IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received January 23, 2020, accepted February 17, 2020, date of publication February 21, 2020, date of current version March 3, 2020.

Digital Object Identifier 10.1109/ACCESS.2020.2975618

Adaptive Neural Event-Triggered Control of
MIMO Pure-Feedback Systems With Asymmetric
Output Constraints and Unmodeled Dynamics

YU HUA"“! AND TIANPING ZHANG 12

! Department of Automation, College of Information Engineering, Yangzhou University, Yangzhou 225127, China
2College of Mathematical Sciences, Yangzhou University, Yangzhou 225002, China

Corresponding author: Tianping Zhang (tpzhang @yzu.edu.cn)
This work was supported in part by the National Natural Science Foundation of China under Grant 61573307, in part by the Natural

Science Foundation of Jiangsu Province under Grant BK20181218, and in part by the Yangzhou University Top-level Talents Support
Program (2016).

ABSTRACT In this paper, the issue of adaptive neural event-triggered control (ETC) is studied for uncertain
block-structure multi-input multi-output (MIMO) constrained non-affine nonlinear systems with unmodeled
dynamics. A dynamic signal produced by the auxiliary system based on the property of unmodeled dynamics
is employed to solve the dynamical disturbances. The unknown continuous function obtained at each step
of recursion is estimated by using radial basis function neural networks (RBFNNs). Utilizing logarithmic
function as an invertible mapping, the uncertain constrained MIMO non-affine system is changed into a
novel unconstrained block-structure MIMO nonaffine system. Using improved dynamic surface control
(DSC) strategy, adaptive event-triggered control scheme is developed for the transformed non-affine system
based on relative threshold mechanism. According to the Lyapunov method, all the signals in the closed-
loop system are shown to be semi-globally uniformly ultimately bounded (SGUUB). Output constraint
requirements are not triggered, and Zeno behavior is avoided. A constrained pure-feedback system and a
kind of 2-DOF flexible manipulator system are used to illustrate the theoretical findings.

INDEX TERMS Event-triggered control, dynamic surface control, block-structure nonlinear systems,

unmodeled dynamics, output constraints.

I. INTRODUCTION

Since backstepping was proposed for a class of feedback
linearizable systems in [1], it has widely been applied to
construct adaptive controller for nonlinear systems as a pop-
ular tool in [2], [3]. Because it needs to differentiate for
the designed virtual control at recursive each step, the con-
troller design is quite complicated. This is its disadvantage in
[1]-[3]. In order to remove this defect, dynamic surface
control was proposed by introducing first-order filter in [4].
The computation complex in conventional backstepping is
removed by using algebra operation to replace differential
operation in DSC. Using mean value theorem and Nuss-
baum function, adaptive neural DSC method was developed
for non-affine nonlinear systems in [6]. As we know that
RBFNNSs are a universal approximator. Based on the simple
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structure and infinite derivable properties, the RBFNNs has
been widely used in adaptive backstepping control or DSC
design. In [7], two robust adaptive DSC schemes were inves-
tigated by using RBFNNS for a class of pure-feeback systems
with input nonlinearity and perturbed uncertainties. In addi-
tion, there widely exists unmodeled dynamics in modern
industrial process, which usually degrades the system per-
formance, sometimes, and leads to be instable for system.
To deal with the impact of dynamical disturbances on the sys-
tem, dynamic signal method in [8], [9] and Lyapunov function
description in [10] as well as and normalization signal in [11]
were usually employed to dispose of state and input unmod-
eled dynamics, respectively. However, the proposed design
method was for the unmodeled dynamics in autonomous form
in [8]. The dynamic signal method was developed for the
unmodeled dynamics in nonautonomous form in [9].

Barrier Lyapunov function (BLF) in [12], [13], integral
barrier Lyapunov function (iBLF) in [14] and nonlinear
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mapping (NM) in [15]-[18] were used to hand output con-
straints and full state constraints. However, single-input
single-output (SISO) systems were discussed in [12]-[18].
In [19], fault-tolerant control was proposed by using BLF
for uncertain parametric strict-feedback MIMO nonlinear
systems with output restriction. Furthermore, based on BLF,
decentralized adaptive finite time control was developed for
uncertain pure-feedback system in [20]. Based on a novel
BLF, robust adaptive control was investigated for uncertain
MIMO nonlinear systems with state and input constraints
in [21]. By introducing NM, adaptive neural control was
proposed for MIMO nonlinear systems with time-varying
output constraints in [22]. However, the dynamical distur-
bances were not studied in [19]-[22]. In [23], adaptive con-
trol scheme was developed for uncertain output constrained
MIMO nonlinear systems in strict-feedback form based on
both BLF and modified DSC. Furthermore, adaptive neural
control was proposed for the MIMO pure-feedback systems
with output constraints and dynamic uncertainties using both
invertible nonlinear mapping and modified DSC in [24].

It is well known that the designed controller based on
event-triggering mechanism can reduce energy consump-
tion and occupation rate of transmission bandwidth. Event-
triggered control (ETC) has become research hot topic in the
past decade. By taking a given invariable difference value of
the state norm as toggle condition, a simple event-triggered
scheduler was proposed for a class of linear systems in [25].
In [26], integrating with model-based networked control the-
ory, a novel ETC strategy with time-varying network delays
was developed to a class of linear systems, and two fire-new
error discriminants of states, fixed threshold strategy and rela-
tive threshold strategy, were designed as the toggle condition.
In [27], [28], an event-sampled NN was invented to estimate
the unknown terms in a class of strict-feedback systems.
In [29]-[32], by structuring state-depended event-triggered
condition, some adaptive control schemes were designed for a
variety of uncertain systems. However, the above-mentioned
achievements were dependent on the assumption that the
closed loop system is input-to-state stable (ISS). To solve this
problem, a new ETC controller design method was proposed
for a class of affine systems with unknown parameters, and
a new event-triggered condition called switching threshold
strategy was proposed in [33]. Hereafter, some significant
achievements based on [33] can be seen in [34]-[36]. How-
ever, the controlled plants in [34]-[36] were all SISO systems.
Using RBFNNSs to estimate the model had been done in many
studies such as [37], [38].

