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Abstract

In this article, an adaptive neural network (NN) control problem is studied for nonstrict-feedback multi-input multi-output
(MIMO) nonlinear systems with unmeasurable states and unknown hysteresis. Firstly, to estimate the unmeasurable states,
a NN state observer is constructed. Additionally, the unknown nonlinear terms are online approximated by using radial
basis function-neural networks (RBF-NNs). And then, the complexity problem is addressed by using the dynamic surface
control (DSC), which is easy to overcome the problem of repeated differentiations for virtual control signals. Furthermore,
a nonlinear gain feedback function is introduced into the backstepping design procedure to improve the dynamic per-
formance of the closed-loop system. Meanwhile, to satisfy the practical engineering application, a prescribed performance
control (PPC) technique is implemented to guarantee the tracking error can converge to a preassigned area. By using the
proposed control scheme, all closed-loop signals are semi-global uniformly ultimately bounded (SGUUB). At last, the
preponderance and usefulness of the proposed controller are indicated by simulation results.

Keywords Neural network - Nonstrict-feedback structure - State observer - Adaptive control - Prescribed performance

1 Introduction

In recent years, the control problem for nonlinear systems
has received much research attention in the past few years,
and numerous control strategies have been developed, such
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as adaptive control [1]; sliding-mode control [2]; robust
control [3]; etc. Since the backstepping control strategy is
proposed [4], it has become a preeminent tool for stability
analysis and control design of uncertain nonlinear systems.
It is worth noting that the backstepping control strategy
was first proposed to solve the problem of nonlinear sys-
tems subject to unmatched conditions, where the system
nonlinearities are assumed to be known in advance. At the
same time, the development of intelligent control theory,
such as fuzzy logic systems (FLSs) and neural networks
(NNs), becomes a useful tool to deal with the problem of
control containing unknown nonlinear functions. There-
fore, lots of adaptive backstepping-based NNs (and fuzzy)
control strategies are developed for uncertain nonlinear
systems [5-8]. Zuo [5] studied an adaptive backstepping
control method for nonlinear multiagent systems by using
the approximation ability of FLSs. Xu et al. [6] presented a
fuzzy adaptive controller for SISO strict-feedback nonlin-
ear systems with actuator quantization and mismatched
external disturbances. Soon afterwards, the results in [6]
were extended to solve the control problem of MIMO
nonlinear systems in [7]. However, the complexity of
computational, caused by repeated differentiation for
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virtual control laws, is unavoidable, which deteriorates
obviously with the enlargement of the order for the back-
stepping-based nonlinear systems. Therefore, an advanced
method called dynamic surface control (DSC) was reported
to avoid such an issue by passing the intermediate control
signals through the first-order filter, and in this way, the
differentiations of intermediate control signals are not
required in the process of the backstepping framework.
Meanwhile, it should be noticed that the DSC technique
relaxes the demands of the reference trajectories and the
smoothness of nonlinear functions. Motivated by the DSC
approach, on the basis of theoretical investigations and
practical implementations, some original DSC-based
results have been developed in [9-11].

Not all system states for actual engineering systems are
easily quantifiable. Even if these states can be measured,
more sensors are still needed, which raises the complexity
of the control system. Therefore, it is necessary to explore
deeply adaptive control strategies for nonlinear systems
subject to unmeasurable states. In order to save the cost of
control system, a series of observer-based adaptive output-
feedback control methods have been published [12-20].
For example, the issue of adaptive output-feedback neural
control for nonlinear systems in strict-feedback structure
subject to input dead-zone constraints has been considered
by [13]. By developing an extend state observer, a novel
backstepping-based adaptive prescribed control approach
has been proposed for the hydraulic systems under full-
state constraints [14]. Zhang et al. [15] explained an
adaptive formation containment control algorithm for lin-
ear multiagent systems with unmeasurable states and
bounded unknown input. To estimate the unmeasured
states in uncertain singular systems with unknown time-
varying delay and nonlinear input, Tang et al. [16] pro-
posed a simplified observer to give an adaptive sliding
mode control method. A fuzzy observer-based adaptive
control problem has been reported in [17] for nonstrict
feedback systems under function constraints. Li et al. [18]
investigated a learning-observer neural adaptive tracking
problem of multiagent systems with quantized input. Wu et
al. [19] focused on an adaptive quantized tracking control
problem for nonlinear systems in nonstrict-feedback
structure with sensor fault. In addition, based on a neural
state observer and the command filter backstepping
method, an adaptive control issue of pneumatic active
suspension subject to sensor fault and vertical constraint
has been studied in [20].

On the other hand, reducing tracking error for tracking
control is a long-lasting yet challenging problem [21]. For
the purpose of restricting system output within desired
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boundaries, Bechlioulis and Rovithakis originally proposed
the prescribed control (PPC) technique in [22], which is a
powerful tool to satisfy the high accuracy control require-
ments for different control systems. The work in [23] has
studied an adaptive control problem for constrained non-
linear systems by using the barrier Lyapunov function
method. Wang et al. [24] developed a finite-time adaptive
PPC strategy for strict-feedback nonlinear systems with
dynamic disturbances, actuator faults and time-varying
parameters. By utilizing FLSs and PPC, an adaptive pre-
scribe control strategy has been designed for nonlinear
multiagent systems in [25]. Considering quantized input
and tracking accuracy, a self-scrambling gain feedback
controller has been proposed for MIMO nonlinear systems
[26]. In [27], an adaptive control technique is developed for
SISO nonlinear systems with hysteresis input, which
guarantees the tracking error converges to the preassigned
area by using PPC. The authors in [28] proposed a rein-
forcement learning-based control algorithm for an
unmanned surface vehicle with prescribed performance.

Motivated by the above observations, this paper con-
tinues to focus on an adaptive PPC for a class of MIMO
nonlinear systems with hysteresis input and unmeasurable
states. Compared with the existing related results, the main
advantages of this article are as follows.

