time systems. An event-triggered decentralized
fuzzy adaptive control scheme was proposed for nonlinear
large-scale systems in [40]. For a class of stochastic nonlinear
MASs with unmeasurable states, Liang er al. [41] designed
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an event-triggered fuzzy bipartite tracking control scheme,
and the difficulty caused by unmeasurable states was solved
by using the distributed reduced-order observer. The results
in [39]-[41] considered the tradeoff between resource saving
and control performance. It is known that an unnecessarily
large event-triggered threshold will reduce the tracking accu-
racy and endanger the stability of the closed-loop systems.
Therefore, Wang et al. [42] found an effective compensation
method to weaken the impact of event-triggered threshold on
the closed-loop systems’ performance. Unfortunately, the mea-
surement error in [42] needs to be bounded by a given
value regardless of the size of control signal, which may
degrade the system accuracy. Thus, it is meaningful to design
a new compensation mechanism under the relative threshold
event-triggered control.

The above analysis motivates us to present a fault-tolerant
adaptive multigradient recursive RL event-triggered tracking
control strategy for nonlinear strict-feedback MASs. The cor-
responding challenging problems at this work are listed as
follows.

1) Different from the gradient descent method [30]-[32],
the multigradient recursive RL algorithm is presented
in this article, which can avoid the local optimal issue.
In addition, the proposed approach with less learning
parameters (LLPs) can decrease online estimation time,
which is hard to be achieved in [33] and [34].

2) Under the framework of relative threshold event-
triggered strategy, a lemma (see Lemma 1) is proposed,
which can effectively handle the compensation error
caused by the operator.

3) A new relative threshold compensation strategy is
proposed for event-triggered mechanism, which can
improve the tracking accuracy and system stability while
reducing the communication burden.

The rest of this article is organized as follows. The priori
knowledge is given in Section II. An event-triggered-based
multigradient recursive RL control strategy is presented in
Section III. Section IV shows some results with respect to
practical and numerical examples. Finally, conclusions are
given in Section V.

Notation: R™ (m = 1,2,...,n) represents the
m-dimensional Euclidean space. | e | and | e | stand
for the absolute value and the Euclidean norm of vector or
matrix, respectively. V and grad denote the gradient at some
point. A is the differentiate operation.

II. PRELIMINARIES
A. Graph Theory

The information exchange among agents is usually rep-
resented by a digraph. The digraph is expressed as
G=(T,H,A) with 7 = (1,..., N) denoting the nonempty
node set, H C 7 x 7 representing the edge set, and
A = [a;;] € RV*N being the relevant adjacency matrix.
Edge (7;,7;) € 'H denotes an edge from i to j. In addition,
if the information flows from node j to i, a; ; > 0; otherwise,
a;; =0. ©® = diag{6,, ..., Oy} stands for the diagonal matrix
with 0; = Z;V:l ajj. C = © — A is the Laplacian matrix.
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V: ={7;|(7;,7T;) € H,i # j} stands for the neighbors set of
the agents.

The augmented graph is expressed as G = (7, H) with
T =(,1,...,N), H =T x T, where 0 is the signal of
leader. ¢; 9 > 0 means that the leader 0 can send information
to node i; otherwise, ¢; 9 = 0.

Assumption 1 [41]: For the leader—follower MASs,
the digraph G contains at least a spanning tree with node 0
as the root.

B. Problem Formulation

This article considers the discrete-time MASs as

sit(k+1) = i 185i2(k) + gi1 (i1 (k))

Sim(k 4+ 1) = timSime1(k) + &im (3im (k)
Sin(k +1) = 7i,,vi (k) + 8in (5.0 (k) + di (k)
yi(k) = F(si1(k))

where 5, (k) = [si,1(k), si2(k),....5im(K)]" € R™ (2 <
m < n—1) and 5,() = [5;.1(6), 5206, . .., 51, (K)]7 € R
represent the state vectors. g;;(5;;(k)) stand for the unknown
smooth nonlinear functions, z;; > 0 denote the known para-
meters, and d; (k) represent the unknown external disturbances
with I = 1,...,n and i = 1,...,N. vi(k) € R and
vi(k) € R denote the input and output of the MASs, respec-
tively. We define y,(k) as the leader’s dynamic. In addition,
F(s;.1(k)) = & (k)s; 1 (k)+1; (k) stands for the sensor fault with
Zi(k) and 1;(k) being the parameters of sensor fault.

Based on the analysis of sensor fault in [43] and [44],
the sensor fault model is introduced in discrete-time MASSs.
The parameters of the sensor fault considered in this article
satisfy E < Ei(k) < 1l and : < 1;(k) < T with E > 0,
1 and 7 being the lower and upper bounds of 7; (k), respectively.
According to the above analysis, the following four types of
faults are considered in this article.

1) If & (k) = 1 and 1;(k) is a constant, the fault is called
the bias fault.

2) If (k) =1 and |;;(k)| = ¢k with 0 < ¢ < 1, the fault
is called the drift fault.

