IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 5 December 2022, accepted 17 January 2023, date of publication 25 January 2023, date of current version 30 January 2023.

Digital Object Identifier 10.1109/ACCESS.2023.3239665

== RESEARCH ARTICLE

H . Control for Oscillator Systems With
Event-Triggering Signal Transmission
of Internet of Things

LUY NGUYEN TAN“?, (Member, IEEE), NISHU GUPTA“2, (Senior Member, IEEE),
AND MOHAMMAD DERAWI 2

!Faculty of Electrical-Electronics Engineering (FEEE), Ho Chi Minh City University of Technology (HCMUT)—Vietnam National University Ho Chi Minh City
(VNU-HCM), Ho Chi Minh City 700000, Vietnam

2Department of Electronic Systems, Faculty of Information Technology and Electrical Engineering, Norwegian University of Science and Technology, 2815
Gjpvik, Norway

Corresponding author: Nishu Gupta (nishu.gupta@ntnu.no)

ABSTRACT This article proposes to design a distributed Hy, optimal control algorithm for Van der Pol
oscillators with unknown internal dynamics, input constraints and external disturbances, via event-triggering
signal transmission of the Internet of Things (IoT). First, the graph theory for the 10T is introduced. Second,
the dynamics of Van der Pol oscillators are transformed into the tracking dynamics which cooperate via
the IoT network. Third, unlike the existing online optimal control algorithms using adaptive dynamic
programming, we design an H, optimal control algorithm employing an event-triggering signal transmission
mechanism to reduce the burden of communication resource and computation bandwidth of the IoT network.
As the triggering condition and approximation parameter update policies are appropriately designed, the
algorithm guarantees that the Zeno phenomenon is free, the consensus errors are uniformly ultimately
bounded, and the external disturbance is compensated. Finally, numerical simulation results with comparison
to the time-triggering algorithms confirm the effectiveness of the proposed algorithm.

INDEX TERMS Communication resources, event-triggering, IoT, multi-agent systems, neural network, Van

der Pol oscillators.

I. INTRODUCTION
Internet of Things (IoT) technology has recently received sig-
nificant attention from research communities and industrial
societies due to the communication ability among devices
and intelligent selection ability of perception and execu-
tion [1], [2], [3]. The controller for each device in the IoT
can interact through the network to exchange data, generate
control signals, and send feedback to others [4], [5], [6], [7],
thanks to machine learning, distributed control algorithms
for devices/plants that have been widely studied for recent
years [6], [7], [8].

The non-IoT conventional distributed control algorithms
are based on the time-triggering mechanism, where the
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controllers sample the states with the same periods and
then exchange information with each other through the
communication network. This way of transmitting infor-
mation is inefficient because a device periodically contin-
uously sends the same information to others or its remote
controller [9]. To overcome the burden of communication
resource and computation bandwidth, the event-triggering
mechanism was first investigated for scheduling stabiliz-
ing control tasks [10], where a controller only receives
feedback states, updates its parameters and sends con-
trol signals to plant only when an event-triggering con-
dition is violated. Inspired by the idea, several works
related to event-triggered (ET) control for multiagent have
been developed [11], [12], [13], [14], [16]. In [11], the
ET decentralized control scheme for interconnected non-
linear systems is proposed. The event-triggering condition
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is designed suitably to reduce the computational burden
on the controllers. Narayanan and Jagannathan [12] pro-
posed a distributed optimal control scheme for interconnected
affine nonlinear systems, where observers used the trig-
gered system output to estimate the states of the subsystem.
Vamvoudakis et.al. [13] designed the ET optimal tracking
control algorithm using actor-critic structure in reinforcement
learning theory of machine learning. Tan [14] designed an ET
H distributed control algorithm for large-scale systems with
physical interconnection, external disturbances and input
constraints, where the subsystems are isolated and exchange
states and control signals over the network. Qin et.al. [15]
proposed a safe ET control method based on ADP and the
zero-sum game theory for nonlinear safety-critical systems
with safety constraints and input saturation.

However, the algorithms mentioned above, despite using
event-triggering mechanisms, are mainly designed for non-
IoT-controlled plants, which have the advantages of stable
limit cycles and stable equilibrium points at the origin. For
example, distributed control algorithms were devoted to con-
sensus problems of the systems with simple models in a kine-
matic form or a double integrator (see [17] for more details
about the applications). An ET control learning algorithm
was designed for an application of voltage source inverters
in [16], where the disturbance rejection policy and the optimal
control policy are approximated to drive the AC output to
the reference while minimizing energy loss. Unfortunately,
it only applies to single systems that are not connected to the
IoT network.

Recently, the Van der Pol oscillators, an original model
of an electrical circuit with a triode valve [18], have been
interconnected in IoT networks due to the requirement of
industrial applications [1, Ch. 6], [19]. The model is then
extended to dynamics of relaxation oscillations, elementary
bifurcations, and chaos [20], [21], [22], [23]. The different
models have been used to design various practical IoT appli-
cations in radio engineering, power systems, combustion pro-
cesses, biomedical engineering, and robotics. In [24], [25],
and [26], Van der Pol oscillators, including uncertain param-
eters and unmodeled dynamics, were controlled by adaptive
control algorithms using neural networks (NN). In [27], the
outputs of the oscillators were forced to track the refer-
ence by NN-based feedback linearizing control algorithms.
Experimentally, a sliding-mode observer was used to esti-
mate the states of the oscillators [28]. In optimal control, the
oscillators were presented by the strict-feedback nonlinear
systems [1, Ch. 6], [29], [30] and nonlinear systems with
input constraints [1, Ch. 6], [31]. The optimal control laws
were derived from adaptive dynamic programming (ADP)
principle.