(1) It is a nontrivial work to investigate the adaptive
control algorithm for MIMO nonstrict-feedback
nonlinear systems with unmeasurable states and
unknown hysteresis by using nonlinear error feed-
back. Moreover, compared with the MIMO strict (or
pure)-feedback nonlinear systems [29, 30] and SISO
nonlinear systems [31], the developed control
approach in this paper can be used in more general
situations.

(2) Different from the case considered in [32-34], this
article further studies the hysteresis input and the
unmeasurable states that exist in actual engineering
systems. Besides, the unmeasurable states of the
system can be obtained by designing a NN state
observer and the effect of the unknown hysteresis
can be removed by constructing an adaptive update
function.

(3) In comparison to the traditional linear feedback
control methods in [35-37], this study utilizes a
novel nonlinear gain function in the backstepping
design, which improves the dynamic performance of
closed-loop system and also facilitates the closed-
loop system stability analysis using its properties.
Meanwhile, the computational explosion is
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addressed by applying DSC and the prescribed
tracking error can be guaranteed.

2 Problem formulation and preliminaries
2.1 Plant description

The plant can be considered as the following nonstrict-
feedback form
Xnj (1) = X1 (£) + finj (Xim) + dnj (1),
n=12...N,j=1,...,n,—1
Koy (8) = th (Vi) + oy (X) + d,, (1),
Ym(8) = Xm1 (1),

where n,,m e Ny, n, >1, m>1, X =

(1)

T, xT, .. .,xL]T
with X, = [Xp.1, X2, - - .,xm,nm] is the state variable, y,, €
R indicates the system output, f,,;(-) denotes the unknown
smooth nonlinear function, d,, J(t) is the continuous time-

varying disturbance, which is subject to d,,;(t) <d;, ; with

d* being an unknown constant. u,,(v,) represents the
system input and the output of the backlash-like hysteresis
with v,, € R is the input of the backlash-like hysteresis.

Remark 1 1t should be noticed that the nonlinear system
(2) can be employed to represent many practical systems,
such as unmanned surface vehicles [28], and connected
inverted pendulums systems [10]. Thus, it is necessary to
investigate the adaptive control problem for such MIMO
nonlinear systems.

From [38], the hysteresis input v,, and the system input
U (V) can be expressed as

du dv dv
d_[m — m| d—;n |(Cme - um) + Dm d;n 5 (2)
where ¢,,, ¢,,, and D,, denote the unknown parameters and

0 >0, ¢y > Dy
Furthermore, the solution of (2) can be solved as

um(vm) - Cmvm(t) + hm(vm)a

o (Vi) = [t — cmvm,o]e—@m(vm—vm(o))sgn(zm}

(3)
Vm
+ efgmvagn(‘im) / [Dm _ Cm]eig"’KmSgn(\_/"Jde,

Vin,0
where v, 0 and u,, o are the initial conditions of v,, and uy,,
respectively.  h,(v,,) is bounded, which satisfies
|F (vin)| < %, and A, is the unknown bound.

From (3), it is easy to rewrite system (1) as the following
matrix form

My

xrn(t) meVI( ) + Liyym + ZB 1fm,1
(4
+ dm + Bm,nmvmz )
ym(t) :Gmxm(t)v
where
gy 1 - 0
A= : : .o
~bypy-1 O oe 1
_lm,nm 0 My X Ny

Loy = (1o oy by ]y s Bung = [0, 1, 0] 1, di
(A1 (1), - - s Amn—1(2) s A, (1) + Piom Vm)];zrmxl’
Gn=11,...,0]

Some assumptions are made throughout this paper.

Ixny,®

Assumption 1 For Viy,1,, there exists a positive constant
k. such that the nonlinear function f,,;(-) satisfies the
following inequality

Vi (1) = fnj(@2)| < komjltn — 1. (5)

Assumption 2 The reference tracking signal y,4(¢),
Yma(t) and ¥, ,(¢) are bounded and continuous.

Lemma 1 [39] ForV({y,4,) € R, the following inequality
can be obtained

64, < < — \51 P + |€2|q
where 7 > 0 and 1/p+1/q: 1 with g > 1 and p > 1.
2.2 Neural network

Due to the universal approximation property of RBF-NNis,
it can be utilized to approximate the unknown nonlineari-
ties [33]. As a consequence, for a continuous function
F,,(p) over a compact set Q, C R, the NNs W*T¢(p) can
approximate it to a desired accuracy &" > 0, which is
expressed as

Fu(p) = Wo(p) + &(p), [E(p)| < &

where W* denotes the ideal constant weight vector and it is
defined as
W* = argminyepi[sup,eq, |[Fan(9) — WHo(p)l], p € Qg is

the input vector, W = [W,,...,W;]" € R’ represents the
ideal weight vector with the number of neural nodes i > 1,

and ¢(p) = [@,(),. .., ¢;(p)]" denotes the basis function
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vector with ¢, () being chosen as the Gaussian function,
which has the following form

I o—
Pq(p) = CXP[T

where p = [ g b b ] and ¢, represent the center
of the receptlve field and the width of Gaussian function,
respectively. Furthermore, it is worth noting that the
Gaussian function satisfies ¢, ;(-)@,,;(-) <, with a posi-
tive constant {,,,.

3 Neural network observer

Due to the fact that only the system output is directly
obtained, it is necessary to design an observer to estimate
the unmeasurable state x,,;, i =1,...,m,j=2,...,n,

By utilizing the RBF-NNs, the following approximation
result can be obtained

IngKIWon) = Wit 05X, (6)

And

where X and W, j are the estimations of X and W, ..

*
W, 1s expressed as

Wiy = arg min [ sup1f,, (X1Wis) oy (O]

i €<m,

IS XUy,
where Q,,; and U,,; represent compact regions of W, ;, X
and X.

Similar to [17], we can design the following NN state
observer

)ém(t) :Amfm(t) + LuYm + B, CnVin
+ Z Bm.jfm,j(Y|Wm.j)7 (7)
j=1
)?m(t) :Gm)em(t)»

where ¢, is estimated by ¢,,.

