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ABSTRACT This study focuses on the adaptive prescribed-time neural control for a class of high-order
switched systems with nonlinear parameterization in presence of unmodeled dynamics and quantized input.
Different from the existing results on finite-time control on basis of adding a power integrator technique, the
controller construction and stability analysis are simplified, and the tracking error remains within a set range
over any prescribed time. Under the frame of backstepping design, a state feedback controller is designed.
During the controller design procedure, Radial basis function (RBF) neural networks with minimal learning
parameters are employed to identify the unknown compounded nonlinear functions, and the control input is
quantized. Based on Lyapunov stability theory, the closed-loop system’s signals are all assured to be semi-
globally uniformly bounded (SGUB), and the tracking error is kept inside a prescribed zone at a finite time.
Finally, a numerical simulation is provided to demonstrate the viability and efficacy of the control strategy.

INDEX TERMS High-order nonlinear systems, nonlinear parameterization, switched systems, prescribed-
time control, unmodeled dynamics, input quantization.

I. INTRODUCTION

In the past few decades, significant process has been made in
the control design and analysis of nonlinear systems since the
backstepping technique [1] was proposed. By combining with
the powerful approximation ability of neural networks (NNs)
or fuzzy logic systems (FLSs), more attention has focused
on adaptive control for uncertain nonlinear systems and
many remarkable results have been reported. Consequently,
remarkable results have been reported in various domains,
including systems with strict-feedback forms [2], [3], [4],
pure feedback systems [5], [6], [7], as well as time-delay
and stochastic systems [8], [9]. When modeling physical
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systems, especially complexity ones, it is necessary to simply
the model for control design and analysis, leading to the
occurrence of unmodeled dynamics. It may degrade the
system performance or even cause instability in the closed-
loop system if ignoring its existence. And naturally, controller
design and analysis will bring in more challenge than those
systems without unmodeled dynamics and uncertainties.
Researchers have investigated state feedback control design
for uncertain nonlinear systems with unmodeled dynam-
ics [10], [38], [50], and observer-based control design were
discussed in [11], [12], [51], and [52].

Switched systems are made up a collection of con-
tinuous or discrete subsystems, as well as a switching
law that governs switching for these subsystems [13].
Switched systems have received widespread attention as
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a common type of hybrid system due to their emergence
in many practical systems, such as networked systems
with a switching mechanism [14] and robot manipulator
with variable inertia [15], and so on. Following arbitrary
switching, the global probability stabilization for a class of
switched stochastic nonlinear systems was examined in [16],
tracking control was discussed in [17] for switched uncertain
nonlinear systems with pure-feedback form, and in [18] for
lower triangular form. In [13] and [20], output feedback
control was investigated for a class of uncertain switching
nonlinear systems with unmodeled dynamics. The adaptive
stabilization problem was investigated for a class of uncertain
switched nonlinear systems with linearly parameterized
in [21]. High-order nonlinear systems are more general than
those with strict-feedback forms and other forms that can
be analysized similar to strict-feeback nonlinear systems,
and traditional controller design and stability analysis based
on quadratic and quadric functions cannot be directly used.
For this reason, many efforts have been shifted to explore a
novel method for the control design of high-order nonlinear
systems, and many remarkable results have been obtained.
For example, an analysis of the global finite-time stabilization
for a class of switched nonlinear systems with powers of
positive odd rational numbers was done in [22], where the
nonlinear terms of the systems must meet satisfy the linear
growth requirement. Though the linear growth condition
was removed in [23], finite-time stabilization and dynamic
uncertainties were not taken into consideration.

Recently, some control strategies with prescribed perfor-
mance for nonlinear systems have been published, which
can guarantee the controlled systems’ transient performance,
and keep the system tracking error within a predetermined
range [24], [25]. However, the research results were mostly
focused on the infinite cases. Soon afterward, the in-
depth studies on finite-time prescribed performance which
makes the tracking error convergence in finite-time were
developed in [26]. Note that the aforementioned research is
conducted by constructing traditional Lyapunov functions for
control design targeting the class of strict feedback nonlinear
functions. High-order nonlinear systems can provide more
accurate descriptions of complex phenomena in the real
world, offering a more precise representation of dynamic
system behavior. Studying high-order nonlinear systems
enables the development of more accurate control strategies
to improve system response performance. An investigation
on adaptive prescribed performance control for a class of
high-order systems with actuator defects was found in [27].
For a class of high-order stochastic nonlinear systems with
prescribed performance function of exponential type, the
adaptive fuzzy finite-time control problem was addressed
in [28].

To reduce the communication rate of control information
being transferred over networks, the input is frequently
quantized before transmission. The quantization of input
signals can be thought of as a map from continuous signals to
discrete finite sets. The control signal to the plant in quantized
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control systems is a piece-wise constant function of time
and the system interacts with information quantization [29].
Significant progress has been made in recent years in the field
of input quantization control. For instance, adaptive tracking
control for uncertain strict-feedback nonlinear systems was
addressed in [30]. For high-order nonlinear uncertain systems
with input quantization, output tracking control problem was
covered in [31]. For stochastic nonlinear nonstrict-feedback
systems with full state constraints, the adaptive fuzzy finite-
time quantized control problem was examined in [32].
Input quantization-based finite-time tracking control for
uncertain interconnected nonlinear systems was researched
in [33]. Different from input quantization control, event-
driven control triggers and transmits data based on preset
conditions. An adaptive backstepping control scheme for
nonlinear interconnected systems was presented in [53],
aiming to achieve desired system performance by utilizing
prespecified performance driven output triggering. The study
in [54] introduced event-triggered reference governors that
facilitate collisions-free coordination between leaders and
followers, even in systems with unreliable communication
topologies. [55] addressed the dynamic event-triggered-
based adaptive output-feedback tracking control problem in
nonlinear multiagent systems with time-varying delay.

According to our knowledge, there are few reports on
the outcomes of finite-time prescribed performance control
of non-linear parameterized high-order switched non-linear
systems in presence of unmodeled dynamics, unknown
disturbances together with input quantization. The main
contributions of this paper are as follows.

(1) The study is more general compared with the switched
systems in strict-feedback form [19], [34], [43] or systems
modeled with linear parameterization [21], [27], [46], and
the linear growth condition on the unknown parameter is
removed during the controller design. Additionally, unmod-
eled dynamics and unknown disturbances are taken into
consideration, which improves the practical values of the
study and also the difficulty is improved.

(2) A finite-time prescribed performance controller is
constructed to guarantee the output tracking error remains
within a predefined region at a finite time and all signals
in the closed-loop system are SGUB. Additionally, the
communication burden is reduced by introducing hysteresis
quantize to decrease the communication rate of the actual
input signal, implying that the transmission efficiency is
improved and furthermore the chatting phenomenon is
avoided.

(3) The computational burden is reduced by estimating the
maximal norm of weight vectors of the employed RBFNN
basis functions of all subsystems, meaning that only one
parameter needs estimating online at each recursive step.

(4) Control design is simpler to achieve the objectives
with the sufficient condition V < —apV + wu than the
traditional finite-time control design method to guarantee
V < —agV? + u with y € (0, 1) [43], [47], [48], which
further reduce the computational burden.
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The remainder of this paper is organized as follows. The
problem formulation and preliminaries are given in Section II.
RBF neural networks and controller design are shown in
Section III. In Section IV, Stability of the closed-loop system
is analysed. Simulation results are given to demonstrate the
effectiveness of the proposed control scheme in Section V.
Section VI draws the conclusions of this paper.