In this paper, adaptive control is proposed based on
event-triggering mechanism for uncertain constrained block-
structure MIMO non-affine systems. To the best of our
knowledge, the relative threshold strategy is first extended
and applied to constrained MIMO uncertain pure-feedback
systems. RBFNNs are used to appoximate the unknown con-
tinuous function vector, which is produced in the process of
controller design. The unknown system functions have not
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been directly estimated by RBFNNs. The main contributions
are listed as follows:

(1) Adaptive event-triggered DSC is proposed for output
constrained block-structure pure-feedback nonlinear
systems with dynamic uncertainties based on relative
threshold strategy. By constructing first-order auxiliary
system to produce a measurable signal, the dynamic
uncertain terms are effectively dealt with. Further-
more, to fulfill the constraint requirements, using
invertible nonlinear mapping (INM), the constrained
block-structure non-affine nonlinear system is changed
into an unconstrained one. Furthermore, the controller
design is simplified based on the transformed system.

(2) The improved DSC approach is applied to the trans-
formed unconstrained block-structure non-affine sys-
tem, and the first-order auxiliary system is utilized to
eliminate the repeated derivation of the intermediate
variable in conventional backstepping.

(3) The updating laws with the only one tuning parameter
for each approximated unknown function at recursive
each step are proposed. Furthermore, a simple event-
triggered control vector is developed using modified
DSC and the property of hyperbolic tangent function
in the final step.

Il. PROBLEM STATEMENT AND PRELIMINARIES
Consider the following block-structure MIMO pure-feedback
nonlinear systems

¢ =0, X, 1),

X = filki, xip1) +di(8, X, 1), 1<i<n-—1,

. _ _ (D

Xn =fn(xna u) + dp(Z, Xy, 1),

y =X,
where x; = [xi1,...,xml7 € R™i = 1,...,n are
the states, fi() = [fi1().f2(). ... . fim) € R™ (i =
1, ..., n) are the unknown smooth nonlinear function vectors,

di() = [din(-),dn(), ..., dim()]" € R™ are the unknown
smooth nonlinear dynamic disturbances, { € R™ is unmod-
eled dynamics, Q(¢, x,,1) € R™ is an unknown smooth
function vector satisfying the Lipschitz condition, u =
[ui, ..., un]T € R™ is the input, X; = [xlT, ... ,xiT]T,y =
D11 - -, yim]T € R™ is the output.

In this paper, ||A] = +/tr(ATA) denotes the Frobenius

VY1 &7 stands for the
ces En]T e R", Ly

norm of the matrix A, ||§] =

Euclidean norm of the vector § = [&], .
denotes the set of all bounded functions.

The control objective is to design the adaptive event-
triggered control u for system (1) such that the output y(¢) =
y11(e), ..., ylm(t)]T can follow the desired tracking signal
ya(t) = [a1(?), ... ,ydm(t)]T, meantime, it satisfies —k;; <
y1j(t) < kpp, VYt > 0 with kj; and kjp being positive design
constants, j = 1,...,m, and all of signals in the closed-
loop system are semi-globally uniformly ultimately bounded
(SGUUB).
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Definition 1 [9]: For system ¢ = O(C, Xy, 1), if there exist
class K, functions «1(-), @z(-) and a Lyapunov function U(¢)
such that

ar1(Z1) = U©) < (I, @

and there exist two known constants ¢ > 0,d > 0 and a
known class K, function y(-) such that

aUu
%Q(Lfcmt) = —cU@)+ y(lxil) + 4, 3

then the system is called as exponentially input-state-
practically stable (exp-ISpS).
Assumption 1: For block-structure system (1), f,(-) is
continuous differentiable, and % € Ly holds.
Assumption 2 [9]: For block-structure system (1), the dis-
turbances dj;(¢, X, t) satisfy the following inequalities

|dij(¢. Xn, D] < @i (|5 ) + @i2CllZ D, “4)

where ¢;;1(-) are nonnegative smooth functions, @;(-) are
nonnegative monotone increasing smooth functions, x; =
[xlT,...,xiT_l,xil,...,xij]T,iz ,...,n,j=1,...,m.
Assumption 3:  The tracking signal y,(r), its first
derivative y;(t) and second derivative yg(t) are continu-
ous and available, and [y} (1), 35(0), 51T € Qi =

[ufo. 55, 5o g Oya®) + Fg0ia®) +

W (OFa) < Bo} C R¥. Moreover, |yg(t)] < Bi; <
min{k;;, kip} hold, where By, By; are m + 1 known positive
constants, k;1, kjp are 2m positive design constants, satisfying
—kj1 < y1j(t) < kjp, vVt = 0. )

Assumption 4 [9]: System ¢ = Q(¢, X, t) is exponentially
input-state-practically stable (exp-ISpS).

Lemma 1 [9]: If U is an exp-ISpS Lyapunov function for a
systemé = Q(¢, X, 1),1.e.,(2) and (3) hold, then V¢ € (0, ¢),
Yty > 0, V¢o = ¢(tp), vo > 0, for any continuous class Ko
function y(]|x1]|) such that y(|lx1|]) > y(llx11), there exist a
finite Ty = max {0, In[U(¢)/vo] /(c — ¢)}, a nonnegative
function D(#, t), defined for all # > ¢ and a signal described
by

v=—cv+y(lxl)+d, v(g)=vo>0 (5)

such that D(tp,t) = 0 for ¢t > ty + Ty, and U(¢) < v(t) +
D(to, 1) with D(1g, 1) = max{o, exp [—c(t — 10)1U(Zo) —

exp[—&(t — 10)lvo .
Remark 1: f,(x,, u) can be written as

JaGen, 1)
= [fu(Gn, ) — fu(0, x2, . .., X, )]
+ /20, x2, ..., xp, ) — f4(0, 0, x3, ..., Xp, )]
+ [£2(0,0, x3, ..., x5, u) — f(0,0,0, x4, ..., x5, u)]
4+ . [0, ..., 0,u) — £4(0,...,0)]
+ 1,0, ..., 0). 6)
According to the discussion in [24], we have
JnGons ) = Gyn(Xn)Xn + Gun(Xn, wu + fr(0), @)
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where fn(o) = fl’l(os s 0), Gulxy) =
Gun(X)], |Gnill and || Gyp|| are bounded.