3) If &i(k) = 1 and |1;(k)| <7 with Az;(k) — 0, the fault
is named loss of accuracy.

4) If & < &(k) < 1 and 1;(k) = 0, the fault is called loss
of effectiveness.

ey

Thus, the sensor fault is organized as
yi(k) = si1(k) + fi(k) 2)

with fi (k) = (G (k) — Dsia (k) + 1 (k).

On the other hand, inspired by [42], a new relative threshold
strategy-based event-triggered scheme is introduced. Fig. 1
shows the block diagram of control scheme, and we define
the transmission error as

0i (k) = ui(k) — ui(k) = ui(kp) — ui(k), kp <k <kpsi

3)

where u; (k) denotes the current feedback control signal and
ut(k) = u;(kp) represents the last transmitted control signal
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Fig. 1. Block diagram of the event-triggered adaptive control scheme.

with k;, standing for the triggering instant and b € N. Then,
the relative threshold control condition is designed as

|0i (k)| = i (Jui (k)| + 7:) “)

where 0 < 77; < 1 and #; > 0 are designed parameters.
Based on (3) and (4), it yields

kp+1 = minfk € Nk > kp, i (k)| = i (lui (k)| + 7:)}-

In addition, to degrade the influence of event-triggered
threshold on the performance of closed-loop MASs, a designed
operator is introduced into the actuator as follows:

vi(k) = ut(k) — niq

where #; 4 will be designed later.

Assumption 2 [31], [45]: The leader y,(k) and its differ-
ences are assumed as bounded functions.

Assumption 3 [46]: The external disturbance |d; (k)| < d is
assumed to be bounded, and d > 0 is a constant.

Lemma 1: For a positive constant ¢; and a time-varying
parameter |g; (k)| < 1, one has

loi (k)| <1
loi (k)| =1

lpi (K)fini — nial < fimi,
lpi (k) 77im; — mial < 0.27855;,
where #; 4 is designed in (27).

Proof: Since |p; (k)] < 1, we discuss it in five cases as
follows.

1) When 0 < ¢;(k) < 1, we can get sgn(p;(k)) = 1, and

thus, it follows that
pilk) — tanh(@)
I

2) When ¢;(k) = 0, we can get sgn(gp;(k)) = 0, and thus,
it follows that

loi () ini — ni.al = Timi

lp: (k) 7in: — nial = 0.
3) When —1 < ¢;(k) < 0, we can get sgn(g;(k)) = —1,

and thus, it follows that
0 (k) + tanh( mjh )
5

1

v

= Nini.

lpi (k) 77imi — nial = i

4) When ¢;(k) = 1, we can get sgn(p;(k)) = 1, and thus,
according to [36], it follows that
y . y i
lpi (k)i — mi.al = ‘mm — i tanh(7)’
< 0.27856;.

5) When ¢;(k) = —1, we can get sgn(p;(k)) = —1, and
thus, one has

y . y iini
loi (K)itini — mial = |=dini + fini tanh( &l)’
1
< 0.2785¢;.

Then, based on the above proof, we can get the conclusion
of Lemma 1.
According to [47] and (2), one has

sii(k +n) =t 1sip(k +n—1) + Gi1(5in(k))
Sim(k —m) = T wsimy1 (k +n —m)
+ Gim(5in(k)) (5
sin(k +1) = 75,0 (k) + Gi 0 (5in(k)) + di (k)
yi(k) = si1(k) + fi(k)

where k = k+n+1 and Gii()), Gim(:), and G;,(-) are new
functions with 2 <m <n — 1.

The control goal of this article is to develop an adaptive
multigradient recursive RL event-triggered scheme to ensure
that all signals of the closed-loop MASs are semiglobally
uniformly ultimately bounded (SGUUB).

The distributed errors and the change of coordinates are
defined as

Galk+n) =D ai;Oitk+n) = y;k+n))
JEVi
+ cio(i(k +n) — ya(k + n)) (6)
ii,m (ié - m) = Si,m (k +n+1-— m) - éi,m—l (k)
Cinltk+ 1) =s;,(k +1) = 8in-1(k)
with ¢; ¢ > 0 standing for the pinning gain and d; ,,—; (k) and
Oin—1(k) being the virtual control signals.

C. Radial Basis Function NNs

The unknown nonlinear function g(A) is estimated by using
the following radial basis function (RBF) NN:

e(A) =@ p(A)

with w* € R’ standing for the weight vector and ¢(A) =
[P1(A), p2(A), ..., dp (A)]" denoting the basis function vec-
tor, where f > 1 represents the node number of NNs.
We choose the Gaussian function form of ¢;(A) as
(A =) (A =)
$i(A) = exp[— = :

i

=1,2,...,8

where V; stands for the receptive field center and 7; represents
the Gaussian function width.
Obviously, we can get

I (M) (A) < .