Il. PROBLEM FORMULATION AND PRELIMINARIES

A. SYSTEM DESCRIPTION

Consider the following high-order switched uncertain non-
linear system in presence of unmodeled dynamics and input
quantization

2= qot)(z,y)
Xi =X+ fiow@in 0) + Aion(y. 2, 1),

i=12,---,n—1 (1)
Xn = g (ut) + fu.ow) (X, 0) + Dnowny (¥, 2, 1)
y=xi
where x; = [x1,x2,--- xT e R oand x =
[x1,x2, -+ ,x,]T € R" are state vectors; u € R and y € R

are input and output of the system, respectively. For i
1,2,---,n, p; € R‘;dldé{k € R : A > 11is aratio of
odd intergers}, the function o () : [0,400) — M =
{1,2,..-,m} is the switching signal which is assumed to
be a piecewise continuous function of time and where m is
the number of subsystems; 6 is an unknown parameter. For
Vk € Mandi = 1,2,---,n, fir(%,0) : Rt — R
are unknown continuous functions with f; x(0, --- ,0) = 0,
A; k(y, z, t) are unknown uncertain disturbances, and z € R™
stands for unmodeled dynamics.

The goal of the control strategy is to build an adaptive
tracking controller based on a finite-time performance
function such that all closed-loop system signals are SGUB
and the tracking error converges to a predetermined zone at a
finite-time.

To achieve the controlled objective, the following assump-
tions are made.

Assumption 1 [26], [34], [35]: Fori = 1,2,--- ,n and
Vk € M, there exist uncertain non-negative smooth functions
i1,k (+) and @; k() such that

|2k, 2. 0| < @i r(z) + 0i k() 2

Assumption 2 [35], [36], [37]: System z = qx(z, y), Vk € M
is exponentially input-to-state practically stable (Exp-ISpS),
if there exists a Lyapunov function Vj(z) satisfying

r1(z]) = Vo(2) < y2(lz) (3)

Vo(2)

B—qu(z’ y) < —aVo@) + yax(lyD + b 4)
where a and b being positive constants, and y1(-), y2(-) and
¥3.k(+) being koo-functions.

Assumption 3 [26], [44]: The reference signal y,(¢) and its

r-order derivative yﬁlr) are known and continuously bounded
forr=1,---,n.
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Lemma 1: [35], [38] If conditions (3) and (4) are satisfied,
indicating that Vj is an exp-ISpS Lyapunov function for a
system z = gx(z, y), then, for any constants ¢ € (0, a) and
ro > 0, any initial condition z9 = z(fp) with Vip > 0,
any continuous function y satisfying y(|y|) > y(]y|), there
exists a finite time 7y > max {O, In (#ﬁo) (a—c)p =0,
a nonnegative function D(ty, t), defined for all r > 79 and a
signal described by

v=—cv+y(xl) +d, vto) =vo ()

such that D(ty, t) = O for t > ty + Tp, and Vp(z) < v(t) +
D(to, 1) with D(tg, 1) = max {0, e~ =)V (z9) — e~ =0)py .
Without loss of generality, assume that 7 (s) = s%yo(s%), then
one has

v = —ev+xtpad) +d, vto) = vo (6)

where y(-) is a non-negative smooth function.

Lemma 2: [39], [40] For the constants A > 1 and
u > 0, define the set Qs = {§ € R||§| <tu} with
t = arctanh(}y1 / A). Then, for all § ¢ s, the inequality
1 — Axtanh*(8 /p) < 0 holds.

Lemma 3 ([49]): Let p € R% and x, y be any real
numbers. For a positive constant ¢, one has [xP —y’| <
clx =yl x e —yy~t 477

Lemma 4 ( [41]): For any positive real numbers m and n,
any real-valued function a(x, y) > 0, there exists a positive
function c(x, y) such that

|aGe, )™y < ex,y) [x"*"

m

n mtn
) laCe, )| [y™ ™ (7)

4 n ( m
m+n \ (m+ n)c(x, y)

Lemma 5 [42], [43]: For any variable n € R and constant
> 0, the following inequality holds:

0 < |n| — ntanh (3) < ém, 8 =0.2785 (8)

B. PRESCRIBED PERFORMANCE TRANSFORMATION (PPT)
Definiton 1 [26], [44]: A smooth function p(¢) is denoted as
a performance function when the following properties hold:

a) p(t) >0

b) p(t) <0

c) tlinTlf p(t) = pr; > 0and p(t) = pr; for Vi > T,

where p7, and Ty are any small constant and the setting time,
respectively.
Following Definition 1, we can rewrite the performance
function as below
Tf
(po—L)e( _ﬁ)—i-p .t €0, Ty)
pt) = Ty =)
PTy,t € [Tf, +00)

where pp > 1 and p7; > 0 are specified parameters.
To guarantee that the output tracking error e (¢) = y(t) —
vq(t) always stays inside a specified prescribed performance
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bound, or to meet the prescribed performance requirements.
An error transformation function S(z1) is designed as

el — e
Sy = (10)
where z; is the transformed error.

With the tracking error requirements —Ijp(t) < ej(t) <
b p(t), where —[; and I, being design constants, the tracking
error can be rewritten as e1(t) = p(¢)S(z1). And then, the time
derivation of e1(¢) becomes

c 5 98(z1),
e1(t) = p(®)S(z1) + p(t) - () an
In fact,
; e1(t) — DS (z1)
Zl(t) = Qma-~
p(H) 5
p(1)S(z1) 1 N
T ('x +f,<7 (.X ,0)
P(ﬂ%ﬁ') ,o(t)%il) 2 Lo(n(X1

+ Aoy, 2, 1) — Ya)
=Y+ T +flonE, 0) + Ao, 2, 1) — Ya)
(12)

Thus, it can be obtained that

2= 4o, Y)
20 =T +TW" +fion@,0) + Aoy, 2, 1) — Ja)
X = Xf’frl +fio&i )+ Aigiy(v, 2, 0),i=2,--- ,n—1
Xn = @ @) + fo.o)(X, 0) + Ano@) (Vs 2, 1)
y =X

(13)

C. QUANTIZED INPUT
According to references [31] and [45], the quantized input
q(u) of the controlled system can be expressed as below

u .
uisgn(u), —— < |u < wu;, it <0,
14+« w
oru; < |lu| < L iu>0
K
”
ui(1 + x)sgn(u), u; < |u] < ——, it <0,
—K
— i ui(l1 4+«
q) = oo i w0 L
1 —« 11—« o
0,0 < Jul < 7=, it < 0, 0r==- < |ul < tmin,
K
iw>0
q(u(t™)), othercase

(14)

where u; = v!'Zupin (i = 1,2,--+ ,n) and k. = {7~ with
Umin > 0and 0 < v < 1. g(u) locates into the set U =
{0, £u;, £u;(1 +k),i=1,2,--- ,n}, upin > 0 is a dead-
zone range of g(u), and v denotes the measure of quantization

density. And g(u) can be divided into two parts as follows

g (u(t)) = S(u (1) + K (1) (15)
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where S(u) and K(¢) satisfy
(I =P <Sw) <A+, K@) < ub

min

(16)

IIl. RBF NEURAL NETWORKS AND CONTROLLER DESIGN
In this section, we use RBF Neural Networks to approxi-
mate the unknown compounded nonlinear functions arising
from the unknown functions and unmodeled dynamics of
system (1) during the controller design process. They are
of the general form h(x) = WTC(x), where ¢(x) =
[¢1(x), La(x), - - - ,;,,(x)]T € RP being a vector-valued
function and ¢;(x) as Gaussian functions of the form ¢;(x) =

exp (—(x — w)T(x — i) /b?) with p; = [wir, iz, -+
Wim]" being the center of the basis function and b; the width
of the basis function, i = 1,2,---,p. w € RP represents

the weight vector. Generally speaking, for any given smooth
function i : Q — R, where 2 is a compact subset of R (m
is an appropriate integer) and ¢ > 0, it can be approximated
by means of RBF neural networks, that is, there exists a basis
function vector ¢ : R™ — RP and a weight vector w* € R
such that sup |h(x) - W*T;'(x)| < &* Vx € Q. The quantity
h(x) — w*T¢(x) = &(x) is called the network reconstruction
error and |e(x)| < &*.