According to neural network universal theorem as dis-
cussed in [39], the unknown continuous function X(Z) :
R’ — R over the compact set Q7 C R’ can be denoted
as follows:

[Gnl()_cn)v cees

2(2) =" E(Z) + (2. ®

where Z € Q7 C RY is the neural network input vector, o(Z)
is the approximation error, 9* = [191* 19;, el ﬁj]T e Rtis
the ideal weight vector (¢ > 0), which has the form

?* = arg min | sup |19TE(Z) - X)), O]
VeRt | ZeQy

E(Z) = [E1(Z), B2(2), ..., Be(Z)]" € Rt is the basis vec-

tor, the basis function E;(Z) is selected as Gaussian function

Z — will?
M, i=1,2,...,01, (10)
Si

Ei(Z) = exp |:—
where p; = [, 12, - - - u,-q]T is the central of the receptive
fields and ¢; is the width of the Gaussian function.

Remark 2: Assume $;(Z;) = [E“(Z,-), So(Z), .- Sim

(Zi) T,i = 1,...,n then Zy(Z) = OTE(Z) +
0i(Zj), where ©Ff = blockdiag[ﬂi’l‘,...,19;,1],19; =
[z?l;fl,...,ﬁ;lij]T e Rl Iy > 0. =1,....m 8(Z) =
L), ....El @), Eiz) = [E,-j](zl-),..., Bijl;

T
(Zi)] , ljj is the number of nodes in the ijth neural networks,

T

0iZ) = [on(Z), 0a(Z). ... em()] is the approxima-
tion error.

Inspired by [17], [18], to dispose of output restriction,
define the invertible nonlinear mapping as follows:

21 = 1lnm—llnlﬂ, j=1,...,m,

2 (ka —xlj) 2 kj (11)

Zi = Xi, i=2,...,n,
where kj1, ki > 0 are two known constraint constants subject
to —kjl < x| < ka.

Noting (11), its invertible mapping is

kil + k; 1. k kii —k
xljz_fl_; j2 tanh<z1j+§1nkj—1>— A
2
o ! (12)
j=1,...,m,
Xi=2z, 1=2,...,n.
Differentiating x;; for time ¢, it yields
21 = w(zipxy, j=1,...,m, (13)
Zi = Xi, i=2,...,n,
where
2
w1j(z1j) =

—.
(ki1 + ka)[l — tanh?(zj + 3 In %)]
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Let w (z1) = diag[@11(z11), . . ., T1m(Z1m)], then system (1)
can be rewritten as

¢ =0, X, 1),
21 = Fl(Zl»Zz) +D1(§9 va t)9

2 =Fi@i, zig) + Di(¢, 20, 1), 2<i<n-—1, (14)
Zn = Fu(Zn, u) + Dy(¢, Zn, 1),
y=12i
where Fi(z1,z2) = w@@)f(x1,x), Fizi, ziv1) =
ﬁ(‘il7'xl+l)’l == 23 e, — 15 Fn(zn,u) = fn()_cn’ u)9

Di(¢,zn, 1) = @ (z1)d1(&, Xn, 1), Di(C, Zn, 1) = di(L, Xn, 1),
i =2...,nz = lzi,....zml" .z = l2,..., 217,
i=1,...,n.

Remark 3: The uncertain terms Dj(¢, X, t) satisfy
D& %, D < @t (1550 + @2IEID, i = 1, =
L, ....,m,80|Dij(¢, zn, D < w1j(ziplei (lxy1D +ei201E D],
where Di(-) = [Di("), ..., Din()]T. Based on (2), it is
easy to know ||| < ozl_l(U(g)). Using Lemma 1, we have
gl < ay'(v + Do), ¥r > 0, it will be employed in the
derivation later.

lIll. ADAPTIVE EVENT-TRIGGERED DYNAMIC SURFACE
CONTROL
For convenience, we introduce the following notations

AXI' = A[XlTv--'AXiT]T9 é}l\ = [657 -"el'T]Ta IBim =
Bits -y Bims ooy Bits ooy Bl B; = ||19;,f||2, B
diag [, ... B ) By = Py — Bl Bi = Bi — BE. B
diag[ﬁil,...,,éim], i=1,...,nj = 1,...,m, where §;
and B;; are the estimates of B and B at time ¢.

The coordinate change and the error signals are defined as
follows:

>

X1 =21 —Yd,
X2 =20 — ho,

(15)
Xn =23 — hl’lv
ey =hy —ay,

(16)
en = hn — Op—1,

where jg4 = %ln %, j
[Bat, .- Sam] sty -, @i, ha, ..., by will be given later.

Step 1: Let x; = z; — A with A = y,4. Differentiating x
for time ¢, we get

L....,m, yg =

X1 = F1(z1,22) + D1(¢, Zn, 1) — iy

=n+Fi(z1,220) —2+Di1(¢ 2, 1) — 1. (17)

Choose V; as follows:

1
Vi==xlx. (18)

2
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Using (17), the time derivative of V7 is
Vi =x/ [22+ Fi(z1.22) — 22 + D1({. Znn 1) — i1
= X]T[X2+€2+Ot1+F1(Z1,Zz)—zz+D1(C,2n, 1) — i’l1],

19)
where 70 = ex + x2 + «. ,
Using the inequality ab < a® + %, we obtain
1
Xixe < i+ a0 e (20)
1
xie = X+ gerer @1
From Assumption 2, we get
Xi D1(8. %, 1)
m
< xall Y|Py .z, 0)]
j=1
m
< Il Y mipley (|%4]) + @2 g
j=1
;e wlzj(zlj)[(Pljl (J|x17]) + @12 (061_1(\) + Do))]2
j=1 1j
m 2
YL 22)
— 2
j=1
Let
m 2 = -1 2
w izl (X1 D+e12(e; (v+Do))]
D2y =xny, —

2a?
=1 T

+FiGL ) — 22— . (23)

Using RBFNNs to approximate the unknown continuous
function X(Z;), we have

1(Z1) = O E1(Z)) + o1, (24)

where Z; = [ZIT, zg, xlT, filT, v]T € R¥"*1 the ideal weight
matrix is ®F = blockdiag[¥];, ..., ¥}, ], the basis vector is
81(Z) = [E]|(Z)), ..., E] (Z))", the approximation error
isor = [o11,---,01ml"-

Design the virtual control «; and the updating law of the
estimated diagonal matrix ,él as follows

1 4
o) = —Kix1 — 5 A1 P1(Z), (25)
2a;

A

,31 = diag[r“, ..

