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Abstract

In this paper, a novel adaptive sampled-data observer design is studied for a class of nonlinear
systems with unknown Prandtl-Ishlinskii hysteresis and unknown unmatched disturbances
based on radial basis function neural networks (RBFNNs). To begin with, we investigate a
sampled-data nonlinear system and present sufficient conditions such that the sampled-data
nonlinear system is ultimately uniformly bounded (UUB). Then, an adaptive sampled-data
observer is designed to estimate the unknown states of the nonlinear system. The unknown
hysteresis and the unknown disturbances are approximated by RBFNNs. We also give the
learning laws of the weights of RBFNNs, and prove that the estimation errors of the states and
the weights are UUB, based on the obtained sufficient conditions and a special constructing
Lyapunov—Krasovskii function. Finally, the effectiveness of the proposed design method is
verified by numerical simulations.

Keywords PI hysteresis - Adaptive sampled-data observer - RBFNNs - Nonlinear systems -
UUB

1 Introduction

Due to hysteresis is an important nonlinear phenomenon which exists widely in practical
systems, nonlinear systems with hysteresis have been one of the rigorous challenging and
worthy research for control [1]. The properties, such as, inaccuracies, oscillations and insta-
bility affected by the non-differentiability of hysteresis may gradually deteriorate the system
performance [2,3]. Recently, numerous adaptive control schemes have been developed to con-
trol uncertain nonlinear systems with unknown backlash-like hysteresis. In [4,5], an adaptive
state feedback control and an adaptive fuzzy output feedback control were designed for a
class of uncertain nonlinear systems preceded by unknown backlash-like hysteresis, respec-
tively. Note that the controllers designed in [4—6] are based on the backlash-like hysteresis.
There are other hysteresis patterns needed to be analyzed. The authors in [7] developed an
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adaptive neural output feedback control scheme for nonlinear systems with unknown Prandtl—
Ishlinskii (PI) hysteresis. Additionally, there exist some methods of control and tracking for
this hysteresis system, such as adaptive robust output feedback control and robust adaptive
backstepping control, etc. [8-11].

In some cases, the states of a control system are usually unmeasurable, whereas the
system outputs are measurable at sampling instants. In particular, for a networked control
system (NCS), its outputs are usually acquired by data acquisitions at sampling instants.
Therefore, the design of sampled-data observers is more significant and challenging than
that of traditional observers. For a continuous linear system, observer can be designed on
the basis of its accurate discretization model. However, for a continuous nonlinear sys-
tem, it is usually difficult to obtain its accurate discretization model. Therefore, the design
method cannot be extended to continuous nonlinear systems. Recently, researchers have paid
great enthusiasm on sampled-data observer design for nonlinear systems, and developed
three categories of design method, such as design based on approximate discretization mod-
els [12,13], continuous design and corresponding discretization [14,15], and continuous and
discrete design [16-21]. Inspired by Chen and Ge [7], we try to extend sampled-data observer
design for nonlinear systems with unknown hysteresis by the third method. Because when
the sampling-data observer adopts this method, the sampling-data can be directly utilized to
update the observer without discretizing the nonlinear system.

In practical engineering applications, nonlinearities and uncertainties are usually contained
in an amount of systems. In addition, unmatched time-varying disturbances are unavoidable,
with which the whole system will be unstable [22-24]. To this end, RBFNNs and fuzzy logic
systems possessing superior approximation and adaptability were employed to compensate
the uncertainties and the unmatched time-varying disturbances [25-28].

Following the previous references, few results are combined with sampled-data observers,
although researches on control and application of hysteresis have been carried out in recent
years. In this paper, we consider sampled-data observer design for a class of nonlinear systems
with unknown hysteresis and unknown unmatched disturbance based on RBFNNs. The main
contributions of this paper are summarized as follows. (1) We investigate a sampled-data
nonlinear system and present sufficient conditions such that the considered systemis UUB. (2)
Continuous observers are designed for a class of nonlinear systems with unknown hysteresis
and unknown disturbances, which are approximated by RBFNNs. The sampled measurements
are used to update the observer whenever they are available. (3) By constructing a Lyapunov—
Krasovskii function, sufficient conditions are derived to guarantee that the observation errors
are UUB. Compared with [7], the ways of process of the hysteresis and the disturbances are
different, the restriction on the constant control gain parameter is relaxed, and the problem
of parameter selection is solved.

