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ABSTRACT In this paper, an adaptive neural control issue is addressed for a class of switched unknown
strict-feedback nonlinear system under constraint output, in which the input signal is quantized. The control
goal is to design a quantized controller to ensure that the system’s output signal follows a given reference
signal, meanwhile, the system output signal meets the asymmetric constraint requirement. To this end,
the radial basis function neural networks (RBFNN5) are employed to approximate the unknown nonlinear
functions. Adaptive backstepping technique and barrier Lyapunov function method are utilized to design the
tracking controller and analyze the closed-loop stability. The proposed control strategy is shown to deal with
the presented problem well. Finally, two simulation examples are presented to illustrate the efficacy of the
design scheme.

INDEX TERMS Adaptive neural control, asymmetric constraint, backstepping, quantized control, switched

systems.

I. INTRODUCTION

In recent years, the problems of quantized control have been
paid a lot of attention. Plenty of practical systems are stud-
ied by considering quantized input [1]-[5]. There are two
main reasons that quantization needs to be considered in
practical systems. On the one hand, quantization is inevitable
since the control input signals to plants will be transmitted
into piece-wise constant. For instance, the standard ampli-
fier, a stepping motor, these devices could be viewed as
input quantizers. On the other hand, the quantization scheme
requires a low communication rate. Due to the importance
of the theoretical and practical applications, the quantized
feedback method has been investigated a lot for linear or
nonlinear systems in the literature [6]-[11]. These early
results on the quantization control are limited to the sys-
tems with precise mathematical models. However, the real
controlled plants are not always precisely known because of
the modeling error or some uncertainties. The robust control
technique is thus introduced to deal with the quantization
control issue of the systems with uncertainties. By adaptive
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control approach and backstepping technique, some quan-
tization control schemes are presented for strict-feedback
nonlinear uncertain systems [12]. Besides, many scholars
apply adaptive neural or fuzzy control approaches to address
the control problems of unknown nonlinear systems, since
RBFNNs or fuzzy logic systems (FLS) are useful tools to
approximate the unknown nonlinear functions [13]-[19]. Par-
ticularly, the recent works in [20], [21] give out some new
quantized adaptive neural/fuzzy control strategies for a class
of nonlinear uncertain systems in strict-feedback form.
Though significant results have been obtained respectively,
there are still further problems needed to be addressed. Also,
all the aforementioned results on the quantized control are
proposed without considering the cases of output or state
constraints. Then in practice, the system output may be con-
strained during operation range. In this case, the method
of Barrier Lyapunov Functions (BLF) is applied in control
design and stability analysis in [22], [23]. And then this
approach is extended to discuss asymmetric output con-
straints. In [24], a new adaptive neural control scheme is
addressed for uncertain non-affine systems with output con-
straint. In [25], [26], the authors apply log-type BLFs to
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ensure the output signal tracking the given reference signal,
meanwhile, the system output meets the constraint require-
ment. Recently, a novel design approach is presented in [27],
which works well for whatever having constraint requirement
or no constraint requirement.

Due to its important applications, the control issues of
switched systems have been paid a lot of attention during
the past decades [28], [29]. Since the stability analysis and
control design of switched system are more complicated,
some approaches have been developed, including common
Lyapunov function(CLF) method [30], [31], average dwell
time(ADT) method [32]-[35] and persistent dwell time(PDT)
method [36], [37]. Compared with ADT method and PDT
method, the advantage of CLF method is that it allows
arbitrary switchings among subsystems. Multiple Lyapunov
functions approaches, such as ADT method and PDT method,
need the switching signal stay at a subsystem for a certain
time, the CLF method relaxes this limitation [33]. In [33],
the established control approach employs the CLF method
to construct an adaptive switching control law. However,
the output constraint issue hasn’t been addressed in their
work and it is important to consider the output constraint
requirement in practice, for example, as the autonomous fleet
move along the sea, every ship should be constrained so that
it can prevent collision.

Although some scholars have discussed the problem of
constraint output by adaptive neural/fuzzy control approach
for usual unknown nonlinear systems in a strict feedback form
and give some interesting results, the corresponding results
cannot be directly extended to switched uncertain nonlinear
systems with input quantization. Motivated by the above dis-
cussions, the presented paper mainly focuses on quantization
control for a class of switched nonlinear uncertain systems
with output constraint. The main contributions of the paper
lie in that (1) Based on common Lyapunov method, a new
backstepping design scheme is proposed. Different from the
existing results, the proposed adaptive laws do not require
their initial value must be nonnegative. Then in the exist-
ing results, to guarantee the stability of closed-loop systems
these initial values of adaptive variables must be negative.
(2) During controller design, we consider the cases of input
quantization and output constraint. The proposed controller
guarantees that the system’s output follows the reference sig-
nal with the quantized input signal and meets the constraint.
(3) The proposed control scheme ensures the achievement of
the desired control issue under the arbitrary switching among
the subsystems.