The optimal weight vector w* defined above is a quantity
only for analytical purposes. Typically, w* is chosen as the
value of w that minimizes (x) over 2, that is

w* = arg min [sup h(x) — WTg(x)” .
weRP xeQ
In what follows, an adaptive neural network semi-
globally practical finite-time tracking controller is designed
for nonlinear system (13). First, the following change of
coordinates will be defined

{ 1 =121 (17)

Zi =X — -]

where o;_1,i = 2, - - -, nis the intermediate control function,
the controller u will be designed in the last step.

The detailed control design procedure is given in the
following.

Step 1: Differentiating z; with respect to time ¢ in the first
subsystem yields

=Y +TE +flonE, 0) + ALowO. 2, 1) — Ya).
(18)
Choose the candidate Lyapunov function as Vi = W +
p—p1+2
1 &2 _z

m@l + %, Where,\Wl = m, 4
design parameters, ® is the estimations of @], @] = O] —
® is the estimation error.

By Assumption 1, one has

27PN < 277 (@) + o2 ) - (19)

From Assumption 2 and Lemma 1, we know that there
exists an increasing function )/1_1(-) such that

|zl < v, ' ((t) + Dto, 1)) (20)

81 > 0and Ay > O are
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Let @114 = @114 0y ' (2v) > 0, then one has

ZI]’—PI-HFAL](
—p1+1 _
=< Z’f pit Cloie oy, Yo + Do, )]
+ 2(1)_[7|+1F‘P12,k()’)

4] = —pi+1 _
<P d 1 + 27 T 0y (2D)

—pi+1
+ 2T T o) 1)
Utilizing Lemmas 4 and 5, one has
Z[f—Pl-HFALk
1
TP o Ny AR NI pf;‘H
SZI;JF [ p—pi+l @y tanh i ]
di
2]7 4 p+l _ptl
+ P + TP (@1 i (IIx )PP T
p+1
+zp+11“p—m+1
prl
(<P11 koY YDy P 4 0.2785d, (22)

with c_i 11 being a design parameter.

1
& A T =
tanh | L———— ,
11,k 7
» | ptl
= Sheux oy @D) 1,
p+1

(erax(lx))P—Pr+1 dyy = 0.2785d . Then, one has

Denote &Dll,k =

diz,k(to, 1) Py =

PPHIPAL L < Zp+1r,p—f;1+1 & 2
1 Lk =7 1k +Pnr+1
2p)
+dii(to, 1) + —— +di (23)
p+1

It should be pointed that d12 x(to, t) = 0 for any t > to + Tp,
and yl_l is the inverse function of yj.
Subsequently, it yields (24) from the result of differentiat-
ing V1 as below
v, = ZII’—Pl-Hl—-(xgl _a117|)+Z!1’—P1+1Fa117|

+Zl])_m+1f1 K(Z1) + dio.k(to, 1)

2pq cv
+ +dy — —@ o

Pl 101 = o
+ (1 —p—-p1+ 2) tanh?~P1+2 (Z—l))

A%

2= (.2

Y (|x1 ’) d

arinl 4 24
X o +Ko (24)

where
fx(Z) =T +Tfi g(x1,0) — Tig
p—p1+2 7 (|xt])

2
tanh? P12 (Z_l) ay W)
Z’rle v 20
p+1 N ~
+ T (©11,k + o + 1)
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is an unknown nonlinear function since fi x(x1,6) is
unknown, and it can be approximated by RBFNN, that
is, fix(Z)) = 6 ¢1xZ) + e1x(Z1), where Z; =
[x1, Ya, Ya, p, p]. Thus, one has
Vi =Z7red o) + T e
—p1+1
+7PN67 o1 (20)

2p
+e1,x(Z1) +dioi(to, 1) +
p+1
by - 16,6, -
=300 "
+(1 — (p— p1 +2) tanh? 71 +2 (Z_l)) w7 (i)
Y 2o )»0
(25)
Using Lemma 4, one has
Pl
2 gr 012y < 27Ot g @l + L2
’ p+1
(26)
and
—p1+1 +1 P1
AP e @) < +p+1si‘ (27)

p+l1 >karl
—p1+1
where ®] = max ‘Gl*k)p pit and £} = max elkpl .
keM ’ keM ’
From the above analysis yields

Vi <27 P — o) + 27 el

sz H pp;r{H
OF llg1(Z)|| P~
1
zp+ + 181 +dik(t0, 1)

1
+ d11 - —@1®1
3
_ Yy (1 — (p—pi1 +2) tanh? P12 (Z—l))
)»() v
2
27 (1)) 4 da
Ao Ao
— Z[]"I’H-lr(xgl _ a[fl) +Z!1’—[71+1

R p+1
(Fa'{l + 24"+ 'O lpi(Z))||PPiHT
_pt+l
1 (Zy)|| P=PiFT

cv
——+(0-(p-p1+2)
AQ

1 - X
- =0 (@1 - 51zp
81

x tanh? P1 12 ( )) M +dii(to, 1) (28)
v 0

where di (o, 1) = Let + dioi(to, 1) + 2 p+1 +dn+ £

Choose

[7+1

1 A L P1
a1 =zl + 1+ 61 lp@DIP 7T ) =28
(29)
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. p+1
A l — A~
01 =8 lg1@nIP P — 610, (30)
1
R p+1 P
where 1 =T "le; + 1+ O (2| P—21FT ) .

Then, one has

Vl < lej_pl—i_ll—'(xgl 1)_chp+l Ul ~ O iv
0
2> 2
+ (1 — (p— p1 +2) tanh? 71 +2 (Z_l)) 27 (k)
v )

+di(t, 1) (31)
Combining with Lemmas 3 and 5, one has
ZIIJ*P1+1F(xgl _ a}fl)
<P 7 faal [ + 0|

_ 1 —1
= cID 2 PP [l e | 1T o)

<2 4ot (32)
p—pi+l p+l1
where hjg = 1% (% Peirp e+

p -1 prl . .
Iﬁ (1%) X (c ’ ﬂf ! ‘ |F|) is a continuous function.
Then, one has

c
—@ O — —v

Vi <—(c1 = DT+ moe ™ + 5 P

+ (l — (p — p1 +2) tanh?P1+2 (%1)) x%?)flx%’)

+di(to, 1) (33)

Step 2: Choose the Lyapunov function V, = Vi + W)+ % (:)%,

where 6, > 0 is a design parameter, (:)2 = @; — @2, Wy =
p2+2
1% is the continuous-differential function about x;, @1
and A.
According to the definition of zp, one has z = x — «f,

and then

22 =X —ay

1. Oap,
=" + @2, d) + Ao i(z. x) — i ~—Vd
axy dya
30(1 30(] 30(1 8051 A
— s Va— =P = P = =06 (34)
ay. ap ap 00
and
Zg_szrlAz,k < lea+1 (&)21,k + &y + 1)
2p>
+doi(to, 1) + —— +do (35)
p+1
+ p+1
A - —P2 —pr+1
where ®71 x = (@21‘1( tanh (%))p P2 ,dy =
_ R _ptl
0.2785dy1, Pk = (@224 (IxID)P=P2H1, dapi(to, 1) =

p+1

%((pmk o yl’l(ZD))l’_Z, dry isa design parameter.
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From the above analysis, we have
. . _ . 1 ~ =
Vo= Vi - 3, 9202
2

O] ~ =~ c
< (1 - D+ 5, 0101 - -

+ (1 —p—-p1+ 2)tanhpfp1+2 (Z_l))

1%

25 (]2
y xly)f|xl |) di(to. 1) +z’2’7p2+1(x§2 —a”
0

— 1 — 1
+Zg p2+ 0/272-!-2{2) p2+

- 2p> 1 ~ =
X FoxGa, d) + doa (10, 1) + —L2 oy — — 0,0,
p+1 &2

(36)
where
doq . doq . dog ..
Fok(Zo) = frk(Gr, d) — —X1 — —Vd — ——Vd
ax1 oy A
day .,  day.. Odap A

p——P— —
ap ap RICH
+ 27 (4321,1( + dop i + 1) + hio2y’

1

and Zp = [x1,X2,Yd,Yd,Yd, P> £, Ps @1]. Similar to the
previous analysis, it can be obtained that f>;(Z) can be
approximated by RBFNN, that is, fz,k(Zg) = 05’ $P2.4(Z2) +
€2,k (22).

