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ABSTRACT This paper addresses the asymptotic tracking problem of adaptive neural control for a class
of uncertain strict-feedback nonlinear systems. As a universal approximator, the neural network is widely
utilized to solve the tracking control problem of unknown continuous nonlinear systems. Due to the existence
of neural network approximation errors, previous neural network-based control approaches can only achieve
the bounded tracking rather than the asymptotic tracking. This paper designs an asymptotic error eliminating
term to achieve the adaptive neural asymptotic tracking. By utilizing the Lyapunov stability theory, all the
variables of the resulting closed-loop system are proven to be semi-globally uniformly ultimately bounded,
and the tracking error can converge to zero asymptotically by choosing design parameters appropriately.

A simulation example is presented to show the effectiveness of the proposed control approach.

INDEX TERMS Asymptotic stability, neural network, adaptive control.

I. INTRODUCTION

Over the past few decades, adaptive control for a class
of strict-feedback nonlinear systems with parameterized
functions or matched uncertainties have been extensively
studied for both theoretical interests and engineering applica-
tions [1]-[5]. However, the early stages of the research cannot
always be applied because some practical systems inevitably
contain some unknown functions which cannot be expressed
as the linearized parameter form, and the unknown uncer-
tainties may not appear in the same channel as the control
input. To solve the controller design problem of nonlinear
systems with unknown functions and mismatched uncertain-
ties, many researchers resorted to the backstepping technique
and neural network [6]—[8]. In the controllers design process,
neural network-based functional approximators such as radial
basis function neural network (RBFNN) [9]-[12], multilayer
neural network (MNN) [13]-[16], wavelet neural network
(WNN) [17]-[19], fuzzy neural network (FNN) [20]-[23]
and so on are usually used for approximating the unknown
system uncertainty because of their universal approximation
properties. More recently, adaptive neural backstepping con-
trol approaches have been further extended to several more
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general classes of non-linear systems. For example, a neural
network-based adaptive control problem is addressed for a
class of pure-feedback systems with non-affine functions pos-
sibly being in-differentiable [24], and this in-differentiable
condition on non-affine functions is further relaxed to be
semi-bounded and discontinuous in [25] and [26], respec-
tively. In case of MIMO pure-feedback nonlinear systems
with unknown time-varying disturbances, a recursive adap-
tive neural control design method is presented in [27].

In the development of neural network-based adaptive
control approaches, some important techniques are pre-
sented. For example, the dynamic surface control (DSC)
is intensively investigated for handling the “‘explosion of
complexity” problem, which is caused by repeated differ-
entiations of virtual control laws in the backstepping-like
approaches [28]—-[31]. However, the weakness of the afore-
mentioned DSC methods is that, the boundary layer errors
are introduced into the considered systems because of the
use of linear low-pass filters. It is worth mentioning that, due
to the existence of neural network approximation errors and
boundary layer errors, most of the previous neural-network-
based backstepping approaches cannot achieve the zero
error asymptotic tracking. Instead, only the bounded-error
trajectory tracking was established. It is well known that
asymptotic tracking has progressed a lot both in theory and
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practice [32]-[38]. To acquire the asymptotic output track-
ing, a modified DSC is presented by utilizing the nonlinear
filters with a positive time-varying integral function [36].
In [37], with the aid of barrier functions, a universal adaptive
state-feedback asymptotic tracking control strategy is pro-
posed for a class of unknown time-varying nonlinear systems.
However, it is noted that although vast amount of remarkable
results on asymptotic tracking control have been obtained
previously, to our best knowledge, the effect of neural net-
work approximation errors has not been concerned yet.

Motivated by the above discussion, in this paper, an adap-
tive neural control scheme is proposed for a class of uncertain
strict-feedback nonlinear systems in the frame of backstep-
ping method. The main contributions of this paper are sum-
marized as follows.

(1) In this paper, we develop an adaptive neural-network-
based asymptotic tracking controllers for a class of uncertain
strict-feedback nonlinear systems. At each step, the asymp-
totic error eliminating term is constructed recursively to elim-
inate the effect raised by the neural network approximation
errors.

(2) Most of the DSC methods are generally under the strict
assumption on the upper bound of the gain function. This
restrictive assumption is relaxed, such that only the sign of
gain function is known.

(3) By applying the Lyapunov theorem and Barbalat
lemma, all the variables of the resulting closed-loop system
are proven to be semi-globally bounded, and the proposed
control method can achieve the asymptotic tracking perfor-
mance by choosing design parameters appropriately.

The rest of this paper is organized as follows. Section II
gives the problem formulation and preliminaries. Adap-
tive neural controller is developed for a class of uncertain
strict-feedback nonlinear by using backstepping scheme in
Section III. The stability analysis of the closed-loop system
is given in Section IV. In Section V, simulation study is
presented to show the effectiveness of the proposed scheme.
Finally, the conclusion is included in Section VI.