Although Van der Pol oscillators are widely applied to
many engineering disciplines, IoT-based control with the
event-triggering signal transmission has not yet been con-
cerned about saving communication resources. Furthermore,
the oscillators in the IoT network, impacted by unknown
internal dynamics, input constraints and external distur-
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bances, has been not considered. In this paper, the signals
of constrained control and disturbance estimation will be
exchanged over the IoT network for executing the con-
trol policies. The exchange is in the dynamic sampling
instants with variable inter-event time rather than fixed sam-
pling periods. These instants are generated by an adaptive
event-triggering condition to guarantee closed-loop stability.

Compared with the works mentioned above, the main con-
tributions of this article are three-fold:

1) Unlike the available algorithms of distributed optimal
control for nonlinear systems that are not connected to
the IoT network [11], [12], [13], [14], [16], we design
an algorithm for Van der Pol oscillators in the IoT
network dealing with neither controlled stable limit
cycles nor stable controllable equilibrium points at the
origin. Especially, the system model is in the presence
of unknown internal dynamics, input constraint and
external disturbance.

2) Unlike the optimal control methods for the Van der Pol
oscillators [1, Ch. 6], [29], [31], we further integrate the
event-triggering signal transmission of the IoT to ADP
and the two-person zero-sum game theory [32], [33] to
obtain a new ET control algorithm which can mitigate
the communication resource and computational band-
width in the IoT network. The ET solution of Hamilton-
Jacobi-Isaacs (HJI) is approximated online to find the
saddle point for control and disturbance compensation
policies. In addition, the difference between the ET
control algorithm in the paper and one in [30] is that
the distributed control via the IoT network is consid-
ered instead of decentralized control through non-IoT-
subsystem isolation.

3) An adaptive triggering condition is designed and a rig-
orous proof is made to ensure that the closed dynamics
are asymptotically stable while the Zeno phenomenon
is excluded. Compared with the sampling period—based
control algorithm in terms of communication resource
and computation bandwidth in an application, the pro-
posed algorithm is shown to be more effective.

The rest of the paper is organized as follows. Section I
introduces the preliminaries including the graph theory for
the IoT and the system dynamics, Section III presents the
analysis and designs algorithms, Section IV applies the algo-
rithm in numerical simulation studies, and Section V briefly
concludes the paper.

Notation 1: Throughout this article, X € R” denotes vec-
tor X with the n-dimensional Euclidean space, and Y € R"*"
denotes matrix Y with the n x m-dimensional real space. || X ||
and || Y || are the Euclidean norm of X and the Ly-norm of Y,
respectively. Amin(.) denotes the minimum eigenvalue of a
matrix (-), o(.) is the minimum singular value of a matrix (.),
and diag[X] transforms vector X into a diagonal matrix.

Definition 1 (Uniformly Ultimately Bounded (UUB) [34]):
The equilibrium point xg of dynamics x = f(x,u),x € R”
is said to be UUB in a compact set 2 € R” if there exists
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a bound B and a time T (B, xo) for all xo €  such that
lx —xoll <B,Vt >10+T.

Il. PRELIMINARIES AND PROBLEM FORMULATION

A. GRAPH THEORY FOR loT

A graph G(V, E, A) in the graph theory is employed
to construct an IoT topology of devices/plants, where
YV = {s1,...,sy} is anodes set, & € V x V is the edge
set, A = [u;] is a weight matrix. If u; ¢ &, uj = 0,
otherwise u;; = 1. If device/plant j can exchange information
to device/plant i, s; is a neighbor of s; with j € N; =
{j isj €V, (si,85) € E} Define the Laplacian matrix £ =
B—-A € RNXN, B = diag(ﬂl-), Bi = ZjeNi Mij. The
edges from nodes to the root 0, namely leader, is presented
by C = diag a1, a2, ..., ay]. If no edge from i to 0, ; = 0,
otherwise o; = 1. If there exists a directed edge between s;
and s;, V(s;, s)) € V, s; # sj, £ and A are irreducible [35].

B. DYNAMICS OF VAN DER POL OSCILLATORS
In this section, we present the normal dynamics of Van der
Pol oscillators, then by a definition of event-triggering sig-
nal transmission, the tracking errors are defined via the IoT
network.