The rest of this paper is organized as follows. In Sect. 2, the problem statement, some
assumptions, and the control objective are described. Section 3 describes the design procedure
of the adaptive sampled-data observer by using RBFNNSs. In Sect. 4, an example is used to
illustrate the validity of the proposed design methods. Some conclusions are given in Sect. 5.

2 Problem Formulations and Preliminaries

In this paper, our purpose is to design an adaptive sampled-data observer for the following
system
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x1(1) = x2() + fi(x1 (1)) + di(%1(1), 1),

Xn—1() = xp () + fa1 (Xn—1(0)) + dp—1(Xp—1 (1), 1), (D

Xn (1) = bou(t)) + fn(Xn (1)) + dn (% (1), 1),

y() = x1(t), t € [k, k1), k > 0,
where x (1) = [x1(1), x2(1), ..., X, ()] € R" (%; (1) = [x1(1), x2(0), ..., x; ()] € R, (i =
1,2, ..., n)) is the state vector of the system, the input u(#) € R, the system output y(t) €
R is sampled at time instant i, where {#;} is a strictly increasing sequence and satisfies
limg_ ooty = 00, T is the sampling period, and T=t34+1 — tx. fi(x;i(®)) (i = 1,2,...,n)
are known smooth nonlinear functions, d; (x;(t),t) € R (i = 1,2, ..., n) denote unknown
time-varying unmatched disturbances, b € R (b # 0) represents an unknown but bounded
constant control gain, w(u(t)) € R represents an unknown PI hysteresis, whose model is
given by [29]

r
() = Plul(t) = pou(t) — /0 p(r) Frlul(t)dr,

= pou(t) + do(u(t)),

where r is a threshold, p(r) is a given density function and satisfies p(r) > 0 and
fooo rp(rydr < oo, po = Orl p(r)dr is a constant and depends on the density function,
and r| denotes the upper limit of the integration. Let f, : R — R be defined by

Jr@u(®), u(r))) = max (u(t) —r, min(u(t) +r, w(u)))) .
The play operator F,-[u](¢) is given by
Fr[u](0) = f; (u(0),0),
Frlul(®) = fr (u(@), Frlul(@)),

witht; <t <tiy1and0 <i < N —1,where0 =1y <t <--- <ty = tg is a partition of
[0, t£] such that the function u(¢) is monotone on (#;, #;+1], and C[0, t¢] is a set of bounded
continuous functions on [0, ¢g]. For any input u(t) € CI[O0, tg], the play operator is Lipschitz
continuous [29].

The system (1) can also be expressed as

xX1(1) = x2(t) + fi(x1 () +d1(X1(2), 1),

(@)

Xp—1(t) = x,(2) + Jno1Gn—1(®) +dp—1(Xp—1(1), 1),

. - 3)
Xn (1) = bou(t) + bdo(u(t)) + 8(u()) + fu(xn (1))
+du (Xu (1), 1),

y(@) = x1(t), t € [t, k1), k > 0,

where §(u(t)) = (bpo — bo)u(t) and by is a design parameter.
We make the following assumptions to facilitate analysis.
Assumption 1 ([6]) There exist constants /;; (i = 1,2,...,n) such that the following
inequalities
SiGO) = fiGO)] =l (x0) =25O] + -+ [u0) - 5, 4)

hold.

@ Springer



564 P.Li, Y. Shen

Assumption 2 For the nonlinear system (3), the input u(z) € C[0, tg], thus, there exists an
unknown positive constant o such that |5 (u(¢))| < op.

Remark 1 Although the parameter b is unknown, we can select the design parameter bg to
approach b pg. In other words, the design parameter by should be selected appropriately to
achieve better state estimation performance.

The following lemmas are needed, which can be found in [7,30].

