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Abstract

In this article, the problem of adaptive multi-dimensional Taylor network control for strict-feedback nonlinear stochastic
systems with time-delay is investigated. To overcome the control degradation resulting from the delay terms, the appro-
priate integral-type Lyapunov—Krasovskii functions are introduced. A novel adaptive multi-dimensional Taylor network
control scheme is provided via backstepping technique. The proposed adaptive multi-dimensional Taylor network con-
troller can ensure that all signals in the closed-loop system are bounded in probability and the tracking error eventually
converges to a small neighborhood of the origin. Three simulation examples are given to demonstrate the effectiveness

of the proposed control scheme.
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Introduction

It is well-known that stochastic disturbance often exists
in many practical processes, such as economics, micro-
electronics, and biology."? Therefore, the study on
nonlinear stochastic systems has attracted more and
more attention.” ® Especially, the controller design of
stochastic systems has become a research hotspot due
to its important theoretical and practical values.®
Through the efforts of researchers, many control meth-
ods of nonlinear systems have been naturally applied to
nonlinear stochastic systems, such as fault tolerant con-
trol,” adaptive control,® backstepping technique,” and
sliding mode control.'” Especially, backstepping tech-
nique has become a common control method for non-
linear stochastic systems.''"'? For example, this
technique was successfully applied to the stochastic
cases in Pan and Basar,” where a backstepping-based
control scheme was proposed under a risk-sensitive cost
criterion. Deng and Krsti¢c'® solve the stabilization
problem of nonlinear stochastic systems with the quar-
tic Lyapunov function via backstepping technique.
Afterwards, many hybrid methods based on backstep-
ping technique were extensively applied to the control
problem of nonlinear stochastic systems.'*!> Although
the control of nonlinear stochastic systems has been
obtained great progress, it is difficult to solve the

problems such as unknown functions and uncertainties
only by the aforementioned control methods.

In consideration of the influence of uncertainty and
nonlinearity, the approximation-based control meth-
ods, such as fuzzy logic systems (FLSs) control meth-
ods and neural networks (NNs) control methods, have
been widely used.'®'® Because of the complexity of the
control problems, many hybrid control methods have
been proposed for stochastic systems, such as NN-
based adaptive control'® 2! and FLS-based adaptive
control.>*?* Despite that many meaningful achieve-
ments have been obtained for nonlinear stochastic sys-
tems, these approximation-based control methods have
some innate shortcomings.>>*® For the NNs, the long
training time leads to the poor real-time performance,
and the selection of the NN structure is considered as a
fuzzy and experiential process. For the FLSs, no
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applicable general techniques are available for stability
analysis. In recent years, a novel multi-dimensional
Taylor network (MTN)-based control method?’ has
drawn wide attention.

The MTN is a special three-layer topological struc-
ture network and has excellent approximation ability
to unknown functions.?® Using the MTN-based control
method, some excellent results have been obtained.?* >
In Yan and Kang?’ the asymptotic tracking and
dynamic regulation were considered for single input
single output (SISO) nonlinear systems with the help of
the discrete MTN. In Yan et al.,”® an optimal control
problem was discussed for SISO nonlinear systems,
and the proposed optimal MTN controller had excel-
lent dynamic performance. After that, this control
method had been naturally extended to nonlinear sto-
chastic systems. For example, the MTN-based control
approach was successfully applied to SISO nonlinear
stochastic systems in Yan et al.,>' where an optimal
MTN control scheme was developed for the systems.
An adaptive MTN controller was designed in Han
et al.*° for a class of nonlinear stochastic systems, and
the real-time performance of the controller had been
improved. Although many important MTN-based
results have been obtained in the study of nonlinear
stochastic systems, the research results of time-delay
systems were still insufficient.