Using Lemma 4, one has

p+1
—, 1 1 Pa——— P2
L05 102(Z0) < 5703 llga(Z)|PFT + Pl
(37)
LM (20 < B + p”j ¢ (38)

*
92,]{

p+1 2
—prF1
where @7 = max ’ ‘p P2t and g5 = max{e, kpz 1
keM keM ’

Thus, one has

. _ Ol ~ ~ c
Va<—(er = DT + 57 —ob?) + —1®1®1‘TOV
Xy (|x1 )

+ (1 — (p— p1 +2) tanh? P12 (Z—l))
\% Ao

1 -~ 2 p+1
- 582 <®2 - 522'£+1 ||<P2(Zz)||”"’2+')

_ ~ p+1
+ 7Pt (a’? +hi03y’ + 25 + 25202 lga(Z)[| 7727 )

+dl,k(to,t)+pp2

3p2
n 18§ +dxn i (to, 1) + F + do

+1
(39

Choose
1

~ _ptl P2
) =-2 (Cz + 02 llpa(Z) || P72+t + 1) =—2p
(40)
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X 1 ptl ~
O2 = 834 lga(2) 77271 — 520, (41)

R _ptl P2
where B, = | c2 + Oz [lg2(Z2) || P72+ + 1
Then, one has
< —(e1 - D — et 4
+ —®1®1 + —®2®2
)

I
A P2t (47 — ob?)

b))
SN (1 — (p— p1 +2) tanh? 1 +2 (Z—‘))
Ao %
2= (142
X x
17 (i) + da(to, 1) (42)
A0
Lot
where dy i (10, 1) = dix(to, 1) + 35, P2 dyg(to, 1) +
;_1:_21 + db.
Also by means of lemmas 3 and 4, one has
zgfpz+1(x1372 051272) SZzzﬂrl +h2()Z’2)+] (43)
2 (2p—p2+D) p_gg etl 2p \P
. _ 2 —P2 D
with koo = piT G I )

being a continuous function.

(clez))"

Then, one has

Va < —(cl —~ 1>z”+l — (2= DB + ™!

C
+ 5, 16,6, + 5 ®2®2 - ?n_ov
_ _ p—p1+2 (|x1 D
+ (1 (p — p1 + 2) tanh? 7! ( - )) "
+dai(to, 1) 44)

Stepi (3 <1i < n — 1) : Choose Lyapunov function V; =
Viet + Wi + 55 @2 Where §; > 0 is a design parameter,
@l = @ @, is the estimation error and @l is the estimation
—pi+2
of ®7F. Wi_ = p—‘_pi+2 is
about Xx;, (:),-_1 and A.
From the above analysis, one has
Vi< —(er =D& = (- 1B -
+ hi—1,02 !
O]l ~ ~ 02 ~ =
+ 010+ 020, + -
81 &2

the continuous-differential function

— (i1 — D2

1

-1 ~ A c
+ 8—®i71®i,1 — %7

i—1 0
+ (1 — (p—p1 +2)tanh? 7112 (%1)) xf%lxﬂ)
+ di—1,k (10, 1)
F 2PN 4 fi G d) — dimg + Ajg) — é@iéi
(45)
and

—pi 1 1 A A
A Pl Ay < Zip+ ((Dil,k + Pk + 1) +di i (t0, 1)

2pi
— + d; 46
+ +] +di ( )
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P P,‘Hq) . pf;il ~
where Cbll k= ( i1, , tanh (T)) s (biZ,k =
+1
(9012 k(llxID) P ”'“ , dit 1 = 0.2785d;1, dpi(to,t) =
ptl
> +1(<p11 Koy (2D)) Pi d;isa design parameter.
. 1 1
Vis—(c1 =D& — (2= DB = = (e = DY,
1
+hi71,02§?+
O] ~ A 02 ~ A Oi—1 ~ A c
+ =010+ =020+ + —0;_ 10| — —V
81 b)) i1 Xo
25 (.2
X X
+ (1 —(p — p1 + 2) tanh? 112 Z_l)) 1V—|1|)
\% Ao
+di—1,k(t0, 1)
—Pi 1 i i 1 i —PDi
PN oy P 2P (7))
+ din i (t0, 1)
+ 2P +d 1(:) O (47)
P+1 il — 5, i

where f; ( (Z) = fix (i, d)— ;- 1+zp( 11k+<1>,2k+1)+

hi—1,0Z", and Z; —[xl,xz,- Xty Vds Vs 5 YY)
0,61, 60,0, 6141,

Slmllar to the previous analysis, it can be obtained
that f,-,k(Zi) can be approximated by RBFNN, that is,
Jik() = 05 0ik(Zi) + €i k(Z).

Using Lemma 4, one has

2 05 P

_ptl .
2P H0r o2 < 21 OF ez PP + p’il (48)
—pi Di
2P ez < 27 + el 49)
ptl Wzas)
where ©F = max ‘Gi*k p=pitl ] and &f = ?%{[8 ! l
€ ’ €
And then, one has
Vi< —1 = D2 (- D = = (e - D2
+ 0—1(:)1@1 + 2@2@2
ot 22Le 0 — —
81 ) i—1Y%9i—1 )\O
2= (.2
_ 7 (Ix2))
1—(p— 2) tanh? P12 (Z_l)) ALY
+( (p — p1 +2)tan " ro
l+l i
+Zp g (xt+l 'lD)
_Eéi (@i Zp ||<Pz(Z)||”_”'+l)+ it (e +
1

R _ptl ,
2O @i Z)IIP=PiFT + hi_y 0" + 2 ‘) d; (0, 1)

(50)
where d; x(f0,1) = di—1x(f0, 1) + p+1 & + dink(o, 1) +
3pi
ST+ din.
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Choose
1

. p+1 \pi
ai = —zi| ¢i + 1+ O lpi(Z)| p—Pitl =—zfi (51

Pl
lpiZD) |77+ — 0,0 (52)

1
R p+l \pi
with B; = ci + 1 + O; lgi(Zp|| PP+l ) .

It can be obtained that

Q=82

. 1 1 1
Vi< —(c1 =D& = (2= DB = = (eim = DZ,
1 P
_CiZer +3 G i
—oy+ —@191 + 5(92(:)2 +e
+ 06,0+ 266 &
di-1 2i6.6, - Sy
(S,_ i—1 5; i 20
2_
X
4 (1= —pr +2tanr (2)) T2 7 ([x3])
% Ao
+dix(to, 1) (53)
Due to
—pitl ; 1
PG — ol < 2 o] (54)
ppitl 1
: _ pi (2(p—pitD pi £t 1 2\
with hjp = pi% (p+) CP 4 i (1?1’1)
P+
(c ‘,Blp ! ‘) being a continuous function. Then, one has
Vi< —1 - D2 —(ca - DE — o — (i1 - D]
— (i — D!
O] ~ ~ 0) ~ -~
+hiodl | + 5_16161 + 2020, -
2
Oj—1 Oj ~ ~
+ 01101 + — 6,6,
51 1 di
L (1 — (p — p1 + 2) tanh?~P1+2 (Z—l))
) v
2
X1y
%(')ID +di(to, 1) (55)