Lemma 2.1 ([30]) Let M € R"™ " and y denote a positive definite matrix and a positive
real number; respectively. The vector function ¢(t) is defined on the interval [0, y] and is
integrable. Then, we have

y T y y
[/ w(s)ds} M[/ rp(s)ds]iy[/ <p(s)TM<p(s)ds]
0 0 0

Lemma 2.2 ([7]) Let f(Z) be a continuous function on a compact set 2, which can be
approached by a RBFNN, that is,

f(Z2)y=w'sz) +c,

where Z = (21,22, ..., zm]} € Q@ C R™ and W C RY are the input vector and the weight
of the RBFNN, respectively, S(Z) = [S1(Z), $2(Z), ..., S, (21T € RY is the basis function
vector, and ¢ > 0 is the approximation error. The optimal weight W* of RBFNN is given by

W* = arg min |:sup f(ZI1w) —f(Z)‘:|.

WeQ LZeRY

By using the optimal weight, we have

1(2)=wTs2)+ ¢,

*l=¢
where ¢* is the optimal approximation error, and ¢ > 0 is the upper bound of the approxi-
mation error.

Lemma 2.3 ([31]) There exist real numbers cy, ca and real-valued function A(x,y) > 0
such that the following inequality holds:

_a
D AGy) e ¢ — 2 AT (x, y) [yt

x| y]? <
+ 1+

For a sampled-data nonlinear system, we give the definition of UUB and sufficient con-
ditions of UUB.

Definition 1 For the following sampled-data nonlinear system

x(t) =g (x(@), x(%)), )
X (te+1) = limH,k—+l x(te), t € [t, tkt1), k > 0,

where x(¢) € R" is the state of the system, and g(-) is a continuous function with g(0) = 0.
Denote the solution to (5) with respect to the initial conditions xg as x(¢). If there exists a
constant b; > 0 and a constant 7’ (xo, b1) such that

Ix(1)| < b1, Vi > 1o+ T'(x0, by),
then, the system (5) is UUB.
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Lemma 2.4 For the nonlinear sampled-data system (5), if there exists a Lyapunov function
V (x(t)) defined on the interval [ty, o0) such that

W < —aVx@) +B1Vxm) +C, t €lty, k1), (6)

and

ap > Bi,

hold, where a1, B and C are three positive real numbers, then it is UUB. Moreover, we have

limg—ooV (x(1)) < =2 £

Proof Multiplying ¢*!’ on both sides of the inequality (6), we have

oyt
ATV (x (@) < BV (x(tr) + Ce™', 1 € [1, try1)-

dt
Then,
C
Vx (@) <[(1 - ﬁ)e"’““”“ + ﬁ]V(x(tk)) + —,t € [t, tkt1)- )
ol o o]
Let t = t;41, we can obtain
C
V(x(tr+1)) < a2Vx®)) + o 3)

where ap = (1 — g—i)e""lT + g—; Since a1 > B1, we have ap < 1. From (8), it follows that

-k C
1—ap oy

Vx(n)) < " Vix()) + (C))

Substituting (9) into (7) results in

2—op — Olzk C
V(x(1) < e’V (x(1)) + o !t

1—ap

Thus, lim; ooV (x(2)) < 2= C ‘and the sampled-data nonlinear system (5) is UUB. O

1—ar ap

3 Adaptive Sampled-Data Observer Design

Since the play operator F,[u](t) is continuous and the density function is integrable, it
is concluded that the PI model is continuous. In order to design the adaptive sampled-data
observer, we use RBFNNSs to approximate the unknown time-varying unmatched disturbances
vid; (x;(t),t) i =1,2,...,n)and unknown function vobdy(u(t)).