The coefficient vector L,, is selected, such that A,, is
Hurwitz. And then, for a given Q, with Q,, = Q,Tn >0,
there exists a positive definite matrix P > 0 satisfying
ATP,, + PpAy = — Q.

The observation error is defined as

Xon = X — X (8)
satisfies

N
xm mxm + Z Bm] ,QDm‘/ )

+ Binn, Vi + & + dm + AFp,

@ Springer

where WmJ:W,’;J—WmJ, Em = [Emts o Emm,) >
AF = [y D]y Ding = fin(X) = fnj(X) and
C=Cp— Cn.

Consider the Lyapunov candidate as
Vino = Zp, P (10)

Taking the time derivative of V,, ¢ yields

N
Vm’() = — )E:;mem + Zf;Pm Z Bm,/‘Wm.j(pm.j(X) (1 1)
=1

+ Z)ErTnPM(ém + AFm + dm + Bm,n”fvm).

From Lemma 1, Assumption 2 and ¢ J()f)qom J()f) <
one gets

N

2P, Z B, W, Jq)mJ(X)
(12)
< Cm”PmH Z m.j Nmal + ||Xm||

250, Pin(En 4 d + OF,)
200 % (12 112 N ) 2 (13)
<PullPAE I + I l®) + (D ko + 3 ) 1l
=

where 5; = [ém | R gjn n,”} > [dfn 1y -7d:17n,”]T'
Substituting (12) and (13) 1nt0 (11), it produces

Vo < — £2080 + (|IPu? Z%H )l

M

By GV + CmHPmII2 Z WLWM (14)
Jj=1

S - Qm,OH-meZ + 2-fTPmBm nmgmvm

m
i

+ GullPull® S W Woj + M,
j=1
where qo = /min(Q) —
2 g% (|2 2
Mo = [|Pul Plldy, I* + 1Pl 1711

— 1Pull” 225 K

4 Main results

In this section, the design procedure of backstepping con-
troller will be presented, which contains the developed
control strategy in four parts: the prescribed performance
function and the nonlinear gain function with their prop-
erties are given, and the nonlinear gain-based adaptive NN
controller is proposed by using the backstepping technique.
And then, the design is augmented with a first-order filter
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and an adaptive function to solve the complexity explosion
and the hysteresis input.

4.1 Prescribed performance

Define the following smooth monotone decreasing function

+ﬂoo,m.1a (15)

—am,t

:um‘l(t) = (/’LO,m,l - :uoo,m,l)e

where L, is the initial condition of 1, (f), fiy . is the
ultimate value of u,, (¢) and a,, is a positive constant.
Furthermore, it is simple to obtain that
1imy o0 1 (1) — foom1- The prescribed steady-state and
transient bounds can be defined by utilizing the following
constraint conditions

by (1) << (1), €n(0) 20 (16)

or

— 1 (1) <€ <Amily (1), if e, (0)<0 (17)

where 0</,,1 <1 and e,,(f) means the tacking error.
Furthermore, the error transformation function is selec-
ted as
€m

Fm,l(t) = )
w1 (1) (18)
¢m71(t) = l(z)m:l(t) + (1 - l’)ém’l(t)v

where 1 = 1, if ¢; > 0 and 0 otherwise. ¢, (¢) and ¢, (1)
en(0)20. @1 (1) = iy (1),
Qm,l (t) = _)”m,l:um,l(t)’ or else ¢m,l(t) = /lm.,l:um,l(t)

0 \(1) =~ (1),
Lemma 2 [40] The introduced F,; satisfies 0<F,,;(t) <1

is true if only if foyi» oo mj» Gmj and Ay satisfying (16)
and (17).

<

are chosen as: if

s

4.2 Nonlinear gain function

Design a smooth nonlinear gain function, which can be
described as

Ll <v
I'(s) =
[log,(1 —Ino-v+1Ino- 1)+ v]sign(z), |t| > v
(19)

where v > 0 and 0 > 1. v means the joint point between the
linear and nonlinear gain term in (19). If the variable 7 is
small (|z]<v), T'(z) utilizes the linear part to realize the
stable regulation. If the variable : is large (|| > v), T'(2)
takes nonlinear gain part to reject aggressive input.
Moreover, o represents the damped coefficient. It is note-
worthy that the slope can be changed by tuning o.

The properties of the nonlinear gain function (19) can be
listed as follows

Property 1 The nonlinear gain function I'(z) is continu-
ously differentiable monotonically increasing and its
derivative along with 1 satisfies

{ L <v
La(1) = (20)

[(1—Ino-v+1Ino-|e)"], 1| <v

Property 2 Let I'y(1) =T4(1) -1+ 1I(z), then I'f(z) is a
monotone increasing function. Furthermore, T7(z) -
1>T() - 1 can be guaranteed.

Property 3 Define I';(1) = F’T(l) it is known that T',(z) > 0
is true for any 1 # 0. Let I’} as
r
a() 140
Ly =9q ¢ (1)
2,1=0

As a result, if 1#£0, Tp(1)/T; (1) =1, and if 1=0,
I0)/T5 () = L) /2 =

To demonstrate the properties and the advantages of
nonlinear function I'f(z), the difference between linear
feedback and nonlinear feedback has been given in Fig. 1.
It is shown that when the error variable z is small, I'7(z)
gives a big control gain, which ensures the closed-loop
system has a faster transient response; when the error
variable 1 is large, I';(z) gives a small control gain and the
nonlinear system can avoid the neglected effects of system
disturbances. Nevertheless, the linear feedback only gives a
linear control gain, which will generate the closed-loop
system does not have a good dynamic performance.

3 T T T T T —
ke
Re
R
e
2 F -
Linear feedback -~
Large input \/./‘/
1k small absolute :
output
BN b e —— | /70 Large input
;i or \ ) : small absolute 1
Nonlinear feedback Z | output
TE—>l———— >}
-1F - ]
® Small input
e large absolute
ot jEd output
./‘/
3 z L 1 1 1 1
-3 2 1 0 1 2 3

Fig. 1 Trajectories of linear feedback and nonlinear gain feedback
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Remark 2 By using the characteristic of small tracking
error versus large control gain and large tracking error
versus small control gain, the controller proposed in this
article is more suitable for actual engineering applications.
However, although nonlinear gain feedback has better
dynamic performance than linear feedback, nonlinear gain
feedback will produce composite functions, which will
further create difficulties in the stability analysis compared
with the stability analysis using general quadratic Lya-
punov function.