I
X [Edlag[)m, o

< Tm]

s Ximl¥1(Z1) — mﬁ]} ., (26)
where K; = KIT > 0,ar > 0,01 > 0, 7; > 0,
B1 = diag[Bi1, -, Biml, ©1(Z1) = [ELEDI*x11s - - -»
I E1mZOI2x1m] T, Uy (Zy) =
diag[| E11 ZDIP x11, - - - IEm@ZDIP x1m], BF, = 197,12,
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ﬁlk are the estimates of unknown parameters B,k =
1,...,m.

Substituting (20)—(25) into (19) and using x{ 01 < x{ x1 +
%Q{Ql, we obtain

Vi < —xTKixi+xT0" g1z + xl o

Ll Bz
— X1 P1@1(Z
2
2a7
1 1 m 2
T T T 1j
+2x1 x1 +4—¥X2 Xz—i—ZeZez—i—j_El 7]
< —x{ Ky +xi 0 81(2))
1 T3 T 1 T
— X1 B1®1(Z) + 3% x1 + X2 x2
2a; 4
1 m
+46262+ Q]Ql E . 27

There exist nonnegative continuous functions k1;(x2, €2, ,3 1m>

Vv, ¥d,¥a).j = 1, ..., msuch that |o1j| < ky; hold. Let k; =

[k11, ..., kimlT, (27) can be written as

. T 1 7z a%

Vi < —xi (K1 = 3lpxm)x1 — z—ale B1P1(Z1) + >
1

ma2

L 7 1 7 1 7 y
+30 0+ gt wia +]; 5 @8
Define %, as follows:
Tohy + hy = a1, 12(0) = 01 (0), (29)

where 1, > 0 is a positive design constant.
Noting (16), differentiating e, for time ¢, we have
. €2
e =—— —aj. (30)
T2
Then
T

T. € e - - A -
ey ey < Y + lle2lln2(x3, €3, Bims Vs Ya, Ya, Ya), (31)

where 12(x3, €3, Bim, V, Yd, Yd, ¥4) 1S a nonnegative continu-
ous function.

Using the inequality ab < a® + ® and (31), we get

2
. )

1
+ lleall® + lenzllz. (32)

Stepi (2 <i<n-—1): Let x; = z; — h;. Differentiating y;
for time ¢, we obtain

Xi = FiZi, zi41) + Di(C, Zns 1) — . (33)

Define V; as follows

1 7
Vi= S Xi Xi- (34
From (33), the time derivative of V; is

Vi= xI'%i = x FiGi, zig1) + DiC, 2, 1) — ]
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= % [FiGis zis1) + zi1 — ziv1 + Di(C, Zns 1) — Fi]
= X! [Xit1 + eir1 + i+ FiZi, 2ie1) — 2i41
+Di(¢, Zn, 1) — i, (35)

where zi11 = Xit+1 + €i+1 + o )
Using the inequality ab < a® + bT’ it yields

1
X! xivr < X! xi+ ZX,’E_1X1‘+17 (36)
T, T 1
Xi e+l < Xi Xi+ 4e,+1ez+1 (37)

From Assumption 2, it yields

X Di(C, Zn, 1)

< il Y|Py (2,20, 1)

j=1
m
< il D lein (|X5]) + @2 Ui D]
j=1
, [oin (| %)) + @i (afl(v + Do))]2
< h .
= Xz Xl 2a2
j=1 i
m g2
+Y 7/ (38)
j=1

Let

m - —1 2
[ein (I551) + @iy ' (v + Do)
S =Ky
j=1 aij
+FiZi, zip1) — zig1 — By (39)

Using RBFNNSs to appoximate the unknown function vector
X:(Z;), we have

%i(Z) = ;" E(Z) + oi, (40)

where Z; = [z] , .. 'sz+1’ xi 'IT, v]T e RUFIMH (he jdeal
weight matrix is ®F = blockdiag[9]], ..., ¥} ], the basis
vector is B;(Z;) = [El](Z) , EI (Z)]", the approxima-
tion error is o; = [0i1, - - -, Q,’m]T.

Design the virtual control «; and the updating law of the
estimated diagonal matrix 3i as follows:

1 4
oj = —Kixi — =5 BiPi(Z), (4D)
2a;

A

ﬁi = diag[rﬂ"‘"rim]

I .
X |:2_azdlag[Xi1’

i

 XimVi(Zi) — oi/%i] . (42)

where K; = KT

1

Bi = diag[Bi,-

> 0,a > 0,00 > 0, 1; > 0,
,Biml, @i(Z) = [EA@DI*xits - - -

ISl Wz = diag[ 181 (Z) P -
IZinZPxin) B3 = 1917 B are the estimates of
unknown parameters 8,k =1,...,m.