According to Lemma 2.2, we have

WS () + 5 = vobdo (u(1)) , (10)
«T -
0; @i(xi() + ;" = vidi (%i (1), 1), (11)
where v; > 0 (i =0, 1, ..., n) are some design parameters.
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Then, substituting (10) and (11) into the system (3), we have

() =00 + AGEO)+ 26, @1 G0)) + Lo,

Xp— 1(t)—xn(t)+fn 1(Xn—1(1) + =06, 1§0n 1(Xn—1(8))
+vn,1§"—1 ,
Xn (1) = bou(t) + fr(xn (1)) + 379;T§0n()?n(t)) + ign*
+i W S@) + 550" +5(u),
(@) = x1(t), t € [t, k1), k > 0,

12)

where gi* (i =0,1,...,n)are the optimal approximation errors, ¢; (x;(¢)) (i = 1,2,...,n)
and S(u(t)) are some basis function vectors, and which are selected such that the following
conditions

@i (i (1)) — §0i(§i(t))‘ < lp(|xi(t) =210+ + [xi(0) — & (13)
hold for some positive real numbers l;» (i = 1,2,...,n).
Let D; = —g, ,@=1,2,....,n—1) and D, = §(u(?)) + Uingn* + U]—Ogo*. Then, the

system (12) can be expressed as

x1(t) = x2(t) + fr(x1()) + D1 + 91 (Pl(xl(t))

X — 1([)—xn([)+fn 1(Xn— 1([))+Dn l+ 19,, 19n— 1(Xn—1(1)), (14)
X (1) = bou(t) + fu(En (1) + Dn + 5 W*TS(u(t))

+0, o G (1)),
y(#) = x1(tx), t € [tx, k1), k = 0.

From Assumption 2 and definitions of D; and D,, we can obtain that |D;| < o;; with
0i1>0,(=1,2,...,n).

Now, we present the following dynamical system to estimate the unknown states of the
nonlinear sampled-data system (14).

£1() = %2(0) + fiE1(0) + Thier (@) + 16/ o1 (G1(1),

Xn1(t) = (1) + Fac1 Gne1 () + T ey je (1)
O a1 Gt (), (15)
(1) = bou(t) + fu (D) + I kner (1)
+iWTS@) + -6, 9 (5n (1)),
i (W) = lim, = % (1), 1 € [, tiey1), k = 0,

where e () = x1(tx) — %1 (tx), and £; (), x; (1), W, 6;, i = 1,2, ..., n) are the estimates of
x;i (1), x; (t), W*, 9;‘, respectively. ' > 1,k; > 0(k =1, 2, ..., n) are the design parameters.
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From (14)—(15), the estimation error can be obtained.
é1(t) = ex(t) + fi — Tkyer (1) + Dy + 91 @1
~T
+3-6, 91 (1(1)),
én1(t) = en(t) + fot = T 'kn_re1(t6) + D1 (16)

«T ~T 2
+L9n,1§0n—1 + ﬁgn,l(ﬂn—l(xn—l(t))»

Vn—1
*T ~ ~
+Vin9” $n + igrj@n(xn(t)),
1€ [t try), k =0,

where ¢;(t) = x;(t) = % (1), fi = fi(%i(1) — fi(%i (D), i = @i(%i (1)) — @i(xi (1)), W =

W* — W, 6; = 6;* — 6;. Consider the following coordinate transformation

l()

19(t)_ —>

,i=1,2,...,n.

After transformation, the system (16) can be rewritten as

D1(t) = T2(t) — Thid (1) + Tky (91() — 91 (1))

017 o1+ 5 Fo0 o1 (m(t))

f1
+7o + +vl"0

D1 (t) = T (r) — Thy—191() + Thy—1 (91 (1)—
Dn 1

1(%)) + rn -+ + ﬁeﬁﬁﬁn—l

+ﬁ0n—1¢”*1 ()Enfl([)) )
D (t) = =Tk 91 (1) + Thy (91 (1) — 91(1x))
+ {11 + r‘?ﬁl UO]-,, — L WTS(u(r))
Vy F" 'G*T + Wgy{(pn ()%n(t)) s

t €[t try1), k>0,

+

We can also obtain the following compact form of the system (17).