However, time-delay exist widely in practical sys-
tems, such as economical systems,” telerobotic sys-
tems,*® and hydraulic systems.>’” And time-delay often
reduces the control effect and even destroys the stabi-
lity of the systems.® Therefore, more attentions have
been paid to the control problem of nonlinear stochas-
tic systems with time-delay, and some valuable results
have been reported.**** An adaptive NN-based
controller was developed in Li et al.* for nonlinear sto-
chastic systems with time-delay, and the exponential-
type Lyapunov—Krasovskii functions were used to
compensate the delay terms in the systems. However,
the real-time performances of adaptive NN-based con-
trollers were unsatisfactory due to the long parameter
training time.”> Si*' proposed an adaptive observer-
based control scheme for the uncertain interconnected
nonlinear stochastic system with input time-delay.
However, the above results neglected the time-delay of
system state variables. Therefore, it is worth noting that
the approximate-based MTN control method is rarely
used in the control problem of nonlinear stochastic sys-
tems with time-delay, which motivates our research.

Based on the above observations, this article focuses
on the adaptive control problem of nonlinear stochastic
systems with time-delay. First, the time-delay terms are
handled by the novel integral-type Lyapunov—
Krasovskii functions. Second, the MTNSs are used to
estimate the input signal and the unknown functions.
Then, based on the adaptive backstepping control
method, a novel adaptive MTN control scheme is pro-
posed. Finally, the simulation results show that the
proposed control scheme can guarantee that all the

signals in the closed-loop system remain bounded in
probability and the tracking error eventually converges
to a small neighborhood of the origin. Compared with
the existing works, the main contributions of this arti-
cle are as follows:

1. The MTN method is successfully used to deal with
the control problem of nonlinear stochastic sys-
tems with time-delay. In the current MTN-based
research results,>%213*#* the control scheme based
on the MTN for time-delay nonlinear systems**
cannot be directly utilized to dispose of the prob-
lem of nonlinear stochastic systems with time-
delay. In this article, we extend the MTN control
method to nonlinear stochastic systems with time-
delay.

2. The novel integral-type Lyapunov-Krasovskii
functions are applied to handle the time-delay
terms. Compared with the nonlinear stochastic sys-
tem with time-delay,*' time-delays that exist in the
state variables are investigated in this article, which
makes the developed results more applicable.

3. The unknown functions and the input signal are
approximated by the MTNs. The real-time perfor-
mance of the proposed control scheme has
improved greatly owing to that the MTN has a
pretty straightforward structure. Compared with
the NN-based adaptive control schemes on non-
linear stochastic systems,'®*>* we may conclude
that the proposed adaptive MTN control scheme
has a good real-time performance.

The rest of this article is organized as follows.
System descriptions and preliminaries are described in
section “System descriptions and preliminaries.” The
MTN-based adaptive tracking control scheme and sta-
bility analysis are developed in section “Main results.”
Three simulation examples to validate the proposed
theoretic results are provided in section “Simulation
examples.” This article is concluded in section
“Conclusion.”

System descriptions and preliminaries

Correlation theory

In order to introduce the definition and theorems of the
stochastic system, consider the general nonlinear sto-
chastic system as follows

dx(1) = f(x(0)dt + g(x(1))deo (1)

where x € R" is the system state, f: R" — R" and
g: R" — R’ denote the unknown continuous non-
linear functions and satisfy f{(0) = 0, g(0) = 0, and @ is
an r-dimensional independent standard Wiener process.

Definition [. Consider the system equation (1), for
YV(x) € C?, the differential operator £ is defined by®*’
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v, 1 >V
cvin) = 5o+ 5ol ve) @)

where C? denotes the set of all functions with continu-
ous second partial derivatives.

Lemma I. Associated with system equation (1), if there
exists a positive definite, radially unbounded, twice
continuously  differentiable ~ Lyapunov  function
V(x) : R" — R, such that*®

LV(X)<—aV(x) + b

then the system is bounded in probability and has a
unique solution almost surely, where ¢ >0, >0 are
the design constants.