Consider Van der Pol oscillator dynamics i, presented as
a strict-feedback nonlinear system with unknown internal
dynamics, input constraint and external disturbance:

Xi1 = fi1(xi2) + ki1 (xi1)di1
Xio = fio(xi3) + ki2(xi2)d;2

Xin—1 = fin—1(in) + Kin—1(Xi n—1)di n—1

. 1

Xin = —fin(Xin) — Eﬁ',n(xi,n) (1 _f}?n(xi,n—l))
_ﬁ"zn(xi,n—l)ﬁ,n(xi,n) + Givn (Xi1s oo Xin) Uin

+hin(Xi 1, -+ Xin)din
(H
where u; € R is the control input constrained by ||u;|| < u; for
a positive constant ;. Foralll = 1,...,n, x;; € R is state

available for full feedback, f; ;(.) € R is unknown function,
gin () € R, ki (.) € R, are state-dependent functions, d; ; €
R, is external disturbance. The compact form of dynamics (1)
is written as

Xi = fixi) + giteui + kiCxi)d; ()
where x; = [)_ci,l, Xi2s oo, )ci,,,]T e R, gi(x;) = [0,0,...,
ginl| € R ki(x)) = diaglki 1, ki, ..., kinl € R, d; =
[di,lv di,Z, L) di,n]T € Rn»
i fi1(x2) ]
fi2(x3)
ﬁ(xi) = fi,nfl(xn)

1
_fi,n(xi,n) - Efi,n(-xi,n) (1 _fj,zn(xi,n—l))
—f 2, (i n—1 i n (i 0)
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Note that since f;;(.),! = 1,...,n, is unknown, internal
dynamics f;(x;) is completely unknown. To facilitate the later
design, we adopt the following assumption.

Assumption 1: g;(x;) and k;(x;) are bounded for unknown
positive constants bjg, ki, i.e., ||l < big, | kiCx)| < bix,
d; € L5 [0, 00), fi(x;) is Lipschitz continuous.

Remark 1: Assumption 1 is practical in many industrial
applications [28], [29], [31], where internal dynamics of (1)
is Lipschitz and the measured output is bounded. The upper
bounds in Assumption 1 are only used to prove stability (see
Appendix A) and are not used in the control law.

Consider the dynamics of the leader without disturbance:

X0,1 = X0,2

X0,2 = X0,3

: 3)
X0,n—1 = X0,n

. 2 2
X0,2 = —X0,1 — EXo,z(l = X{.1) — X(.1%0,2 + Xo0,1t0

where control input ug is constrained by |ug| < ug, ug > 0.

With the event-triggering signal transmission and the
topology of [oT, we define the consensus local tracking error
among systems 7, neighbors j and leader 0, xo = [xo, 1, xogz]T,
as

8= > wijlxi — X)) + ei(x; — x0) )
jENl‘

C. IoT-BASED CONSENSUS TRACKING ERRORS
Assumethatats} € T,T = (e} 1], ... tj. 1), |, ... |t <1} <

. < t,i < t,iH < ...}, the control input of (1) is updated
when an triggering condition, to be designed later, is violated.
The triggered dynamics of (2) is rewritten as

% = filx) + 80w + ki(xi)d; ®)

wherey;,i=1,2,... ,N,isupdatedatt,’;,k =0,1,....,and
held until t,i 4 by the zero-order hold (ZOH).

We define the triggering consensus local tracking error
between system i and its neighbors as

éi = Z IM]@; - )_Cj) + Oli()_Cl‘ - )_C()) (6)

JjeN;

where x; = x(t), X = xj(ty), h = argmin,  {t — 1) : ¢ >
.t €l th, D) xo = xo(t)). Let § = [8]., 8] ... 8317
and x = [)_clT, )_CZT, e ,)_C;]T € RM be the overall vectors, the

triggering consensus global tracking error vector via param-
eters of the graph G(V, B, A) is defined as

8=(L+0®L)x— 1y ®Lx)eR"™
=(L+0O)®Iye @)

where ® is the Kronecker product, iN =[1,..., 1]T e RV,
I, is an identity matrix of sizen, e = x — Iy ® I,,x, € RN
is the event-triggered global tracking error.
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The constraint of the triggering consensus local tracking
error and triggering consensus global tracking error is fol-
lowed by Lemma 1.

Lemma 1 ([35]): The bounded local tracking error leads
to bounded global tracking error if the following inequality is
satisfied with the minimum singular value of L+C, o (L+C):

lell < (8] /e(£+0) ®)

Control Objective: By Lemma 1, the control objective is to

design the locally distributed control policy of each system

with unknown internal dynamics, input constraints, and exter-

nal disturbances. The design employs the event-triggering

signal transmission of IoT to reduce the burden of commu-
nication resources and computation bandwidth.

lIl. 1o0T-BASED DISTRIBUTED H. ET CONTROL
In this section, an event-triggering signal transmission cost
function is defined and the HJI equation is derived. Then,
an online algorithm is designed for approximate control pol-
icy and disturbance compensation policy.

Define d; = d,-(t,i) #0,k=0,1,...,i=1,...,N is

disturbance compensation policy to be designed later. u_; =

w = ui(ty),j € Np,h = 0,1,....d ; = d; = di(1y),j €
Nih = 0.1,... # 0,00 = [0 u ©)u’,0]".
Inspired by the work in [37] for Hy, optimal control with
the disturbance compensation, the performance output n, is
required to be minimized such that the bounded £,-gain holds
the following condition:

00 00
/ ‘ dt = / (é,-TQiéi +UW)+ D U (!j))df
0 0 JjeN;
o0
< /0 (Vizig—ii +y7 2 d} ij)dt ©

JeN;

|

where Q; is a positive definite matrix. By expanding the work
in [37], there exists an attenuation level, y; > 0, for the
bounded £;-gain condition (9) to be satisfied, Vi =1, ..., N.
For constrained input control problems, the nonnegative func-
tion U (u;) is selected by evolving from a single system in [31]
and [36] as

Uu;) = 2it; /  tanh )T s/ Rids (10)
0

where R; is the main diagonal elements of a positive definite
matrix.

