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ABSTRACT In this paper, the output feedback adaptive multi-dimensional Taylor network (MTN) tracking
control for a class of nonlinear systems with unmeasurable states is investigated. Firstly, a nonlinear state
observer is designed to estimate the unmeasurable states, and then an adaptive MTN-based output-feedback
control approach is developed via backstepping technique. Secondly, in view of the simple structure of MTN,
the controller based on MTN has the advantages of simple structure and fast calculation speed. Thirdly,
in order to avoid the “differential explosion” problem inherited from the backstepping design, dynamic
surface control (DSC) technique is introduced in the process of controller design. The results demonstrate that
this scheme guarantees the stability and tracking performance of the closed-loop system. Finally, simulation
examples are given to reveal the viability of the proposed method.

INDEX TERMS Multi-dimensional Taylor network, nonlinear systems, adaptive control, output-feedback,

backstepping.

I. INTRODUCTION

In recent years, more and more scholars have begun to pay
attention to the stability analysis and controller design of
nonlinear systems, and many interesting results have been
reported [1], [2]. Due to the output-feedback control is more
suitable for practical engineering systems [3], significant
progress has been made in the design of output-feedback
controllers for nonlinear systems, such as uncertain nonlinear
systems [4], input-delayed systems with time-varying uncer-
tainties [5], Markovian jump systems [6], and large-scale
stochastic nonlinear systems [7]. However, compared with
full state feedback control, for example, strict-feedback [8],
pure-feedback [9] and non-strict feedback [10], the design
of output feedback control is more difficult and challenging,
the results of controller design for nonlinear systems are
relatively few. Consequently, it remains a significant and
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interesting task to put forward a state observer with good esti-
mation performance and design an output feedback controller
with good control performance for nonlinear systems.

In view of the excellent performance of neural net-
works (NNs) and fuzzy logic systems (FLSs), especially
the traits of nonlinear, capacity of study and self adapt-
ing, the approximation-based adaptive neural or fuzzy con-
trol schemes have become a useful approach to deal
with uncertain nonlinear systems [11]-[26]. Meanwhile,
NNs-based or FLSs-based control approaches have been
applied to uncertain discrete-time nonlinear systems [11],
dynamic parameters adjustment nonlinear systems [12],
dynamic uncertainties nonlinear systems [13], strict-feedback
nonlinear systems [14]-[16], pure-feedback nonlinear sys-
tems [17], [18], switched nonlinear systems [19]-[22],
MIMO nonlinear systems [23], [24] and stochastic non-
linear systems [25], [26]. Although the adaptive neural or
fuzzy backstepping control has achieved great progress, three
aspects can not be ignored: (i) the training time of most
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NN or FLSs are usually too long and there also exists local
minimum. (ii)) Most of the NNs can not be applied to actual
dynamic systems because their neurons have limited func-
tions. (iii) The accuracy of fuzzy control is not high enough
and oscillation may occur. This encourages us to investigate
new approximation-based adaptive control approaches for the
control of nonlinear systems to solve the above problems.
In this context, the idea of multi-dimensional Taylor net-
work (MTN) emerged.

MTN is a three-layer feedback network, and includes
the input layer, middle layer and output layer. MTN-based
approach was first proposed to solve the problem of pre-
diction control. Later, it was successfully extended to the
control of nonlinear systems, and significant results have
been achieved, for instance, based on account of discrete
MTN, Yan and Kang [27] studied the asymptotic tracking
and dynamic regulation of SISO nonlinear systems. Kang
and Yan [28] proposed a MTN controller to stabilize the non-
linear time-varying delay systems with an inaccurate model.
Han and Yan [29] studied the problem of adaptive track-
ing control for SISO uncertain stochastic nonlinear systems
based on MTN. Yan and Han [30] investigated the problem
of adaptive MTN decentralized tracking control for a class of
large-scale stochastic nonlinear systems. Yan et al. [31] pro-
posed an optimal output-feedback tracking control approach
for SISO stochastic nonlinear systems. However, to the best
of the authors’ knowledge, fewer efforts have been devoted
to the MTN-approximation-based adaptive output-feedback
tacking control for nonlinear systems [32], [33]. Therefore,
the construction of adaptive MTN tracking control algorithm
for nonlinear systems is still an interesting and challenging
subject, which has some inspiration for our research.