Il. PROBLEM STATEMENT AND PRELIMINARIES
Consider a class of uncertain strict-feedback nonlinear sys-
tems of the following form

Xxi = fi(xi) + gixixir1 +di(t), i=1,2...,n—1
Xn = fuGin) + gi(xu + dn(t) (D
y=x

where x = [x1, X2, ..., %,]7 € R" denotes the state vector of
the system; u € R is system control input; y € R is system
output; x; = [x1,x2, . . x]F e R fi(+) is an unknown
continuous functions, and g;(-) is a known smooth function;
d;(t) are the unknown external disturbances or uncertainties
of the system, i =1, ..., n.

The control objective is to design adaptive tracking control
such that the system output y asymptotically converges to a
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desired trajectory y4 and all signals in the closed-loop system
are bounded by appropriately choosing design parameters.

To guarantee the controllability, we will invoke the follow-
ing assumptions, which are standard in backstepping design
method.

Assumption 1: The functions g;(X;) are strictly either posi-
tive or negative, that is, |g;(x;)| > 0. Without loss of general-
ity, suppose g;(x;) > 0 throughout this paper.

Remark 1: It should be noticed that, in most of the
researches, g;(X;) are always assumed to be bounded by posi-
tive constants, that is, 0 < by, < gi(x;) < by with b, and by,
being positive constants. Obviously, Assumption 1 is more
relaxed than 0 < b, < gi(x;) < by, which appears in most
of the exiting researches.

Assumption 2: The desired trajectory y; is sufficiently
smooth function of ¢, and y4, V4, and y; are bounded, that
is, there exists a positive constant By such that Iy :=
{0,340, 50) : 0a)* + Ga)* + Ga)? < Bo}.-

Assumption 3: For 1 < i < n, there exist an unknown
positive constant d such that |d;(¢)| < d.

Lemma 1 [36]: for any g € R and Vv > 0, the following
inequality holds

2

q

0<lql— =v ©))

A. RBFNN BASICS

The radial basis function neural network (RBFNN) is consid-
ered to be used for the controller design in this paper, which
is utilized to approximate the continuous function A(Z):
R" — R

han(Z) = 0T (Z) 3)

where Z € Qz C R" is the input vector, 6 =
[61,62,...,60;]] € R' is the weight vector, [ > 1
is the neural network (NN) node number, and ¥(Z) =
[W1(2), ..., ¥(Z)]" is the basis function vector, with ;(Z)
chosen commonly as a Gaussian function as

—(Z — uN(Z = u:
( Ml)z( Mz)il’ i=1.2,....1
n

Yi(Z) = exp [
0)

where ©; = [it, iz, - pc,-,,]T is the center of the receptive
field and n is the width of the Gaussian function.

It has been proven that network (3) can approximate any
continuous function over a compact set 2z C R" to any
desired accuracy in the form of

WZ)=0"Ty(Z)+eZ), VZeQy CR" (3)

where 6* is the ideal constant weight vector, and &(Z) is
the approximation error which is bounded over the compact
set, that is, ||e(Z)|| < &* for VZ € Qyz, where ¢* > 0 is
an unknown constant. £(Z) is denoted as € to simplify the
notation in this paper.
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The optimal weight vector 6* is an “artificial” quantity
required only for analytical purposes. Typically, 6* is chosen
as the value of 0 that minimizes & over €2z, that is

6* := argmin { sup |h(Z) — 6T ¥ (Z)| (6)
0eR! | zeQy
Let || - || denote the 2-norm, and Amax(A), Amin(A) denote

the largest and smallest eigenvalues of a square matrix A,
respectively.

Ill. ADAPTIVE TRACKING CONTROL
In the framework of backstepping approach the following
change of coordinates is made :

€l = X1 —Yd

€ = Xi — i,

i=2,3,...,n (7)
where e is the tracking error, and z; is the output of the non-
linear filter with ;1 as the input, which should be developed
for the corresponding i — 1th subsystem. The recursive design
procedure contains n steps. First, at each step of the backstep-
ping design, the intermediate control «;_1 is designed to make
the corresponding subsystem toward equilibrium position,
and at the final step, the stabilization of system (7) can be
achieved with the actual control input « being designed.

In this paper, let é,- = 6; — él-, where é,- is the estimate of
the unknown constant 6;, with 6; being the unknown weight
vector of the RBFNN in step i. The RBFNN in each step is
employed to approximate the unknown continuous function
fi(x;) as follows

- T -
fikx) = 67 i) + &,
where X; € Qz, C R, and ¢; is the approximation error which
satisfies |¢;| < & with & being unknown positive constant.
As the ideal weight 6 is unknown, we will use its estimate
0; instead in the later controller design of each step.

Step 1: To start, consider the following subsystem of (1)
and noting e; = x| — Y4, we have

i=1,2,....n 8)

el = X1 — Y4
= filxr) + g1(x)x2 + di(t) — ya &)

where x, is regarded as a virtual control input of this sub-
system. Consider the stabilization of subsystem (9) and the
follow quadratic Lyapunov function candidate

1,

Ve, = 561 (10)

The time derivative of V,, along (9) is

Ve, = e1 (filx1) + g1(xp)x2 + di(t) — ya) (1D

We construct a virtual control o1 and the adaptation func-
tions 0; and M, as follows

M1261

T, T
JMied + 82

(12)

ar = g )| —kier — 87 i (x1) —
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_91 = TIre1yi(x) (13)
My = yilell (14)

where ki, I'1, and y; are the design parameters; M1 is the
estimate of M with M| = df + &7; § is any positive uniform
continuous and bounded function, which satisfies

t
lim [ 8(t)dt <8 < +oo (15)
11— 00 O

8] < 82 < 400 (16)

where 61 and §, are any positive constants.