Remark 3 If traditional Lyapunov function in quadratic
form is utilized, the system stability can not be obtained.
Thus, by employing the Property 1 and Property 2, a new
Lyapunov function is proposed in the backstepping design
procedure, in which I'(z): is contained in the designed
Lyapunov function. In addition, it should be noticed that
I'(1): derivatives with respect to time ¢ yields its derivative
I¢(2)i. It will further facilitate the stability analysis.

4.3 Controller design

Define the change of coordinates as follows

€]
€m =Xm1 — Ymd> Fm71 = s
m,1
le
Sm,1 = = ) st = -xm.j - ’ymj7 (22)
1 — Fm,l !
ng - VmJ - OCWLJ—]a

where a,,j_; represents the virtual controller, 7y, J is the
filter signal and ¢,,; means the output error surface with
J=2,.

Step m, 1: According to (22), it yields

X1 = Yma — Fm1@m

Sm,1 =

(1= Fn1)’ b
= (1_’:”111)2% (X2 + fin1 (Xm)
— Yma + Am1 — Fm,1<l'5m,1)
| (23)
= m (Sm2 + Cma + %
+ Wit @ () + Wil @1 ()
- ;flq’m,l(fm,l) +W 1(Pm1(xm1)
+Xm2 = Yma + Emy + dm1 — Fm,l¢mj)'
Consider a Lyapunov function as
Vit = Vo + T(Sm1)Sm1 +25;1WT Wi, (24)

@ Springer

where J,,; > 0 is the designed parameter.
The derivative of V,,; along with (24) yields

Vit = Vo + T(Sm1)Sm1 — . W,LW
; Ty (Sm1)
=Vuo+——"5—(Sm2 + Cm,2
(1 - Fln.1)2¢1111
+ OCm 1 + Wn—[;,lqo(-fm.l) + W qum 1 (xm) (25)
+ W 1Pm, 1 (1) — W;fl(pm,l(fml)
_)}m,d +~fm,2 + 5m,l + dm,l - Fm,lémﬁl)
1 ~ .
- WL W,
5m,1 m1 !
Based on Lemma 1, one gets
Tr(Sm1) -
——— (X2 + &t +dm)
(1 - FmJ)zd)m.l "
3% (sp1) 5
<o) L] ma|+fM||+fH|u
2(1 - Fmﬁl) (rbml
(26)
T (S 7 (sm1) 1
f( ) m2 < ! T3 +§;31‘2’ (27)
(1= Fu1)* b 2(1 = Fou1) ¢4
rf(sm 1)
—_— (Wm q)m 1( ) W* (pm 1 (xm 1))
(1 - FmJ)zd)m.l ! ! ( )
28
o) 2y g
_2(1_Fm‘1)4 m,1 !

where 7 > 0 is a constant.
Select the intermediate controller o, ;, and adaptive

updating law WmJ as

(1 - Fm71)2¢m. Sm,1
Om,1 = — €ml (Ff(sm,l)d)m?l + o -

I T Iﬁf(sm 1)
+ Fm,1¢m1 - (2+_)—
, 2 (1 - Fm‘l)4¢fn,1
- rE,lq)()em,l) +ym,da
(29)
Tr(Sm1) @1 (Kim,
L= O £ (Sm1) @t (1) oo W, (30)

(1 - Fm.l)z(wbm.l

where m,;, 1, €1 and g, 0 are positive design parameters.
Invoking (29), (30), we can deduce



Neural Computing and Applications (2023) 35:23265-23281 23271
. Dng Vinz =Vima + T(sma)s
~ 112 2 m,2 m,1 m,2)9m,2
Vint < = @ [ X" + Gl P Z WLWm,/’ ] ] (34)
- +5 g%n2+ mZvaz?
2 2 20,
r (sm.l) S
— e (L 4 2T (5) . .
" (1—F, 1)2 M1 S (31) where 9,,, > 0 is the designed parameters.
] ' r By Lemma 2, (33) and (34), the time differentiation of
+ M1 + ngn‘z + % V2 can deduced as
— m,l 'm,1 ; f . .
. i Vm,2 - Vm,l + Ff (Sml)sm,Z + Qm,ng,Z
+ —ml W,E 1Wn 1y 1 - .
Om,1 W W2
5m,2 ’
where dm,1 = qmo — %,

|2 w12 20 s 112
My = My + 316,17 + 3115 |1* + 22| W, |
The following filter is constructed

wm‘Z’);m,Z + Tm2 = %m,1, ym,Z(O) = Um,1 (0) (32)
According to (32), it is easy to know j,,, = — 22 ~, which
implies

vm 2 — ym 2 OCm 1= bm’zz + Ym~,2( )
where

_¢ 2 s
d(Cm‘l (Ff(sm‘]) + M)

Yna) = =g
d((17§/11.1)4¢:2n,1) _ d(ém,ld)mJ )
dr dr

+w, 1Pt (X 1) + W, 1Pt KXm1) = Yma
is continuous function with a maximum value.

Remark 4 The first-order filter is proposed in (32) to
address the repetitive derivation problem of the virtual
control signal, which can alleviate the additional compu-
tation burden. However, it should be noticed that the
developed first-order linear filter inevitably generates the
filtering error.