A. SOME PRELIMINARIES
Considered the following switched dynamic system with
input quantized signal

ni = fio)Mi) + &i,oy(MiNit1
e = fn,a(t)(ﬁn) + Qu(“a(r))
y =, (D
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where 7; = [n1, 12, ..., nil7 (i = 1, ..., n) is the state vector
of system. fi;n() : R — R, gio() : R — R, (j =
1,2, ...,n—1)are smooth unknown nonlinear functions and

fio(©0) = 0, gjo() are referred to the unknown bounded
functions. o (¢) is a piecewise function which is the switched
signal among different subsystems, o(¢) : Ry — M =
{1,2, ..., m}. For the sake of simplicity, o (¢) is replaced by
k in the rest of this paper. It denotes that the kth subsystem
is running when o(¢t) = k. Let {fo, t1, t2, ...} denote the
switching times, which means the switching occurs at time ;.
u denotes the designed input controller for the switched sys-
tem. Q,(-) is the input quantizer.

Quantized input Q,, is taken into consideration to construct
an adaptive neural controller. According to [39], the quantizer
has the following character

|Qu() — ul < 8;lul +d, @)

where 0 < 8, < 1 and d;f are quantizer parameters.

Remark 1: In real applications, different practical quan-
tizers are used to design the adaptive controller, such as
uniform,logarithmic, and hysteresis quantizers, and all these
practical quantizers satisfy the condition (2), see [39]. In this
paper, hysteresis quantizer is used to quantize the input,
which is described as

*

* up * .
sgn(u)uy,, o <lu|l <up,u<0,or
i
u, < lu| < *,u>0
1—*8u
uy
sgnup(1+87),  up < |u| < gl < 0, or
— %%
Qu(u) = uy _ up(14+6,)
' el
u d* u
0, 0§|u|<1+”8*,it<0,or
d* ‘
L <u<d',u>0
T+8— — ’
Ou(u(t™)), =0
8*

where u} = @) ~id* with i € Ny and o, = % Ou(u) €
{0, £}, dj determines the size of the quantizer of the
dead-zone.

Assumption 1: Assume the desired output signal y.(t)
is continuous and has up to the nth order derivative. Let
Vi = Doy YT G = 1,2,...,n), which satisfies
[Iy+il| < y¥, where y? is a positive constant, and ygl) denotes
the ith order time derivative of y,(¢).

Assumption 2: Assume that the signs of the unknown
function g;x are consistent and known, which satisfy the
following inequality

g <lgikl <&, ()

where g;,k and g7 are positive constants. For simplicity,
gik > 01s assumed to be positive in the following context.
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Lemma 1 [40]: For any unknown continuous function
f(n) : R* — R, itcanbe described as f(7) = ¢ W(n)+ A1),
#TW(n) is the neural network, ¢ = [p1, ¢, ..., d1] € R is
the weight vector, W(n) = [V1(n), V2(n), ..., \Ill(n)]T e R
is the radial basis function vector, W;(n) = exp[—%Hﬂ -
will?1, where p; = [, ftiz, -, win)”, i and p are
the center and the width of the chosen Gaussian functions,
respectively. If the node number / is large enough, for any
given positive constant A*, |A(n)| < A* will be satisfied.

Lemma 2 [41]: For any £ € Rand €* > 0,0 < |§] <
étanh(f—*) + ¢*e* is true and ¢* = 0.2785.

Suppose the constraint requirements act on the output sig-
nal y and the given reference signal y,, i,e., —Bry(f) <y <
Bpy(t), —Bry(t) < yr < Bpy(t), where Bry(t), Byy(t) are
known smooth functions which are the constraint requirement
on the output signal. Thus we have —Bry(t) <y —y, +y, <
Bpy(t), define the output error z1 1=y —y,, BL(t) = By(t) +
vr > 0, By(t) = Bgy(t) —y, > 0, a further calculating shows
that

—Br(t) <z1 < Bu(1), “
where By (t) > 0 and By(t) > 0 are continuous functions
which have up to nth order derivative.