System descriptions

In this article, consider the nonlinear stochastic system
with time-delay as follows

~

dxi(1) = (i1 (D) + [(X:(0) + hi(Xi(t = v0)))dt + gi(y) d
dx, (1) = (1 + (X, (1) + ha (X (t = v,)))dt + g0 ()" deo
y(1) = x, (1)

3)
where X, = [X1. X2 ---2x,]T € R” denotes the state
vectors, and X; = [x;»X2 ----xi]. € RL fi(:): R

— R(1 =i=<n) denote the unknown continuous func-
tions and satisfy f;(0) = 0, /;(-)(1 <i=<n) denote the
unknown continuous time-delay functions, y,(1 <i<n)
are the unknown constant delays, and gi(-):
R — R'(1 <i=<n) are the unknown continuous func-
tions and satisfy g;(0) = 0. u € R is the system input,
and y(¢) € R is the system output. w is an r-dimensional
independent standard Wiener process.

The purpose of this article is to realize the control of
the system equation (3), such that the system output y
tracks the given reference signal y;, and all the signals

in the closed-loop system remain bounded in
probability.
Remark I. The time-delay systems were discussed

widely.*** However, the problems such as complex
structure and poor real-time performance still exist in
the current control schemes. Therefore, developing an
MTN control algorithm with simple structure for non-
linear stochastic systems with time-delay has great the-
oretical and practical significances.

Remark 2. g;(y)(1 <i=<n) are the continuous functions
and satisfy g;(0) = 0, there exist unknown smooth func-
tions g;(y), such that

gi(v) = yai(y) (4)

To introduce the design of the controller, define the
coordinate transformation as follows

(I<i<n) (5)

Zi T Xi T %

where ay = y,(¢), and «;_(2<i<n) are the virtual
control signals and will be designed later.

Assumption |. The reference trajectory y,(¢) and its up
to nth order derivatives are bounded and continuous.®

Assumption 2. For hi(Xx,), 1 <i<n, there exist positive
unknown continuous functions @y(-), k=1, ...,1,
such that*

i

(X< |ziloiGe + @) (6)
k=1

Remark 3. Assumptions 1 and 2 are both normal
assumptions for nonlinear stochastic systems which can
be found in previous works.®?!>* These assumptions
do not pose a strong restriction upon nonlinear sto-
chastic systems.

MTN

The MTN is composed of a large number of polyno-
mials, which includes the input, hidden, and output
layers,”> and the MTN approximation theorem has
been proved in Yan and Kang.?’ In this article, the
MTNs are used to estimate the unknown functions.
The topology structure is shown in Figure 1.

Lemma 2. On a compact set Qz, consider continuous
nonlinear function f(Z), for Ve>0, there exists an
MTN, such that®’

fZ) = ¢*7S,,(Z) + 8(Z) (7)

where Z = [z1, z2, ..., z,) and 8(Z) is the approxima-

tion error with |8(Z)| <&. @* = [, ¢y, ..., ¢,]" is the
optimal weight vector and defined by
¢° = arg min’{ sup |f(Z) — (pTSm”(Z)|} (8)
9ERY | Zeq,

Remark 4. As shown in Figure 1 and equation (7), the
advantages of MTN can be summarized as follows: (1)
the structure of MTN is simple, and the hidden layer is
composed of addition and multiplication of polyno-
mials, which is easy to compute and be applied in
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T Next, an adaptive MTN controller design procedure
|r§1 i will be developed via backstepping technique.
Z
%é\ Backstepping design based on MTN
Z,
/'O\ Step 1: consider the stochastic Lyapunov function can-
z, amm didate as
z ¢
z 1
—=0) \ V71~TF71~+14+’1
. <\ G & R S A
3 O | b f (10)
< 7 | @t @m +amay
Input Layer IBW Output Layer =7
1
\%O/ % where @, =¢;,— ¢, 1is the parameter error,
Zy ! 1) r=r IT >0 is the symmetric positive definite matrix,
! . and n is the order of the system.
Z, ' According to equations (2), (4), (9), and (10), we
) 0 have
Hidden Layer

Figure I. The structure of MTN.

engineering; (2) the structure of MTN can be confirmed
by the number of inputs and the highest power of poly-
nomials of the hidden layer; (3) the input—output char-
acteristic of the MTN is complex and dynamic, which
makes the MTN be suitable for actual dynastic systems.