To avoid repeatedly differentiating o1, which leads to the
so-called ‘““explosion of complexity”, in the sequel, the basic
idea of DSC technique is employed here. Introduce a new
variable zp, and let 1 pass through a nonlinear filter with
time constant 7, to obtain zp as

) N2y,
Dh =y — ———— (17)
VNS + 82
with
N> = B2 Iyl (18)

where y» = 7o — a1, B2 is a design parameter and Ng is the
estimate of N which will be defined later, then, it yields

V2 =2 —
» N3y, .
== - = ¥
. =
N/
NZ
-2 __5R (19)

N/ Z e
Noting that x; = e> 4+ z2 and y» = zo — o1, we have
X =e+ar+ym (20)
Define the Lyapunov function candidate
(S I N
Vi=Ve + 2—li + 591 6 21
In view of (11), (20), and (21), we have
. . 1 ~ =«
Vi = el (filx1) +di(t) — ya) — ZMlMl
+gitxer (2 + a1 +y2) =6/ T1'6 (22)
Substituting (8) and (12) into (22) yields
Vi = erdy + e10] Y1 (x1) + ereg — kief
M2e2

e
+ g1(x1)er (e2 +y2)

,/]\;Ilze%—l-(?z

1 -~ =« ~ -
- leMl — e8] Y1(x1) — el Y(x1)  (23)
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Rearranging (23) and noting Assumption 3 and |g1| < ET,
one obtains

02 2
Mie
,/Mlze%—i-éz

1 ~ =z
— kel + gi(x1)er (e2 +y2) — ;MlMl (24)

Vi < el (df +¢7) —

By using Lemma 1 and noting M = df + €], we have
(72,2
Mieq

‘/Mlze% + 82

1 ~ =
—kie} + gi(xer (e2 + y2) — ;M1M1

Vi < let| My + let| My —

1 -~ 2
<5——M (Ml -V Iell)
Y1
—kie} + gi(xer (e2 + y2) (25)
In view of (14), we have
Vi < —kje? + 8 + gi1(x1)er (e2 + y2) (26)

Step i (2 < i < n — 1): A similar procedure is employed
recursively for each step i = 2,...,n — 1. For the sake of
brevity, Step i are simplified, with redundant equations and
explanations being omitted.

Consider the following subsystem of (1) and noting
e; = x;j — z;, we have

e =X —Z

2
~ _ i NZ?y;
= fi@) + giGxie1 +di + = + =

N2 482

where x;;1 is regarded as a virtual control input of this
subsystem. Consider the stabilization of subsystem (27) and
the follow quadratic Lyapunov function candidate

27

1
Ve = et (28)
2

The time derivative of V,, along (27) is

. _ _ yi N2y,
Ve, = eil filxi) + gi(x)xit1 +di + = + T
b NP+ 82
(29)

We construct a virtual control ¢; and the adaptation func-
tions 6; and M; as follows

o = g;lom( — kie; — OF i)

L My L) G0)

JMEe 82 T N2y 482
6 = Tre(®) (1)
M; = v;leil (32)
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where k;, [';, and y; are the design parameters, and M,- is the
estimate of M; with M; = d + 7.
Let «; pass through a nonlinear filter with time constant
Ti4+] to obtain z;j4+1 as
2
. Tit 1N Vit
Tip1Zig] = —Yipl — —————— (33)

2 2
N igr +8°
with

Nit1 = Biv1 [yiv1l (34

where y; 11 = zi+1—;, Bi+1 1S a design parameter and Niﬂ is
the estimate of ;41 which will be defined later, then, it yields

Vitl = Zigl — &

o2
Vit N7 Yit1 &
fil N2 yi + 82
1 N? Yi+1
= Yt A’L — & (35)
fi+l N2 vig + 82

Noting that x;+1 = eiy1 + ziy1 and yiy1 = Zi+1 — o,
we have

Xit1 = e€ip1 +Yyit1 +q; (36)

Define the Lyapunov function candidate
1, 1 - (I Iy
Vi=Ve + Ey,- + 2_)/1'Mi + Z_,BiNi + 59,- L6 (37)
Using (29) and (36), the time derivative of V; is

- _ _ Vi NZyi
Vi = ei| fixi) + gixxit1 +di + — + ———=
T /NiZin + 82
+yivi + gi(xXi)ei (eir1 + yit1 + i)
1 ~ x 1 ~ 2 - R
— —M;M; — —N:N; — 6] 1716, (38)
Yi Bi
Similarly, substituting (30) and (31) into (38) and then
rearrange the inequality, we have
. M2e?
Vi = eid; + eiei — k,-e~2 L —

i ~ + yi)"i
JM?Ee? + 52

_ 1 ~ = 1~ 2
+ gi(xXei (eir1 + yi+1) — ;MiMi - FNiNi (39)
1

l
Noting Assumption 3 and |¢;| < & we have
. M?e?
Vi < leil (df + &F) — kie? — ———