Il. MAIN RESULTS

In this section, the control issue of the system (1) is investi-
gated, and an adaptive neural quantized controller is designed
to guarantee the output error convergence to a small neighbor

of origin.
The considered asymmetric barrier function has the following
form
1 B1.B
Vy= -T2, I = LBHZ1
2 B —z1)(BL +21)

—B1(0) < z1(0) < By(0). (5)
Remark 2: For the asymmetric barrier function I', ' — 400
if z1 — By, then the BLF V;, — +o00. Considering z; —
—Br, I’ — —oo0, then the BLF V;, — +o00. By making z;
satisfy the constraint —By, < z; < By, then =By, <y < Bpy
can be guaranteed.
From (5), the dynamic of T" is

=T+ Qz, (6)

2

— _ or _ Brzy
where I' = A 1By + A2Br, A = B = Byl B
Ay = O = Bud _ 00 _ BuBLGHBuBy)

9BL — Buy-z)Br+z1)*’ Q= 021 (By—z21)*(BL+21)*"

In the following, backstepping technique is applied to con-
struct the controller and to obtain the main results.

Step 1: Considering Vj, = %Fz and 71 =y — y,, and then

Vi =TT +TQ(fi x + g1 — r). @)
According to Lemma 2, the unknown nonlinear function fj

can be described as fi y = qblT’kCD(m) + A1.x(n1), and then
the following inequality holds

TQfix < ITQI] D) + Al
< |F'QIo} Uy, (8)

where Uy =|| ®(n1) || +1, 6] = max{|Ay«l, | 1% II}.

VOLUME 7, 2019

Remark 3: By applying inequality (8), 6] has nothing to
do with switching signal k, that ensures common Lyapunov
function method can be used to analyze the stability of the
switched system. In the following procedure, an update law
will be presented to estimate the unknown parameter 6;".

By Lemma 3, the above inequality implies that

ICQ6]U; < 6f U1FSZtanh( )+91§* T ©)]
€
Define Lynapunov function candidate as

1
V1=Vb+2*91, (10)
where 6] = 0F — 91, r{ is a positive constant. Differentiat-
ing (10) and by simple calculation,
. 1 x ~
—yr) — 0101
T

)+9]§* oAy

Vi <TT +T'Q(g1k22 + 8141

+0;U 'R tanh(
61
Then, the above inequality (11) can be rewritten as

Vi < —kfT% + Ty + DQg1 k22 + DQg1 i + 67 €

~ ure 1 x -
+6, U T2 tanh( )— 0101, (12)
€] A
where k?‘ is a design positive constant and

* o . ~ FQU
= kiT + T — Qy, + 6, QU] tanh(

). (13)
1
Design the virtual control coefficient «¢1 as
1 Qa
o) = ——;a tanh( 0[1)
1 €l
- 1. (14)
ap = —aj.
1= g9
Designing the update law 6, as
A urQ A
01 = rFUITQ tanh(———") — v¥d;, (15)

€
where v} is a design positive constant. For the term
I'Qg1 ko1, one has

B I'Qoy
—I'Qa tanh(—
€
efct — rQa|
€¢" —TQay. (16)

Qg ray )

IA

IAIA

From (12)-(16), it is easy to obtain that

Vi < —kT? + Qg1 x22 — —9191 + C7, (17)
"
where C} = 0/ ¢% e} + (™ €f.
Remark 4: In the above proof procedure, we have not required
the initial value of él(O) being positive. However, such a
requirement is necessary for current adaptive neural or fuzzy
control design.
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A

Step i. Define z; = n; — 12 < i <n—1),0; = 67 — 6,
and choose Lyapunov candidate function as
1 1
Vi=Vi + =22 + —07. (18)

270 2r; * !
Differentiating (18), one has

Vi=Vi_ — Zi—18i—1,k%i + Zfi,k
+2i8ik (i1 + i) — %éiéis (19)
where
fik(Z) = fix + gim10zi-1 — &1, (20)

Wherez - [77, ’y”y GT]T _i - [él7 é27 ) é\l]T,

. dai—1
a1 = Z aln] (fik + 8jknjt+1)
J=1

+Z oo

i—1
—1 A aoli_l G+D
= 9J+]Zl: 8yr(7)yr .

Note that, when i = 2, Hi(Z) = fui + giI'Q — a1.
By Lemma 2, it follows that
zifik < 1z 167 @iZ) || +1) =] zi | 6;U;
Zl i

A

< Zle Ui

2
l

where 6 = max{|Aixl, | ¢; |I} and U; =|| ®i(Z) || +1.