Remark 2: The nonnegative function (10) uses the hyper-
bolic tangent function, which is a one-to-one real-analytic
integrable function of class C"7, n > 1, used to map R onto
the interval (-u;, u;).

The triggering local consensus performance index function
is defined based on [14] as

o
Ji (§1(0)7 d;,d_;, u;, Zfi) = /O (QZTQzQ, + U(u;)

+> U - yid d; -y > dld)ar ()
jeN; JEN;
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Remark 3: In the cost function (11), different from work
in [14], the event-triggering signal transmission is employed
for not only the ET control policy but aslo the ET disturbance
compensation policy.

Let inputs u; and d; be depended on states. Then, the
triggering local consensus value function is written as

o0
Vis) = / Kispdnd_au_)di (12)
t

where K; = 87 0:i8; + Uw) + X, Uw) — vid d; —
yl.z ZjeN,- QJTQ - By adopting the two-person zero-sum game
theory, we introduce the optimal value V;* (§ i) [38] as

V7 (3;) = min max/i(8,(0). d.d_;. u;. u_;) (13)
Ei a;

The saddle point (7, d}) to (13) exists if the following Nash
condition holds [38]

HE“ H};}X Ji (éi(o)v di,d_;u;, E_i)
= max ngnJi(Qim» did_jupuy) (14)

Applying the ET control laws and ET disturbance compensa-
tion policies to dynamics (4), the consensus tracking dynam-
ics is rewritten as

i = itz + i+ ) (8w, + i)
= (B + kxd)) (15)
JjeN;
where fi(gl.) = fi()_c,») + ZjeN,- uaf_j()_cj). Then, we define the
Hamiltonian as

Hi(éi’ d;.d_; u;, H—') =Ki

1

+V Vi*T (fz(é,) + (Bi + ;) (gi(ﬁi)ﬂi + 121(3_51)41)

= (@ + léjo_c,-)a_l,-)) (16)
JjeN;
where VV*(8;) = dV(§;)/98;. Apply the stationary condi-
tion to (16), control and disturbance compensation policies
are computed as follows:
—1

dr = LZ('BZ + (Xl’)/;iT(J_C,')VVi*(éi) (17
2y;

Bitoai, g *
SR & @)VVIE)
1

u = —uitanh(M}), M} =

(18)

Substituting (18) and (17) to (16) we have the triggered HJI
equation:

Hi*(éi’ i?’i*—i’ﬂ?:ﬂ*—i) = ’C;

+vvrt (fi(g,-) +(Bi + Oli)(g’i()ﬁi)z? + ];i()_ci)i;)

= wi(@u; + ]Ej()_cj)f_l;)) =0 (19)

JeN;
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where Kt = 87 0i8; + U)) + X e, UW)) — yid} T d} —
y Z]EN —7Ti*

According to [37], there exists a positive definite smooth
minimum solution V;(§;) to the triggered HJI (19). However,
as fi(z;) is unknown and (19) is high-order nonlinear differen-
tial, the analytical solution cannot be found. NN combined
with event-triggering is our choice to learn the solution.
The smooth optimal value function V*(3,), i = 1,...,N,
is therefore approximated by the Weierstrass higher-order
approximation theorem [36] as

VA8, = W, ¢i(8;) + i(8)) (20)

where ¢;(5;,) : R*" — R", W; and ¢; are the activation
functions, the ideal weights and the NN approximation errors,
respectively. By the higher-order approximation property we
have the following assumption [39].

Assumption 2: If ¢;(3;) is a complete independent basis
set, then &;(§;) — 0 and Ve;(8;,) — O whenh — oo.If h
is a fini < big, | Vei(8)| < bive, where
bi¢, biv. are positive constants.

We obtain the NN-based triggered HJI by substituting (20)
to (18)—(19):

H;(in WiTV‘Pi’Z?»i?)

= K} + W?w,-@i)(ﬁ(gi) + i+ ) (Bl + i)
= > wi(@u; + léjoﬁﬂc_l;)) —en =0 (D)
JjeN;

where
ey =H —H; = Vs (fi(éi) +(Bi + Oli)(éi()_c,-)zi*

HhiCe)d;) = D i (& + 12,-@,)0_1;)) (22)

JeN;

Remark 4: Recall Assumption 2 we have the bounded-
ness of gy on a compact set, i.e. Vbjg > 0, AN(big)
sups.cq lleill < biy. In addition, |l&;x|| — O when & —
o0 [36].