= + yiyi
,/Ml-zel.z + 82
- 1 ~ x 1.z
+ gi(xei (eiv1 + yip1) — ;MiMi - ENiNi (40)
1 1

which can be handled as the same way as Step 1, and then we
obtain

‘ - . 1 ~ 2

Vi < —kie? + gi(x)ei (eiv1 + yis1) + 8 + yiyi — FNiNi

l
(4D)

VOLUME 7, 2019



H. Huang et al.: Adaptive Asymptotic Control for a Class of Uncertain Nonlinear Systems

IEEE Access

Step n: Noting that e, = x,; — Zz, the dynamics of
en-subsystem can be written as

én :xn_zn

- _ ]’\Vz
= fuGin) + gnEn)u + dy + i_” n n—y"
"N+

Similarly, consider the stabilization of subsystem (42) and
the follow quadratic Lyapunov function candidate

(42)

Ve, = e (43)

The time derivative of V,, along (42) is
2
) . _ y Nyy
Ven =é€n <f’1(xn) + gn(Xp)u + dy + = + = )

N+ 82

We construct the actual control u and the adaptation func-
tions 6, and M,, as follows

(44)

U= g,:l(xn)( — knen — OF Y (%)

_Mien o Niw ) 45)

JM2e2 82 T N2y2 452
én = Thentrn(xn) (46)
Mn = ¥u lenl 47

where k,, [';;, and y,, are the design parameters, and M,, is the
estimate of M, with M, = d + ¢\.
Define the Lyapunov function candidate

V=V, + ly2 vl LAy l67T1“‘167n (48)
n 2 n 2)/11 n 218’1 n 2 n n

Using (44), the time derivative of V,, is

. _ 1 ~ =« 1 -~ x o
Vi = gn(p)eyu — —M,M,, — —N,N,, — 951_‘” 19,,
n Bn
N
: . y Nyy
"N+ 82

Similarly as the former steps, by using (45), (46), and (47),
we can have

. . 1 ~ x
Vi < _kne% + 8+ Yuyn — IB_NnNn (50)
n

The design process of adaptive neural tracking controller
has been completed.

IV. STABILITY ANALYSIS

In this section, the main result of this paper is stated as follows
Theorem 1: Consider the uncertain nonlinear system (1)

and Assumptions 1-3. The virtual controller are constructed

as (12) and (30), with the corresponding adaptation laws

given by (13), (14), (31), and (32). The actual controller is

given by (45) with the corresponding adaptation laws given
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by (46) and (47). Then, for any initial conditions satisfying
V (0) < p, where p is a given positive constant, there exist
ki, Bi, vi, L'i, 8;, and 7; such that all of the signals in the
closed-loop system are semi-globally bounded. Furthermore,
by appropriately choosing design parameters, the tracking
error e can asymptotically converge to zero.

Proof: Choose the Lyapunov function as follows:

v=>"V (51)
i=1

It follows from (24), (39), and (48) that the derivative
of Vis
n n—1
V<= kief + ) gi®) (i1 +yirn) e
i=1 i=1
n—1 n—1 1 .
+n8+ ) viridie — Y B i+1Nip1 (52)
i=1 i=1 7

In view of (17) and (33), we have

n—1 2 2 2

. Vit N 1Vi .

V< E —T——T_ai)’Hl
; i+1 8 2
i=1 Nz +9

n n—1
- Z kie} + Zgi()_fi) (eir1+yit1) e
i=1 i=1
n—1

1 ~ =z
= > o Nipalist +ns (53)
= Bin1

By noting x; = e; + y; + «;—1 and the expression of o1,
we can rewrite x;+1 and «; as follows

Xip1 = (Ei+lv)_7i+1,éi,MiaNi’)’dv)"d) (54)
o = (éi,)_’i,éi, Ai,NiaYda)"d) (55)
here & — AT 5 R
where ¢; ler, ez, ..., e]", i a2, ...,y 0
01,02, ....00", Mi = [M\,Ma,...,M;]", and N;
[N, N2, ..., N,

Then, it can be learned that g;(x;) can be rewritten as the
following expression

gix) = giler,ya) ) (56)
gilx) = g (éi,)_fi, éi—l,Mi—l,Ni—l,yd,)'id), i=2,...,n
(57

and there exists a continuous function «; (-) such that

~ ~

o] < ki (éi+1,§i+1, 9i,Mi,1(fi,yd,yd,33d> (58)

= = =17
Consider set 2; := {[EiT,jziT, GiT, MiT,NiT]

i
ZWfﬂ
=1

i=2,...,n, with'p = V() + (2n — 1) ;. Since thg sets
Qo and Q; € RY72 are compact, Qo x ©; € Rl is
also compact. Noting (54) and (55) and the definition of €2;,
we can find that all the variables of the continuous function
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gi (+) are included in the compact set ¢ x €2;. Thus, there exist
unknown positive constants g; »s such that |g; ()| < gim on
Qp x ;. Similarly, it can be known from (56) that all the
variables of the continuous function «; (-) are included in the
compact set o X 241, thus there exist unknown positive
constant which is defined as N; such that |«; (-)| < N;. Thus,
we have

n—1
V<>
i=1

2 72 42
i1 N i
Ti+1 /N
N+1y1+1 + 81-‘4-1

n n—1
— > kief + > gim (eirt] + yig1]) leil

i=1 i=1

+ Ni [yig1l

n—1 1 .
— > o NiwalNisy +né (59)
Bi+1
i=1
on Qo x ;.
Using (18) and (34) and noting Lemma 1, we have
1 N2 | y?
B z+1Nz+1 + Nilyit1] — e dad ;
a N2 i+ 8%,
A2 32
= N; lyip1| — N & S ) S
V N2 +82
<5 (60)