Design the virtual control coefficient ¢; as

1 a;z
a; = ——a; tanh(—-) (22)
gl Ei
& = kizi+ 0,U; tanh(zl H, (23)
l
where k7 is a design positive constant, ¢* = 0.2785.

Taking (21) and (22) into consideration, (19) can be
expressed as
Vi =Vie1 — kI'z} — 2ic18i—1.k% + 2ii ki1 + Zilli

1~ ziUi;
Zigiti — r—*ei(e riz;U; tanh

i ;
where 7 is a design positive constant. Similar to inequal-
ity (16), for the term z;g; ro;, one has

)

zgik®i < € — zi. (25)
Design the update law 6; as
*
0 = r'U; tanh(ﬂ) ~ g, (26)
r

€ i
where v is a design constant. Therefore, by using (25) and
the above (26), (24) can be rewritten as

1
Vi< kT2 — ijszjz
=

— Zi—18i—1,k%i

¥
=2 g+ ch @
Jj=1 /

where C* = Z;zl(éi*ﬁe; + C*e;").

+2i&i kZit1
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Step n: In this step, quantized controller will be designed
for system (1) to track the given reference signal.

Define z, = n, —ay—1, 9,, =6r 9,,, and choose Lyapunov
candidate function as

1 2 l "'2
Vn = Vn—l + EZn + 2}"”; On (28)
The time derivative of (28) is
. |
Vn: n— 1+annk+ZnQu_r_* Ons (29)

n

where f, 4 (Z)) = fuk + gn-thzn-t. Zn = [0, 5%, 6717
Design the real control law u as

u = —irtanh(Z) (30)
6}’!
_ 1 _ d*z
=1 ;(an —d tanh(“—;lk"))
ay = —k'zy — 0,U, tanh(Z" ")

}’l

where k¥ is a design positive constant. From the definition of
the quantizer, multiply |z,| on both side of the equation (2)
resulting in

|20 1Qu — ul < 8;lullzal + dyf|znl- (€29
Then, (31) can be further extended as

2 Qu < i+ &, lullzn] + dylzn

< —znutanh(—) + 8zt tanh(—) +d}|z]
}’l Vl
<-(1- 8:>znatanh(:—*> + d} |zl
n
< —(1 = 89zpit + d¥|zn] + (1 — 85)e). (32)

Similar to inequality (21), one can get

A

afn < 12 | 65l Du(Za) | +1) =| 20 | 6, Uy
znU,
2, Un tanh(==7) + 667, (33)

n

IA

where 67 = max{|Apkl, | ¢a I} and Uy =|| $u(Zy) || +1.
Apparently, combining from (28) to (33) gives

Vn < Vn—l - anZ — Zn—18n—12n + C‘:

1 - zZ
——9n(9,, 772, Uy tanh( nUn
r¥ €*

n n

where C}f = 0} ¢* € + (2 — 8})e)

N, (B4

. Design the update law as

v*

- U N
By = rrz Uy tanh(Z2) — 224, (35)
€* r;lk

n

Then (34) becomes

Vu < —kiT? — Zk*z—zri*e +C (36)
Jj=2 Jj=1J

VOLUME 7, 2019
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where C} = C} + C;¢. Note that,

vF v B 1vF. 1 \;
L*ee j* 0:007 — 0 < —= L0+ Lo (37
r ’ 27 27!
J j J J
Then, (36) can be rewritten as
Vo < —a*V, + C%, (38)

where a* = min{2k}, v}, C* Cr+ ", »*2,
J 2 rj
and (38) can be further expressed as

*

Valt) = VO + (39)
a

From (39), the following Theorem is concluded.

Theorem 1: Considering system (1) under Assump-
tions 1-2, for any initial condition —By,(0) < y(0) < Byy(0),
—Bry(0) < y.(0) < Bpy(0), associated with the update
law (26) and the virtual controllers o; (i = 1,2,...,n),
the designed controller (30) guarantees the system output
signal tracking the given reference efficacy, meanwhile,
the tracking error meets the constraint tracking requirement.

Remark 5: From (39), it is easy to obtain that all signals of
the closed-loop system are bounded. Meanwhile, as a result,
lim;— o0 Fl2 < 22—:. By choosing the appropriate design
parameters, the tracking error z; will meet the constraint
tracking requirement.

Ill. SIMULATION EXAMPLE
In this section, two simulation examples with constraint
output and input quantization are demonstrated to test the
validity of our proposed strategy.