Then, based on [48]-[53], for a constant & > 0 and any
unknown function p(A) over a compact set, one has

o(N) =T $(A) +e(A)

where w represents the ideal weight vector and &(A) stands
for the approximation error with |e(A)| < &.
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III. ADAPTIVE MULTIGRADIENT RECURSIVE
RL CONTROL DESIGN

A. Designs of Strategic Utility Function and Critic NNs
Based on [31], we define
i1 (k)] <

0,
n“”{h|®wn>

where ¥ denotes the tracking performance threshold and Y; (k)
represents the tracking performance index.

Then, from [54], the long-term strategic utility func-
tion (SUF) can be designed as

Qi(k) =itk + 1)+ 5, Yi(k +2) + 57 ik +3)+ ...

where 0; > 0 denotes a designed weighting parameter.
Since Q;(k) is unknown, critic NNs are used to approxi-
mate it, and one has

Ql(k) = wiToqsi,o(k) + gi,o(k)

where w;, stands for the ideal weight vector and e&;,(k)
represents the approximation error.
Based on the idea of LLPs in [55], it yields

Qi (k) = .o (kK)pio (k) )
with Qi(k) being the estimation of Q,(k), @;, being the
estimation of @;,, = [|wi, |, and ¢io (k) = lI¢i,0 (k).

Remark 1: To obtain better control performance, the num-
ber of NN nodes in the hidden layer may be large, and then,
more computation time is required. Therefore, the method with
LLPs that adjusts the Euclidean norm of weights is used in

this article to reduce the online computation time.
Similar to [56]-[58], we define the prediction error as

Sok) =0 0i (k) — [Qi(k — 1) = T (k).
Then, we define the cost function (CF) as ©;,(k) =
ff() (k)/2, and the gradient can be derived as
00;,(k)
0w (k)
= 8iBio(0)[5; Qi (k) — Qi(k — 1) + Yi(k)].

According to [34], the multigradient can be obtained as

e

Cc

Vi, (k) =

p
grad(p, 0, (k) = > Gidio(k —1+1)
=1
X [5i)fi,o(k -1+ 1) - Xi,o(k - l)
+Yitk =1+ 1)] ()
where p denotes the gradient length, Xio(k —-l+1) =
Wio(k)Pio(k — 1+ 1), and yio(k — 1) = @i,0(k)pi,o(k —1).
The multigradient recursive updating law can be designed
as

P
B0k +1) = @io(k) = Gio ) Giiolk =1+ 1)
=1
X [8ixio(k =1+ 1) = yio(k —1)
+ ik —1+1)] ©)

where (;, > 0 represents the convergence factor.
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B. Design of Adaptive RL Controller

By using the direct adaptive control method, an event-
triggered-based distributed NN multigradient recursive RL
controller will be designed in this section.

Step 1: Based on (5) and (6), it yields

Gialk+n) = 0 +6i,0)(Gi 1 Sin(k)) + 71802k +n — 1)
+ fitk+n) — > ai

JjeV;
X (Gj1(3jak)) +1j15;2(k +n—1)

+ fitk +n)) —cioyatk +n). (10

Inspired by the idea of direct adaptive control method
in [59], the desired control signal is designed as

0i,1(k)

1 _
:_Ziaiaa(a+gwmumﬂm+ﬁ@+w)

—Zai,j(Gj,l(fj,n(k))
JjeVi
+riasj2k +n— 1)+ fi(k +n))

—giovalk +n) |.

Since the desired control signal contains the unknown
continuous functions G; | (5, . (k)), G;,1(3;,,(k)), fi(k+n), and
fi(k+n), the RBF NNs are employed to approximate it, that is,

0i.1(k) = @\ pi.1 (i1 (k) + &1 (k) (11

where w; | (k) = [EZn (k), y4(k+n)]". Then, based on (6), (10),
and (11), one can obtain

Gtk +n) =0 +cio)ti1 G2tk +n—1)
“réi,l(k) - Qi,l(k)).

Remark 2: The existing results use dynamic programming
methods to solve nonlinear optimization problems, and how-
ever, dynamic programming methods have two disadvan-
tages: OFF-line computation and large computation. Therefore,
the RL algorithm is introduced in this article and the NNs are
used to approximate nonlinear functions online. This algorithm
can make up for the shortcomings of dynamic programming.

By using the approach with LLPs, we design the virtual
control signal as

2i1 (k) = @y (k)i 1 (i1 (k)) (12)
with 2127,',1 being the estimate of @;; = ||w; | and gz_Si,l =
Uil - .-, ldna T

In the light of (11) and (12), we have
itk +n) = (0 +cio)tiiCintk +n—1)
+ (0 + ci0)ti1 @01 (k)i (wi1 (k)
+ (0 + cio) i€ (k) (13)
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where @; (k) = w1 (k) — @i and €1(k) = @i,
Gi1 (@i (k) — @ i1 (i1 (k) — &1 (k). Then, (13) can be
converted to
itk +1) = (0 + cio)ti1&in(k)
+ (0 + ci0)ti 1 @i (k)i 1 (@11 (kr))

+ (O +cio)tii€i1(ky) (14)

where k; = k — n + 1. In addition, we define
& o1 (k) = @1 (k)i 1 (w1 (k1)) + [0 (k) — Qi.a(k)]

with Q;4(k) denoting the desired SUF and being usually
chosen as “0” from [34]. Thus, we design the CF as

2o (0)
O:1(k) = =T —.
Then, the gradient is expressed as
R 00;1(k
Vi (ki) = 271()
owi,1 (k)

= i1 (w11 (k) [@y1 (k) i1 (11 (k1)) + Qi (k).