O =TAO+ F+TK+W,+D+®+ Dy,
t € [tg, tkyq), k>0,

a7

(18)

where 9 = [01(1), 92(t), ... 04 (D17, k = (ki ko, ... k)T, K=k (1) — 91(10)), F =

fa T
FL N S L
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0 nx1 —k1 1---0
WA.: : 7A: : : ..: ’D:[%7%""7%]T7é:
1 ~0T Ky 0 --- 1
T WS (@) k000
T _ *T *T ~ ~T 2 ~T ol
[0 @1 pprts @20 os st X 6, @l Di = [0, 01(01(0)), r6s @2(22(1),
e, ”%67; X (pn()%,,(t))]T, and the gains k; > 0 (i = 1,2, ..., n) are chosen such that

the polynomial H(s) = s" + kis" ' 4+ ...+ k,_15 + ky, is Hurwitz. Thus, there exists a
symmetric positive definite matrix P (P=PT > 0) such that the following matrix inequality
holds,

ATP+PA<—I. (19)

The adaptive laws of the weights W and 6; are designed as follows,

W = Ao (=S@er o+ toW). 20)
0 = Ai (—i G e +66) i = 1.2, @
where Ag = Aol > 0, A; = A;T > 0 are some constant diagonal design matrices, and

Lo > 0,¢; >0, xo > 0, x; > 0 are some parameters to be designed.
Next, we give the definition of adaptive sampled-data observer of the nonlinear system (1).

Definition 2 For the nonlinear system (1), design the system (15), and the adaptive laws of
the weights (20) and (21), if there exist two positive real numbers 8o and 77 > 0, such that

le@ < do,1 > T,

then, the system (15) with the adaptive laws (20) and (21) is called an adaptive sampled-data
observer of the system (1).

Theorem 1 Consider the system (1) with conditions (4) and (13). Ifk; > 0 = 1,2, ...,n)
are selected such that the condition (19) holds, and the sampling period T, the parameters
@, A1, Ao, Lo, £; satisfy the following conditions

;i ] 27 P29 1 3 P39
- I "¢+ Lo+6L1"\ (Lo+6L1)kI?’

(22)
ﬁ 4 -4 - & = (A9
) 2 ’
4(Lo+6L1) (L0+6L]):’]L2
and 2 2 2 2
1 bo—a =7 bi—a — 2
¢ <minf — ——SL A A Bt (23)
2p2 )\max(AO_ ) )\max(Ai_ )
and
2 2 2 2
bg— — — — >0, — — — — >0, 24)
A Ay AV BRAY

then, the state observation error system (18) is UUB, or, the system (15)—(20_)—(21) is
an adaptive sampled-data observer of the system (1), where Ly = 24T pink, L1 =
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, No = max(n;), v = min(vo, v;)

S0l + B0’ 7% v = 1S@O)], i = o
X = max(xo, xi), p1 = rmax(PTP), p2 = hmax(P), p3 = hmin(P), k = max(k;),

l_=max (\/Z il,‘]z,\/z ili22>.

=1 i=1

Proof Consider the following Lyapunov—Krasovskii functional

V(1) = Vi) + Va() + V3(0) + T2 Va(0), (25)
where Vi(t) = 0TP9, Vo(t) = FWTAT'W, V3(1) = %i A7V, Vu) =
[1 o [ [9109)* + 92(s)?]dsdz, t € [tro, 00), and ko = min{k : _< t}.

Then, along the trajectory of the system (18), the derivative of Vj(¢) is given as follows:

Vi) =l (ATP + PAS + 20T P(F+TK +D+® + D, + W)
<-—ToT9 +20TPF + 219" PK +207PD + 207 P
+20TPD, + 20T PWy. (26)

Based on Assumption 1 and Lemma 2.3, the following inequalities hold.

20TPF <2 07| 1PN XH:M

2G—D
1=
< 20/ p1 1911, 27)
207Pd <207 | 1P |8 < 20V5 2o, 28)
v

207 b, 227 ir1 )

Ao’ pi s (12
< —nﬂn + Z 0 (29)
i=1
207 PW, <2 HﬁTH 1P| HWAH
Ayvo?pi 1.~
= = P+ | (30)
E Ay
1 n
207D =207 | 1P |D] <4piI91P + 3 >R, G31)
4 i=1
29T PR = 207 Pk(91(t) — 91 (1))
_ - r
< AT prnk(91(1) — 91 (1)* + Z||ﬂ||2, (32)

9?‘T , = max(w@;).