Main results

This section contributes to develop an adaptive MTN
control scheme.

Substituting equation (5) into equation (3), we
obtain

LV, = z? (X2 + i+ M ()_(y,) *J"d)

_ T_ - 14
+ *Z?gl(zl) gi(21) *‘PlTFI 1‘.01

By Young’s inequality, we obtain

_ 1 _ _ 3
2 (X, ) = 740 — y)@h Gl =m) + aoli =) + 374

(12)

T
i1
dzj = (i1 (1) + fi + hi(Xi(t = vi)) — Aevimy)di + <gi(J’) - _Zﬁ%}ﬁ&(ﬁ) deo
J=

i=1,...,n—1

©)

T
n—1
dzy = (u+ fi + ha (Rt = ¥)) — A1)t + <gn<y> -y %—;}&(ﬁ) do

i—1 .
Zag—)’;(X/+ () + 1+ (%= %))

j=1 A

Aa; | =

i1 i1
dajg a1 (j+1)
+ — 0, + ~
= b ,21 oy

j=1

Substituting equation (12) into equation (11), the fol-
lowing inequality holds

LV SZ?()(z +£1)

n—1 _ _

72 (=)ol G — 7)) + &t — )
Tpe1i 3

oI, _EZT

(13)
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where fi = fi — o + (n/4 @t (z1) + 3/2 g1(z1)'g1(z1) Step i(2<i<n-—1). Consider the stochastic
+9/4)z. Lyapunov function candidate as
/1 1s obviously an unknown function, and we can use )
an MTN to estimate f;. By Lemma 21 for Ve; >0, an Vi=Vi, + (pTF 1~l ! j‘ + M
MTN @[S, (z) is applied to estimate f;, such that ) 2 4 4
B i (21)
fi = 01 Sn(z1) + 81(21), 181 (z1)| < e (14) j > Z o GEly) + a()dy
e
where z; = [zl]T is the input of MTN, and 6;(z;) is the
approximation error. where @; = @, — @, is the parameter error, I'; = I" IT >0

Substituting equations (5) and (14) into equation
(13), one has

3
LV, $zf(zz + oy + (plTSm1 (z) + 81) —EZT

n—1 _ 15
S Eh G- ) 13)
+ao(t—v1)) - o117 ¢,
By Young’s inequality, we obtain
1
A<+ o (16)
3 1
TS Zz‘l‘ + Zg;‘ (17)

Then, substituting equations (16) and (17) into equa-
tion (15), we have

1 3
LVi<zi(ar + @[Sy (z1)) + Zzé + ZZ?
3 1 n—1 _
+ ZZ? + 4_18? T2 Z?(t_ 71)“?1(21(1_ Y1)
Tyl 3
+ ao(t—v)) — o1 _EZ?

Based on equation (18), design the intermediate con-
trol signal «; as

(19)

a; =—kizy — @) Sy, (z1)

where k| > 0 is a design constant.
Substituting equation (19) into equation (18), one
has

1 - 14
Lvi=—kazt+ 53+ 6l (A8 () - 17161

n—1
- 4 Z?(I_YI)

ol (Z1(t =) + @t — )

1
+ Zs‘f

(20)

is the symmetric positive definite matrix.
Similar to Step 1, we obtain

LV;<LViy+z (Xi+1 it hi(*%) _Aai‘l)

i=1 x;
n—i+1¢
+ > A OTE(0) + @ (1)
k=1
n—i+1¢
2 A= )@= v) + @t~ )
k=1
(22)
By Young’s inequality, we obtain
3 —
) =52 =
(23)

_ _ 3
@y (Zk(t = v) + @ (1 — ) + Zz?