For the above-mentioned observations, this paper tries to
study the adaptive output-feedback tracking control design
problem for a class of nonlinear systems with unmeasur-
able states, and proposes an output-feedback control scheme
based on adaptive MTN. Firstly, using the method by ref-
erences [34], [35], a nonlinear state observer is designed to
estimate the unmeasurable states. Secondly, the backstepping
technique and MTN are combined to construct an adap-
tive output-feedback control scheme. Meanwhile, in order to
avoid the “differential explosion” problem inherited from
the backstepping design, DSC technique is introduced in
the process of controller design. Thirdly, the stability of the
closed-loop control system, the boundedness of the tracking
error and control signals are ensured by Lyapunov stability
theory. Finally, simulation results are presented to demon-
strate the effectiveness of the design approach. The contri-
butions of this paper are highlighted as follows:

(i) A novel adaptive output feedback control method based
on MTN is proposed for a class of nonlinear systems with
unmeasurable states. The proposed method can obtain accu-
rate tracking results with low computational cost, and has
good real-time performance and convergence.

(ii)) The computational complexity of the designed
MTN-based controller is greatly minimizes through the
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following two aspects: a) Because of the simple structure of
MTN, the controller based on MTN has the advantages of
simple structure and fast calculation speed. b) At every step of
backstepping, combining MTN method with DSC technique,
the calculating amount is reduced as well as the problem of
the nonlinear is effectively handled.

Throughout this paper, the following notations are used.
R indicates the set of all real numbers, R” denotes the real
n dimensional space. In formula OTPmn(s), n denotes the
input number of MTN, m represents the highest power of the
polynomials in the middle layer of MTN, 87 is the weight
vector of MTN.

Il. SYSTEM DESCRIPTIONS AND PRELIMINARY
A. PROBLEM DESCRIPTION
Consider the following nonlinear system with external
disturbances:
X = xip1 + fi (%) + di (1)
i=1,---,n—1
Jn = u+fu ) +dy (1)
y=x1

ey

where x = [x, - -+, x,]T € R" is the system state, u € R is
the control input, y € R is the system output. d; (¢) is bounded
interference, X; = [x, - - - ,xi]T eRii=1,2,--- ,nf():
R/ — R is known smooth function with f; (0) = 0.

The objective of this paper is to design an adaptive con-
troller ensuring that y tracks y4, where y; is a given continu-
ous reference signal.

Rewriting the nonlinear system (1) into the following form

x =Ax + F(x) + Bu + D(t)
(2)
y=Cx
where
010---0 _
001---0 fix) 0
fa(x2) 0
A=l Fo=T0 | B=] L,
000---1 '_ :
000..-0 Sa(Xn) 1

D(t) = [d(1), -+ ,du(®)]T and C =[1,0,---,0]T.

The study of this paper is based on following assumptions.

Assumption 1: The given reference signal y; and its time
derivatives up to the n-th order are continuous and bounded.

Assumption 2: Foreachi =1, ..., n, d; satisfies |d;| < c_ii,
where di is an unknown constant.

Assumption 3: [34], [35] There exist a matrix H and a
function A(x), such that F(x) = Hh(x), and h(x) satisfies:

oh(x) oh(x)
ox +( ox

where h(x) and F (x) are vector-valued function with
F(©0)=0.

Remark 1: It should be noted that there are some physical
systems satisfy Assumption 3, such as single link flexible

T
> >0, VxeR" 3)
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joint robot systems [36] and omnidirectional intelligent nav-
igation systems [37].

Assumption 4: [34], [35] Matrices A, C and H defined
in (2) and (3) satisfy the following linear matrix inequality
(LMIs):

A+LO)TOI+QIA+LO)+0r Q1H + (L + KO _
HQny + (I + KC) 0 -

wherte 0 >0,00=01>0,K=[k,--
_[llv 7I]T'

, k1T, and

B. MULTI-DIMENSIONAL TAYLOR NETWORK
Figure 1 shows the structure of MTN with n inputs and
the highest power of the polynomials in the middle layer

is m, where sy, ---,s, are the input vector of the MTN,
6=1[61.

,0,]T is the weight vector of the MTN.

FIGURE 1. The topological structure of MTN.