VOLUME 8, 2020
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Substituting (36)—(41) into (35), we obtain
Vi < —x7 Kixi + x! O} 8i(Z)
1
+x! 0i — ﬁxi T Bi®i(Z:)

T l T l m ai
+2x; xi+ 7 X1 Xt + - 1 H—leH—l + Z >
=1

1
2% T pidiZ) +

IA

—xF (i = 3lLusem)xi —

o8 N |~QM

1 1 1 ” a;
+ XX + e et + 70 Ql+; . (43)

There exist nonnegative continuous functions kj(Xit1, €i+1,
ﬂima hla v)aj == 19 LR ]

m such that |g;| < k. Let k; =

[ki1, ..., kim]T, (43) can be written as
1 al2
V = =X (K 3hnxm)Xi — 2a 2Xl ,qu) Z) + ?
2
1 1 m a
+4XZ+IXH‘1 + - 4 l+lel+1 + K KI ZEJ (44)

Define 441 as follows
Tigthit1 + hig1 = o, hig1(0) = a(0), (45)

where 7,41 > 0 is a positive design constant.
From (16), the time derivative of e;;| is

. €it+1 .
eip] = ——— —q;, (46)
Ti+1
Then
T
e. é;
T . i+1€i+1 - -

eir1€iv1 = ———— + lleir1lniv1(Xi+2, €iv2,

Ti+1
ﬂiWhva ydv.)‘)dv..);d)a (47)
where 1it1(Xi+2, €i+2, Bim» Vs Yd» Yd, ¥a) is a nonnegative
continuous function. :

From (47) and the inequality ab < a* + bT, we get
leis1l?
Ti+l1

Step n: Define yx, = z, — h,. Differentiating y,, for time
t, we get

. 1
el e < — llei I+ Zlnigt . (48)

Xn = FuGn» ) + D8, Zns 1) — iy (49)
Define V,, as follows:
1 7
Vn = EXn Xn (50)

Differentiating V), for time ¢ and from to (56), we have
Vi = Xt Jn = Xt [Fn(Gr ) + D8, Zn, 1) = ], (51)

From (7), we obtain F,(Z,,, u) = fy(Xy, u) = f(0) + Gnin +

G, it yields
Vi = X 1£10) + Gunin + Guntt + D(E, Zn, 1) — Fiy]

VOLUME 8, 2020

= XL 1u0) + GunTn + (Gun —
+u+ Dy, Zn, t) — h,,]

= x,,T[fn«)) +u+ Dy, 7, 1) — By
+ 3] Gann + X, (Gun — L. (52)

Using Assumption 2 and Young’s inequality, we have

L)

XZDH(Cv zna t)
m
< 1xall Y |Dnj (%0, 1)

j=1
< Dol Y Tomt (%)) + @iz (U ID]
j=1
m [@at ([ Zn]) + @2 (afl(v + Do))]2

< Xn ) iaz
j=1 nj
m aZ
A 53
2.5 (53)
j=1
and
X;Gxn-in =< XnT GnXn| < ‘ X;Gxn)_cn
_ 1
< Nl 1% 01 + i |G lI*
B 1
< X xn a1 + i I Ganll* - (54)
Let
m - —1 2
[@nj1 (%)) + @2 (v + Do)
nZ) = g0 Y
j=1 @
+£200) + xn 1%01* — Fan, (55)
A(M) (Gun - mxm)u (56)

Using RBFNNS to estimate the unknown continuous function
vector X,(Z,), we have

0(Z) = 0T Bu(Z) + 0ns (57)

2l xT R vlT € ROFDmHL the ideal
, 0.1, the basis
the approxi-

where Z,, = [le,
weight matrix is ®} = blockdiag[ 19*1, ..
vector is En(Z,) = [§,,(Zn), ..., unm(Z )]
mation error is ¢, = [on1, - - -, Q,,m]

Design the updating law of the estimated diagonal matrix
Bn as follows:

1
2a2
x diag[xn1, - - -5 Xnm]Wn(Zn) — O'n,én]» (58)

Bn = diag[r,, ~~-arnm]|:

where a, > 0,0, > 0,71 > 0,j = 1,...,m,
B = diaglBur. -+ . Buml. ®n(Za) = [IEmi @I Xt - -
IEmmZI Xum) s Wn(Zy) = diagl| Bt (Z)I* Xnt - - -»
I Eam @I Xm], By = 107511, Buk are the estimates of
unknown parameters 8,k = 1,...,m.
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Inspired by [33], the event-triggered control is designed as
follows:

1 A
e = = [ Kt + 5.5 0B B2 (59)

vj(t) = —(1+3; )(an/ tanh(Xn] "J)_|_m/1 tanh( XL Xnj"j1 ))’
& &j

(60)
uj(t) = vi(tix), vt € [tjx, i k1), (61)
tik+1 = inf{t € R [vj(¢) — u;(?)]
> Sjlu(D)] + mj1, 1 > B}, (62)
where K,j > 0, i,k € ZT, ¢ > 0, 8; € [0, 1), mj; > 0and
mj| > ms are design constants, v = [vl, e vml.
Let gjp(t) = % From (62), we have |gj(1)| < 1 for

t € [tg, tx+1) and

vi(t) = (1 + gj1(£)8))ui(t) + qpp(O)m;1, ¥t € [tjk, tj +1)(63)
where gj1(t) = gp(t)sign(uj(2)), and |gj1(1)] < 1fort €
[k, t+1)- We denote u;(¢) as follows:

vj(1) g (t)mj
uj(t) = — - (64)
L4+g1(0)8 14 g1
Using the inequality 0 < |x| — xtanh(’e—‘) < 0.2785¢ with
€ > 01in [40], we obtain

m
X, u(t) = Z Xnjlj

1
m

=
Xnjvi(t)
Z [1 + gj1 ()4

>[-

Xn/‘]ﬂ(t)m/l]
1+ gj1(2)9;

.