Example 1: A two-order switched nonlinear system with
required constraint on output tracking is considered

= fix+8Lkn
m = i+ Qu
y =1, (40)

Q, is the input quantizer, the parameters are given as §;; =
0.2,d} = 0.1,k € {1,2). fi.1 = fi2 = 0, /2.1 = n? cos(m),
f2=mn3, g1 = 1, g12 = 1.5+ sin(n;). Neural network
system ®>(Z,) is adopted to approximate the unknown non-
linear functions f> 1 and f> 2. p = 2 is chosen for the gaussian

functions, the nodes of the centers p; are evenly distributed
6

on the interval [—1.5, 1.5] x ... x [—1.5, 1.5]. Choosing the
initial state n; = 0.3, n» = 0.1, 81 92 = 0. The required
constraint on the output signal By, (t) and Bp(t) satisfy

By(t) = 0.45 +0.3¢7%% 4 sin(r)

Bry(t) = —0.2+ 0.3¢7 %" —sin(7). (41)
The given reference signal is y, = sin(¢) + 0.3, then we have
Br(t) = 0.1 + 0.3¢ 9" and By () = 0.15 + 0.3¢= 9% The
initial state satisfy —By,(0) < y(0) < Bpy(0). The parameters

are chosen as kf = 10, k3 =15, €] = €] = 0.1, r{ =r) =
1’ ])ik :Uik =0.4.

VOLUME 7, 2019
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By,

0.5 #f1

05

o 5 10 15 20 25 30
Time(sec)

FIGURE 1. Trajectories of y, given signal y,, the tracking error z; the
Lowerbound By, and the upperbound By, for example 1.

-20
0 5 10 15 20 25 30

Time(sec)

FIGURE 2. The trajectories of input v and quantized input Qy
for example 1.

0.1
0.09
0.08
0.07
0.06
0.05
N~
0.04 N TN o~ ‘N N
r =~y i
Jo 10 -~
0.03 o
1
0.02f )~
!
0.01H
0
0 5 10 15 20 25 30
Time(sec)

FIGURE 3. The adaptive parameter §; and 6, for example 1.

Figs. 1-4 demonstrate the simulation results. Fig. 1 shows
that the output of system (1) tracks the given reference
well, also the output meets the constraint requirements.
Fig.2 shows the trajectory of 7. Fig.3 shows the adaptive
parameters 6; and 6. Fig.4 shows the input signal and the
quantized signal. Fig.5 shows the switched signal.

121497



IEEE Access

Z. Liu et al.: Adaptive Neural Constraint Output Control for a Class of Quantized Input Switched Nonlinear System

25

T T
switched signal

o 5 10 15 20 25 30
Time(sec)

FIGURE 4. The switched signal for example 1.

Example 2: In this example, a single-link robot arm system
is taken from [37] and [38] to further test the effectiveness
of the proposed scheme. The single-link robot arm system is
described by the following dynamic equation

migl D 1

(1) = =5 sin(n() = i) + ). (@2)

where 1(t), u(t) denote the angle of the arm and the control
input, respectively. Since the system mass m' , inertia J and
damping D' form a set of discrete sequences ¢' = (m‘, J!, D')
are changing depending on the angle 7n(¢), so the robot arm
can be viewed as switched system. In this example, we choose
the same parameter as in [38], q1 =(1,1,2), q2 =(5,5,2),
q3 = (10, 10, 2). qi denotes the three different subsystems
which means k € {1, 2, 3}. Here, we define n1(t) = n(?),
n2(t) = n(t). The single-link robot arm can be rewritten as

n=m

. mig ) Di

m = sin(n1) — Timt Qu

y =, (43)

the length of arm is / = 0.5m and the gravitational constant
g = 9.8. Different from the example in [37] and [38], we take
the quantized input Q,, and output constraint requirement into
consideration. Choose the quantized parameter as §;; = 0.1,
d} = 0.1 and the required constraint output as

Bry(1) = 0.1 4 0.3¢7%% 4 sin(r)
Bry(t) = 0.1 4 0.3¢7%% —sin(r). (44)

The given reference signal is y, = sin(¢), and then one

has By(t) = 0.1 + 0.3¢7%%, By(t) = 0.1 + 0.3¢70%.