In this paper, the unknown nonlinear functions in the sys-
tem will be approximated by the MTN. In particular, suppose
f (s) is defined on a compact set Qs € R", then we have

f(s)=0"Py, (s)

where
_ 2 2 m m1T
P, () = [s1, -+, Sp, ST, 8152, Sp oSt s
1 term 2 term m term
T T T
2[913"'191’!] and N =[S1,"‘,Sn] .

Lemma 1: [29] Assume that ¢ (s) is a continuous function
defined on a compact set €2;. Then, for any given desired level
of accuracy ¢ > 0, there exists a MTN, such that

9 ) =0""Py, (5)+5 ) €
where 0* is the ideal weight vector and defined as

0% .= arg ;nm { sug ‘qﬁ (s) — 0TPm,, (s)‘}
NS

and §(s) denotes the approximation error and satisfies
16 ()] <e.
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Ill. MTN-BASED ADAPTIVE OUTPUT-FEEDBACK
CONTROLLER DESIGN
A. NONLINEAR OBSERVER DESIGN

First of all, the following observer [34], [35] is used to
estimate the unmeasured states

#=AXYL(CR —y)+ FIR +K(CE — V)] +Bu (5

N n ~ 1T .
where x = [xl, e ,xn] is the observer state vector and
matrices K and L satisfy Assumption 4.

Define the observer error as ¥ = x — X, from (2), we have

¥=A+LOI+Fx)—F®)

where v =% + K(Cx — y).
Consider the following Lyapunov function

1. -
=_%'01% 6)
then, the time derivative of Vj is

(Qa+L0)+@A+L0)0)) 3
+X'Q1Hp + 101D

. 1~T
Vo ==
0 2x

where ¢(x, ) = h(x)—h(x — p), and by taking into consider-

ation of Assumption 3, Lemma 1 and formula F (x) = Hh(x).
Similar to the literature [35], we have

y lr . .t

Vo < —5* O)x +x 01D @)

From Assumpt1on 2, there exist constant matrix D =
[di, , d,,]T such that

D<D ®)

Then, by the Young’s inequality, we have

oD < - ||x|| + = HQ DH ©
By (7), (8) and (9), we have
. I 5 1 -2
Vo < —5 lx]= . — 1)+ 5 |o1D| (10)

where A = Ayin(Q1)Amin(Q2).

B. MTN-BASED CONTROLLER DESIGN
According to (1) and (5), we have following entire system

y=X+i+ P1(x1) +d
Xo = X3 — bX1 + ¢a(X2,y)

(11)

)?n =u— X+ ¢n(§7ns y)

where ¢i(®i,y) = FG1 + ki1 —y), -
i=2,--,nand ¢1(x1) = fi(x1).
First of all, a change of coordinates is introduced as follows

A=y (12)
Zi=X—af(@=2,---,n)

i+ ki — ),
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where «; r is the output of the first-order filter with o;_1 as
the input.
Step 1: According to (12), we have

a=xn+X+¢1+d—ya (13)

Consider the following Lyapunov function

1, 11
V1=V0+§z1+50lr‘1 0, (14)

where (;’1 =0, — @1 is the parameter error and I'y = FT >0
is any constant matrix.
The time derivative of V| is

. . N - . ~T 1A
Vi=Vo+zla+i+¢1+di —ya)— 0,70, (15)

By the Young’s inequality, we have

~ 1 2 l ~2
aky = 52+ 5 llx1] (16)
1 2 1 2
Z]dl f EZI + Edl (17)

substituting (16) and (17) into (15) gives
. . ~T 1A 1 . 1 R =
Vi <Vo—0,T7'01 + S IE17 + Jd? +uila +/1) (18)

where fi = ¢1 — Ja + z1.
According to Lemma 1, for any &1 > 0, there exists a MTN
0]TS (z1), such that

fi = 0781+ 01(z1), lo1(z)| < &1 (19)

Based on (18) and (19), taking the virtual control
signal o1 as

AT
a) = —kizi — 6, S1(z1) (20)

where k| > 0 is a design parameter.
Form (19) and (20), and by the Young’s inequality, we have

R . R ~T 1 1
@ +f1) <zl —o)+210,5 — klz% + Ez% + 5812
2D

Substituting (21) into (18) gives
. 1 - 1 -2 ~T_ _ 1A ~T
Vi< -50-2) %1% + 3 |oiD]|” —6,17'81 + 20,8

1 2 8 _ 2 1 2 1 2
=+ zdl +Z](.x2 al) klZ] + EZ] + 581 (22)