Stepn : Combining with the above analysis, one has

Voot < —(c1 = DT — (@ - DE™ -
1
—(ci-1 — 1>z5-’_+10— (Cnt1 — zf; |
Fhp1022 T + 220,01 + 2620, + - -
81 82

Oi-1~ A On—1~ A

+—0;10; 1 + On—10,-1

i1 Sn—1

_ Sy (1 — (p— p1 +2) tanh?P1+2 (Z—l))
Ao \%

25 (1,2

v (}xl |)

A0

According to the definition of z,,, one has

+ du—1.x(t0, 1) (56)

Zn = xn - dn—l
=g (u(t) + fox(x, d) + Api(z, x) —@n—1 (57)
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n— 1+W +
being a continuous differential

Define the candidate Lyapunov functionas V,, =

—pn+2
a=om ‘W @2 with W, = ;pp )

functlon, and 8, > 0 is a design parameter, @n =0 — @n
is the estimation error and ©,, is the estimation of ®.
From the above analysis, one has

1G~A
—0,0;
18

n—1 n

Vi<—=> (ci— D+ b0+

i=1 i

C
——v+d-@-p
A0

2.5 2
42) tanh? 71 +2 (Z—l)) xi7 (ki) dy—1(10, 1)
v Ao

+ 2Pt (P (u(r))
(1 — 8y

76,6, 8
Oy

+ fuk(x,d) — 1 + Api) —
And

PPN, < ] ( nlk + Pk + 1) + dp2,k (20, 1)

2pp
p+1

ptl
~ _ p—pn+1 x —pn+1
/ [ P—Pn
where @, ; = (Cbnl,k tanh (d’a—””‘)) ,

nl
p+l .
p”l(wnlk oy oDy P, dpp =

dn] =

+

+dn (59)

dn,k(t0, 1) =
_ptl

(n2.k () PPnFT,

parameter.

0.2785d,1, dn is a design

n—1

Vn < - Z(Ci — 1)z§7+1 + hn_1,ozﬁ+1 +
i=1

- A—Cov +=(p—p
2= (1,2
+2) tanh? 142 (Z—l)) M +dp—1,k(t0, 1)

% Ao
+ Zﬁ*PnJrl an (u())

s (1 =8y
+ P (2 - ————0

Sn
nl (60)

+ du k (to,

Pn
+1
where f,, 1 (Zy) = fux (x, d) Qn_1+2" ( n1k+q)n2k+])

+%Zz—p;1+l + hn—l,OZﬁ + Zﬁnand Zy = [x1, x2,
. '-x}‘[vyd9_)'}ds e 1)’51’1)1 P, ba R ,O(n), @11

N A

®2,--,0,1].

Sirr_lilar to the previous analysis, it can be obtained
t_hat Jfnk(Zy,) can be approximated by RBFNN, that is,
Jnk(Zy) = ej,kgon,k(zn) + enk (Zn).
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Using Lemma 4, one has

ptl
P on(Zy) < (1= Y O [l gn(Zy) | P=Prt]
Pn
(61)
p+1
P=pntle (7)) < p+1+_l7n & 62
% *(Zy) = 1ok (62)
ptl
. 0% p—pntl .
Where ©; = max gy and ¢, =

Ll
max { ¢ kp . Then, one has
keM ,

n—1 n—1 -
. Oj ~ ~ C
Vs =D (ci— DL+ +2 5 00— v
i=1 i=1
+ (1 — (p— p1 +2) tanh? 71 +2 (Z—l))
1%

25 2 n
AR oy
A0 5}1

A _ptl —
(@n — 8.2t ||§0n(Zn)||"””“) +

X (@ @) + hoer 02 4 2+ (1= 8026,

p+1
||<ﬂn(Zn)||""’"+’) + dp i (t0, 1) (63)

where dy, (10, 1) = dp—1,k(f0, 1) + p+1 Enx T dn2i(to, 1) +

;ﬁ”l +dp1. Due to ¢”"(u(t)) = g(u)uP(t)+ K (¢) with |K(¢)| <

W’ then one has Z, p"+1K(t) < 1Z2(p —PntD) +5 1270 thus

'min’ mm ’

n—1 n—1
0~A
v<—§ — D> 266 -
(ci )Zp l_]8i iYi

( —-@p-m +2)ta;hp —p1+2 (Zvl ))

b7 i) _aory
Ao on

A _ptl ~
(@n - Snzﬁﬂ ||(pn(Zn)||”_”"+l) + Zﬁ pnt1

c
—V
A0

A~ p+l
X (g(u)u””(t) + (1 =8P, lle(Z) p—pn+l)

1
+dno)(to, 1) + zu 2P (64)

2 min

Choose

~ p+l 1%
U= —2n (Cn + 0, ”‘Pn(Zn)”pp"H) (65)
A Pt p+1 _ A
0, = 8nzn lon(Z)|| PP+ — 6,0, (66)
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then, one has

1—-68)P . 4 C
+Un( )p@@ c

5, nYn — }L_OV
25 2
+ (1 — (p — p1 +2) tanh? 7112 (Z_l)) 27 ()
v )
1
+5 WP 4 dy o (H0, 1) 67)
That is,
n—1
O ~ ~
Vi < —Z(c, AR PCIC)
i=1 i=1 !
1—8)Pr - z
)= -
Sn *o
2— 2
+ (1 — (p—p1 +2) tanh? P12 (Z_l)) x7 (xi])
v Ao
1
+ = 2 Ul + dy i (to, 1) (68)
Note that "f@ 6<% 02+ % @*2,i=1,2,---,n,which

can be obtamed by us1ng Young S 1nequa11ty Then one has

é =y Gu(1 = 8y
y + 2 n\t — 52
v,,g—z (ci — D2 z 25@ T®”
i=1

_ n—1 - _
c Oi 4o  Ou(1 =00 .,

_ < Zigrep it — Y g
,\OVJF;%[ T n

2= (1.2
—(p— p—pi+2 (Z_l)) 7 ()
+ (1 (p — p1 + 2) tanh o)

1 Pn
+ =u " + dy i (to, 1) (69)

2 m1n

Swilching
sienal o(t)

]
i

} Performance
| consirainis
i

I

i

I

FIGURE 1. Control principle and flow structure diagram.

IV. STABILITY ANALYSIS
The main result of this work is summarized in the following
theorem.

Theorem 1: Consider the closed-loop system consisting of
system (1) under Assumptions 1 and 2, the virtual control
laws (29) and (40), the controller (65), and the adaptive
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FIGURE 2. Tracking result.

FIGURE 3. System state x,.

laws (30), (41) and (66), all signal of the closed-loop system
are SGUB and the tracking error converges to a prescribed
zone at a finite-time.