where w; = ‘
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According to Lemma 2.1, we can obtain

t
[ ﬁl(s)ds
179

t

1 -

<(- m/ |:Fl3‘2(S) — Tkt (%) + —f‘ + e —ei%l
173

+—91 o1 (xl(s))]2

2

t
91(0) — D1 (1)1 = <(—1) / 191(5)|dis

) ! , d+ LOZZ) 12
<eér (l—tk)/ Ba(s) +Tl5‘1(5) + ko (1)?
3
2
T2 Z %1t il | ds,t € ltk, 1), k = ko, (33)

where /| = max (I11,[12), " > /(1 + v12 )l 2
It follows from (32) and (33) that,

. T _
9l PK < Z||19||2 + LoT2k(t — )01 (1)?
13
+ LoT%(t — 1) f [91(5)% + 92(5)*] ds
Ik

n
2 2
r—1) E oi1”,
i=1

t € [te, k1), k > ko. (34

2
1o
L
+ 2
From (26)—(31), and (34), we have

. 5 _
Vi) < —grnff‘n2 + LoT%k(t — 1) 01 (tx)?

t
+ Lol (1 — 1) f [91()> + 92(5)*] ds
Ik

7702 5 1 n 2
Lo—(t —1t — ’ i

+< 01)12( ©) +A1>; i
+ (Lo 02+ )zm oo

- 2= 2=
where I' > 8(2\/p1(1 + 22) + 4p) + SLUGLL 4 AU

In order to deal with W and §;, the deriV;ltives of V;(t) and V3(¢) are given as follows.
Vat) = WT Ag™'W = —WT Ag~' W, (36)

n n
. ~T 1~ ~T 1A
Va(t) = § 6, A0, = —§ 6; A6, (37)

i=1
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Substituting (20)—(21) into (36)—(37) results in
Va(t) + Va(0) = =W (=S oo + oW )
30 (oG + 6d)
i=1
= =W (=S@@)?1 () x0 + SW®) @1 (1) — P1(1) X0

+oW) = 26, (—eGi )1 (Oxi + @) @1(0)—
i=1

N+ b ) (38)

where e () = 91 (t). Then, according to W = W* — W, 6; = 6;* — §; and Lemma 2.3,
we have

=T A ~T,\'
2WTW +26; 6

~ 112 A 12 ~ 112 A 12
=HWH +”w” —wr P+ 9,»’ 4 9i| — Jlo*|?

=[] - e+ Ja] - 1o

) (39)

WTS@®)0()xo+ Y 6; pGi (001 (1) i
i=1

< Ly +—HwH 2A2 é,»(z, (40)
- WTS(t) (91(1) — zh(tk)) XO
< w2010 ~ 100 + 5 ]W” @1

=36 G ) B1(1) — 91 xi

i=1

Ar |-
< OO = 210 + 5 Zj

2A, ’ “2)

Considering (33), (41), and (42), we have

— WTS@() (1) = 91@)xo — Y6 pGi(0)x

i=1
@1 (1) = D1 () xi

n
< 6LIT?k(t — 1)*01(5)> + 6L1(t —10)* ) on”
i=1

+ 6L T2t — tk)/tt [91(5)> + 02()?] ds + —HW”
k
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2

)

2 n
7o 2 1
6L —5 (t —1 — >
+( 1V12( 9 +2A2)[=1

i
1 € [tk, k1), k = ko. (43)
Based on (38)—(43), we have
V(o) + V(1)

1 _
< gF||19||2 + 6L T2k (r — )01 (tx)> + 6L 1 T2 (1 — 1)

n

! 4 1 10>
91(9)* + 02()?]ds = (= — — —6L1—
X/l;[ 1(5)” + D2(5)°] dss (2 A, 152

i=1

~ 12 Y’ 1 ~ 12
x (1 = 1)?) 6, _<EO_I2> [W[ "+ 621 = 1%
n EO ) n E 5
1
Yoo+ Wi+ e
i=1 i=1
1 € [k, trt1), k = ko, (44)

where I > 8L;.
Note that when ¢ € [tg, txy+1), we have t — T < t;. Thus, from (35) and (44), it follows
that

Vi(t) + Va(t) + V3(1)