In order to avoid the repetitive differential of o1 , a new
variable a3 7 is introduced and let o pass through a first-order
filter whose time constant is 7, and a3 f is

Tadar + oo = oy, o2 £(0) = a1 (0) (23)

where 7o > 0 is time constant.
Define the output error of the filter as

X2 =oaf — o] (24)
Duetozp = X3 — ay f, and by (23) and (24), we have

211G — o) = z1z2 + 21 X2 (25)
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substituting (25) into (22) gives
. 1 ~n2 1 =n2 ~T -1 A
Vi < —5(/\ =2)[lx]” + 3 |Q\D|"+ 6,18 —T'61)
Lo o 1, 1,
+odi —hizi+ Sz + ser Han +ae. (26)
Step 2: A new state variable o3 ¢ is introduced, and o is input
into a first-order low-pass filter with a time constant of 73 to
obtain a new variable a3 as
13037 + o3 = a2, a3 £(0) = a3(0) 27

where 73 > 0 is time constant.
Define the output error of the filter as

X3 =035 —a (28)
The time-derivative of x3 is

. X3 oA
X3 = T + B3(22, %, 02, x3) (29)

where 2o = [z1, 2217, %2 = [x1, x21T, 02 = [61, 621" and

- oy . - dop A
B3(22.%,02, x3) = ——— (2 + X2 + ¢1 (x1)) — —0,
dy 001
day & dan ; day
——0— —x— o f
96> 0x2 do f
Consider the following Lyapunov function
1 1 l-T =
Vo=V + Ezg + EXZZ + 56,7 '9, (30)

where 52 =0,— 92 is the parameter error, and I', = F2T >0
is any constant matrix.
The time-derivative of V; is

. . ~T 1A X2 A ~
Vo=Vi—0,0' 0+ <_r_2+32) +22(3 +/2) (1)

wherefz =¢p — bX| —ayy.

Similar to Step 1, a new MTN 0;52(22) is employed to
approximate the unknown function f>, for any given &2 > 0,
we have

H =035+ o (m), |oa(z)| < &2 (32)

where 7 = [z, zZ]T, and 0,(z) is approximation error.
Taking the virtual control signal o as

AT
ay = —kazp — 0,82(22), (ko > 0) (33)

By (32) and (33), we have

R - R ~T 1 1
23 +H) <223 —a2) + 220,58 — kzzg + Ez% + 58%
(34)
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Due to z3 = X3 — a3 ¢, and by (34),we have

2
. 1 B 1 _
V< =S (=2 IE1 + 5 |oiD|” + izZIZiZiH

2 2 2
+ ZZiXi-‘rl + % Zelz + ZéiT(ZiSi —
—Zklz—i- Zz +x2<——+33)+ ~d}

i=1 i=1

r; 16

(35)

Step i(3 < i < n — 1). A new state variable oy s is
introduced, and «; ¢ is input into a first-order low-pass filter
with a time constant of ;4 to obtain a new variable o1 s as

Tip1 Qi1 + g1 f = @i, 2ip1,£(0) = o;(0) (36)

where 7;41 > 0 1is time constant.
Due to zi41 = Xi+1 — oiy1,f, define the output error of the
first-order low-pass filter as

Xitl = Qi1 f — Q; (37
The time-derivative of x;y1 is

Xi+1

Xiv1 = ——— +Bi1@, X, 0“ Xi+1) (38)
Ti+1
“{\here Zl}\ = [Zlv e 7Zl]T7 Xl = [X15 e 5Xl]Taél =
[917 R} GI]T and
_ . oo B i o A
Biy1(Gi %, 01, Xi) = —— @G + X+ d1(x) — Z 0
dy = 00,
Z 30{, A i 86([ .
- Qjt1,f-
o 0%t
Consider the following Lyapunov function
1 1 1z
Vi=Vii + z+— 24 0F 0; 39)

272 Xi

where é,- =6, — éi is the parameter error, and ['; = Fl.T >0
is any constant matrix.
The time-derivative of V; is

. . ~T 1A A ~ Xi+1
Vi=Vie1=6; T, + 21+ + xi (—TI—JF +Bl+1)

i+1
(40)
Wherefi =¢; — lix; —a;rand [; > 0.
Similar to Step 2, for any given &; > 0, we have
Ji = 07Si(2) + 0i()), |oi(z)| < &; (41)

where z; = [z1, -+, z,-]T, and o;(z;) is approximation error.
Take the virtual control signal «; as