Proof: Let us consider the following Lyapunov function
candidate

V= ZW+Z @2 + j)®+/\—VO (70)

From Young’s inequality, it can be seen that api’lzf pit2 <
@14t implying 7 < —a? =124 g+ When

l
pi > 1, After choosing a = ( 1 )1’ , one has sz

p—pi+2
ppit? . ;+11 porit?
5 i % . -
ppr2 T (P_Pi+2) poprrz + 1 when pi =1,
2
Zp+] prp;+2 Zp it
choosea = 1,onehas —z; '~ < —z; = - 5m+l

Let C = min{c; — 1}, yields

n—1

Ve oSt U3 Tige Gl =
nl_

__V+Z ®*2

+ on(1 — )p
28,

25 (1,2
_ z X X 1
tanh?—P1+2 (71)) %ll‘) + Su flﬁ;ll + dy(t0, 1)

O2+1-p-p1+2)

—p,+2 n—1 -

< CZ Si g ol =" 5
“p—pit2 &5 25,

- nl_

Gn(1 — 8y
@*2 n @*2
)»0 vt Z 25; 28, "
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Tracking e
o °

FIGURE 4. Tracking error.

+(1—(p—p +2) tanh?P1+2 (Z—l))
%

25 (]2
x{y (|x 1 2,
x %(')1” + Stmin + 1C + dulto, 1) (71)
Denote 9 = min{C,0;,01,¢} and u = . %@?2 +
_1 l

=
O'n(lzg’:s)p" X®Z2+ (71 )\’*2_’_ V(|Xl|) +l 2py —i—nC—i—d,,(to,t),

2 min
one has

V< —agV+u+ (1 — (p— p1 +2) tanh? 7112 (Z—l))
v
x1 Y (|x1 |)
AQ
Two cases are considered as follows.
Case 1: x1 € Qy, = {x1]lx1] < 0.8841v} for any positive

constant v. It yields e; is bounded because x| and y; are
bounded. As 7 (|x7]) is non-negative continuous function,

(1= (p—p1 +2)tanh?P1+2 (L)) W is bounded and
1o is assumed to be its upper bound. Then, one has

(72)

V < —agV + i+ wo. (73)

Furthermore, the following result is true:

0<V< (V(O) _ M) oo PO
oo o7y}

17 (x3])
Case 2: x; ¢ 2,,. Based on the fact that # > 0 and
Lemma 2, it follows (1 — (p — py + 2) tanh? 7172 (L))
25 2 .
)LLX‘D < 0. Then, one has V < —agV + w. Furthermore,
the following result holds

0<V< (V(O) — i) et 4 B (75)
o W70}
which implies
0<v <V + 1 o (76)
(07

With 1o being mentioned above.

Summarize the above two situations with the definition of
V in (70), we obtain the conclusion that all signals of the
closed-loop system are SGUB.

Additionally, one can obtain that 0 < V() < V(0) + o% =
%l 2, with [ being a positive constant. By the transformation of
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3

Y

3

Corwallrput and cuantized rput uals)
£

oM

0 0 o n u . . »
'

FIGURE 5. Control input u and quantized input q(u).

o

0 0 0 2 " 0 0 »
h

FIGURE 6. Estimated parameters ©; and ©,.

S(zl ) =4l = jﬁi;giﬁi , it can be obtained that —I < z; =
(1@8 1, where §(¢) = el((tt)) , which implies that

2l —1
—p(t) < (m) p(t) < p(1)

(77

) p(t) <

So the following inequality can be proved that |eq(¢)| < p(¢),
t>0.

From the definition of p(t), it can be seen that the tracking
error e((t) converges to the prescribed invariant region
Q. = {e1 |le1] < pr;.t = Ty } in finite time T = Ty, which
means that the tracking error e(r) = y(¢) — yq(t) always
remains in the prescribed performance bound.

That is the proof of Theorem 1.

V. SIMULATION RESULTS

In this section, we will provide a numerical example
to demonstrate the effectiveness of the proposed control
scheme. Consider the following nonlinear system:

2= qo(1)(z, ¥)s
1=+ flon @1, 0) + Alow)s

=q" W) + f.o0)(x1, 0) + A2 5r),
y=xi

(78)

Wherep1 =Lp=3f/1=x sinx1,f2,1 = lexg’fll =
xl,fz1 = x1x2, q1(z, x) = —z + 0.6x7, g2(z, x) = —2z+
0. 5)61 LAl = Ay = zxp sinxs and Ay = Aoy = 22x; sinx2
To satisfy Assumptlons 1-2, we choose Vp(z) = 22, thus
Vo(z) < —1.57% +25)c1 +0.625. Selecta = 1.5, b = 0.625,
y3(lx1]) = 2. Sx1 Then the assumption 3 is fulfilled. Based
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o yevpe—
2 Wit nput quanteaton |

o 2 . O 0 © [ u . . »
'

FIGURE 7. Unmodeled dynamics z.

2 . O O

FIGURE 8. Switching signal o (t).

on Lemma 1, let ¢ = 1.2 € (0, a), then dynamical signal
function r is 7 = —1.2r + 2.5x} + 0.625.

The unknown parameter is chosen as & = 0.1. The initial
conditions of variables are chosen as: x;(0) = x,(0) = 0.25,
z(0) = 0.2 and r(0) = 0.2. The initial values of the weight
parameters are set as (:)1(0) = @)2(0) = 0.001.

The FTPF is

0 (=r5) 0,7
p(t) = (pO_Ff)e +,07)r,t€[,f)

pry.t € [Ty, +00)

where pp = 1 and pr; = 0.05, Ty = 1, p(0) = 1.05.

The virtual control law and controller are designed as
shown in (29) and (65), and the adaptive laws are designed
as shown in (30) and (66) with n = 2. The parameters are
chosenas ny = np = 20, by = by = 0.2, uy; = 0.1G —
n),i=12,---5j=1,2,---,n, pp;j = 0.1G — m2),i =
,2,---,9,j=1,2,--- ,m,c1 =c2 =30,61 =6 =0.8,
o1 = o2 = 0.3. Fig. 2 shows the tracking result of the
system (1), Fig. 3 shows the system state x;, Fig. 4 depicts
the tracking error, the control input # and quantized input g(u)
are shown in Fig. 5, Fig. 6 shows the estimated parameters 0,
and ©5, and the unmodeled dynamics z and switching signal
o (t) are shown in Figs. 7 and 8.

From simulation results, it can be observed that all signals
of the closed-loop are bounded, and the tracking error remain
within a predefined region in a finite time, which shows the
effectiveness of the control scheme.

VI. CONCLUSION
In this study, we investigate the finite-time adaptive neural
prescribed performance control for high-order nonlinearly
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parameterized switching systems in the presence of unmod-
eled dynamics and quantized input. Combining with RBF
neural networks with minimal learning parameters to iden-
tify the unknown compounded nonlinear functions, the
computational burden is further lessen by introducing a
hysteresis quantizer to reduce the communication burden.
In the framework of backstepping technique, a simple control
design scheme is investigated by introducing an innovative
prescribed performance function that makes the tracking error
remain within a predefined region in a finite time and also
simplify the stability analysis of the closed-loop system.
Based on Lyapunov stability theory, all signals of the closed-
loop system are SGUB. Finally, the effectiveness of the
developed control scheme is illustrated through a numerical
simulation.

REFERENCES

[1]

[2]

[51

[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

M. Kistic, I. Kanellakopoulos, and P. V. Kokotovi¢, “Adaptive nonlinear
control without overparametrization,” Syst. Control Lett., vol. 19, no. 3,
pp. 177-185, Sep. 1992.

T. Zhang, S. S. Ge, and C. C. Huang, “Adaptive neural network
control for strict-feedback nonlinear systems using backstepping design,”
Automatica, vol. 36, no. 12, pp. 1835-1846, Dec. 2000.

Y. Li, S. Qiang, X. Zhuang, and O. Kaynak, “Robust and adaptive
backstepping control for nonlinear systems using RBF neural networks,”
IEEE Trans. Neural Netw., vol. 15, no. 3, pp. 693-701, May 2004.