Similar to (8), one can obtain

p
grad(p, ©;1(k)) = > i1 (w1 (ks — [+ 1))
I=1
X [piatky =1+ 1) + yiolk =1+ 1)]
(15)
where ){n](k] —l+1)= ‘(%ij1(k1)¢_5i,1(wij1(k1 — [+ 1)). Then,
the multigradient recursive updating law can be designed as

p
w1 (k+ 1) = @i (k) — Ci,quj?i,l(wi,l(kl —141))
=1

X [piitkr =1+ 1)+ xiotk =1+ 1] (16)

where ¢; 1 > 0 is the convergence factor.
Step m (2 <m < n—1): In the light of (5) and (6), we have
51',;11 (k +n—m+ 1) = Gi,m (Ei,n (k)) + Ti,mSi,m+1
X (k +n— m) - éi,mfl(k)-
The desired control signal is designed as

1
Oi.m (k) = -

(Gi,m (Ei,n (k)) - éi,mfl(k))

i,m
Similar to (11), one has
0im (k) = @/, Bim (@i (k) + &1 (k) (17)
where @, (k) = [5],(k), 8im—1(k)]". Then, based on (6), one
yields
éi,m(k +n—m+ 1) = Ti,m(éi,m-&—l (k +n— m)
+ éi,m (k) — Qi,m (k))

Inspired by the method with LLPs, we design the virtual
control signal p; (k) as

éi,m (k) = Z%i,m (k)(z)l,m (wi,m (k))

where lliTi,m is the estimation of @;, = ||w;,l|l and q@i,m =

[||¢1,m ”, ey ||¢N,m ”]T

(18)

19)

Substituting (17) and (19) into (18), it gives
Simk+n—m+1) =1mémptk+n—m)+ 1,
X u:Ti,m (k)ét,m (a)i,m (k)) + Ti,mEi,m (k)»

WhCI‘? z%i,m (k) = z%i,m (k) — Wim and €im (k) =
@ Bim (01 (k) — @ Bin (01 (k) — &1, (k).
Similar to (14), we can obtain

fi,m (k + 1) = Ti,mfi,erl (k) + Ti,m
X z%i,m (km)q_si,m (wi,m (km)) + Tim€im (km)

where k,, = k —n + m. Then, we define

& om (k) = @i (k)i (@1 (k) + 104 (k) — Qi.a(k)].
Thus, we design the CF as

&)
Oim k) = ——.
) = 2
The gradient can be derived as
R 00; (k)
V@ (ky) = ————
w,m( m) a71—7'i,m (km)
= (Z)i,m (wi,m (km))

X [z%i,m (km) X q_si,m (wi,m (km)) + Ql(k)]
Similar to (15), it yields

p
grad(P, ®i,m (k)) = Zgzi,m (wi,m (km -1+ 1))
=1

X [Xi,m(km -1+ 1) + Xijg(k — 1+ 1)]
(20)
where Xim (km -1 + 1) = u%i,m (k)gzi,m (a)i,m (km -1 + 1)) Then,

the multigradient recursive updating law can be designed as

P
a¢7i,m (k + 1) - aij-i,m (km) - Ci,m Z&i,m (wi,m (km - l + 1))
=1

X[Xi,m(km—l+1)+Xi,o(k_l+1)] (21)
where (;,, > 0 is the convergence factor.
Step n: In the light of (5) and (6), we have
Cinlk +1) = Gin(Sin(k)) + tinvin(k) + di (k)
—Oin-1(k). (22

For the convenience of controller design, the controller u; (k)
is used to express the input signal v; (k) of MASs. According
to the event-triggered condition in (4), there is a time-varying
parameter ¢; (k) that satisfies |@; (k)| < 1, which makes the
following equation holds:

ui (k) = (1 + ¢; (k)i )ui (k) + @i (k) ijin;.
Then, v; (k) can be rewritten as
vi(k) = (1 + @i (k)7 u; (k) + @i (K)ini — nia-
Substituting (23) into (22), it gives
Cinlk+1) = Gin(5in (k) + 700 (1 + 0i (k) 77:)

X ui(k) + @i (k)ini — ni.a)
+d;i (k) — bin—1(k).

(23)
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The desired control signal is designed as

Oin (k) = - (Gi,n (Ei,n (k)) - éi,nfl(k))-

Tin(1+ @i (k)71:)

Following the procedure in Steps 1 and m, one has
Oin (k) = wi?;lgbi,n (wi,n (k)) + Ein (k)

where w;, (k) =[5/, (k), 8i.n—1(k)]". Then, we can obtain

Einlk +1) = 15, (1 4+ @ (k)7;) (u; (k) — 0i,0(k))
+ Ti00i (k)i — Ti i + di (k).