Therefore, we can rewrite (59) as

V<—Zke +Z< l“)

Ti+1

n—1

+ ) gim (leir1l + yipiD leil + @n—1)8 (61
i=1

Using the Young’s inequality, we have

2 2 2
gintleiilled] < G SiM Gt
i, i+ il = ) B

2 2 2

e;  8imViri
gim yir1lleil < E + —2

Consequently, by choosing k; and 7,1 satisfying

kizl+g'21M+co (62)
1
— > g’_M +¢o (63)
Tit1 2

with ¢p being any positive constant, we have

n n—1 y<2
Sk 3 (-2)
i=1 i=1

Ti+1

n—1

+ Y gim (leirr] + lyig1]) leil
i=1
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n n—1 y~2
< w3 (-22)

Ti+1

2 2 2
gzM i+l 8imYit1
- Z ( + =2
n—1

< —co Z e — co Zml (64)

Substituting (64) into (61) ylelds

n n—1
V<-c) e—coy yiy+@u—1s (65

i=1 i=1
Integrating (65) over [0, ¢] yields

t
V(i) = VO + 2n— 1)/ 8(&)dé&
0

t n n—1
-/ <002e,-2($)+602y,-2+1(§)) dt
i=1 i=1
< VO +n— 1) (66)

which implies e;, e, 6;, B, Mi, 1\71,,, Ni, and yj41, | =
1,2, ..., n—1 are bounded. In the sequel, we can deduce that
Xi, Xp, aj,andu, i = 1,2, ..., n — 1 are bounded. Moreover,
form (66), one has

t n
/0 0y EdE < VO + - D3 (67)
i=1
By applying the Barbalat lemma, it is concluded that

lim e =0 (68)

t—>00

That is, the asymptotic tracking is achieved.

V. SIMULATION RESULTSION
To illustrate the validity of the proposed adaptive neural
control scheme, consider the following nonlinear system in
strict-feedback form [36]:
X1 =x1e70% + (1 +x7) xp + 0.2sint
¥ = x1x5 + [3 + cos(xixp)]u + 0.1 cos (69)
y=xi
The objective is to design a DSC controller u such that
output y asymptotically tracks the desired trajectory y; =
3 4 0.5 sin(rt).
According to Theorem 1, the adaptive neural controller is
chosen as

-1 AT Mlz el .
ay =g )| —kier — 0] Y1(x1) — ——=—= +J4

,/A;Ilz e% + 52
u= gz‘(fcz)( —ky 2 — 07 Y (%)
_ M22 e 2 sz V2 )
2Nyt
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Time(s)

FIGURE 1. Reference signal y; and system output y.

0.8 1

0.4 1

T2

-0.2 4
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Time(s)

FIGURE 2. System state x,.

0 5 10 15 20 25 30
Time(s)

FIGURE 3. Control input u.

and the adaptive laws are provided by (13), (14), (46),
and (47), and the design parameters are selected as k| = ky =
15, y1 = y» = 3, "1 = I'y; = diag(0.5,0.5,0.5, 0.5, 0.5),
7 = 05,8 = 1/(0.1 +¢?), and o = 3. The RBFNN
are selected in the following way: Neural network WIT v (Zy1)
contains 5 nodes with centers evenly spaced in the interval
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FIGURE 4. Adaptive parameters Ml, Mz, and ﬁ, .
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[—2, 2] and widths equal to 2. Neural network W2T W (Zp)
contains 25 nodes with centers evenly spaced in the interval
[—2, 2] x [—2, 2] and widths equal to 2. The initial conditions
are seted as: [x1(0), x2(0)]7 = [4, 117, M,(0) = M»(0) =
N1(0) = 0, and 6;(0) = 6,(0) = 0. The simulation results are
shown in Figs. 1-5.
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From Fig. 1, it can be seen that under the proposed con-
trol scheme, the good output tracking performance can be
achieved.2 Figs. 2-5 ghow the boundedness of x», u, M 1, Mz,
]Qh, él H and éz , respectively.

For ccfmparison, Fthe conventional adaptive neural con-
trol (CANC) approach in [24] is performed with the same
parameters k| = kp = 15 and 75 = 0.5, and the correspond-
ing simulation result on the system tracking error is presented
in Fig. 6. It is obviously shown in Fig. 6 that, the pro-
posed modified adaptive neural control (MANC) approach
can achieve the better asymptotic tracking compared with
CANC, which can only achieve the bounded tracking.