(a@—wN@HﬁO—w)+m40—w)D

(24)

Substituting equations (20), (23), and (24) into equa-
tion (22), the following inequality holds

Tpe1i 3
Zi —‘/’iTFiI‘Pi_*Z?

i—1 1 1
‘Z("f‘z)zf‘*zf 5
ZF +Z X1+l+f)

/71
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where
]7_f (Zaal I(X +f) iaai 1
i—Ji— +1 j P
= ! =1 99, ! =

nfl-i-lzwm

k=1

fi is also an unknown function, and we can use an
MTN to estimate f;. In other words, for Ve; >0, an
MTN ¢S, (z;) is applied to estimate f;, such that

fi= 0! Sm (@) + 8i(z:). |8:(z)| <& (26)
where z; = [z, 22, ...,z,}T is the input of MTN, and
0i(z;) is the approximation error.

Substituting equations (5) and (26) into equation
(25), one has

i—1
1
LV,'gfk]Z‘l‘ — Z (k/ 71)2?

=2

ZZ
—nZlZZ?(t

k=1

@ (2 (1 = ) + @1 (1= )

- ’}If)w;‘k(zl\'(t —v) taa(t—vy))

- = . 3.
— o T ¢, + ZZS/ 37

(27)

By Young’s inequality, we obtain

3
Z?Z,-HSZZ;‘H + Zz? (28)
3 1

28 < sz‘ + Z.sj‘ (29)

Then, substituting equations (28) and (29) into equa-
tion (27), we have

i—1 1
- (kf - z)zf

j=2

LV, <—kz}

i—

~ 1 1 '
Y0l (80 @) ~17'9) + gz >4

j=

Ju—
|

-
I

+ Z? (a,- + ‘PiTSmi(Zi)) - (b;rrfl‘;Pi + —zf

n—i

i1 o T i1 5
S+ <g,«<y> - 83‘;_‘ g,,-<y>> <g,~<y> -y g,«<y>) +
Jj=1 / j=1 J

al 1 T
ypayq

iil:

—
<
l\.)l»—t

»)g, (y)>

ENJRN
A

J

Based on equation (30), design the intermediate con-
trol signal «; as

a; =—kizi — @,-TSm,» (Zi) (31)

where k; >0 is a design constant.
Substituting equation (31) into equation (30), one
has

ﬁVig—kIZ? — Z <kj—1)2;-‘ + lZ?+1
= 4 4
N -
+ Z]; g+ ]gl ?; (Z] Sy (2:) = T'; (p,) (32)

Step n: consider the stochastic Lyapunov function can-
didate as

17 e 1l
= + e
V V,, 1 2(p F 42’7 4
[ (33)
J Z 2 (o (Z (y) + ag_y)dy
k=1
[7‘}/71

where ¢, = ¢, — ¢, is the parameter error, and
r,=r : > () is the symmetric positive definite matrix.

According to equations (2), (4), (9), and (33), we
have

LV, <LV, +z (u + f, + hy (’%) - Aan,l)

T
3 4 _ il 3an,1 _
+ Ezn : ( n(y) - Za—)(,gf(y)>

B i 1 n ~ B
=0, 0 0, + 3D 20T (2(0) + a (1)

1 n B B
— 3 2 2t =)@ Gt = v,) + i (1 ,))
k=1

(34)
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By Young’s inequality, we obtain

(%) = 4 3 2l

‘Wik(fk(l - Yn) + &kfl(t - 7)1)) +

_ 3 niiaanfl (X ) 3, "zi <3an 1)
iy AR = AN
el ? 4

T > (Z/ (t = 7)) @ (2 (1 = )

Similar to functions f; and f;, £, is an unknown func-
tion, and we can use an MTN to estimate f,. Namely,
for Ve, >0, an MTN (psz”(z,,) is applied to estimate