I1+4 T XnjO%nj
o, tanh(———
T g (s, < (=)

1+ _ im;
—— XnjMj1 tanh( X1
1~|—61;1 (1)4;

.
—

- Xnjq2(D)mj1 ]

1+ gj1(1)3;
ananj)
&j

NE

[ — XnjCln; tanh(
1

~.
Il

XnjMj1 XnjMmj1
— i tanh (XL | T

&j 1_31‘

IA

m
Z [ — | Xnjotnjl = | xnimj1 | + | xnjmji| + 0~5578j]
1

~.
Il

M=

1 ~
[ - Kan;%j - ﬁx%ﬁnj” Enj(Zn)||2+O.557sj]
n

1

~.
Il

1
- 2an @(Z)+0557Za,,
J=1

= - X;Kan -

(65)

where K,, = diag[K,1, - .., Kunl-
Substituting (53), (54), (58) and (65) into (52), we obtain

. 1 ~
Vi < =1 Kuxn + 1L 02T Bu(Z,) — ﬁxf Bu®u(Zy)
n
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+ X) on + —||Gm|| + 1T Aw)

m
+ 25’ +0.557Zgj
Jj=1 j=1
1 -
< _XrTKan - Z_aZXnTIBnCDn(Zn) + 2szw)(n
n

1 2 1 2
+ 1AW+ 7 1Gell

m

a? n_ g*
+ +ZTJ +0.557 ) ¢
j=1 j=1

1 -
Exn ﬁnq)n(zn)

1
+ ZQ;{Qn

= _XI(Kn — 2Lnxm) Xn —

1
+ _Qan

! 2, 1 2
4 + ZA@| + 711Gl

4

m

a m
+ 2 + Z 2 +0.557 ) &. (66)
j=1

There exist nonnegative continuous functions &j(Xx, €n,

,@nm, fi;,v) such that lonjl <  «kyj. Define «, =
[Kn1s -y knm]T, it yields
. T 1 T
Vn < —Xn (Kn — 2Lnscm) Xn — 2—612)(” Bn®n(Zy,)
n
L 7 1 2 1 2
+ 1 Kn + ZHA(M)H + —||Gzn||
2 m a
n
?+Z +055721:s, (67)
Jj=

IV. MAIN RESULTS
Define V and the compact set A, as follows:

V = ZV, Ze e;

i=2
EZtr(Bdeiag[rijl,..., WB), (68)

+
A, {[;z L V§p}cRP", (69)

where p > 0, p, = nm+m(2n — 1)+ 1.
On the compact set A, x Ag C RP=3m |1p:]| and k]| have
maximum values N;(p) and M;(p), respectively.

Theorem 1: If Assumptions 1-4 are true for system (1),
and the event-triggered control (61), the virtual control (25)
and (41), and the updating laws (26), (42), (58) are designed,
then for any given constant p > 0, V(0) < p and —kj; <
v1j(0) < kjp, there exist positive definite constant matrices
K; and constants 7;, o; and r; subject to (70) such that all
of the signals are bounded, and the output restrictions are
not triggered, i.e., —kj1 < y1;(t) < kp,Vt > 0, and Zeno
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behavior can be avoided, and

. 13 r
min Amin(Ki — —lnxm) > —
1<i<n 2
1 5 T
min — > — + — (70)
2<i<n T; 4 2
I' = min {ojri1, ..., Oitin}
1<i<n
Proof: If V. < p, then x1,... xn, €2, ..., and ,3;' are

bounded. Furthermore, «; and %;41 € L. Noting yg € Lo,
it yields ¥4 € Loo. From (15) and x| € Loo, Ja € Loo, We get
71 € Loo, this implies y € Ly. According to (5) and y €
Loo, we have v € L. Based on v € Ly and Assumption
4, Remark 3, we have { € L. According to Assumption
1 and using (59), (60) and (61), we get v,u € Lo, [|Gzull
and |G|l € Lo, furthermore, it yields ||A(u)|| € Lo, i.€.,
[A@I < Bi(p), IGzll < Ba(p) with By and B; being two
positive constants. From (25), we get o) € Lo, note thatzp =
xX2+ex+ayand xa, €2, o] € Lo, wehave 2o € Lo, similarly,
we get o, Zi+1 € Loo. With the aid of (13), it yields x; €
L. Thus, when V' < p, we have ||n;|| < N;, |l«ill < M.
Substituting (26),(42), (58), (32) and (48) into the derivative
of V, we obtain

V<ZV —i—Ze el+22 ﬁ,,ﬁ,,

lljl

= - Z XiT(Ki = 3Luxm)Xi — X;(Kn — 2Lxm) Xn
i=1
“ 1 1
T 2
= > X Bi®iZ) = Y (= = Dlleill
2 M .
i1 24 im T
"1 “ 1 "1
+ 2 gleil®+ 30 Il + 30 M)
=2 i=2 i=1

2

1 5 1 5 " a;
+ 7181 + 7 11Ganl +;7

D) 3D

i=1 i=1

+ ZZ&, [ S I8@I x5 - mﬁy}

11]1

1 2
Z Wn

1
NP )+ 50 +
+o.55728,
j=1
1
<- Z X (K — mxm)x, =25k Bz
i=1 =i
"1 " &2
2 2 i
- Z(; - Z)ne,-n + Z M7+ le >

+ZZ Z N2+ Bz+i32

i=1 i=1
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n

+ Z 2Zﬁ,,||uz,<2>|| o Z“’ﬁy

= l/— i=1 j=1

+ Zzgﬁ;%osmzq. 1)
j=1

i=1 j=1

Let
"1
So=) 7 M) + 2B+ B 3p)
i=1
n 1 n
2 t/
+ ZZNi (P)-l-z —1—22
i=2 i=1 i=1 j=1
n m o
i 2
+Y 5’,3;; +0.557 Zej, (72)
i=1 j=1 j=1
then
13 "1 5
V<- ZX,T(K 5 Imemxi =D (= = Dleill®

i=1 i=2 !
n m o
-3 > E’ﬁ,ﬁ + 3. (73)
i=1 j=1
Substituting (70) into (73), we obtain
V < -TV + . (74)

IfV =pT > 20 then V < 0. It implies that with the aid
of V(0) < p and F > =0 we have V(¢) < p,Vt > 0. From
(74), we get
p> p
0< V(@) < 2+ VO~ De . (75)
r r
Therefore, we have all signals y;, e;, )A»,', Zi € Lo, then
o, hj, u € Ly are bounded. From (75), we obtain
il < \/2% +2(V(0) — %)e*”, therefore, for given p,
01,...,0n, X1 ast — 00 can be made arbitrarily small by
choosing large enough ryj, i =1,...,n,j=1,...,m
Define E;(t) = vj(t) — u;(t), ¥t € [tj, tjx+1). Therefore,
the derivative of |E;j(#)] is

@ = %(Ef(r»% = sign(E;(1)E;(1)
= sign(E{0)(;(0) — iy(1) < [30)].  (76)
with
. 3Vj . 3Vj .
vi(t) = @cxrg + PP
= (K 5y S| Ei 21
aanj ARy Za,% nrny nji=n

1 A 2
+Eanﬂnj” C“nj(Zn)”

» dIIEy(Zy)|?