The chosen gaussian functions with p = 2 is presented to

approximate the nonlinear functions —% sin(ny) — %’72,

the nodes of the centers p; are evenly distributed on the
6

interval [—1.5, 1.5] x ... x [—1.5, 1.5]. Choosing the initial
state 71 = 0.1, ;» = 03,6, = —0.1, &, = 0. The
parameters are chosen as k' = 10, k&5 = 15, €] = €] = 0.1,
rf=ry=1v=v; =04

121498

Time(sec)

FIGURE 5. Trajectories of y, given signal y, the tracking error z; the
lowerbound B;, and the upperbound By, for example 2.

o 5 10 15 20 25 30
Time(sec)

FIGURE 6. The trajectories of input v and quantized input Qy for
example 2.

0.1

0.08 |

0.06

0.04 1

0.02 | i

0021 <
004 |

006 ;

o 5 10 15 20 25 30
Time{sec)

FIGURE 7. The adaptive parameter §,, 6, for example 2.

Figs. 5-8 demonstrate the simulation results. Fig. 5 shows
that the output of the system (1) tracking the given reference
well, also the output signal meets the constraint requirements.
Fig.6 shows the adaptive parameters 8; and 6,. Fig.7 shows
the input signal and the quantized input signal. Fig. 8 shows
the switched signal.
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3.5 . .
switched signal
n
261
2l
15}
3 .
0 5 10 15 20 25 30

Time(sec)

FIGURE 8. The switched signal for example 2.

V.

CONCLUSION

The current research develops an adaptive neural constraint
output control scheme for a class of switched unknown
strict-feedback nonlinear systems. In this study, a quantized
input signal has been taken into consideration, an adaptive
neural quantized controller is constructed. The designed con-
troller ensures the output signal tracks the given reference
well, meanwhile, the constraint output requirement is satis-
fied. Under the action of the proposed quantized controller,
it is shown that all the signals of the closed-loop system are
bounded.

REFERENCES

[1]

[2]
[3]

[4]

[5]

[6]

[71
[8]

[9]

[10]

[11]

[12]

J. Lunze, B. Nixdorf, and J. Schroder, ““Deterministic discrete-event rep-
resentations of linear continuous-variable systems,” Automatica, vol. 35,
pp. 395-406, Mar. 1999.

S. Tatikonda and S. Mitter, “‘Control under communication constraints,”
IEEE Trans. Autom. Control, vol. 49, no. 7, pp. 1056-1068, Jul. 2004.

W. Khan, Y. Lin, N. Ullah, A. Ibeas, and J. Herrera, “‘Quantized adaptive
decentralized control for a class of interconnected nonlinear systems with
hysteretic actuators faults,” IEEE Access, vol. 6, pp. 6572-6584, 2018.

J. Chen and Q. Ling, “Robust quantized consensus of discrete multi-
agent systems in the input-to-state sense,” IEEE Access, vol. 7,
pp. 35699-35709, 2019.

Y. Jiang and J. Zhai, “Global practical tracking for a class of switched non-
linear systems with quantized input and output via sampled-data control,”
Int. J. Control, Automat. Syst., vol. 17, no. 5, pp. 1264-1271, 2019.

D. Liberzon and J. P. Hespanha, ““Stabilization of nonlinear systems with
limited information feedback,” IEEE Trans. Autom. Control, vol. 50, no. 6,
pp. 910-915, Jun. 2005.

C. De Persis, “Robust stabilization of nonlinear systems by quantized and
ternary control,” Syst. Control Lett., vol. 58, no. 8, pp. 602-608, 2009.

C. De Persis and F. Mazenc, ““Stability of quantized time-delay nonlinear
systems: A Lyapunov—Krasowskii-functional approach,” Math. Control,
Signals, Syst., vol. 21, pp. 4337-4370, Aug. 2010.

T.-F. Liu, Z.-P. Jiang, and D. J. Hill, “A sector bound approach to feedback
control of nonlinear systems with state quantization,” Automatica, vol. 48,
no. 1, pp. 145-152, 2012.

C. Li and J. Lian, “Event-triggered feedback stabilization of switched
linear systems using dynamic quantized input,” Nonlinear Anal. Hybrid
Syst., vol. 31, pp. 292-301, Feb. 2019.

L. Zhang, C. Hua, H. Yu, and X. Guan, “Distributed adaptive fuzzy con-
tainment control of stochastic pure-feedback nonlinear multiagent systems
with local quantized controller and tracking constraint,” /IEEE Trans. Syst.,
Man, Cybern., Syst., vol. 49, no. 4, pp. 787-796, Apr. 2019.

J. Zhou, C. Wen, and G. Yang, “Adaptive backstepping stabilization of
nonlinear uncertain systems with quantized input signal,” IEEE Trans.
Autom. Control, vol. 59, no. 2, pp. 460-464, Feb. 2014.