AT
o = —kiz; — 0; Si(z;), (k; > 0) 42)
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By (41) and (42), we have

1, 1
kiz? + 21 + 581
(43)

. . R ~T
ZiXip1 +f1) < 21 — o) + 20, Si —

Due to zi41 = Xit1 — @it1,¢ and (43), we have

o 1, - d d
Vis— =) %17+ |0iD|* + > zizisr + Y zixie

i=1 i=1

i
Xi+1 T 15
+ Z (—i +B,+1> +3 6, (S — 76y
i=1
+1282+1d2—2i:k‘2-2+12i222 (44)
2[—11 21 i—lll 2[—11.

Step n: Consider the following Lyapunov function

1 1
V= Va1 + Ezﬁ + EX" E9,,1“,, '9,, (45)
where 0 n=0, — 0 n 1s the parameter error.
According to (45) with i = n, we have

+Bn+l> +2z,(u +fn)
Tn+1

(46)

wherefn = ¢n — lyX1 — &y and [, > 0.
Similarly, by the Lemma 2.1, for any given &, > 0, we have

Fo = 0FS, + 04(z0), |0u(z0)] < &n 47)

Where Z, = [Zlv R ZVL]Ts
Take controller u as

and o,(z,) is approximation error.

— 0, Su(za), (kn > 0) (48)

U= —Knin

By the Young’s inequality, we have

1,1
~4 el (49)

- ~T
U+ f) < Znansn - knzﬁ + 3 %n )

Substituting (49) into (46) gives

) 1 ) 1 ~ n—1
Vo < =5 (=2 IEIP + 5 |0iD|* + gzim]

n—1 n n
1 ~T A
+ ZZiXi+1 DI ACHE VB
i i=1 =1
Xi+1 “ 1 & 1
; z (——'+ +Bl+1>—2kiz,-2+§ LR
i=1 i=1

(50)
By the Young’s inequality, we have

n
Zzzzm < Z( Z+ Z,H) <Y 7 (51)
11:1 n ) 1 n—1 5
ZZ1X1+1 = Z( -4+ X,+1) = EZZ" +§in
i=1 i=1

(52)
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n—1 Xis1 n— IX
Z i+ z : A+l
A A +B < —
X < Tit lH) -

r i i1 Ti+1
n—1
+5 Z§z+1)‘z+1xz+1
1”1 1
+= Z (53)
i=1 %-H-l

where §;, Ai(i = 1,--- ,n — 1) is any constant greater than
zero. Substituting (51), (52) and (53) into (50), we have

(ki —4)Zz
G R 1
2 2
- <_5 + T 2§l+1)\'l+1)xi + 5 Zgi
i=1 i=1

n—1

1252 +20 (ziS; —

i+1 i=1

. 1
Vo < —20.—2) %1% + = ||Q1DH

iy, 1
r;'e)+ Edf. (54)

In summary, the design procedure of the MTN-based con-
troller is shown in Figure 2.

Observer

£=x,, + f(%)+d,(¢) Y=%+x+¢(x)+d,
i=10,n-1 Sy Sy = L +¢,(5, )
8=+ 1, (%) +d, (1)
y=x

£ =u—1,5+4,%,,)

6,=2T.8, (z)-nr4
a =—kz 70‘\TS|(Zx)

é:zl"S (z)—l]l"é

=z, —6,"S,(z,)

Filter 1

Rl

@y

=l

§=2T5,(z)-nT8,
a, =—kz 0 S,(z,)
Filter n-1

a, 6,=z1,8, z)-nT,6,

S u=-kz,-6,'S,@z,)

FIGURE 2. Block diagram of control system.

C. STABILITY ANALYSIS

Theorem 1: Considering the nonlinear system (1), if design
the observer in the form of (5), design the control law u
in the form of (48), the intermediate virtual control signals
aj(i=1,---,n—1)described as (42), and the adaptive laws

Bii=1,---,n—1)defined as
0 = 2T, (zi) — niT0; (55)

VOLUME 8, 2020

where constants k; > 0 and n; > 0 are designed parameters,
and constants matrices I'; = FiT > (. Then, under bounded
initial conditions, all the signals in the closed-loop system
are bounded, and the tracking error converges to a small
neighborhood of the origin.