B. Chen, X. Liu, K. Liu, and C. Lin, “Direct adaptive fuzzy control
of nonlinear strict-feedback systems,” Automatica, vol. 45, no. 6,
pp. 1530-1535, Jun. 2009.

A.-M. Zou, Z.-G. Hou, and M. Tan, “Adaptive control of a class of
nonlinear pure-feedback systems using fuzzy backstepping approach,”
IEEE Trans. Fuzzy Syst., vol. 16, no. 4, pp. 886-897, Aug. 2008.

F. Wang, Z. Liu, Y. Zhang, and C. L. P. Chen, “Adaptive fuzzy
control for a class of stochastic pure-feedback nonlinear systems with
unknown hysteresis,” IEEE Trans. Fuzzy Syst., vol. 24, no. 1, pp. 140-152,
Feb. 2016.

C. Chen, Z. Liu, K. Xie, Y. Zhang, and C. L. P. Chen, “Asymptotic fuzzy
neural network control for pure-feedback stochastic systems based on a
semi-Nussbaum function technique,” IEEE Trans. Cybern., vol. 47, no. 9,
pp. 2448-2459, Sep. 2017.

M. Wang, B. Chen, and P. Shi, “Adaptive neural control for a class
of perturbed strict-feedback nonlinear time-delay systems,” IEEE Trans.
Syst., Man, Cybern. B, Cybern., vol. 38, no. 3, pp. 721-730, Jun. 2008.
H. Wang, B. Chen, X. Liu, K. Liu, and C. Lin, “Adaptive neural tracking
control for stochastic nonlinear strict-feedback systems with unknown
input saturation,” Inf. Sci., vol. 269, pp. 300-315, Jun. 2014.

S. Yin, P. Shi, and H. Yang, “Adaptive fuzzy control of strict-feedback
nonlinear time-delay systems with unmodeled dynamics,” IEEE Trans.
Cybern., vol. 46, no. 8, pp. 1926-1938, Aug. 2016.

Y.-J. Liu, S. Tong, and C. L. P. Chen, “Adaptive fuzzy control via observer
design for uncertain nonlinear systems with unmodeled dynamics,” IEEE
Trans. Fuzzy Syst., vol. 21, no. 2, pp. 275-288, Apr. 2013.

H. Wang, P. X. Liu, S. Li, and D. Wang, “Adaptive neural output-
feedback control for a class of nonlower triangular nonlinear systems with
unmodeled dynamics,” IEEE Trans. Neural Netw. Learn. Syst., vol. 29,
no. 8, pp. 3658-3668, Aug. 2018.

S. Tong and Y. Li, “Adaptive fuzzy output feedback control for switched
nonlinear systems with unmodeled dynamics,” IEEE Trans. Cybern.,
vol. 47, no. 2, pp. 295-305, Feb. 2017.

D. Zhang, P. Shi, W.-A. Zhang, and L. Yu, “Energy-efficient distributed
filtering in sensor networks: A unified switched system approach,” IEEE
Trans. Cybern., vol. 47, no. 7, pp. 1618-1629, Jul. 2017.

M. Wang and A. Yang, ‘‘Dynamic learning from adaptive neural control of
robot manipulators with prescribed performance,” IEEE Trans. Syst., Man,
Cybern., Syst., vol. 47, no. 8, pp. 2244-2255, Aug. 2017.

M. Hou, F. Fu, and G. Duan, “Global stabilization of switched stochastic
nonlinear systems in strict-feedback form under arbitrary switchings,”
Automatica, vol. 49, no. 8, pp. 2571-2575, Aug. 2013.

VOLUME 12, 2024

(17]

(18]

(19]

[20]

[21]

(22]

(23]

(24]

(25]

[26]

(27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(371

(38]

B. Jiang, Q. Shen, and P. Shi, ““Neural-networked adaptive tracking control
for switched nonlinear pure-feedback systems under arbitrary switching,”
Automatica, vol. 61, pp. 119-125, Nov. 2015.

X. Zhao, X. Zheng, B. Niu, and L. Liu, “Adaptive tracking control for
a class of uncertain switched nonlinear systems,” Automatica, vol. 52,
pp. 185-191, Feb. 2015.

S. Li, J. Guo, and Z. Xiang, “Global stabilization of a class of switched
nonlinear systems under sampled-data control,” IEEE Trans. Syst., Man,
Cybern., Syst., vol. 49, no. 9, pp. 1912-1919, Sep. 2019.

Z. Lyu, Z. Liu, K. Xie, C. L. P. Chen, and Y. Zhang, “Adaptive fuzzy
output-feedback control for switched nonlinear systems with stable and
unstable unmodeled dynamics,” IEEE Trans. Fuzzy Syst., vol. 28, no. 8,
pp. 1825-1839, Aug. 2020.

D. Zhai, L. An, and Q. Zhang, “Adaptive asymptotic stabilization of
switched parametric strict-feedback systems with switched control,” Int.
J. Robust Nonlinear Control, vol. 28, no. 10, pp. 3422-3434, Jul. 2018.

J. Fu, R. Ma, and T. Chai, “Global finite-time stabilization of a class
of switched nonlinear systems with the powers of positive odd rational
numbers,” Automatica, vol. 54, pp. 360-373, Apr. 2015.

X. Zhao, X. Wang, G. Zong, and X. Zheng, “Adaptive neural tracking
control for switched high-order stochastic nonlinear systems,” IEEE Trans.
Cybern., vol. 47, no. 10, pp. 3088-3099, Oct. 2017.

D. Zhai, C. Xi, L. An, J. Dong, and Q. Zhang, “‘Prescribed performance
switched adaptive dynamic surface control of switched nonlinear systems
with average dwell time,” IEEE Trans. Syst., Man, Cybern., Syst., vol. 47,
no. 7, pp. 1257-1269, Jul. 2017.

S. Li, C. K. Ahn, and Z. Xiang, “Adaptive fuzzy control of switched
nonlinear time-varying delay systems with prescribed performance and
unmodeled dynamics,” Fuzzy Sets Syst., vol. 371, pp. 40-60, Sep. 2019.
H. Wang, W. Bai, X. Zhao, and P. X. Liu, ‘“Finite-time-prescribed
performance-based adaptive fuzzy control for strict-feedback nonlinear
systems with dynamic uncertainty and actuator faults,” IEEE Trans.
Cybern., vol. 52, no. 7, pp. 6959-6971, Jul. 2022.

W. Bai and H. Wang, “Robust adaptive fault-tolerant tracking control
for a class of high-order nonlinear system with finite-time prescribed
performance,” Int. J. Robust Nonlinear Control, vol. 30, no. 12,
pp. 4708-4725, Aug. 2020.

Z. Fu, N. Wang, S. Song, and T. Wang, “Adaptive fuzzy finite-time
tracking control of stochastic high-order nonlinear systems with a class
of prescribed performance,” IEEE Trans. Fuzzy Syst., vol. 30, no. 1,
pp. 88-96, Jan. 2022.

J. Zhou, C. Wen, and W. Wang, “Adaptive control of uncertain nonlinear
systems with quantized input signal,” Automatica, vol. 95, pp. 152-162,
Sep. 2018.

L. Xing, C. Wen, H. Su, J. Cai, and L. Wang, “A new adaptive control
scheme for uncertain nonlinear systems with quantized input signal,”
J. Franklin Inst., vol. 352, no. 12, pp. 5599-5610, Dec. 2015.

H. Wang, S. Liu, D. Wang, B. Niu, and M. Chen, “Adaptive neural
tracking control of high-order nonlinear systems with quantized input,”
Neurocomputing, vol. 456, pp. 156-167, Oct. 2021.