Substituting equations (32), (35), and (36) into equa-

tion (34), the following inequality holds

n—1
1
LVy<—lz{=> (k_, ——)z;.‘
j=2 4
n—1 . 1n—1
30l (38 ()~ 17 '0) + 5> 8
j=1 j=1
b2t 7))~ T,
n—1 j
n—n 4
T4 L Z: (=)
j=lk=1
w?k (Zk(l - 7}) T Q- (l - 7,))
3, n—n 4
_Zzn - 4 kZIZn(t 711)
wik(ék(t - 7}1) + akfl(l - 7)1))
n—1
1
_ 4 4
=—kiz - Z (k]- _Z>ZJ’
j=2
z (550 ) —17'%)
+ li?‘.‘ + 23(u +f) —(])TF_lé) —524
4 - l'j n n n-n n 4 n
i=
where
_ n—1 da | n—1 o |
fo =In (et )+ ¢
" = ]; 99,

/. such that

(35)
fn = ‘PZSm,, (Zn) + Sn(zn)a ‘(Sn(zn” < ¢ (38)
where z, = [z1, 22, ...,zn]T is the input of MTN, and
8,(z,) 1s the approximation error.
Substituting equation (38) into equation (37), one
h
(36) as
n—1 1 .
LV,<—kiz{ => (kj - Z)z —oIT,'p,
j=2
n—1 .
30 (FSm (@) -1 'd) (39)
j=1
1 4, 3 T 4
+ 7. 18/ +o(ut @Sy, +8,) -z
j=
By Young’s inequality, we obtain
3 1
Zian = Zzi + 282 (40)

Then, substituting equation (40) into equation (39)

n—1
1 P Tre] A
LV, <— klz? - Z:z <kj - 4>Z;‘ - (p:F” l(pn
=
1 .
Z T (2350, () ~ 17" )) (41)
Z u + (Pn Smn) 18}1
The control law u is defined as
= — knZn — @ S, (22) (42)

where k,, > 0 is a design constant.

Substituting equation (42) into equation (41), the fol-

lowing inequality holds

Sy ey, LS Pan HOrA)
ji=1 ayg) ‘ 2P,q:18y”ay‘1 ! !
Sl ) (e St )
P ij &\ gily P 3Xj gi\y Zy



586

Proc IMechE Part I: | Systems and Control Engineering 236(3)

n 1 1 n
13’/:1$—k121‘—22<k1—1>2f+ 120
J=

30 (F50(2) - 17'))

j=1

Stability analysis

The main results of this article can be summarized by
the following theorem.

Theorem |. Consider the nonlinear stochastic system
equation (3), the MTN-based control algorithm is con-
structed as follows

u=—kyz, — LSy, (2,) (44)
a;=—kizi — @I Sy (z), | <i<n—1 (45)
¢, =TS, ()2 —T'im;pp;, 1<i<n (46)

where k;> (1/4), and 7;>0 are the design para-
meters. Then, for any bounded initial condition, all the
signals in the closed-loop system are bounded in prob-
ability, and the tracking error converges to a small
neighborhood around the origin.

Proof. Consider the following stochastic Lyapunov
function for the nonlinear stochastic system with time-
delay

n n n
V="V,= %Zz? + %Z(])?F;I(])i-i- >
i=1

— J Zl: z?('y)w?k(fk(‘y) + a-1(y))dy
(47)

According to equations (33) and (43), we can obtain
L 1
4 4
LVs—lzi = (k, - Z)zj
ji=2

n
) Ly L]
30 (8w (@) —17'9) + 3D 4
j=1

(48)

Substituting equation (46) into equation (48), the fol-
lowing inequality holds

n

1 1 n n B N
Lv=—tizj =3 <kf—z)z_}‘ PSR BLLAY
pe

Jj=2 j=1
(49)
According to the definition of ¢;, we have
~T. _ T ~ -1~ " 2
n0; i =0, (0, = 0)) <=5 0,0, + 5 |0
(50)
with
Ni -T- ni ~Tp—1 ~
— 20 o< ———< o9 (51)
2 (1)