Step m, 2: According to (1) and (22), s,,» can be cal-
culated as

Sm2 =Xma — )
=Sm3 + Cm3 + Un2 + ln2Xm1
+ Wy 2P (Bn) + W50 () (33)
— W02 (Bm2) = Wi P ()
+ W, 2‘Pm2(xmz) V2

Chose a Lyapunov function as

IN

— G | Tl + Gl P Z

£(sm1))

1—‘f(sm,l)sm,Z 35
- Fm,l)zqsm,] ( )

— €m,1 (1—? (SmAl)

e Mt
zsm,z m,1 (1

Om,
—+ 5—1 WT Wm,l + Ff(smg)(smﬁ + Cm3

+ oy 2 + lm,Z-fm,l + W;ﬁzq)ml(fm)
+ W 2(pm 2(xm) - W;:t’l;goml (fm,Z)
- Wm,2(pm,2()€m) + W m,2Pm, 2(‘xm 2)

1 ~ .
. . T
~ Jm2) + CmaSma — 5 W2 W
m,2

According to Lemma 1, Assumptions 2 and 1, one has

1 1
Ff(sm,z)gmﬁ < E l—? (Sm.2) + Egrzn,'j’ (36)
- Ff(sm,2)Wr£,2‘Pm,2 (%)
37)
1 Lo (
2rf2(sm2) +5 =Wy Wi,
Iy (Sm,Z)(W;,Tzﬁom 2 () — W:,,Tz P2 (Xm2))
T zcm (38)
< 3 n) + 25 W

The intermediate control signal o,, and the adaptive
updating function Wm,z are designed as

Sm,
U2 = — €m2 (Ff(srn,z) + '2)

)

T .
— (14 )T (5m2) + 2

) (39)
- lm,Zim,l - Wm,Z(pm,Z()Em,z)
Ty ($m1)
_ 5 - ,
(1= Fu1) ¢m,lrh (Sm2)
Wm,Z = 5m,2rf(sm,2)(Pm12(fmﬁ2) - O-m,2vvln,2a (40)
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where m,,, 2, €,,2 and o,,, are positive design parameters.
It follows from (34)—(40), one has

N
V2 < = qma |Enll + Cull Pull> D Wiy W
j=1

2
ST W W, (41)

2
1
+ ; 5 g%n,k+l + 1—‘f (Sm,Z)Sm,?a + M2

m,2('));

+ §m72(_

m

where M,,2 = My, 1 + *"‘ lw 2H
Define the followmg filter

D 3Vm3 + Ym3 = %m2s Vm3 (0) = “nz,l(()) (42)
Defining ¢, 3 = 9,53 — %m2, We can obtain 7, ; = —;—1
Then, one has

. . . Qm3

Cm :"m —Um2 = — ’ Ym e

3 =Vm3 — %m2 wm,3+ 3()
where

Vs d(ema(Tr(sm2) +522))

IV dr
d((14+3T¢(sim .
LU0 )
dr
+W m fm +VVm m fm
mz(/’ 2( 72) 2(/) ,2( ,2) (43)
dTs (s,
gm,3 i‘( ll> mlr (sm,Z)
W3 FZZ (Sm2)
dlF (sp2) -
- Trlom) i
F}erz(sml)

is a continuous function with a maximum value.
Step m, j 3<j<n, —1): By (1) and (22), sy, is cal-
culated as

Simj =Xmj = T,
=Smj+1 T Smjsr1 T lnjXm1 + O
W*,/(/’mj(xm/) + W, j(/’md(xm) (44)
= W i@ (Bn) + Wi 10,1 (m)
+W, J(ij(xml) Vo
]T

where X,,; = [Xp1,. .., %y

@ Springer

Consider the Lyapunov function candidate as

Vinj = Vimj1 + T (smj)sm;
1, | (45)
= Cm. W Wm i)
+ 27 LT 20 !
where J,,; > 0 is the designed parameters.

In the same case of step m, 2, the following inequalities
hold

Cr(m)omin < 5 TH0ms) + 55001 (46)
= Ty ) W0y ()
< P25 + W W )
L (5mg) (Wi () — Wik (%n )

20, (48)

< 12
|| ;11/'”

T

Select the intermediate controller «,;, and adaptive
updating law W,, j as

Sm.j ~
g = = em(Ty(smg) +—20) = b,
m,j
T .
= (L4 )T (smg) = W, i@ (Xm,) (49)
o Ty(smj-1)
T Vi T L
YT (Smy)

WmJ = 5m1irf(sm,i)(pm,j(fm,i) - O-m.ij,ja (50)

where m,, j, €, and o,,; are positive design parameters.
According to (46)—(50), it procedures

N

Vm.j S - CIm,l ||)Em||2 + cmHPm”2 Z W;{l,}‘WmJ
j=1
- Zcmk

Smk + —rf(sm k))

g
+ Ly (smg)Smj1 + Z = W;,ka,k (51)

k=2 k=1
J Sm.k
m,
+Mm,]+zgmk(_—+ymk( ))’
k=2 mn
where M,,,; = M,,j, - 1+ W, H2

Define the following ﬁlter
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D ji 1 Vmji1 T Vg1 = Omyjs Vm.j+1(0) = 0,(0)

Smgj+1
Wi j+1

Defining ¢, ;1 = Ymj+1 = %mjs Vmj+1 = —

obtained. Then, it easily procedures

Cmjt1 = ;";J:] (),
where
d(cmj(Ty(smg) + 2mL))
Yiji1 () = - -
L4 +%3trf<sm,j>>

+ lm,j)ém,l + W Jq)m,] (xm,/)

5m,j+1
+ W J(pm,} ('xmj) i
W ,j+1

dTy (smj-1)
52 STy (smg)

+
T2 (smy)

dr (smy) -
Ly (smj1) sy S

T2 (smy)

is a continuous function with a maximum value.
Step m, n,,: According to (22), we can obtain

S = Xmnm = Vi,
=LypXom1 + W} (%)
= tm,nytm,1 m,nmqom,nm m
+ Wm,nm @m,nm (xm) + Uy

~r . .
Wm,nm (Pm,n,,, (.Xm) - ym.nm .

Define the Lyapunov function as

1
Vm,n,,, Vm M —1 + 1—‘(Sm Ny )Sm 7. + = ) sm T
1, 1
+— + Ve
28m Cm 25m,nm mpn,y, "M,

where 9,,,, and &, are positive design parameters.