J. Zhang, S. Tong, and S. Sui, “Adaptive fuzzy finite-time quantized
control for stochastic nonlinear systems with full state constraints,”
Int. J. Adapt. Control Signal Process., vol. 35, no. 5, pp.727-747,
May 2021.

H. Sun and L. Hou, “Adaptive decentralized finite-time tracking control for
uncertain interconnected nonlinear systems with input quantization,” Int.
J. Robust Nonlinear Control, vol. 31, no. 10, pp. 4491-4510, Jul. 2021.
X. Wang, Q. Wu, and X. Yin, “Adaptive finite-time prescribed perfor-
mance control of switched nonlinear systems with unknown actuator
dead-zone,” Int. J. Syst. Sci., vol. 51, no. 1, pp. 133-145, Jan. 2020.

X. Xia and T. Zhang, ““Adaptive output feedback dynamic surface control
of nonlinear systems with unmodeled dynamics and unknown high-
frequency gain sign,” Neurocomputing, vol. 143, pp. 312-321, Nov. 2014.
Z.-P. Jiang and L. Praly, “Design of robust adaptive controllers for
nonlinear systems with dynamic uncertainties,” Automatica, vol. 34, no. 7,
pp. 825-840, Jul. 1998.

W. Zhou, B. Niu, X. Xie, and F. E. Alsaadi, “Adaptive neural-network-
based tracking control strategy of nonlinear switched non-lower triangular
systems with unmodeled dynamics,” Neurocomputing, vol. 322, pp. 1-12,
Dec. 2018.

T. Zhang, M. Xia, and Y. Yi, “‘Adaptive neural dynamic surface control of
strict-feedback nonlinear systems with full state constraints and unmodeled
dynamics,” Automatica, vol. 81, pp. 232-239, Jul. 2017.

4629



IEEE Access

J.-). Zhang et al.: Finite-Time Adaptive Neural Prescribed Performance Control

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

4630

W. Si and X. Dong, “Barrier Lyapunov function-based decentralized
adaptive neural control for uncertain high-order stochastic nonlinear
interconnected systems with output constraints,” J. Franklin Inst., vol. 355,
no. 17, pp. 8484-8509, Nov. 2018.

Y. Wu, X.-J. Xie, and Z.-G. Hou, “Adaptive fuzzy asymptotic tracking
control of state-constrained high-order nonlinear time-delay systems and
its applications,” IEEE Trans. Cybern., vol. 52, no. 3, pp. 1671-1680,
Mar. 2022.

C. Qian and W. Lin, “A continuous feedback approach to global strong
stabilization of nonlinear systems,” IEEE Trans. Autom. Control, vol. 46,
no. 7, pp. 1061-1079, Jul. 2001.

H. Wang, B. Chen, K. Liu, X. Liu, and C. Lin, “Adaptive neural tracking
control for a class of nonstrict-feedback stochastic nonlinear systems with
unknown backlash-like hysteresis,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 25, no. 5, pp. 947-958, May 2014.

H. Wang, B. Chen, C. Lin, Y. Sun, and F. Wang, “Adaptive finite-
time control for a class of uncertain high-order non-linear systems based
on fuzzy approximation,” IET Control Theory Appl., vol. 11, no. 5,
pp. 677-684, Mar. 2017.

Y. Liu, X. Liu, and Y. Jing, “Adaptive neural networks finite-time tracking
control for non-strict feedback systems via prescribed performance,” Inf.
Sci., vol. 468, pp. 29—46, Nov. 2018.

Z. Song and J. Zhai, “Adaptive quantised control for switched uncertain
nonlinear systems with unknown control directions,” Int. J. Control,
vol. 94, no. 6, pp. 1502-1511, 2021.

C. Liu, C. Gao, X. Liu, H. Wang, and Y. Zhou, “Adaptive finite-time
prescribed performance control for stochastic nonlinear systems with
unknown virtual control coefficients,” Nonlinear Dyn., vol. 104, no. 4,
pp. 3655-3670, Jun. 2021.

Y. Sun, B. Chen, C. Lin, and H. Wang, “‘Finite-time adaptive control for a
class of nonlinear systems with nonstrict feedback structure,” IEEE Trans.
Cybern., vol. 48, no. 10, pp. 2774-2782, Oct. 2018.

F. Wang, X. Zhang, B. Chen, C. Lin, X. Li, and J. Zhang, “Adaptive finite-
time tracking control of switched nonlinear systems,” Inf. Sci., vol. 421,
pp. 126-135, Dec. 2017.

L. Liu and X.-J. Xie, “Output-feedback stabilization for stochastic high-
order nonlinear systems with time-varying delay,” Automatica, vol. 47,
no. 12, pp. 2772-2779, Dec. 2011.

Q. Shen, P. Shi, S. Wang, and Y. Shi, “Fuzzy adaptive control of a class
of nonlinear systems with unmodeled dynamics,” Int. J. Adapt. Control
Signal Process., vol. 33, no. 4, pp. 712-730, Apr. 2019.

S. Tong, T. Wang, Y. Li, and H. Zhang, “Adaptive neural network output
feedback control for stochastic nonlinear systems with unknown dead-
zone and unmodeled dynamics,” IEEE Trans. Cybern., vol. 44, no. 6,
pp. 910-921, Jun. 2014.

L. Wang, H. Li, Q. Zhou, and R. Lu, “Adaptive fuzzy control for nonstrict
feedback systems with unmodeled dynamics and fuzzy dead zone via
output feedback,” IEEE Trans. Cybern., vol. 47, no. 9, pp. 2400-2412,
Sep. 2017.

L. Zhang, C. Deng, W.-W. Che, and L. An, “Adaptive backstep-
ping control for nonlinear interconnected systems with prespecified-
performance-driven output triggering,” Automatica, vol. 154, Aug. 2023,
Art. no. 111063.

(54]

[55]

L. An, G.-H. Yang, C. Deng, and C. Wen, “Event-triggered reference
governors for collisions-free leader-following coordination under unreli-
able communication topologies,” IEEE Trans. Autom. Control, 2023, doi:
10.1109/TAC.2023.3291654.

L. Cao, Y. Pan, H. Liang, and T. Huang, “Observer-based dynamic event-
triggered control for multiagent systems with time-varying delay,” IEEE
Trans. Cybern., vol. 53, no. 5, pp. 3376-3387, May 2023.

JIAO-JUN ZHANG received the B.S. degree
in information and computing science and the
M.S. degree in operations research and cyber-
netics from Ludong University, Yantai, China, in
2006 and 2011, respectively, and the Ph.D. degree
in control theory and control engineering from

-
Southeast University, Nanjing, China, in 2018.
\ He is currently a Lecturer with the Department
< of Mathematical Sciences, Zhejiang Sci-Tech Uni-

versity, Hangzhou, China. His research interests

include nonlinear systems control and intelligence control.

YONG-HUA ZHOU received the B.S. degree in
mathematics from Zhejiang Normal University,
Jinhua, China, in 1986, and the master’s degree in
applied mathematics from Chongqing University,
Chongqing, China, in 1988. He is currently an
Associate Professor with the Department of Math-
ematical Sciences, Zhejiang Sci-Tech University,
Hangzhou, China. His research interests include
operations research and economic planning opti-
mization and intelligence control.

QI-MING SUN received the B.S. degree from the
Tianjin University of Technology, Tianjin, China,
in 2010, and the Ph.D. degree in control theory and
control engineering from Southeast University,
Nanjing, China, in 2018. He is currently a Lecturer
with the College of Information Science and
Technology, Nanjing Forestry University, Nanjing.
His research interest includes the MTN optimal
control of nonlinear systems.

VOLUME 12, 2024


http://dx.doi.org/10.1109/TAC.2023.3291654