(24)

(25)

Inspired by the method with LLPs, we design the actual
control signal as

ui (k) = @i (k) Pin (1,0 (k)

with @;, being the estimate of @;, = |;,| and &, =
L@l -, ||¢>N,n||]T. In addition, #; 4 is designed as

(26)

i = iimisen(e; (K) tanh(”j") &)

where §; > 0 is defined in Lemma 1 and sgn(0) = 0.
Substituting (24), (26), and (27) into (25), one has
in(k +1) = 70, (14 0: () 77) @i (k) i n (0.0 (k)
+ Tinmi (k) + i n€in + di(k)
where @, (k) = @iu(k) — @i, wi(k) = @i(k)iini —
Nia and €,(k) = (1 + ¢;(k)7)@inPin(wink)) — (1 +

0i () )@ pin (@i (k) = (1 + @ (k) i1i) &0 (K).
Then, we define

& on(k) = @iy (K)pin (@i (k) + [0: (k) — Qia(k)].
Thus, we design the CF as

&l
O, (k) = 5
The gradient can be derived as
R 00;,(k
Vw;, (k) = 37()
’ 0wi (k)

= q_si,n (wi,n (k))[z%l,n (k)q_si,n (wi,n (k)) + Qz(k)]
Similar to (20), it yields

p
grad(p, ©;,(k) = D Gin(@in(k =1+ 1))
=1

X [gintk =1+ 1D+ yiotk —1+1)]

where y;,(k — 1+ 1) = @i, (k)@in(@;,(k — [ + 1)). Then,
the multigradient recursive updating law can be designed as

p
Fin(k +1) = G (k) = Gin D _Gin(@inlk —1+ 1)
=1

X ik =1+ 1)+ yiolk =1+ 1)] (28)

where (;, > O is the convergence factor.
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Fig. 2. Communication topology.

C. Stability Analysis

The main theorem of this article is as follows.

Theorem 1: Considering the feasible virtual control signals
0i1(k) in (12), dim(k) in (19), the multigradient recursive
updating laws @, ,(k-+1) in (9), @; 1 (k+1) in (16), @; ., (k+1)
in (21), @;,(k + 1) in (28), and controller u; (k) in (26), all
signals in the closed-loop MASs (1) are SGUUB.

The proof of Theorem 1 can be seen in the Appendix.

IV. SIMULATION RESULTS

In this section, two simulation examples are addressed to
test the effectiveness of the designed algorithm.

We suppose that the nonlinear MASs consist of a leader
and four followers. Fig. 2 shows the communication topology
with 0 being the leader and 1-4 being four followers.

Example 1: Choose the numerical example as follows:

S'](k+ 1) — M +T'1S'2(k)
" 0.8+s7 (k) "
siatk +1) = si2®) + 7i2vi (k) + d; (k)
’ 0.5+ 57, (k) + s7, (k) ’
yi = Gi(k)si1 (k) + 1; (k)
where
di (k) = 1.09 cos(s;.1(k)) cos(0.064k)
with i = 1,2,3, and 4. In addition, the desired signal
is selected as yg;(k) = (3/20) + (3/10)cos(—257/14 +
50kT 7 /299).

We define the parameters s,(0) = [0.4,0.2]7, 5,(0) =
[0.4,0.2]7, s3(0) = [0.4,0.2]7, 54(0) = [0.4,0.2]7, ¢&;» =
0.0006, ;1 = 0.026, ¢Gp = 0.0344, 7;; = 0.245,
o = 0.00035, £ (k) = 1, 1,(k) = 0.3, (k) = 0.9, 12(k) = 0,
Gk) = 1, 13(k) = —e™310, & (k) = 1, and 14(k) = 1 with
i=1,2,3,and 4 and j = 1 and 2.

The numerical simulation results are given in Figs. 3-6.
Fig. 3 shows that the outputs of followers can converge to a
neighborhood of the leader’s output. The responses of con-
trollers and input signals of MASs are shown in Fig. 4. Fig. 5
shows the event triggering time of u;—u4, and it can be seen
that the event-triggered controllers can save communication
resources. In addition, Fig. 6 shows the trajectories of z%rljo,
lle,l, and ?127'1,2.

Example 2: To further verify the effectiveness of the pro-
posed control method, a stirred tank reactor practical system
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400 600 800 1000

Fig. 3. Trajectories of followers y; and leader y; with i = 1,2, 3, and 4 in
Example 1.