Since the ideal NN weights are not available, the value
function (20) is estimated by

Vi = W,T $i(8)) (23)

From (17), (18) and (23), the disturbance compensation pol-
icy and the optimal control policy are approximated by

~ 1 _ N
d;= —(Bi+ak] (x)VV; (24)
2y;
. _ A 1 L .
iy = —wanh(M), M; = —(i+ak; '8l )V
1
(25)
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Using (24), (25) for (21), one obtains the approximate Hamil-
ton as

Hi(8;, W) = K; + W?V@(él-)(ﬁ(gi) + (Bi + i)

(@i + ki, ) = D (&0, + léj(zpéj))
jeN;
] (26)

A

”n N

wherelC_U(u)—}—eZI:\IU(u) ylgd yj EZI\:IQC_J
J J

Next, we propose a NN-weight tuning law to force

W,- — W;foralli = 1,..., N. In other words, our goal is
to obtain H; — H * = 0. To remove the system identification
procedure for internal dynamics fi(z,), the integrated rein-
forcement learning technique [40] is used in the paper, i.e.,
the residual error function, which we establish to minimize,

: 1T
ISE g =3V Vi

t

w,—/ (5 W)d @7)

t—=T

where T > 0 is a small interval. To ensure the NN-weights
converge to global values but avoid using the persistent
excitation (PE) condition in adaptive control [41], we fol-
low the concurrent learning technique [42] The total inte-
gral past residual error, E; p = Zf 1 (tz) is utilized.
Then, the NN-weight tuning law is derlved from modlfy-

ing the Levenberg-Marquardt algorithm, such that W, =

A . 7. NP Agi(t)
—pi (AgiT Agi+1)? O 4 /0Wi Piily (Agi(1) T Agi(1)+1)?
0E; p/oW;
A¢ ;
:}W:— '—i A TW+/’€TdT
i pl(A¢iTA¢i+1)2( o i i(T)

P; R 4 )
—pi ) Agi(tr) (Aqs? (Wi + / . icz-(r)dr) )
=1 =

(28)
where p; is an update rate, and
t
Agi(8i(1)) = / Vi (fi(gi) +(Bi + ai)(éi()_ci)ﬁi
T
‘H;i()_ci)éi) - Z Hij (g’j()_cj)ﬁj + ];j(ij)ij))df

JeN;
t
= [ Vadir = 0i(5:0) - i - 1) 29)
=T
Agi(§i(1)), Ki (tl) at 1 = {to,t1,...,tp;} < t are stored
in sets{A¢,(t1)}l 1,{IC }l o- It worth notmg that{Aqb,(tl)}l 0

must be linearly independent or rank[A¢1(t0)
Ag(t), ..., Agtp)] = P; [42].
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Remark 5: As the unknown internal dynamics, f,-(gl.),
is absent from (29), a system identification procedure for
unknown function is unnecessary.

Let the triggering error be defined as ¢; = §; — §;, by the
Assumption 2, the following assumption is satisfied:

Assumption 3: For a positive constant Liyvg, Vi(3;) is
Lipschitz continuous

V$i(8i) — Vi(8)Il < Livelldi — 3;Il = Livglleill  (30)
Next, we design the triggering condition based on the trig-
gering errors and Lyapunov theory. The condition guarantees
that the closed- system is stable.

Condition 1 (Event-triggering condition): The consensus
tracking errors are sampled and the parameters of distur-
bance compensation policy and the optimal control policy
are updated only when the following triggering condition is
violated:

leill < |eir|| = (1 —«i)
(- @5 + V@ - 2l
1 . 201112
(E - 1))\mm(Ql) + Ai ” Wl ”

1

1)

where ||e;r|| is a triggering threshold, 0 < §; < 1,0 < k; <
1 are design parameters, Amin(Q;) is the smallest eigenvalue
of O, A12 = _zzbizgl‘iqub ”R;I H

The IoT-based ET robust optimal control structure for each
system is presented in Fig. 1. In the structure, all systems
exchange the states, control and disturbance compensation
signals over the network. Each system updates the policy
parameters only when the triggering gates are enabled. t,i or t;:
are governed by the triggering conditions. The parameters of
the disturbance compensation policy and the optimal control
policy are adjusted via NN outputs while the NN-weights
are adjusted by the online weight tuning law. It is worth
emphasizing that all consensus tracking errors are sampled
non-periodically.

Remark 6: Although states §;,j € N; are continuously
transferred though the network for system i to compute the
triggering error e;, the control signals and disturbance com-
pensation signals of neighbors j are only transferred when
the triggering condition 1 is violated, otherwise they use
zero-order hold (ZOH). Compared with the time-triggering
mechanism, where the signal is transmitted continuously
according to the fixed sampling period, the communication
load in the event-triggering mechanism is mitigated.

A. STABILITY ANALYSIS AND ZENO PHENOMENON
EXCLUSION
In the following theorem, we analyze the stability and the
exclusion of the Zeno phenomenon. The Zeno phenomenon
occurs if the minimum inter-event interval is zero, result-
ing in excessively increasing the cumulative number of
events.