VI. CONCLUSION

To achieve the asymptotic tracking performance, an adap-
tive neural network-based controller is presented via
a modified DSC approach. Different from the exiting
approximator-based control approach, the proposed con-
troller can further achieve the asymptotic tracking instead of
bounded trajectory tracking. Moreover, the nonlinear filters
with a positive time-varying integral function is used to avoid
the ‘“explosion of complexity” problem and to eliminate
the effect of boundary layer error. The asymptotic tracking
stability is rigorously proved by applying the Lyapunov The-
orem and Barbalat lemma. Simulation example demonstrate
the effectiveness and the feasibility of the proposed control
approach. Future work can extend the proposed method to
the pure-feedback cases.

REFERENCES

[1] B. Yao and M. Tomizuka, “Adaptive robust control of SISO nonlinear
systems in a semi-strict feedback form,” Automatica, vol. 33, no. 5,
pp. 893-900, May 1997.

[2] Z. Pan and T. Basar, “Adaptive controller design for tracking and distur-
bance attenuation in parametric strict-feedback nonlinear systems,” IEEE
Trans. Autom. Control, vol. 43, no. 8, pp. 1066-1083, Aug. 1998.

[3] B. Yao and M. Tomizuka, “Adaptive robust control of MIMO nonlin-
ear systems in semi-strict feedback forms,” Automatica, vol. 37, no. 9,
pp. 1305-1321, 2001.

[4] J. Daafouz and J. Bernussou, ‘“Parameter dependent Lyapunov functions
for discrete time systems with time varying parametric uncertainties,” Syst.
Control Lett., vol. 43, no. 5, pp. 355-359, 2001.

[5] B. Wang, X. Yu, and G. Chen, “ZOH discretization effect on single-input
sliding mode control systems with matched uncertainties,” Automatica,
vol. 45, no. 1, pp. 118-125, 2009.

[6] T.Zhang, S.S. Ge, and C. C. Hang, “Adaptive neural network control for
strict-feedback nonlinear systems using backstepping design,” Automat-
ica, vol. 36, no. 12, pp. 1835-1846, 2000.

[71 S. S. Ge and J. Wang, “Robust adaptive neural control for a class of
perturbed strict feedback nonlinear systems,” IEEE Trans. Neural Netw.,
vol. 13, no. 6, pp. 1409-1419, 2002.

[81 Y. Li, S. Qiang, X. Zhuang, and O. Kaynak, “Robust and adap-
tive backstepping control for nonlinear systems using RBF neural net-
works,” [EEE Trans. Neural Netw., vol. 15, no. 3, pp. 693-701,
May 2004.

[9]1 S.1J. Yoo, J. B. Park, and Y. H. Choi, “Adaptive neural control for a class
of strict-feedback nonlinear systems with state time delays,” IEEE Trans.
Neural Netw., vol. 20, no. 7, pp. 1209-1215, Jul. 2009.

[10] D. Wu, D. Cao, T. Wang, Y. Fang, and J. Fei, “Adaptive neural LMI-
based H-infinity control for MEMS gyroscope,” IEEE Access, vol. 4,
pp. 6624-6630, 2016.

[11] T. Wang and J. Fei, “Adaptive neural control of active power filter using
fuzzy sliding mode controller,” IEEE Access, vol. 4, pp. 6816-6822,2016.

97372

[12]

[13]

(14]

[15]

[16]

[17]

(18]

(19]

[20]

(21]

[22]

(23]

(24]

[25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

N. Liu and J. Fei, “Adaptive fractional sliding mode control of active
power filter based on dual RBF neural networks,” IEEE Access, vol. 5,
pp. 27590-27598, 2017.

F.-C. Chen and C.-C. Liu, “Adaptively controlling nonlinear continuous-
time systems using multilayer neural networks,” IEEE Trans. Autom.
Control, vol. 39, no. 6, pp. 1306-1310, Jun. 1994.

M. K. Bugeja, S. G. Fabri, and L. Camilleri, “Dual adaptive dynamic
control of mobile robots using neural networks,” IEEE Trans. Syst., Man,
Cybern. B, Cybern., vol. 39, no. 1, pp. 129-141, Feb. 2009.

W. Chen and L. Jiao, “Adaptive tracking for periodically time-varying
and nonlinearly parameterized systems using multilayer neural networks,”
IEEE Trans. Neural Netw., vol. 21, no. 2, pp. 345-351, Feb. 2010.

H. J. Asl, T. Narikiyo, and M. Kawanishi, “Bounded-input prescribed
performance control of uncertain Euler—Lagrange systems,” IET Control
Theory Appl., vol. 13, no. 1, pp. 17-26, 2019.

J.-X. Xu and Y. Tian, “Nonlinear adaptive wavelet control using con-
structive wavelet networks,” IEEE Trans. Neural Netw., vol. 18, no. 1,
pp. 115-127, Jan. 2007.

S. Yilmaz and Y. Oysal, “Fuzzy wavelet neural network models for predic-
tion and identification of dynamical systems,” IEEE Trans. Neural Netw.,
vol. 21, no. 10, pp. 1599-1609, Oct. 2010.

F. Wang and Y. Cao, ““An energy efficiency optimization and control model
for hadoop clusters,” IEEE Access, vol. 7, pp. 40534-40549, 2019.