0 200 400 600 500 1000 o 200 a0 600 800 1000
tfs

200 a0 600 800 1000

© d)

Fig. 4. Controllers and input signals of MASs in Example 1. (a) Trajectories
of controller u; and input signal v;. (b) Trajectories of controller u, and input
signal v;. (¢) Trajectories of controller #3 and input signal v3. (d) Trajectories
of controller u4 and input signal v4.
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Fig. 5.  Triggering time of u; with i = 1,2,3, and 4 in Example 1.
(a) Triggering time of u;. (b) Triggering time of u;. (c) Triggering time
of u3. (d) Triggering time of u4.

is considered. The same topology is selected as Example 1.
In addition, each parameter’s physical meaning is shown
in Table I, and the system [60] is described as follows:

sialk 4+ 1) = siq(k) + T (=si1(k) + T (k)
Sinlk+1) = si2(k) + T(=si2 + ki Tii(k)

—Tip(k) +di(k), i=1,2,3,4

N
= ! —p=5
B / -~ p=10
% 200 200 600 500 1000
t/s
Fig. 6. Trajectories of @ ,, @y, and @, in Example 1.
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—_—Yd
0.065+ ZIZ N
- = U3
0.06 ==
0.055
0.05
0.045
0.04 1 R
0.0351 1
0.03 - - - -
0 200 400 600 800 1000
t/s
Fig. 7. Trajectories of followers y; and leader y; with i = 1,2,3, and 4 in
Example 2.
TABLE I
PARAMETERS OF SIMULATION
Gi,1 = 0.04  the Damkohler number
Gi2 = 25.2  the dimensionless cooling rate
f1i1 = 21 the heat of reaction for dimensionless
s;,1(k) the dimensionless concentration at time k
s;,2(k) the dimensionless temperature
d; (k) the disturbance
T the sampling period
with
wi5i 2 (k)
Ti1(k) = 6;1(1.23 — 2.25;1)e 772
Lia(k) = 6i2(sin(k) — vi(k))
where @; = 28.5 and di(k) = (2/25)cos((1/50)k)

cos(si1 (k)). Moreover, the signal of the leader is y,(k) =
(7/1000) cos((97/20) + (17/2660)kx ) + (9/200).

We define the parameters s;(0) = [0.053, 0.053]7, 5,(0) =
[0.053,0.053]7 and s3(0) = [0.053,0.053]7, 5,(0) =
[0.053,0.053]7, and the remaining parameters are the same
as Example 1.

The practical simulation results are shown in Figs. 7-10.
Fig. 7 verifies the tracking control performance of the MASs.
Fig. 8 shows the responses of controllers and input signals
of MASs. Fig. 9 describes the event triggering time of u;—u4.
Fig. 10 shows the trajectories of multigradient recursive updat-
ing laws. From Figs. 3 to 10, it can be seen that all signals of
the discrete-time closed-loop MASs are SGUUB.
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Fig. 8. Controllers and input signals of MASs in Example 2. (a) Trajectories
of controller u; and input signal v;. (b) Trajectories of controller u, and input
signal v;. (¢) Trajectories of controller #3 and input signal v3. (d) Trajectories
of controller u4 and input signal vy4.
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Fig. 9.  Triggering time of u; with i = 1,2,3, and 4 in Example 2.
(a) Triggering time of u;. (b) Triggering time of u;. (c) Triggering time
of u3. (d) Triggering time of u4.
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Fig. 10. Trajectories of @y ,, @1 and @5 in Example 2.

Remark 3: To obtain the desired control performance,
select and adjust these parameters under the premise of meet-
ing the design conditions by our experience. In addition, these
parameters should be selected according to different system
models.
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V. CONCLUSION

In this article, a fault-tolerant adaptive multigradient recur-
sive RL event-triggered consensus control strategy has been
presented for strict-feedback discrete-time MASs. The multi-
gradient recursive RL algorithm has been used to avoid the
local optimal problem existed in the gradient descent scheme.
Then, a new event-triggered relative threshold control strategy
with compensation operator has been addressed to improve
the utilization of communication resources and weaken the
negative impact of the event-triggered threshold on tracking
accuracy and stability of closed-loop MASs. A distributed
fault-tolerant control method has been used, which can effec-
tively reduce the number of online estimation parameters.
Moreover, by combining the direct adaptive control method
and the multigradient recursive RL algorithm with LLPs,
the computational burden has been effectively reduced. It has
been proved that all signals of the closed-loop MASs are
SGUUB. At last, the effectiveness of the proposed control
scheme has been testified by two simulation examples. Switch-
ing threshold event-triggered multigradient recursive RL con-
trol problem of discrete-time MASs will be an interesting topic
for our further work.

APPENDIX
This section will give the proof of Theorem 1.
Step 1: The following Lyapunov function candidate is
considered:
Vii(k) = Via1(k) + Vip1 (k) + Vi1 (k) + Vi1 (k)
with

Qial 2
—f &2 (k),
3(6; + cio)? i)

n—1

ai,bl =~ Y
Vipi(k) = T z @tk + ),
i1 4
J=0

Vi,al (k) =

O

Vi,cl (k) =

0 =2
X . wi,g(k)9
i,0

P
Viar(k) = 2ai0 > €7 ,(k — 1)
=1

where a; 4,1 > 0, a;51 > 0 and a;, > 0 are constants, and
eiolk —1) = @i (k)i (k — 1) with @i, (k) = @i0(k) — i,
being the estimation error.