8 Fy D 77
to T T( G 10+ D€, % 1) = ). (77)
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For V < p, all signals at the right side of (77) are bounded,
so vj(¢) is bounded. Furthermore, there exists a positive con-
stant C; such that |\'1j(t)| < C;. In addition, since |Ej(tjk)| =0
and lim |Ej(t)| = &jluj(ty)| +m;1, for t i1 € Uik, ka1,

=1 k1

using mean value theorem and (76), we have
)| - B0

T SienEE)EE)

. ’Ej(’f,kﬂ)‘ — |Ejt)|

[iy7)

/
Lk — ik

) (78)

where t/* € (4, t;,k+l)'
Let tjf’ k41 tend to Lk above both sides of the inequality,
we have
’Ej(tj,_kJrl)‘ — |Ej0)]
L S )
B 0| — Bl
)
- 8jlu(tip)| + mjy o mi
B G Y
Obviously, (#jx+1 — #jk) has a positive lower bound Az =
% > 0, and Zeno behavior can be successfully avoided.
'Remark 4: RBFNNs are used to appoximate the unknown
continuous function vector, which is produced in the process
of controller design, and the unknown system functions have
not been directly estimated by them in this paper, wheras
RBFNNs are used to estimate unknown system functions
in [37], [38]; Unmodeled dynamic and asymmetric output
constraints are considered in our paper, wheras they are not
considered in [37], [38]; The considered systems are class of
MIMO systems with block-structure, wheras the considered
systems are a class of MIMO Systems with similar structure
in [37], and they are a class of SISO systems without uncer-
tainties in [38]. Therefore, with the help of event-triggered
controller, our proposed method is more practical and the
systems in this paper are more general.

Remark 5: Compared with the approach proposed in
[24], a new nonlinear mapping based on hyperbolic tangent
function is introduced to handle the asymmetric output con-
straints. By using this novel nonlinear mapping, the origin
point between the original and transformed system can be
mapped. It means that the controllability of the original sys-
tem is guaranteed. Different from the time-driven control
method proposed in [24], the new event-triggered approach
can reduce energy consumption and occupation rate of trans-
mission bandwidth without affecting the tracking accuracy
and the system stability.

Remark 6: X described in (72) is an unknown constant
which depends on the size of the defined compact set A, in
(69). However, I' = 11313 {oiri1, ..., oirin} does not depends

=n

>0. (79)
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FIGURE 1. Case 1: output y;; (solid line) and tracking signal y4; (dashed
line), the upper bound k,, (dotted line) and the lower bound —k;;
(dotted line); Case 2: output y,; (dotted-dashed line).

on the size of the defined compact set A,,. In addition, X does

not include the constants r;1, ..., rim, i = 1,...,n. There-
fore, we can choose large enough constants 71, ..., Fip, | =
1,...,n for any given design constants oji, ..., Ojy, I =

1,...,nand p > O such that ' > %andf/gomld.

V. NUMERICAL SIMULATION

To illustrate the theoretical findings of the proposed event-

triggered control, a constrained pure-feedback system and a

kind of 2-DOF flexible manipulator system are discussed.
Example 1: Consider the following constrained second-

order uncertain MIMO system:

¢ =0,y 1),
r 3

i 22
I B S B
| x11 + x12x21 + (1 + X7 x2

(80)

[ 0.2u3
i = X11x12 +x21 + .ul Yy,
| X1ixipxar 4 (2 4 sinxp2)up

y =X,

where Q(¢,y,t) = —¢ + |yll’sint + 05, df =
[—0.5¢x71 sin 107, —0.5¢ sin x11 cos 117, dr = [sin(0.5x128)+
X218, x21¢ cos(10x11¢) + xzzg“]T. The tracking signal is y; =
0.8sint
0.6sint
1.5]|x1 ||4 + 1.5. The output constraints are kj; = 1.2, kjp =
1.3, kp1 = 0.8, ko = 0.9.

Case 1: The design constants are chosen as K; =
diag[30, 40], K, = diag[10, 30], 7o = 0.01, 01 = 0y = 25,
rii=rip=ri1=rp=0.01,a =ay =25,81 =& =0.3,
my1 = mp; = 0.2. The initial conditions are selected as
x1(0) = [0.2,0.2]7, x2(0) = [0,017, ¢(0) = 0.1, A (0) =
[0.1,0.117, v(0) = 0.1, B1(0) = B2(0) = diag[0.4, 0.4]. The
simulation results are shown in Figures 1-6.

Case 2: If output constraints and event-triggered con-
troller are not considered, the design constants are chosen
as K1 = diag[3.25,3.25], K» = diag[4,4], 01 = on =
0.5, » = 0.001, and the other conditions are the same,
the simulation results without output constraints and event-
triggered controller are shown in Figures 1 and 2.

. The dynamic signal is taken as v = —0.6v +
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YioY42

0 5 10 15 20 25 30
t/s

FIGURE 2. Case 1: output y;, (solid line) and tracking signal y4, (dashed
line), the upper bound k,, (dotted line) and the lower bound —k5;
(dotted line); Case 2: output y,, (dotted-dashed line).

15

10 b

0 5 10 15 20 25 30
t/s

FIGURE 3. Control signals u, (solid line) for case 1 and (dotted-dashed
line) for case 2.

From Figures. 1 and 2, it is clearly to know that the output
signal vector y can well track the desired trajectory and all the
states are within the constraints. The tracking performance
of case 1 is better than the tracking performance of case
2. In Figures. 5 and 6, we can find that the event-triggered
numbers are 632 and 1411 in 30 seconds, respectively.