Proof: For the stability analysis of the closed-loop system,
we choose the following Lyapunov equation:

1~T ~ 1 - 2 1 " 2 l n ~T 1z
szx Q1x+§XI:Zl+§Xl:Xl+§2]:0lFZ 0,’
= = 1=
(56)
By (54) and (56), we have

o PR B -
V= —50=2 P + 5 D] - —H

/1 1 1 1 &

2 42 2 2
Z( 2y 2‘5”"\”‘))(" 32
i i=1

i—1 Ti+1
lnfl 1 n T 1 5
+§. 52_+Zm0ioi+§dl' (57)
i=1 °i+l i=1
By the Lemma 1, we have
~T A T 1% D
nif; i < 70, T 10 + = 10:11° (58)

where 77; = ni/Z)\max(Fi_l)~
Substituting (58) into (57) gives

. 1 3 Ly 7 -
V<-—s0-2) %1% + 3 |0D|* = =4 )2
i=1
n—1 “
o1 !
E <—§ — - 5&11/\?“))(3 + 2 2812
i=1

i=1
=T 17
(771‘0[ Fl' 101')

1
Z 0112 _4?
g2 (1600 + 542 (59)

n—1

+
| =

i=1 ll i=1

=

—_—

. A—2
a; = mm{—,Z(ki—4),
)\max(Qi)

1 1 1 _
2 _§+r,~_+1 251+1/\l+1 i

ap :min{al,-~- 7an}

1 -2 1 "
o= lonf 33
=
N S LY (o) + Lt
2 i=1 %—2-4- i=1 2
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then inequality (59) can be rewritten in the following form
V < —agV + by (60)

Using the similar arguments in [32], it is easy concluded
that the conclusions of Theorem 1 is valid.
Remark 2: The inequality (60) implies that

b

V)<V (©0)e ™+ =2, V>0 (61)
ao

According to (61), we know that V (¢), X;, z, é,H are
bounded. Thus, to guarantee that the tracking error converges
to a small residual set around the origin in the sense of
mean quartic value, we can properly adjust the parameters
ap and by.

Remark 3: Recalling (56) and (61), we have

n
- b
6,116 <2V () e 4220 (62)
ao

i=1

Thus, for given @ > 2bg / agp, there exists a time 7', for all
t > T, such that

n
N6 <o 63)
i=1

which means that H 0; H converge to zero by properly adjusting
the parameters, such as k;, 7;, &, n;.

Remark 4: Theoretically speaking, based on Theorem 1,
choosing appropriately the design parameters, such as k;,
n; and I';, can make the tracking error arbitrarily small.
In practical application, however, these parameters should be
selected appropriately to meet specific requirements.

IV. SIMULATION RESEARCH
In this section, we will demonstrate the effectiveness of the
proposed adaptive MTN control method through two simula-
tion examples.

Example 1: Consider the following nonlinear system

X1 =x —x13 + 0.1sint
X2 = u+x — x5 +0.2cost (64)
y=xi

with the initial states x; (0) = 0 and x; (0) = 0.
According to (2) and (62), we have

01 x3 0.1sin? 1
A= [OOi|’F_ [xf—xg]D_ |:0.2cost:|’c_ [0]

x? -1 0 .
Leth(x)=|:x15:|,H=|: | i|,thenF=Hh(x),and1t

’ 1151
. T T
; 1],1(_[ 0.5, 1]

is easy to verify that, when Q1 = |:
and L = [—1, —Z]T, Assumptions 3-4 hold.
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Design the following state observer
A ~ ~ ~ ~ 3
X1 = X — (x1 —xl) - (x1 —0.5 (X1 —xl))
X N A A 3
X2 =u— 2(x1 —x1) + (x1 - 0.5 (x] —xl))
N N 5
= (2 + (&1 —x1))

According to Theorem 1, the virtual control laws,
the actual control law and the adaptive control laws are
designed as

AT
a; = —kizg — 0, 51(z1)
AT
u= —kyzo —0,52(z2)
0; = ziliSm,(zn) — nilil;, =12

wherezj = x1 —ya4, 2 =% — a2y, 21 =21, %2 = [21, 2]

In the simulation, the parameters are chosen as follows:
ki =15,kp = 10,91 = 0.5, = 1.5, 'y =204, ', = 51y,
7o = 0.005. The reference signal y; = sin¢. The simulation
results are shown in Figures 3-8.