In the light of Cauchy—Schwarz inequality, it yields

AVia1(k) < aian T,‘?]fi%z(k) + Qa1 Ti?leiz,l (k1)

Otij
+aiathel (ke (ki) — L)

30 + ci0)* !
Qj,al Tiz,lfl%z(k) + @i a1 Tiz,lein (k1)

Qial 2
L —
30 + ci0)? i)

AVipi(k) < —aipi(1 — pB&in)

p
XZ(Xi,l(kl — 1+ 1)+ giotk =14 1))2
I=1

p
— ai,blzeiz,l(kl — l + 1)
=1

IA

-
+ai,alfl‘,1€i,1 -
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p
+20i > el (k—1+1)
=1

+2pPotipi[@i0 + @i I,
AVie (k) < —aio(1 — pBEioo?)

XD Gigiok =1 +1) + ik =1+ 1)
=1

P
— Jio(k —1)* — ai,oé?Zeﬁo(k —1+1)
=1

p
+ zai,ozezo(k =)+ 2pai,
=1

x [@; (1 +6;) + 11

p
AViai(k) = 2a;, > e} ,(k—1+1) = 2a;,
=1

P
x Zeio(k -1
=1

where e; (k1) = @1 (k)di1 (@i (ki) and €] (ke (ki) <
Ei1 + 2J_w, 1) = &) with & > 0 being a constant and
¢i.1(k) < &;1. Then, one has

AV, (k)
< —aipn(1 = ppgi1)

P

3 Grialky = L4+ 1) + ik — 1+ 1))
=1

- ai,o(l - pﬂ(i,oég)
P

XD Gigiolk =1+ 1)+ Yok — 1+ 1) = gio(k — 1))
=1

Qial

R

(a1 — aiary)er (ki)
- ai,b1ze,~2,1 (ki — 1+ 1) = (01,007 — 2011 — 20110)
1=

P
x> el (k =1+ 1) + aiat} &L (k) + 7
=1

(29)

where riy = aathé@n + 2pfoinlmi. + @ial* +
2pai o @iof(1 + ;) + 117,

Step m (2 <m < n — I): The following Lyapunov function
candidate is considered:

Vi,m (k) = Vi,am (k) + Vi,bm (k)
with
Viam(k) = Giam 52 (k)
o n—m
Vi,bm (k) = l,—mzd_}fm (km + ])

im
J=0

where a; ., and a; 4, are positive constants.

In the light of the forward difference, it yields
AVi,am (k) =< Oiam T,’%mé,%m+1 (k) + i am Ti?meiz,m (km)
Ai,am
+ O am Ti%meiTm (km)ei,m (km) - l; é[Z’m (k)

2 2 2
Qi,am Ti,mé:i,mwtl (k) + Qi,am Tim

IA

al am é,zm( )

X ei%m (km) + CGiam Ti?mgi,m
AVi,bm(k) = _Ofi,bm(1 - pﬁ(i,m)

p
XZ(Xi,m(km —1 + 1) + Xijg(k —1 + 1))2
=1

P
- ai,bmzeizjm (km -1+ 1)

=1

p
+20im D €7, (k—141)
I=1
+ 2pﬁai,hm[u_-fi,o + U:fi,m]z,
where ei,m(km) = z%i,m(km)q_si,m(wi,m(km)) and GZm(km)ei,m
(k) < Gim + 2/P@im)? = & with &, > 0 being a
constant and &;,, < &;,,. Then, it yields

AVl,m(k) = _Ofi,bm(1 - pﬂ(i,m)

p
XZ(Xi,m (km
=1

P
ai,am
= =5 R+ 20 D el (k =1+ 1)
=1

(az bm — GiamT; m) €im (km)

- ai,bmzeiz,m (km -1 + 1)

— 14 1)+ giok — 1+ 1))?

+ Fian + Oiam T ot (6, (30)

where 7, = Oiam Tfmé,m + 2pB0i o @io + Tim]*.
Step n: The following Lyapunov function candidate is
considered:

Vi,n (k) = Vi,an (k) + Vi,bn (k)
with
az an
Vian(k) = —=2&7, (k)
Oj, bn ~ 2
Vi,hn (k) (k)
Cin

where a; 4, and a;;, are positive constants.
On the basis of the forward difference, it yields

AVi,an(k) = a anfizn(l + goi(k)i;/i)2 ; (k)
+ a; anT, n€i, n(k)gt n(k) + O, andz(k)
al an
+ i anti, i (k) — 512,,( )
= Qijan 7, n(l + @i (k)ﬂl)ze, n (k)

72
+ 0 an Tijnfz,n + az,and

Qi,an

4 éiz,n(k)’
AVi,bn (k) =< _Oci,bn(1 - pﬁ(i,n)

2 2
+ Qian Ti,nnm -
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P
XD (inlk =1+ 1) + yio(k — 1+ 1))
=1

p
— i D el (k=14 1)

p
+20n Y el (k—1+1)
=1

+2pﬁai,bn[u_-fi,o + U:fi,n]z

where e, (k) = @;,(k)pin(win(k)) and eln(k)e, a(k) <
(1 + ¢;(K)71:)?* @0 + 24/B@i ) = &, with &, > 0 being
a constant and ¢;, < & ,. In addition, by using Lemma 1,
it yields that z; (k) < =, with 7,, > 0 being a constant. Then,
it gives