By using Lemma 1, one has

~T ~
2%, PypBi s, CnVin

1 . . R
<l (e — )Pl

m
1 ®
< — Il + 22 PPV
Pm
pm 2 ~ A 2.2
||PWL|| memCmHPmH vm’

- Ff (va”lm ) Wr:,n,,, Py, ('fm)

-
WY W,

2 mny,

1
< EFJ%(Sm‘nm) + 5

(52)

can be

(54)

where p,, is a positive constant.
Select the following control law and the adaptive laws
as

Vm = — é (emm, (Tr (S, ) + %)
AT (mn) b + T, (57)
A Tr (s, —
W O ) L)
Wm-,nm = 5m.n,n lﬂf(sm.,nm )q)m.n,,, (fM) (58)
= Oy Win s
G =— Smpm5m||P;n||2V,2,, — aplom, (59)

where My, Cun,, am and O, are positive designed
parameters.
By using (55)—(59), one can obtain

X | s Nonlinear Nonlinear Virtual control
ol fi gain function
I R (o MG,

|
|
|
|
' [
| 2 |
| Updating |7 - Adaptive law |
: |
|

0l 1 (2 )01 (5 =0, W,

Updating | W Adaptive law
law . . ~
s I N

Eq.(30)
)
l—i%m ————————————————————
| Nonlincar Nonlinear Vistal contol |
_T® i gain function |
£ I'@,,) |
nth-order |
MIMO NN |
nonstrict- state | |
feedback observer | |
nonlinear |
systems | |
! |
' |

____________________ -
Actual control
Nonlinear Nonlinear
i gain function
Unknown I'G,,)
Hysteresis
Eq.(2).

Updating
Law
Eq.(57).(58). [ A

Adaptive law

Fig. 2 Control diagram
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M
Vi, < = qm. HmeZ + Cm”PrnH2 Z W;J’mei
=1

M

- § ka Smk

in

Ny 1
W ~c
Z m.k -k+;2gm,k (60)

Smk
~Tr(sm
2T )

m,k

M

T €m ~
+;5 kaW k—i—acmcm

gm k

+ Mg, + ) a2+ Vi (),

k=2 mk

where My, ,, = My, —1.
According to the relationship W,,; = W,; — Wi, and
Cm = Cm — Cm, the following inequality holds
m Nm
0, y s Omk = ~
5m - W;}l"ka’k S — Z 2(;” WYE,ka,k
k=1 Ym:k k=1 “Vmk
N (61)
- Omk /T
+ W W,k
; Zém,k mk
€Em - g €
ﬂcmcm S - 2 + mC2 (62)
gﬂ‘l 817’! Sm

For any constants 8 >0 and R >0, the set Q, 6 =
{Omas Yo ma) Vg +¥0g T Fma <R} and Q=
&P+ 30 T (s ) s+ D1 (1/ O ) Wi s W +
ST, ; <28} are compact in R* and RY, respectively.
Thus, Q,,, x Q,,; is also compact in R**¥. Therefore,

Y,,;(+) has a maximum Y,,; > 0. such that |Y,,;(-)| <Y,
and the following inequality holds

My N Y"r2n ko
Z gm,k‘Ym,k(-)| < Z 2 Sk +27. (63)
=2 = T

Submitting (61)—(63) into (60), one can obtain

@ Springer

E ka

2 (smi) + —rf<smk))

Wl n,,, —

SOVIEININ AT

- 2(;’”— —T)ka
1 o, - -
- —@ — 2| Pu Y WE Wi + M (64)
2 5m.1 ’ '
1 Vi O-m,k 2 ~ ~
_EZ(_k_zanu - 1)Wr£,ka,k
k=2 /m,

€ p 2.2\ 2
e MR

m

— €m 2
where M, = M,, ,, + 27+ S Coye

~ 12
— 4m,1 ”me )

4.4 Stability analysis

Theorem 1 Consider the nonstrict-feedback MIMO sys-
tems (1). The actual control input (57) is designed with the
NN observer (7) and the adaptive functions (30), (40), (50),
(58) and (59), described in ?tic=?>Fig. 2 and Algorithm 1.
Furthermore, all the closed-loop variables can be adjusted
to be bounded and the output of each subsystem can track
the reference signals.

Proof: Choose a Lyapunov function V ="V, and
calculate its time differentiation, one gets

m

V< Z{ —Cy, kzm; L (Smpc)Smp —
P -

N

m§ Smk

! (65)
—Cn ;%W’kaWm”‘ B Cmgligfn +Mi}7
where
C —m{)mqmw%_ T

Ol _op P2 Ik _or p2 1y ks s 0.
6ml ’Vm,k mmk

(66)

From Property 2, we can obtain the following inequality

M

Z L (sma)sma < Z Ly (Smk)Sm ks (67)
k=1 k=1

it gives
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LIRS RO 1 (68)
—Cn Y =Wy Wk — Cu— o + M;
kz:; 2 mk & & Cm +
< -CV+M,
where C = min{Cy,C,,...,C,, },

M =min{M,,M,,....M,,}.

Time(sec)

Fig. 5 Tracking error e;(r)
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Fig. 6 Trajectories of x;;(¢) and X ;(r) (j = 1,2)

Multiplying (68) by e and integrating it over [0, ], one
obtains

M M
0<V<(V(0) ——=)e " +—.
<VL(V(0)— Qe+ 2
According to (69), we can learn that the output y,, can track
the reference trajectory y,,4 with a minimal error. Mean-

while, if s,1 <V, T(sp1)sm1 = 52,1, if not T(s,1)sm1 =

[logo(lfln 0-v+In o:|s,,1
Ino

(69)

Ly V]|$m,1] > v|$m.1|. Form the definition
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Fig. 9 Trajectories of hysteresis input v;(z), vo(t) and system input
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Fig. 10 The helicopter (CE-150) system

Table 1 Parameters of helicopter (CE-150)