VOLUME 7, 2019

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

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

Y.-J. Liu, S.-C. Tong, D. Wang, T.-S. Li, and C. L. P. Chen, “Adaptive
neural output feedback controller design with reduced-order observer for
a class of uncertain nonlinear SISO systems,” IEEE Trans. Neural Netw.,
vol. 22, no. 8, pp. 1328-1334, Aug. 2011.

S. S. Ge and C. Wang, “Direct adaptive NN control of a class of nonlinear
systems,” IEEE Trans. Nerual Netw., vol. 13,no. 1, pp. 214-221, Jan. 2002.
H. Wang, K. Liu, X. Liu, B. Chen, and C. Lin, “Neural-based adaptive
output-feedback control for a class of nonstrict-feedback stochastic non-
linear systems,” IEEE Trans. Cybern., vol. 45, no. 9, pp. 1977-1987,
Sep. 2015.

S. Tong, Y. Li, Y. Li, and Y. Liu, “Observer-based adaptive fuzzy back-
stepping control for a class of stochastic nonlinear strict-feedback sys-
tems,” IEEE Trans. Syst., Man, Cybern., B, Cybern., vol. 41, no. 6,
pp. 1693-1704, Dec. 2011.

Y. Li, S. Tong, and T. Li, ““Hybrid fuzzy adaptive output feedback con-
trol design for uncertain MIMO nonlinear systems with time-varying
delays and input saturation,” IEEE Trans. Fuzzy Syst., vol. 24, no. 4,
pp. 841-853, Aug. 2016.

S. Tong, Y. Li, and S. Sui, “Adaptive fuzzy tracking control design for
SISO uncertain nonstrict feedback nonlinear systems,” IEEE Trans. Fuzzy
Syst., vol. 24, no. 6, pp. 1441-1454, Dec. 2016.

Z. Liu, F. Wang, Y. Zhang, and C. L. P. Chen, “Fuzzy adaptive quantized
control for a class of stochastic nonlinear uncertain systems,” IEEE Trans.
Cybern., vol. 46, no. 2, pp. 524-534, Feb. 2016.

F. Wang, B. Chen, C. Lin, J. Zhang, and X. Meng, ‘‘Adaptive neural net-
work finite-time output feedback control of quantized nonlinear systems,”
IEEE Trans. Cybern., vol. 48, no. 6, pp. 1839-1848, Jun. 2018.

J.-X. Xu and X. Jin, ““State-constrained iterative learning control for a
class of MIMO systems,” IEEE Trans. Autom. Control, vol. 58, no. 5,
pp. 1322-1327, May 2013.

X. Jin, “Fault tolerant finite-time leader-follower formation control for
autonomous surface vessels with LOS range and angle constraints,” Auto-
matica, vol. 68, pp. 228-236, Jun. 2016.

W. Meng, Q. Yang, J. Si, and Y. Sun, “Adaptive neural control of a class
of output-constrained nonaffine systems,” IEEE Trans. Cybern., vol. 46,
no. 1, pp. 85-95, Jan. 2016.

W. He, Z. Yin, and C. Sun, “Adaptive neural network control of a marine
vessel with constraints using the asymmetric barrier Lyapunov function,”
IEEE Trans. Cybern., vol. 47, no. 7, pp. 1641-1651, Jul. 2017.

K. P. Tee, S. S. Ge, and E. H. Tay, “Barrier Lyapunov functions for the
control of output-constrained nonlinear systems,” Automatica, vol. 45,
no. 4, pp. 918-927, Apr. 2009.

X. Jin, “Adaptive fixed-time control for MIMO nonlinear systems with
asymmetric output constraints using universal barrier functions,” IEEE
Trans. Autom. Control, vol. 64, no. 7, pp. 3046-3053, Jul. 2019.

D. Liberzon and A. S. Morse, “Basic problems in stability and design
of switched systems,” IEEE Control Syst., vol. 19, no. 5, pp. 59-70,
Oct. 1999.

L. Vu and D. Liberzon, “Common Lyapunov functions for families of
commuting nonlinear systems,” Syst. Control Lett., vol. 54, pp. 405-416,
May 2005.

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.

Z. Liu, B. Chen, and C. Lin, “Adaptive neural backstepping for a class
of switched nonlinear system without strict-feedback form,” IEEE Trans.
Syst., Man, Cybern., Syst., vol. 47, no. 7, pp. 1315-1320, Jul. 2017.