I I . . .
0 5 10 15 20 25 30
time (sec)

FIGURE 3. The system output and the reference signal of example 1.

Control input u

. . . . .
0 5 10 15 20 25 30
time (sec)

FIGURE 4. The control input of example 1.

The simulation results indicate that a good tracking con-
trol performance has been achieved. Figure 5 indicates the
tracking error converges to a small neighbourhood around the
origin. Figures 6-7 show that all signals of the closed-loop
system, such as state xj, x; and their estimation xj, X are
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0.12 T T T T T 0.1
0.1
0.051 1
0 n n
0 5 10 15 20 25 30
time (sec)
0.4
0.3
0.2 4
0.1 1
. . . . . 0 W
0.080 5 10 15 20 25 30 0 5 10 15 20 25 30
time (sec) time (sec)
FIGURE 5. The tracking error y — y4 of example 1. FIGURE 8. The adaptive parameters (6, | and ||02 " of example 1.
2 T T
1 T T Reference signal Yq
——  Estimate of state x,
08l H 1.5 ——  Tracking signal y
State x,
06l 4 1t ]
0.4 1 B {
0.5 1
0.2 4
of 1
ol 1
02} 1 0.5F 1
04} 1 Al |
-0.6 1
1.5 1
-0.8 1
2 . . . . .
Kl f L L L L 0 5 10 15 20 25 30
0 5 10 15 20 25 30 time (sec)

time (sec)

o FIGURE 9. i .
FIGURE 6. State x; and its estimation %, of example 1. GURE 9. The system output and reference signal of example 2

15

1.5 T
——  Estimate of state Xy ;
State x, ° ]
5 i
i o ]
i s i
10 ‘ ‘ ‘ ‘ ‘
5 10 15 20 25 30
15 L L L L L time (sec)
) 5 10 15 20 25 30
fime (sec) FIGURE 10. The control input of example 2.
FIGURE 7. State x, and its estimation x, of example 1. s

and Héz H are bounded. The presented simulation results ver-

ify the effectiveness of the proposed control approach.
Example 2: On a similar method to [39], [40], a type of
closed, continuously stirred tank, chemical reactor with one
mode of feed stream and disturbances can be described as
follows:
X1 =xp +0.5x; +0.1sin¢
X =u+0.1cost (65) 01l ‘

. .

5 10 15 20 25 30
— time (sec

y=2x (se)

. . . FIGURE 11. The tracki —yq of le 2.
Using the same process of Example 1, design the following @ fracking errory —yq of example

state observer

A

X =% — (& —x1)+05& + (21 —x1)) The simulation results are shown in Figures 9-14. The sim-

. N ulation results further verify the effectiveness of the control
B =u— (4 —x) method proposed in this paper.
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State x,

——  Estimate of x, r

. .
0 5 10 15 20 25 30
time (sec)

FIGURE 12. State x; and its estimation x; of example 2.

State x,
1.5 ——  Estimate of Xy 1]
1
05 A
ol
-0.5r
Al
1.5 S
2 . . . . .
0 5 10 15 20 25 30

time (sec)

FIGURE 13. State x, and its estimation x, of example 2.

0.1

— 16l

0 . . - . J—
0 5 10 15 20 25 30
time (sec)

. . I
0 5 10 15 20 25 30
time (sec)

FIGURE 14. The adaptive parameters |

6, " and ||62 || of example 2.

V. CONCLUSION

In this paper, the problem of adaptive output-feedback track-
ing control has been investigated for a class of nonlinear sys-
tems with unmeasurable states based on multi-dimensional
Taylor network approach. A nonlinear observer is designed to
estimate the unmeasurable states of the system. By combining
backstepping approach and dynamic surface control tech-
nique, a novel MTN-based adaptive output-feedback control
scheme has been proposed. The designed MTN-based con-
troller in this paper has the advantages of simple structure
and fast computation speed, and the proposed approach can
overcome the problem of “explosion of complexity”. The
simulation results show that the proposed control scheme can
keep all signals of the closed-loop system bounded and the
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tracking error converges to any small neighborhood around
the origin.

Our future work will be directed at further extending the
proposed methodology to switching nonlinear systems and
MIMO nonlinear systems.
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