Theorem 3.1: Consider the Van der Pol oscillators (1),
which are networked with the topology resented by the com-
munication graph G(V, &, A). Let the consensus tracking

VOLUME 11, 2023

— a; &
Xo —.>| Triggering > i €N, a.
Consensus [«— i ¢/ | mechanism 4 A= &
Tracking X X Network i
errors (4) TN
dy
ty i
S k Xq=1.,N
&; , s wr N,
Xi - q=iillerll
7 A
S - agylw; | z;li-l Trigger-
Vi CDlsm{b\?;;e ={zoH Online weight ing cond.
12_). ompensatqn — tuning law (25) 28)
i 21) w; T T ‘ -
----------- 1 S Aw A 5
— | 1a0 [w i s o af
u; Oplirgay ZOH |4 < NN -
J: Contz6l (22) Agent
o - <y 3)
> A
vd P T le

FIGURE 1. loT-based ET robust optimal control structure.

errors be defined in (6). Let the ET disturbance compensa-
tion policy and the ET distributed optimal control policy be
approximated in (25) and (24). Let the triggering threshold
be designed in (31). Then, the closed-loop dynamics of each
system is stable and the approximation errors are ultimately
uniformly bounded (UUB). In addition, the Zeno behavior is
excluded since

£ =min(tl,, — 1) > 1 In (H—min w) (32)
A keN |18l + O;

where I';, O; are positive upper bounds.
Proof: See Appendix A. [ ]
Remark 7: In Appendix A, the closed-loop is stable when
: 2 N - .
Li < =(( = tmin(@0) 8] + UG@) — v 11d;11%) < 0. Ttis
guaranteed in (31) that ||€iT(f;{11)|| > 0.

IV. NUMERICAL SIMULATION

In this section, a numerical simulation study of the pro-
posed distributed robust optimal control algorithm for Van
der Pol oscillator agents is conducted. The comparison results
between the ET control algorithm and the time-triggered (TT)
control algorithm [1, Ch. 6] are performed.

The consensus network topology of IoT is presented in
Fig. 2, where the leader (ag), sends its states x, and con-
trol signal #, to agents 1 and 2 (a1, ap). Agent 1 sends
its information, including x i control signal &, and distur-
bance compensation signal d; to agent 2. Then, agent 1 and
agent 2 send their triggered information, including x; and
X,, control signals i, and #,, and disturbance compensa-
tion signals 2_1 , and 22, to agent 3 (a3) at the triggering
moments.

The states of the leader is generated by applying the fol-
lowing control law to dynamics (3) with g = 0.1:

| A
Ry "2 (xo) Vg (x0)Wo

ity = —iig tanh(M ), M, = i

8943



IEEE Access

L. N. Tan et al.: Hoo Control for Oscillator Systems With Event-Triggering Signal Transmission of Internet of Things

FIGURE 2. Consensus network topology of leader and agents.
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FIGURE 3. Evolution of states of leader and agents forxp, ,h=0,...,3.

where W, is updated by the law (28) with I@o = Ul(ug). The
triggering condition of the leader is

(1 — 20)min(Q0) | |* + Uliig)
R 217112
(5 - 1))me(QO) + A0 “ WO”

leoll < [eor| = (1 — ko)

The dynamics of all agents are presented in the form of (1),
where fix) = [xi1, —xi2 — gx2(l = 7)) — x7 %2l
gi(x) = [0,x:117, ki(x;) = diag[0, 0, ..., sin(4x; | — Dx; 2]
The control input limits #; = 0.1. For h = 0, 1, .., 3, the
initial weights Wh(O) =0, ¢p = [xil, Xn1Xn,2, xiz]T,
On =1, R, = 025, Ay, = 0.1, ¢, = 025, x5, = 0,
yn = 5(h # 0), the update rates p, = 25, the sampling
period 7. = T = 0.1(s). The dimension of past data
P, = 20. In the first 2 seconds, a small probing noise
sin2(7) 4+ 0.5 cos(r) — 0.1sin2(¢) cos(t) + sin’(¢) is added to
the control inputs to excite the system and collect the past data
fully.

Figures 3 and 4 show that after 20s, when NN weights
converge, the state trajectory of agents 1 and 2 synchronize
with the states of the leader while the state trajectory of
agent 3 synchronizes with the states of agents 1 and 2. From
Fig. 5, it can be seen that the state trajectory of the leader and
all agents approach to the origin in finite time. The costs of
the leader and agents are presented in Fig. 6, where all signals
converge to the near-optimal values.

The control inputs of both ET and TT algorithms, an exam-
ple of agents 0 and 2, are compared in Figs. 7 and 8. Although
the control signals are saturated at the maximum and min-
imum values, the closed systems are always stable. The
control inputs of the time-triggering algorithm are smoother
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FIGURE 4. Evolution of states of leader and agents forxp, ,h=0,...,3.
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FIGURE 5. 3-D phase plane plot of leader and agents.
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FIGURE 6. Cost functions of leader and agents.
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FIGURE 7. Comparison of control inputs between ET and TT of leader.

than those of ET control algorithm over time because the
ET control policies do not need to update parameters at
each sampling times, and do not generate the control signals,
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FIGURE 8. Comparison of control inputs between ET and TT of agent 2.

TABLE 1. Communication times for leader and agents.

Algorithms Leader | Agent1 | Agent2 | Agent3 | Total
Event-triggering 58 58 56 64 236
Time-triggering 300 300 300 300 1200
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e
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FIGURE 9. Triggering errors and thresholds of leader.
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FIGURE 10. Triggering errors and thresholds of agent 1.
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FIGURE 11. Triggering errors and thresholds of agent 2.

which are the same values as previous. Within the inter-event
times, the systems are controlled by last triggered control
signals.
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FIGURE 12. Triggering errors and thresholds of agent 3.
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FIGURE 13. Inter-event intervals of leader and agents.