Substituting equations (50) and (51) into equation
(49), the following inequality holds

n

1 1 n
EVS—k]Z?—Z <kj—z>z;‘ + ZZF?
j=1

j=2

(52)
,n' n B L 1 n 2
_7]2‘/’;13 P, + 52%’”‘/’;”

J= J=

where 7, = min{(n;/Amax(; ) = 1.2, ....n}.
Let

1
a= min{4k1,4<k,~—z>|2Si$n,nj|1 $j$n},

1 n 1 n
b= 52%”%“2 + ZZI‘S?
J= J=

We can have

LV<—aV +b

Thus, according to Lemma 1, we can obtain that all
signals in the close-loop system are bounded in prob-
ability, and the tracking error converges to a small
neighborhood around the origin.

In addition, the design procedure of the MTN-based
controller is shown in Figure 2.

Simulation examples

In this section, three simulation examples are given to
demonstrate the effectiveness of the proposed scheme
in this article.

Example 1. Numerical example. Consider the second-
order nonlinear stochastic system with time-delay
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(1)) +h(Z (- /,)))dt+g,( ) do
h(Z (- /,,)))ng,,(y) do

dr(t)=(z4(0)+ £(Z
d(0)=(ut £,(z(0)+

y=1(t

#4=I5,0)2 T

A
=-kz - 'Pl S (@)
e 1
|
7

; —

fq i

Figure 2. Block diagram of control system.

xi(t— )

dx, = <X2 + 0.1y e 0 sin(y,) + ——5—""—
: : L+ xi(t =)

. 0.2 X1 (= v2)sin(x,)
dx, = <u+X sm( )+ dt + 0.3y,dw
’ SV L+ X3t = v) :

1
Y= X1

with the initial state [y,(0), xo(0)]" = [0,0]",
va = 0.5sin ¢ is the given reference signal.

By Theorem 1, the actual control law, the intermedi-
ate control signal, and the adaptive laws are chosen,
respectively, as

and

u=—kyzy — ¢y Sy, (22)
al = —kizi — @ S, (22)
FSmL(,) C—I'mp;,, =12
4T _ T _
where z; =[z1]", 2 =[z1,22), z1 =x; — V4 and

Z) = Xo — Q.

Through the continuous optimization of parameters,
a set of ideal parameters are empirically determined,
which ensure that a good tracking performance can be
achieved. The design parameters are taken as follows:
m = 10, M = 10, kl = 20, kz = 60, Fl = 515,
I'; = 10Iy, and the time-delays are chosen as
v1 = v, = 0.05s. The simulation results of Example 1
are shown in Figures 3-6, respectively. Figure 3 illus-
trates the trajectories of reference signal y,; and output
v. Figure 4 displays the response of control signal u.
Figure 5 shows that the state variable y, is bounded.

0.8 T T

The reference signal Yy

- |z The system output y
I
0.2 / \

-02r }

siiaia

.06 I I I I I I I I I

o
———

time (sec)

Figure 3. The trajectories of system output y and the
reference signal y4.

Figure 6 depicts that the tracking error y — y,; con-
verges to a small neighborhood around the origin.

(53)

Example 2. Practical example. Considering a one-link
manipulator system with the influence of stochastic dis-
turbance and time-delay. According to Wang et al.,”®

the system can be described as

dx, = (xo T filx1))dt + 0.1x,dw
dx, = (x5 T f2(X2) + x1(t — v2))dt + 0.1x,dw
dxy = (u+ f3(x3) + 0.1x5(t — y3))dt + 0.1y, dw
Y= Xi
(54)

where y; denotes the link angular position, y, denotes
the velocity, and y; denotes the acceleration, and the
initial state [x;(0), x2(0), x3(0)]" = [0,0,0]". fi(x;) =0
£() == Nxpsiny,, and  fs(x;) = — (Kn/MD)y,.
N = 0.1 is a positive constant related to the mass of the
load and the coefficient of gravity, K, is the back elec-
tromotive force coefficient, M is the armature induc-
tance, and D is the mechanical inertia, and their values
are selected as K, =10, M =10, and D = 10.
yqs = 0.5sin ¢ is the given reference signal.