Symbol Physical meaning

0 The elevation angle

® The azimuth angle

U The main rotor

i The secondary rotor

R, The main propeller radius

R The secondary propeller radius
T; The LuGre friction model

Tracking performance
(=}

Tracking performance
S

Y| ]
----- Yi,d
0 10 15 20 25 30
Time(sec)
y2 | ]
----- Y2,d
0 10 15 20 25 30
Time(sec)

Fig. 11 Trajectories of y,,(¢) and y,,4(r) (m =1,2)
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V, one has T(s,.1)sm1 <V, then, |s,,1] < /V(0)e=C" 44

if |sp1] < v, otherwise, |sy,1(7)] < V(e + % Finally, sy,

v

satisfies
s | < max{m + %,min{ V(0)e=Cr + %}} Since

v

lim,_.o, e~ ¢ — 0, the ultimate bound of tracking error e, is

—Ct
lim, o |en] < max{M + %} Thus, we can easily

v
conclude that the error e, can be adjusted to arbitrarily
small by choosing the appropriate parameters C, M and v.

Algorithm 1 Adaptive prescribed control algorithm

Input: Design the state observer to estimate the unavailable
state variable X = [z1,z2,. .., mm]T and its observation vec-
tor X = [21,&2,...,2m]T can be obtained. Select control
parameters Cp,, j, Mm,j, T, Om,; and om, ;.

Initialize: Choose the initial conditions X (0), X(0) and
W (0).

Step m, 1

l:for j=1

20 if [pm,1| > |Tm,1 — y1,4| then

Fom,
17F;,1. - and Wy, 1(0)

Calculate: Choose the intermediate controller Qm,1

Initialize: s,,,1 =

3
4
2
5: Output: am,1
6: else

7 go back to Step m, 1

8: end if
Step m, 2

liforj=2,...,nm —1

20 if W > [@m,5 — Ym,j.,c| then

3:  Initialize: sy, j = &m,j — Ym,; and Wy, ;(0)

4: Calculate: Choose the intermediate controller o, ;
by (48) and the adaptive function W, ; by (49).

5: Output: am,;

6: else

7 go back to Step m, 2

8: end if

9: end for

Step m, 3

1: for j =nm,

20 if Wi n,, > |8m,n,, — Ym,n,,,c| then

3: Initialize: sy, n,, = Em,n,, — Ym,j» Wm,n,, (0) and
ém (0)

4: Calculate: Choose the controller v, by (56), the
adaptive function VVm,nm (57) and ém (58).

5: Output: v,,
6: else

7 go back to Step m, 3
8: end if

9: end for

Remark 5 For the tracking error, it should be noticed that
if the performance function g, is a continuous function
with 0<p,,(0) <1, Vt >0, u, satisfies 0<p,, () <1
from Lemma 2. According to u, () = 7w we can

conclude that |e,,(t)| <|¢,, ()| holds. This further means
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04k 0.05 . -—--"The upper bound| |
T NG e1 in this paper
03 b 0 ~~| | -- - - The lower bound | |
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Time(sec)

Fig. 12 Tracking error e ()
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Fig. 13 Tracking error e,(t)

that the steady-state and transient output tracking error
en(t) will not violate the predefined range by performance
function.

Remark 6 Due to the fact that each subsystem nonlinear
function f,, j(x,,) contains the whole states x,,, the nonlinear
system (1) is said to be in nonstrict-feedback structure,
which will increase the difficulty for controller design. In
this paper, the approximation ability of RBF-NNs is uti-
lized to estimate the nonlinear function f;,,;(x,,). It should
be noticed that the whole states x,, appear in the j-th step
backstepping design to further generate the algebraic loop
problem. To deal with this obstacle, W] Py (m) =
WZE(PmJ(fm) - Wr:f‘/(pm,]()?mil) + WZJ(pmJ()?m,i) + Wr}j@m.j
(X,;) is transformed in (33). According to this variable
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Fig. 14 Trajectories of x;;(r) and X;(r) (j = 1,2)
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Fig. 15 Trajectories of x,;(r) and %,;(¢) (j = 1,2)

separation technique, the algebraic loop problem can be
solved.

Remark 7 1t is noteworthy that some control approaches
have been reported in [6, 29, 41] for nonlinear systems. The
primary discrepancies between the results in [6, 29, 41] and
our result are summarized as follows: (1) The reported
control algorithms in [6, 29, 41] are in the sense of strict-
feedback SISO systems. In contrast, we extend the strict-
feedback SISO systems to nonstrict-feedback MIMO sys-
tems. And the nonlinear-gain based controller developed in
our result can be employed to control the SISO systems. (2)
It can be seen that the approximation ability of RBF-NNss is
used to estimate the unknown packaged functions and the
unknown functions in [42], which indicates 2n,, adaptive
parameters should be online estimated, which will increase

@ Springer
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Fig. 17 Trajectories of hysteresis input v,(t), v,(t) and system input
u(t)

the computation burden. In order to save computing
resources, we only utilize n,, adaptive parameters to realize
the controller design. Therefore, the complexity of com-
puting can be alleviated.

Remark 8 The parameters of the proposed controller are
chosen by the characteristics of the considered systems and
the stability criteria. It is obvious that all designed
parameters should be selected to ensure Theorem 1 holds.
We can obtain the selection principles of these parameters
and their impacts on the system performance. According to
(65), the small error signals e, s,; and W,,, j may be
obtained by choosing the larger ¢,;, t and g, ;. Never-
theless, the larger ¢,;, t and ¢, may lead to the poor
transient performance and the high control input. Hence,
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the trial-and-error method, a widely employed approach,
can be utilized for parameter selection.

5 Simulation results

In order to demonstrate the effectiveness and application of
the proposed control algorithm, this section provides two
simulation examples.