In Figs. 9-12, the thresholds |leyr|l,h = 0,1,2,3 are
reduced accordingly the consensus achievement. The trig-
gering errors are less than the thresholds all the time. The
inter-event intervals generated by the ET control algorithm
is shown in Fig. 13, where the minimum inter-event time is
0.3s. Observing Figs. 9—13 we see that the Zeno phenomenon
is excluded.

The effectiveness of reducing burden of communication
cost is described in Table 1. The total number of communica-
tion times for the event-triggering algorithm is 236 while the
total number for the time-triggering algorithm is 1200.

V. CONCLUSION

This paper proposed a method based on the event-triggering
signal transmission of the IoT. Such a method is required
for the design of the algorithm of distributed Hy, optimal
control for Van der Pol oscillators with unknown internal
dynamics, input constraint, and external disturbance. The
system dynamics have been transformed into the trigger-
ing consensus tracking dynamics, for which the distributed
robust optimal control algorithms have been constructed. The
algorithm have employed the event-triggering signal trans-
mission of the IoT to reduce the burden of the communica-
tion resource and computation bandwidth. As a result, the
optimal control policy and disturbance compensation policy
have been derived based on the adaptive dynamic program-
ming and two-player zero-sum game theory. The triggering
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condition has been established such that the Zeno phe-
nomenon is excluded and the stability of the overall closed
systems is guaranteed. The numerical simulation results with
comparison to the time-triggering algorithms have confirmed
the effectiveness of the proposed algorithm. In the future
work, we shall concentrate on switching IoT topologies with
time-delay.

APPENDIX A
PROOF OF THE THEOREM 1

Proof: Followed by Lemma 1, one only needs to prove
the stability of each agent. Note that by setting ko = 0, xg =
i, and x, = §,, it is easy to infer the proof for the leader
based on the proof for the agent. First, we propose a Lyapunov
function candidate for agent i as

t 1 t - -
L= / Vi(Spdr + = / trace(Wl-TW,-)dr + V)
t—T 2 t—T ——
Li3

L Lip
(33)
for the optimal value functions V*(8;) and V;(§;). We divide
the proof into two situations: within the triggering intervals
and at the triggering time.
Situation 1:L;3 is zero as V*(8;) doesn’t change within the

triggering intervals. Taking the derivative of L;; along (15)
and using VV(8;9)f; from (19), we have

t t . .
Li :/ V(8ig)dr :/ VV(8i9)dipdt = L;l + L'z{l
=T =T
(34)

where

. t
L / (— 8 Qidi — UGup) + v lld?
t—T
— vyt (giu; + Iéid;) + Vvt (éiul + kid; ))d

(35)

L{lz/ ( D aiuw) + > apy} IId*II)

JjeN; JjeN;
(36)

Substituting ; from (18) to (10), one has
U@ = a(VVeHT tanh( R—1 TVV*)
o= - 1 N
+i#?Ri In (1 —tanh2 (Z—L_”Ri 1TvV; )) 37)

where R; is a vector containing main diagonal elements of R;
and1=1[1,1,1,1]". Replacing (10) into (37) one obtains

t
L = / (VV,'*T (g’i@i + kid; — kid,'*)
t—T
8. 016 + v d¥> — @R In (i — tanhz(Mi*)) )dr
(38)
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We change the last term in (38) to
#iR; In (i _ tanhZ(M;))

ui
= / 2i; tanh =7 (s/p)Rds
7}

+U(&;) — @;VV; " g; tanh(M}) 39)
One can perform the equivalent transformations:
i
vV T g = / 2u;M; T Rids — ;VV? T g; tanh(M}),
uf
KV =2y 2parTd < v (161 + 14012)),
57 Qidi = 8] 0i8; — 28] Qiei + ¢ Qie;
> (1= 6)hmin(@)I, 1 - (E-_ ) min(@)leil.
1

Employing the above statements and (39) for (38) we obtain
t
L) < / ( — (1= cmin(@0)3,
t—T

1 R N
+(E - 1)xmin<Qf>||ei||2—U(a,»)—%w?nginz)dr
(40)

where

i T
W, = / 2, (tanh_l(s/ﬁi) + M,.*) Rds (41
uf
Changing variable s = —u; tanh(v) one has

M; )
/* 2u; (v
i

=2 (¥ * T Y *
= u; (Mi_Mi) Ri(A—/Ii_Mi)
< @IRNIM, — M}|? 42)

Using VV} from (20) for M} and changing M and Al ;in (42)
by (25) one yields

v; — M) Ridv

IA

\I/<1u2

i ;ln(Hg?wf@o

.