Remark 7: When the controller signal needs to be updated,
the event-triggered condition |Ej()] = v;(t) — u;(t) =
8jluj(t)| + mjy is satisfied. Firstly, the traditional encoding
method is used to transmit the initial controller value u(z).
In the following time pointt € [tj,tix+1), k = 0,1,...,
the encoder can be designed as follows:

1, Ei(t) = 8jluj(t)] + mj
= = djlvi(t)| + mj 81
0, Ei@) < =4jluj(n)] —my
= —=§j|vj(tip)| — mj1
The output of encoder /; can be transmitted to the decoder
with the help of network channel. The decoder only needs
to store the event-triggered condition parameters and the
last control signal value uj(#;). The decoder is designed as
follows:

ui(ty) + 8jlu(ti)l +mj1, =1

(82)
uj(tiy) — Sjlu(tip)l —mjr, ;=0

uj(fg+1) =

By using this decoder, the controller signal u;(t) can be
restored. When we update the controller signal, only “0”

VOLUME 8, 2020
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FIGURE 4. Control signals u, (solid line) for case 1 and (dotted-dashed
line) for case 2.

FIGURE 5. Time interval of trigger-event for u,.

or “1” need to be transmitted through the network chan-
nel. Therefore, although the event-triggered number reaches
632 and 1411, that is, 5-12 times per second, the burden of
signal transmission can be reduced.
Example 2: Consider 2-DOF flexible robotic system as
follows:
M ()& + C (w, ) v+ G(w) + Fo
+ Kip(w — wm) =0 (83)
Jn@m + Bpoy + Ky, (0 — @) = u
The corresponding state equations of system (2) including
unmodeled dynamics can be described as follows:

¢ =0, y),

X1 =x

@=4rwﬂammm+am
+ Fxy + Kmxl] + M~ (x))x3 + da,

X3 = Xa,
X4 = J o [=Bxy — Ky (63 — x)] +J, u+da,
y =X

[ p1+p2+2p3cos(w2) p2+ p3cos(wr)
M (w) =
D2 + p3 cos (w2) P,
C(w, o) = <‘P3d’2 sin(w2)  —p3 (w1 + @2) sin (a)z))

p3wi sin (w2) 0

G () p4g cos (w1) + psgcos (w) + wz)) (84)

P58 cos (w1 + w2)
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0 5 10 15 20 25 30
t/s

FIGURE 6. Time interval of trigger-event for u,.
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T
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15 I I | | |
o} 5 10 15 20 25 30
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FIGURE 7. Output y(solid line) and tracking signal y4; (dashed line),
the upper bound k;, (dotted line) and the lower bound —k;; (dotted
line).
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0 5 10 15 20 25 30
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FIGURE 8. Output y,,(solid line) and tracking signal y4, (dashed line),
the upper bound k,, (dotted line) and the lower bound —k,; (dotted
line).

where x| = o, x» = @, 0 = [0, o], ¢,y =
—¢ 4+ >+ 05 p1 = mlZ +ml + L, py =
ml% + b, p3 = mlila, ps = milo + myly, ps =

mole, m; and [; are the mass and length of the ith link,
l.; is the distance between the ith joint and the center
of mass of the ith link, and I; is the moment of inertia
of the ith link, d» = [0.1¢sin 2¢,0.1¢ sin 217, d» =
[0.5sin(t) + w1 £, 0.5 sin(r) + w17 are the dynamic distur-
bances.

The system parameters are taken as m; = 3kg, my = 2kg,
L =1m, ) = 12m, I,y = 0.5m,lp = 0.6m, I} = 4 x
103kg - m?, I = 3 x 10 3kg - m?,

70 0002 0
K 2[0 7]’ J’"Z[ 0 0.002}

02 0
F:B:[ 0 0‘2].
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FIGURE 9. Control signal u,.
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FIGURE 10. Control signal u,.
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FIGURE 12. Time interval of trigger-event for u,.

The controller parameters are selected as K1 = diag[30, 10],
K, = diag[4, 4], K3 = diag[5, 5], K4 = diag[3.5,3.5], » =
Q.OOL 3 A: 0.003; T4 = 0.901, 0] =0 =03 =04 = 0.01,
B1(0) = B2(0) = B3(0) = B4(0) = diag[0.2,0.2], §; = 62 =
0.2, miy = mo; = 03, k;1 = 1.1, kip = 1.2, kp; = 1.0,
koo = 1.1; choose the tracking signal y; = [0.5(sin(1.5¢) +
0.8 sin(0.51)), 0.5(sin(0.5¢)+0.6 sin(r))]%, design unmodeled
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dynamics as ;= —¢ + ||y||2 + 0.6, construct the dynamic
signal as v = —0.5v + 1.6]|x] ||4 + 1.5; select the initial
values as x1(0) = [0.1,0.1]7, x2(0) = x3(0) = x4(0)
[0.15,0.1517, B2(0) = B4(0) = diag[0.1,0.1], i (0) =
1i3(0) = hi4(0) = [0.2,0.2]7, v(0) = 0.01, £(0) = 0.01. The
plotted curves by matlab are shown in Figures 7-12. From
Figures 7 and 8, we can see that the output restrictions can be
abided by, Figures. 9 and 10 show that the designed event-
triggered control signals are bounded. The event-triggered
numbers are 1106 and 2267 for u; and up in 30 seconds,
respectively.

VI. CONCLUSION

Combining dynamic surface control technique with relative
threshold strategy, adaptive neural event-triggered control
has been developed for block-structure MIMO non-affine
nonlinear systems including output restriction and dynamical
uncertainties. The first-order auxiliary system designed based
on property of unmodeled dynamics is employed to dispose
of the dynamical uncertain terms. The output constraints can
be carried out based on invertible nonlinear mapping. All the
signals in the designed control system have been proved to be
semi-global uniform ultimate bounded. A constrained pure-
feedback system and a kind of 2-DOF flexible manipulator
system are provided to verify the effectiveness of the designed
adaptive event-triggered control algorithm.
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