1 _
< —Ernﬁnz + (Lo + 6L1) kT2T %91 (1)*

t
+ (Lo + 6L1)F2T/ [91(s)% + 92(s)*1ds
t—T

n 2
611 >, , 2
- —_——— Lo+6L1)—5T ’
;(2 A A (Lo + 1)1)12
o1 1 )2 S
—(ZL-—-— WH Lo+6L)T? + — ;
(2 A A2>H +<( 0o+6L1) +4>;011

1 s
+5°HW*||2+25’H9,-*||2J6 [1k. trg1), k = ko. (45)
i=1

0;

Further, the derivative of V4(¢) is given by

Va(t) = T(01(0 + 02(0)2) — f (91()% + 92(5)7)ds,
t—T
t € [t, tig1), k > ko. (46)

Next, for n > 2, we have

t
. 2 2 2
Vat) <TI0 / I+ 0205 s )

t € [tk tk+1), k = ko.
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Substituting (45) and (47) into (25), we have
V(1) = Vi(t) + Valt) + Va(t) + T2 Va(t)

< —(% — T8 ()0 t) + (Lo + 6L1) kT2 T8 (1)?

t
+ ((Lo +6L)I*T —T?) / [91(5)* + 92(5)*1ds
t—T
n 2
6 11 T
(oLt Lo+6L) T
;(2 A a,  Fetois
7S T I AL S
(oo WH Lo+6L)T? + - :
<2 A A)H +<(°+ Y +4>;‘m
SO Y
2 2

2t et i), k = ko, (48)

Note that
t
Vat) < T / (91()* + 92()Dds, t € [tr, trs1), k = ko. (49)
t—T
Then, from (48) and (49), we can obtain
Y4 1 1
. | — 27T 2<7°—AT—A7)
V() < ———Vi(t) — ;
2po Amax (Ao™)
2(%‘ — AL Lo+ 6L 1 T2)

- S (A7 1) vs()

(= (Lo+6L)T)
T

1\ « 4 a2
+(oreor+ ) Sat+ 2w + X oI’
i=l i=1

t € t, tkr1), k = ko. (50)

V(1)

(Lo + 6Ly) k21?2
T2Via(1) + ﬁi Vi(1e)

Since the sampling period 7', and the parameters ¢, A1, Az, £, ¢; satisfy the conditions
(22)—(24), then,

d
SV =~V + %vak) FCLt € [t i) k = ko, 51)

where C1 = 5 Z o2+l 2l W*II2 + Z = 116; *||2 In order to ensure the error system is
=1
UUB, the correspondmg high-gain des1gn parameter I" should be chosen such that

' >max {1, (1—{-7)11,8[‘1,
Vi

- = i _ Arvo’p A1no’p
8(21a/p1(1+70)+4p1+ R+ = pl)}.
1 L4

E2
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Since ¢ = (1 — %)e*‘ﬂ + % < 1. From the differential inequality (51) and Lemma 2.4,
we have

2—¢1— i C
V) < d* Vi) + ———— —.
l—¢1 ¢
Thus, we obtain that the system (18) is UUB, i.e., lim;_, ooV (¢) < % On the one
. . —_ - 7] T
hand, lim Vi(1) < lim V(1) < G=CUCL on the other hand, V(1) > p307 9 > L3,
Thus, we have
2 —¢)Cr2-h
lim eTe < 2—¢1)Cy _
=00 (1 —¢1)ép3
This completes the proof. O

Remark 2 The design method can be extended to nonlinear systems with other hysteresis
inputs and may not necessarily limited to the system described by (1). On the one hand, C;
in (3) is determined by the parameters o1, {0, ¢;. Note that the value of the parameters o1,
Lo, ¢; can be adjusted. Thus, a small value of C| can be guaranteed. On the other hand, we
can properly select the design parameters I', k;, l;1, li2, vo, 1i, vo, Vi, £o, €i, X0, Xi» A1 and
A». Then, based on these parameters, the sampling period 7' and ¢ can be found such that
the error system converges to a relatively small neighborhood of the origin.