Example 1 Consider the MIMO nonstrict-feedback non-
linear systems

=x12 +f1.1(X) +di.1(1),

Y12 =ur(vi) + fi2(X) + di2(1),
Y1 =X1.1,

=x22 +f21(X) +da21(2),

X202 =ur(v2) + fo2(X) + daa(t),

X1,

X2,

Y2 =X2.1,

where fl,l(X) =1- COS(X1,1X172X2$1XQ’2) +X1.1, fl,Z(X) =
2x1,1 €os(xy,1x12) + X1,1X1 2X2,1X22€"12, Ha(X) =2—
COS(X1,1X12X2,1%22) + 3X11X12X0,1X22,  fr2 = X,1X2 02+
Xi1x12%22. The tracking signals are selected as
yi.a(t) = %sin(r) + 1sin(%),  y24(r) = 3sin(z) — {cos(21).
According to [38], the parameters of the hysteresis input
are selected as ¢,, =1, ¢, =5 and D,, = 0.5.

The basis vector function ¢,,; is constructed by
choosing the width of Gaussian functions and the centers
of the receptive field as Om =2 and
p=[-15,-1,-05,0,0.5,1, I.S]T. Prescribed  perfor-
fy = tag = (0.5 —0.015)e™ +
0.015 and it is easy to know p,,; = 0.5, po 1 = 0.05,

mance function is

am1 = 2, flog 1 = 0.005. The parameters of nonlinear gain
function are selected as o = 10 and v = 0.005. Further-
more, all designed parameters are chosen as
hhn=hpy=25 b1=05hy=20, ¢ =€2=15, €=
€2 =25 o110 =012 =12, 021 = 022 = 1.5,
011 =012 = 15,01 = 0, = 1.8, 7 = 1. The initial val-
ues are given as x;(0) = [0.2,0.01]", x2(0) = [—0.23,0]",
%1(0) = [0.35,0.35]", %,(0) = [0.18,0.18]", ¢,(0) = 0.05,
Wi1(0) =[0.2,0.1,0.1,0,0.1,0,0]", W, ,(0) = [0.2,0.1,
0,0.1,0,0,0]", W,1(0) = [0.2,0.2,0.2,0.2,0.2,0,0]",
W,2(0) = [0.15,0,0.15,0.15,0.15,0.15,0]T. Figures 3, 4,
5, 6,7, 8 and 9 illustrate the simulation results. According
to Fig. 3, it is easy to conclude that the proposed control
strategy can derive the output to track the reference signal.
Figures 4 and Fig. 5 are described to show the tracking

error, it can be seen that the nonlinear feedback control, the
linear feedback (LF)-DSC and the LF-PPC have a similar

control performance with a small tracking error. Compared
with the LF control method, the nonlinear gain feedback
control proposed in the paper can drive the tracking error
retained within the predefined range with better tracking
performance. Figures 6 and 7 are used to show the
trajectories of states x,; and x,, and the NN observer
values Xy, 1, Xin2. X1 and X, » are used to obtain the system
states x,; and x,, respectively. The trajectories of

(W, JHZ are given in Fig. 8. Figure 9 indicates the control
signals u,,(v,,) and vy,.

Example 2 Consider the tracking error problem for a

helicopter (CE-150) in [43], see Fig. 10. The helicopter

system can be described as the following MIMO systems
@ cos(@I;,)* — 2cos(0) sin(0)0¢I, =uy(vi),

) (71)
1,0 + cos(0) sin(0) ¢*1}, + mgl;, cos(0) =uy(vy).

where various parameters are shown in Table 1, [, and I,
are defined as

_m(L 4 13)

I, = +m1L%+m2L§>
3(L L
(L + Ly) (72)
I - (ml(Ll — Lz) +myl; — mzlg)
C m b

where m = m; + m; + ms.
By defining x; = @, xj2 = ¢, x31 = 0 and x5 = 0,
(71) can be rewritten as
Y11 =x12+d1i(t),
)6.112 . 191,2 [—O.SFICOS()CLI — 9)
—&—mlglsinxu - Tfl] + ul(Vl) + d172(t)7
Y1 =X11,
Xo1 = X0 +dp (1),
)6.212 = 19272 [—OSFI COS()CQJ — 9)
+mpglsinxy | — sz] +ur(v2) + da (1),
Y2 =X21,
where ¥, = ﬁ, thy = i, dii(t) =dyi(t) =0, doy(t) =
0.01 cos(?), dp2(t) = 0.02sin(z).
The target signals are chosen as y;,4(r) = sin(z),

v2.4(t) = sin(t). The prescribe performance function and
the nonlinear gain function are kept same with Example 1.

And all designed parameters are selected as
hi=ha=15 bLi=0b,=10, g1 =€2=12, &=
€2 = 1.6 g1 =012 = 1.8, 021 = 0'2’2 = 2, 51’1 = 51’2 =
15, 0 =0,=18 =1, x/(0)=][0.250]",

x2(0) = [0.1,0]", %1(0) = [0.35,0.35]", %(0) =
[0.25,0.25]", é,,(0) = 0.1. Figures 11, 12, 13, 11, 11, 11
and 17 show the effectiveness and the practicality of the
proposed controller, which is employed to helicopter
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systems. The tracking results are demonstrated in Fig. 11
and the tracking errors are depicted in Figs 12 and 13. As
shown in Figs. 14 and 15, the constructed observer can
estimate the unmeasurable states to satisfy the controller

design. Fig. 16 gives the curves of ||WmJ||2. Finally,
Fig. 17 indicates the control signals u,(v,,) and v,, under
the hysteresis nonlinearity.

6 Conclusion

In this paper, a tracking control problem of MIMO non-
linear systems with hysteresis input and unknown states is
investigated and verified. The NN observer has been con-
structed to estimate the unmeasurable states. A nonlinear
gain function is used in the process of backstepping design
procedure, which brings a better dynamic performance for
the closed-loop system. Meanwhile, by designing a novel
Lyapunov function, we can easy to deal with the difficul-
ties caused by the nonlinear gain function for stability
analysis. Furthermore, the algebraic loop problem is
addressed by using the property of the NNs. According to
the benefits of DSC technique, an adaptive tracking control
method is proposed, which guarantees that the closed-loop
system is SGUUB and the tracking error converges to the
prescribed bounds. Further work is considered to deal with
the tracking control problem by using the fractional order
control method the finite-time control method.
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