C.-F. Hsu, “Self-organizing adaptive fuzzy neural control for a class
of nonlinear systems,” IEEE Trans. Neural Netw., vol. 18, no. 4,
pp. 1232-1241, Jul. 2007.

R.-J. Wai and Z.-W. Yang, “Adaptive fuzzy neural network control
design via a T-S fuzzy model for a robot manipulator including actuator
dynamics,” IEEE Trans. Syst., Man, Cybern. B, Cybern., vol. 38, no. 5,
pp. 1326-1346, Oct. 2008.

Y. Xia, Z. Yang, and M. Han, “Lag synchronization of unknown chaotic
delayed Yang—Yang-type fuzzy neural networks with noise perturbation
based on adaptive control and parameter identification,” IEEE Trans.
Neural Netw., vol. 20, no. 7, pp. 1165-1180, Jul. 2009.

X. L. Zhu, Z. Y. Jiang, B. Wang, and Y. J. He, “Decoupling control
based on fuzzy neural-network inverse system in marine biological enzyme
fermentation process,” IEEE Access, vol. 6, no. 7, pp. 36168-36175, 2018.
Z.Liu, X. Dong, J. Xue, H. Li, and Y. Chen, “Adaptive neural control for a
class of pure-feedback nonlinear systems via dynamic surface technique,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 27, no. 9, pp. 1969-1975,
Sep. 2016.

Z. Liu, X. Dong, W. Xie, Y. Chen, and H. Li, “Adaptive fuzzy control
for pure-feedback nonlinear systems with nonaffine functions being semi-
bounded and indifferentiable,” IEEE Trans. Fuzzy Syst., vol. 26, no. 2,
pp. 359-408, Apr. 2018.

R. Zuvo, X. Dong, Y. Chen, Z. Liu, and C. Shi, “Adaptive neu-
ral control for a class of non-affine pure-feedback nonlinear sys-
tems,” Int. J. Control, vol. 92, no. 6, pp. 1354-1366, 2019. doi:
10.1080/00207179.2017.1393106.

R. Zuo, X. Dong, Y. Liu, Z. Liu, and W. Zhang, ‘‘Adaptive neural control
for MIMO pure-feedback nonlinear systems with periodic disturbances,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 30, no. 6, pp. 1756-1767,
Jun. 2019. doi: 10.1109/TNNLS.2018.2873760.

P. P. Yip and J. K. Hedrick, “Adaptive dynamic surface control: A sim-
plified algorithm for adaptive backstepping control of nonlinear systems,”
Int. J. Control, vol. 71, no. 5, pp. 959-979, 1998.

D. Swaroop, J. K. Hedrick, P. P. Yip, and J. C. Gerdes, ‘““Dynamic surface
control for a class of nonlinear systems,” IEEE Trans. Autom. Control,
vol. 45, no. 10, pp. 1893-1899, Oct. 2000.

T.-S. Li, D. Wang, G. Feng, and S.-C. Tong, “A DSC approach to robust
adaptive NN tracking control for strict-feedback nonlinear systems,” IEEE
Trans. Syst., Man, Cybern. B, Cybern., vol. 40, no. 4, pp. 915-927,
Jun. 2010.

S. C. Tong, Y. M. Li, G. Feng, and T. S. Li, “Observer-based adaptive
fuzzy backstepping dynamic surface control for a class of MIMO nonlinear
systems,” IEEE Trans. Syst., Man, Cybern. B, Cybern., vol. 41, no. 4,
pp. 1124-1135, Aug. 2011.

W. E. Schmitendorf and B. R. Barmish, “Robust asymptotic tracking for
linear systems with unknown parameters,” Automatica, vol. 22, no. 3,
pp. 355-360, 1986.

F. Mazenc and L. Praly, “Asymptotic tracking of a reference state
for systems with a feedforward structure,” Automatica, vol. 36, no. 2,
pp. 179-187, 2000.

VOLUME 7, 2019


http://dx.doi.org/10.1080/00207179.2017.1393106
http://dx.doi.org/10.1109/TNNLS.2018.2873760

H. Huang et al.: Adaptive Asymptotic Control for a Class of Uncertain Nonlinear Systems

IEEE Access

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Z. Zhang, S. Xu, and B. Zhang, “Asymptotic tracking control of uncer-
tain nonlinear systems with unknown actuator nonlinearity,” IEEE Trans.
Autom. Control, vol. 59, no. 5, pp. 1336-1341, May 2014.

B. Zhao, H. Yu, J. Yu, X. Liu, and H. Wu, “Port-controlled Hamiltonian
and sliding mode control of gantry robot based on induction motor drives,”
IEEE Access, vol. 6, pp. 43840-43849, 2018.

Y.-H. Liu, “Adaptive dynamic surface asymptotic tracking for a class of
uncertain nonlinear systems,” Int. J. Robust Nonlinear Control, vol. 28,
no. 4, pp. 1233-1245, 2018.

Y.-H. Liu and H. Li, “Adaptive asymptotic tracking using barrier func-
tions,” Automatica, vol. 98, pp. 239-246, Dec. 2018.

J. Wan, T. Hayat, and F. E. Alsaadi, ““Adaptive neural globally asymptotic
tracking control for a class of uncertain nonlinear systems,” IEEE Access,
vol. 7, pp. 19054-19062, 2019. doi: 10.1109/ACCESS.2019.2891689.