AVt,n(k) =< _Oci,bn(1 - pﬁ(i,n)

»
X3 (i =1+ 1) + Ziolk — 1+ 1))?
=1

P
ai,an 2 2
- 4 éi,n (k) + 2O(i,bn ;:l ei,o(k —1 + 1)

— tian?, (1 + 0i ()71 e, (k)

- (ai,bn

P
— i D e (k=14 1)+ iy
=2

€19

2 2 2
atan‘[ Etn + aland + GianT; , T +

where r;, = inm
2pP 0t pn @i + w,,,,] . Then, we let

n
Vi(k) = Z"w
albl// Oial

= ky+j)+ "

Zaw o 52k 30+ ci0)
n—1
i,a ai,an

xffl(k>+z L8, W0+ = k)

(“’ @2, (k) + 2a oze, J(k—

=1

where k, = k.
Consider the Lyapunov function as

N
= ZV,-(k).
i=1

By combining (29)-(31), we can obtain

V (k)

AV (k)
N n
< =D ainy, (1= ppiiy)
i=1y=1
P
X iy ky =1+ 1)+ gip(k =1+ 1))
=1

- pﬁ(i,obt‘z)

N
— Zai,o(l
i=l
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P
XD Gigiolk =1+ 1) + Yok — 1+ 1) = gio(k — 1))

=1
ZN: Qi,al (k) ZN:nZl: zaz//éz (k)
3(9 +< i=1ly=2
N n—1

Zal an élz,l(k) _ ZZ(aiij, — Giay T,‘?l//)eiz,l// (kl//)

i=1y=1
N

= (tion = tiant?, (1 + 0 (R)i1)?)e?,, (k)

i=1

—Zza, bWZe,W(k 141

i=1ly=1
2a,-,0)ze§0(k Y

—Z a,oo
=1
—}—ZZZa,bV, X Zew(k [+1)

i=1y=2
N n—1

+zzai’“¥" Ti?y/é:i%vﬂrl (k) +r

i=1y=I

2al bl —

N n
where r = > r; with ri = > 1.
i=1 w=I
Choose the proper parameters such that 0 < (¢, <

(1/(pBoH), 0 < ¢y < (1/pB), where w = 1,...,n. Hence,
it results in

N
Oi,al

k - k
AV (k) < ;:3(9,~+ 0)2,1()

N n—1

Qi ay 2 2
X (5" vt ®
i=1ly=2
N
Qi,an 2 2
— Z( 4 - ai,a(n*l)Ti,(n—l))é:i,n(k)
i=1
N n—1
2 2
— Zz(ai’b'/’ — ai,awri,w)ei,y,(k.,,)
i=1y=I
N

- Z(ai,bn — OQj,an Tfn(l + i (k)i;/i)z)eiz,n (k)

i=1

—Zza, bWZelW(k —I+1)

i=1ly=I
N n
.2
— E 0007 — 20 p1 — 20,0 — E 20 py
i=1 y=2

p
XD el (k—1+1)+r.

=1

Clearly, the parameters satisfy

alau/>3a1a(u/ I)Tl(l// 1) WZZ,,I’Z—l

Qian > 4ai,a(n71)fi,<n71>
w=1,...,n

2
ai,by/ > a,',a.,,ri’w, —1
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Oipn > ai,anfi%n(l + goi(k)i;/i)2

n
.2
Qi 007 > 20 p1 + 204, + E 20 py -
=2

Based on [32], we can get AV (k) < O from the following
conditions:

ﬁ

IS (k)| >
’ Va1 /GO + 00
or
ﬁ
&y K > —, w=2,...,n—1
4 /_(DI
or
\/;
|§i,n(k)| > >
\/ai,an/4 — Gia(n-1)T; (1)
or
lei,y, (k)| > Vr , o w=1,...,n—1
v/ Giby — Giay Ti%t//
or
ﬁ
lein (k)] >
\/ai,hn - ai,anfi%n(l + (Di(k)ﬁi)z

or

p

Zeizw(k,,,—l—}—l) > i, w=1,...,n

1=2 ' Oiby
or

P
et (k—1+ 1) > N
2 N
2

where (D] = ai,av,/3 — ai,a(t//—l)Ti?(q,_])» (Dz = 000;
206 p1 — 20,0 — Z'L:z 20 py . Then, it means that all signals
of closed-loop MASs are SGUUB.

Remark 4: Compared with the results in [30]-[32],
the multigradient recursive RL algorithm with LLPs is used
in this article, which can avoid the local optimal issue
and decrease online estimation time. In addition, differ-
ent from the traditional relative threshold event-triggered
strategy [35]-[41], a compensation operator is introduced in
this article, which can reduce the communication burden and
weaken the negative impact of the event-triggered threshold
on tracking accuracy and stability of closed-loop MASs.
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