B. Niu, D. Wang, N. D. Alotaibi, and F. E. Alsaadi, “Adaptive neural
state-feedback tracking control of stochastic nonlinear switched systems:
An average dwell-time method,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 30, no. 4, pp. 1076-1087, Apr. 2019.

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.

Y. Li and S. Tong, “Adaptive neural networks prescribed performance
control design for switched interconnected uncertain nonlinear systems,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 29, no. 7, pp. 3059-3068,
Jul. 2018.

L. Long and J. Zhao, “Adaptive output-feedback neural control of switched
uncertain nonlinear systems with average dwell time,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 26, no. 7, pp. 1350-1362, Jul. 2015.

121499



IEEE Access

Z. Liu et al.: Adaptive Neural Constraint Output Control for a Class of Quantized Input Switched Nonlinear System

[36]

[37]

[38]

[39]

[40]

[41]

J. P. Hespanha, ‘“Uniform stability of switched linear systems: Extensions
of LaSalle’s invariance principle,” IEEE Trans. Autom. Control, vol. 49,
no. 4, pp. 470-482, Apr. 2004.

S. Shi, Z. Fei, T. Wang, and Y. Xu, “Filtering for switched T-S fuzzy
systems with persistent dwell time,”” IEEE Trans. Cybern., vol. 49, no. 5,
pp- 1923-1931, May 2019.

G. Wang, R. Xie, H. Zhang, G. Yu, and C. Dang, “Robust exponential
H filtering for discrete-time switched fuzzy systems with time-varying
delay,” Circuits, Syst., Signal Process., vol. 35, no. 1, pp. 1-22, 2015.

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.

R. J. Schilling, J. J. Carroll, and A. F. Al-Ajlouni, “Approximation of
nonlinear systems with radial basis function neural networks,” IEEE Trans.
Neural Netw., vol. 12, no. 1, pp. 1-15, Jan. 2001.

M. M. Polycarpou, “Stable adaptive neural control scheme for nonlin-
ear systems,” IEEE Trans. Autom. Control, vol. 41, no. 3, pp. 447-451,
Mar. 1996.

ZHILIANG LIU received the B.Sc. degree in
electrical engineering from Qingdao University,
Qingdao, China, in 2014, and the M.Sc. degree
from the Institute of Complexity Science, Qingdao
University, in 2017, where he is currently pursuing
the Ph.D. degree with the Institute of Complexity
Science.

His current research interests include nonlinear
control, adaptive control, and switched nonlinear
systems.

BING CHEN received the B.A. degree in mathe-
matics from Liaoning University, China, the M.A.
degree in mathematics from the Harbin Institute
of Technology, China, and the Ph.D. degree in
electrical engineering from Northeastern Univer-
sity, Shenyang, China, in 1982, 1991, and 1998,
respectively.

He is currently a Professor with the Insti-
tute of Complexity Science, Qingdao University,
Qingdao, China. His current research interests

include nonlinear control systems, robust control, and adaptive fuzzy control.

121500

CHONG LIN received the B.Sc. and M.Sc.
degrees in applied mathematics from Northeastern
University, Shenyang, China, in 1989 and 1992,
respectively, and the Ph.D. degree in electrical and
electronic engineering from Nanyang Technologi-
cal University, Singapore, in 1999.

- He was a Research Associate with the Depart-

’ ment of Mechanical Engineering, The University

1 _1 ) of Hong Kong, Hong Kong, in 1999. From 2000 to
P N 2006, he was a Research Fellow of the Department

of Electrical and Computer Engineering, National University of Singapore,
Singapore. Since 2006, he has been a Professor with the Institute of Com-
plexity Science, Qingdao University, Qingdao, China. He has published
over 60 research articles. He has coauthored two monographs. His current
research interests include systems analysis and control, robust control, and
fuzzy control.

YUN SHANG received the B.Sc. degree in applied
mathematics from Qingdao University, Qingdao,
China, in 2003, and the M.Sc. degree in basic
mathematics from Capital Normal University,
Beijing, China, in 2006. She is currently pursuing
the Ph.D. degree with the Institute of Complexity
Science, Qingdao University. She is currently a
Lecturer with the Qingdao University of Science
and Technology, Qingdao. Her current research
L interests include adaptive control of nonlinear sys-
tems and the distributed control of multi-agent systems.

VOLUME 7, 2019



	INTRODUCTION
	SOME PRELIMINARIES

	MAIN RESULTS
	SIMULATION EXAMPLE
	CONCLUSION
	REFERENCES
	Biographies
	ZHILIANG LIU
	BING CHEN
	CHONG LIN
	YUN SHANG