Remark 3 In [7], the estimation state x(¢) is introduced into the RBFNNs to approximate
the hysteresis and the uncertainties. Therefore, the considered nonlinear system not only
has the unknown state x(r) but also the estimation state X(z). Whereas, in this paper, we
only use the system state x(¢) to approximate the hysteresis and the disturbances. Thus, the
considered nonlinear system (12) only has x(¢) but not X (¢). Moreover, compared with [7],
we relaxed the restriction on the constant control gain parameter b by using the approximation
formulation (10), and solved the problem of parameter selection by introducing the high gain
parameter I".

4 Simulation Example

In this section, a simulation example will be demonstrated the effectiveness of the proposed
scheme.

Example 1 Consider the nonlinear system with unknown hysteresis and unknown unmatched
disturbance

x1(1) = x2(1),

Xo(1) = b (u®) + f(x (@) +d(x(), 1),

y(1) = x1(t). t € [tg, tky1), k = 0,
where f(x(t)) = —3sin(x(¢)) and d(x(¢),t) = 0.1 sin(x;)e~1%2 The PI hysteresis out

o (u(t)) is determined by (2) and the density function is chosen as p(r) = 0.8@‘0'067(’_1)2.
We choose R=100 as the upper limit of integration.
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Fig. 1 Trajectory of H WH
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0.08 - i

0.075 i

Jl

0.065 b

0.06

0 5 10 15 20 25 30
t/'s

Fig.2 Trajectory of Hé”

Considering (15), the adaptive sampled-data observer is constructed as
210 = 22(0) + Thier (1),
32(6) = bou() = 3sin(&1) + ko (1) + 5 W S(u(0)
+10 g,
Y(0) = %1, t € [t 1), k =0,
and

Sw) =[5 — 25, 7 — 31"

N PN 2 o 2
p(E0) = exp [ B=620 | s exp [~ @3] =1, s,

where e (t) = x1(tx) — X1(#), and the update laws of the weights are given by (20)
and (21). In the following simulation, we choose I' = 2, ki = ko = 1.5, u(t) =
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a1 (t)
- = ()

The estimate x ’
o
(&)

o
N —
[~y
1

1 L L L L L
0 5 10 15 20 25 30

Fig.3 Estimation of x| of the nonlinear system

4 T T T T T

The estimate x )

Fig.4 Estimation of x, of the nonlinear system

(12cos(31) — 4)/(1 + 6t) +cos(2t), by = 1, v9 = 0.8, v; = 1.5, A} = A} = A} =
0.004, ¢} = €2 = ¢ = 0.05, x; = 60, x3 = 55, x1 = (0.5,40,0.5,60,0.5) and
Ay = A, = 100. The initial conditions (x(0), x2(0)) = (=1, 1), (£1(0), $2(0)) = (1, 3),
(Wg(0), W3 (0)) = (0.05,0.05) and 6;(0) = (0,0.01, 0,—0.05,0). By simple com-
putation, we have P = [0.8482, —0.5093; —0.5093, 1.0689], Amax(P) = 1.4797 and
Amin(P) = 0.4374. The sampling period T is given as T = 0.ls. Figures 1 and 2 illus-

, respectively. In Figs. 3 and 4, the state estimation

trate the trajectories of H WH and Hé
results of two unmeasurable states are presented, respectively. The trajectories of the state
estimate errors and Lyapunov function V (¢) are depicted in Figs. 5 and 6, respectively.
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Fig.5 Trajectories of the errors e (¢) and e (¢)
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Fig.6 Trajectory of the Lyapunov function V (¢)

5 Conclusion

In this paper, a novel adaptive sampled-data observer design based on RBFNNs was proposed
for nonlinear systems with unknown PI hysteresis and unknown unmatched disturbances.
Firstly, RBFNNs were designed to approximate the unknown time-varying unmatched
disturbances and unknown hysteresis of the systems. Then, a sampled-data observer was con-
structed to estimate the unmeasured states, and the learning laws of the weights of RBFNNs
were also given. Based on a Lyapunov function and the corresponding sufficient conditions,
we demonstrated that the observer errors were UUB. Finally, the effectiveness of the design
scheme was verified by the illustrative simulation case. In the future, the developed adaptive
sampled-data observer design method will be extended to the MIMO nonlinear systems with
hysteresis and multiple uncertainties.
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