By Theorem 1, the actual control law, the intermedi-
ate control signals, and the adaptive laws are chosen,
respectively, as
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Figure 4. The trajectory of the input u.
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Figure 5. The trajectory of state variable yx,.

u=— k3Z3 — (Ap;)l-Sm3 (13)

&=~ kaj o (P;FS”’J(Z./)’ Jj=1L2
(ioi = lﬂl‘Smi(Zz‘)Zl3 —I'imp;, 1<i<3

where 7 = [Z]]T, 7 = [Z],ZQ]T, 73 = [21,22,23]T,
21 = X) — Y22 = X — @, and 23 = x3 — ap.

The design parameters are taken as follows: n; = 8,
n, =10, mn; =100, k =6, k=10, k3=120,
Iy =0.5L, I'y = 10ly, I'y = 51y, and the time-delays
are chosen as y; = vy, = y3 = 0.025s. The simulation
results are shown in Figures 7-10, respectively. Figure
7 illustrates the trajectories of reference signal y, and
output y. Figure 8 displays the response of control sig-
nal u. Figure 9 shows that the state variables y, and x;
are bounded. Figure 10 illustrates the trajectory of the
tracking error y — y,. According to the simulation
results of the practical example, we conclude that the

0.1 T T T T T T
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-0.06 |-

T T T

Tracking error VY4

1 1 1
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time (sec)
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Figure 6. The trajectory of tracking error

Yy —Ye
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Figure 7. The trajectories of system output y and the

reference signal y4.
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Figure 8. The trajectory of the input u.
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Figure 9. The trajectories of state variables y, and x;.
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Tracking error YYq4

time (sec)

Figure 10. The trajectory of tracking error y — y4.

proposed approach can realize the control objective of
the one-link manipulator stochastic system with time-
delay.

Example 3. Comparative example. To further demon-
strate the superiority of the proposed control scheme, a
comparative experiment between the adaptive MTN
and radial basis function neural network (RBFNN)
control methods was carried out on the basis of
Example 1. The simulation comparison results are illu-
strated in Figure 11.

As we can see in Figure 11, although both MTN-
based controller and RBFNN-based controller can
realize the tracking control, the former possesses lower
computational complexity and more satisfactory per-
formance than the latter, as shown in the local enlarged
diagram of Figure 11. The comparative experiment
results further verify the effectiveness of the proposed
control scheme.

0.6 T T T T T T T T T

The reference signal Yy

— — —The system output y
0.4 MTN

_____ The system output Yrer

“ i/s, ‘

0.2

02} \j

04t \

06 L L L L L L L L L
0 5 10 15 20 25 30 35 40 45 50

Figure 1 1. The tracking performances of the MTN and
RBFNN.

Conclusion

In this article, a new adaptive MTN backstepping con-
trol scheme is developed to deal with the problem of
tracking control for nonlinear stochastic systems with
time-delay. The MTNs are applied to handle the
unknown functions, which greatly improve the real-
time performance of the controller because the MTN
has a pretty simple structure. The novel integral-type
Lyapunov—Krasovskii ~ functions are successfully
applied to overcome the unknown time-delay func-
tions. It is shown that the proposed controller can
ensure that all signals of the closed-loop system are
bounded in probability and the tracking error con-
verges to a small neighborhood of the origin. Finally,
the simulation results of three examples demonstrate
the effectiveness of the proposed control approach in
this article.

In addition, in view of many signal processing and
control applications of simulation process are realized
by digital computers, sampled-data filtering problem
has attracted a lot of attention."?> Therefore, in our
future research, we will focus on generalizing the results
of this article to nonlinear systems with stochastic dis-
turbances under the sampling-data filtering framework.
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