+Hg, Vo, (8)(Wl +Ve(si )) H ) (43)

Employing the inequality (xy — uv)?> < 2x2(y — v)> 4+ 2v2(x —
u)? and Assumptions 1 and 2 one obtains

&7 @pveT6) - & @
Replacing (43), (44) to (40) one yields

. . t 2
Li < / (— (1 = ¢)Amin(Qi) ‘éi
T

5 1 . 2012 Yo 11
+Vi ” ” + ((E - ))\mln(Ql)+Ai ”WIH )HE,H

i

< biLyglel*  (44)

- Uy

[P + Wi+ oo s)
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1= 2 2 —1
= 2 zblg HRi
2th,v¢szs, 0= Xb,v¢b,v5

Next, according to (10) one has

where A? = X’levd)’ = Xib,-zv(p’ M2 =

*

u!
U}) = / 2uj tanh™
L

T(s/upRyds + 2U (i) — U (ii;)(46)

*

ux
where 81 = / ! 2u; tanth(s/ﬁj)Rjds is transformed as

L

Bi < —it(W; — Wi)" Vg, tanh(M,)
+itj(VW; + Vej) T Vepyg; tanh(M ')
+ﬁ}1'ej(1n(1 — tanh’(#,)) — In(1 — tanhz(Mj*)))
47)
In the fact that || tanh(v)|| < 1, Vv, In(v) <1 —v,—1 < Vv <
1, then &7 R;(In(1 — tanhz(M ) — In(1 — tanhz(M ») < Bo,

where ﬂz is a positive constant. Using Assumptlons 2 and (47)
we have

Bi < B3lIWill + Ba (48)

where 83 = ﬁjbjwij¢bjg, Ba = ﬁjijgij¢bjg + 283 + Bo.
It can be seen that from (46) 2|| U@j)H < Bs and by changing
s = —ujtanh(v), —U@j) becomes

0
~U(ly) = / 24 tanh™ ' (s/it;)R;ds
Y
=
o, | R
=/ 2MjRdeV§_Z.36”vvj” +§,37||W/|| 49)
)y
=
2 : 2
where B = ij"’jr'lelllwl?(bjR)’ A1 = ij(p%aN)i((bjR), bir =
||ij1 ||b]2g. By replacing (47) and (49) to (46), then using the
result for (36) one yields

1 - -
i, < - Z(Zﬂ6||wj||2—ﬂs||wj||)+ﬂ4 (50)

JjeN;

where B3 = B3 + %,37.
On the other hand, taking differential L, along (28),
we have

t
L,‘g = / (— OlWiTQ,'Wi
t—=T

Pi
+a W (A@sm +> A¢i(t1)8iH(tz)))df (51)

=1

where @ = AgiAG + S Agim)Adi(t) T, 2 > 0.
Using the Young’s inequality and the upper bound of €;5(.),
The last term of (51) becomes

2
dr

t
Lp < —(p;i — 1)/\min(9i)/ ‘Wi
p’ G 1)/ b2 dr (52)
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Substituting (52) and (45) to (33) yields

t
L; S/ (—(l—fi))»min(Qi)‘é,
t—T
1 204 112 2
#(( = 1)@+ A2
a2 Wi — 22
a1 = s (1Wil m)

- Bs (—||W||—%) +M4)df (53)

JjeN;

2
- U(t,)

+721

where u3 = p; — 1 — 1. u3 > 0. If the convergence rate

is chosen poi > m1+ 1. ug = po+ 4 L(P; + l)blng +

oy By + ’Z—S Define by, = ia/i3 + 42, by, =
a/Bs + noting the triggering condition (31) and When
Wil > le or 5 e, Wil > byy» we have L; <
—+B — & &|* + Ut - v21d, 1 < 0, vi.
Therefore, by Definition 1, the consensus NN approximation
errors are UUB and the closed dynamics guarantees to be
asymptotically stable. Note that by choosing p; appropriately,
the approximation errors will be asymptotic to arbitrarily
small values.

Situation 2: Vt =
one obtains

t,i, Vk € N, taking the difference of (33)

AL; = VA(8,(t) = VIt 1)

1 .
+/_ V*(Qi)dt - / Vi*(éi(t_))dr
n-T t;c_—T

+1WT(tk)W(tk) —WT(I Wit™)  (54)

From (53), as L,- < 0 and the trajectories of (28) and (15) are
continuous, we have

i—

1 t
/,k VF@,(ndr < / VEGT AT (55)
n-T 6T

W, (ehHWieh) < W, ()Wt ™) (56)

Then, we rewrite AL; as
AL; < VE@S(t) — V*(S:(ti_y))
VASi(t7)) — VAt )
—ki|8i(t7) = 8:(ti DIl =

where k; is in a class-« function [41]. Recalling (54), it can
be seen that the Lyapunov function (33) it is continuously
reducing at any triggering time, t = t,i, k e N.

From (53) and (57), it can be included that the closed
dynamics has been asymptotically stable.

To prove the Zeno behavior is excluded, we observe (24),
(2_5) and Lipschitz property of fi(z;). The dynamics (15), V¢ €
7 t,’c+1), satisfies

IA

A

—«illeitt DI (57)

18 = bir o] + Do Wil & (58)
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where Do = [IR; ' [|/2b7 Livs, + b /@y Livs,. fi < bir I3l
bjr > 0. For a small positive real number a;, we have

la <rded +Ti(lsd +a) 60

where I'; = T'jo + bjr. Formally, we can follow from [43] to
prove the rest of the proof.

This completes the proof. ]
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