J. Fei, Y. Chu, and S. Hou, “A backstepping neural global sliding mode
control using fuzzy approximator for three-phase active power filter,”
IEEE Access, vol. 5, pp. 16021-16032, 2017.

H. Zhang, X. Xie, and S. Tong, “Homogenous polynomially parameter-
dependent Hy, filter designs of discrete-time fuzzy systems,” IEEE Trans.
Syst., Man, Cybern. B, Cybern., vol. 41, no. 5, pp. 1313-1322, Oct. 2011.
H. Zhang, Y. Cui, and Y. Wang, “Hybrid fuzzy adaptive fault-tolerant
control for a class of uncertain nonlinear systems with unmeasured states,”
IEEE Trans. Fuzzy Syst., vol. 25, no. 5, pp. 1041-1050, Oct. 2017.

Q. Zhang and X. Zhang, “Nonlinear improved concise backstepping con-
trol of course keeping for ships,” IEEE Access, vol. 7, pp. 19258-19265,
2019.

H. Zhang, Q. Qu, G. Xiao, and Y. Cui, “Optimal guaranteed cost sliding
mode control for constrained-input nonlinear systems with matched and
unmatched disturbances,” IEEE Trans. Neural Netw. Learn. Syst., vol. 29,
no. 6, pp. 2112-2126, Jun. 2018.

B. Rui, Y. Yang, and W. Wei, “Nonlinear backstepping tracking control
for a vehicular electronic throttle with input saturation and external distur-
bance,” IEEE Access, vol. 6, pp. 10878-10885, 2017.

S. Qin, X. Xue, and P. Wang, “Global exponential stability of almost peri-
odic solution of delayed neural networks with discontinuous activations,”
Inf. Sci., vol. 220, no. 1, pp. 367-378, Jan. 2013.

S. Qin and X. Xue, “A two-layer recurrent neural network for nonsmooth
convex optimization problems,” IEEE Trans. Neural Netw. Learn. Syst.,
vol. 26, no. 6, pp. 1149-1160, May 2015.

N. Liu and S. Qin, “A neurodynamic approach to nonlinear optimization
problems with affine equality and convex inequality constraints,” Neural
Netw., vol. 109, pp. 147-158, Jan. 2019.

S. Qin, W. Bian, and X. Xue, “A new one-layer recurrent neural network
for nonsmooth pseudoconvex optimization,” Neurocomputing, vol. 120,
pp. 655-662, Nov. 2013.

HANQIAO HUANG was born in 1982. He
received the B.E. and M.S. degrees from Air Force
Engineering University, China, in 2003 and 2006,
respectively, and the Ph.D. degree from North-
- western Polytechnical University, China, in 2010.
- He came out of the postdoctoral station, in 2015.
~ He is an Associate Professor with the Unmanned
System Research Institute, Northwestern Poly-
technical University, Xi’an, China. His current
research interests mainly include signal process-

ing, pattern recognition, visual tracking, and intelligent vision systems for
unmanned air vehicles. He has published over 40 papers in well-known
journals and international conferences, 12 of which were searched by SCI
and 24 by EIL He is chairing six projects, including the National Natural
Science Foundation.

Dr. Huang serves as a Reviewer and a technical committee member for
several international conferences and journals.

VOLUME 7, 2019

SHUANGYU DONG received the B.Eng. degree
in electrical engineering and automation from
Xi’an Jiao Tong University, Xi’an, China, in 2015,
and the M.Eng. degree in electrical engineering
from the University of Melbourne, Melbourne,
Australia, in 2017. She is currently an Engineer
with the SMZ Telecom Pty Ltd., Melbourne. Her
research interests include deep learning and adap-
tive control.

ZONGCHENG LIU received the B.Sc. degree
in electrical engineering and automation from
Air Force Engineering University, Xi’an, China,
in 2009, and the M.Sc. and Ph.D. degrees in
control theory and engineering from Air Force
Engineering University, in 2011 and 2015, respec-
tively. He is currently a Lecturer with the Aeronau-
tics Engineering College, Air Force Engineering
University. His research interests include flight
control, intelligent and autonomous control, and
neural networks.

RENWEI ZUO received the B.Sc. degree in detec-
tion guidance and control from the Nanjing Uni-
versity of Aeronautics and Astronautics, Nanjing,
China, in 2016, and the M.Sc. degree in control
science and engineering from Air Force Engineer-
ing University, Xi’an, China, in 2018, where he is
currently pursuing the Ph.D. degree with the Aero-
nautics Engineering College. His research interests
include flight control, adaptive control, and neural
networks.

97373


http://dx.doi.org/10.1109/ACCESS.2019.2891689

	INTRODUCTION
	PROBLEM STATEMENT AND PRELIMINARIES
	RBFNN BASICS

	ADAPTIVE TRACKING CONTROL
	STABILITY ANALYSIS
	SIMULATION RESULTSION
	CONCLUSION
	REFERENCES
	Biographies
	HANQIAO HUANG
	SHUANGYU DONG
	ZONGCHENG LIU
	RENWEI ZUO


