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Abstract

This article focuses on an adaptive neural network (NN) finite-time prescribed performance control problem for nonstrict-
feedback nonlinear systems subject to full-state constraints. Specifically, a finite-time performance function is employed,
which can guarantee that the tracking error converges to a prescribed region within a finite-time. Neural networks (NNs)
are used to approximate the unknown nonlinear function. The unmeasurable states are estimated via constructing a state
observer. By using the dynamic surface control (DSC) technique, the complexity problem has been avoided in traditional
backstepping control. In order to satisfy the state constraint condition, the barrier Lyapunov function (BLF) is incorporated
in the process of backstepping. The developed adaptive finite-time NN backstepping control strategy can make that the
closed-loop system is semiglobally practical finite-time stability (SGPFS). Meanwhile, all states can be guaranteed to
remain in the constrained space. Simulation results demonstrate the validity of the control method.

Keywords Neural networks (NNs) - Adaptive control - Nonstrict-systems - Prescribed performance - Finite-time

1 Introduction

Over the last decades, adaptive backstepping control has
attracted widespread attention due to its broad engineering
applications, such as aircraft attitude systems [1], power
systems [2] and so on. With the development of the Lya-
punov stability theorem, the backstepping control tech-
nique and other tools, some remarkable results have been
proposed (see, [3-6] and their references). It should be
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noticed that the control gains in considered nonlinear sys-
tems are assumed known in [7-9]. However, it is difficult
for practical systems to satisfy this assumption [10]. In
order to be more suitable for the practical situation in
engineering applications, neural networks (NNs) or fuzzy
logic systems (FLSs) are incorporated into the adaptive
backstepping control technique. The authors in [11] and
[12] utilized NNs or FLSs f;(y;|@;) to approximate the
unknown function f;(7;). And then, Wang et al. [13]
developed a NN controller for uncertain nonlinear systems
subject to unknown control directions and time delay. The
authors in [14] developed an adaptive backstepping control
method for nonlinear systems with time-varying delay. In
[15], an adaptive NN backstepping controller was devel-
oped for nonlinear systems in presence of unmodeled
dynamics. Combining NNs with the backstepping tech-
nique, Li and Yang [16] developed an adaptive control
strategy for nonlinear systems subject to unknown dead-
zone inputs.

However, an inherent shortcoming of backstepping
control is the complexity problem, which is caused by the
repeated differentiation of the virtual controller in the
process of recursive design. Fortunately, the dynamic sur-
face control (DSC) was proposed to deal with the
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complexity problem. The main idea of the DSC is to
introduce a first-order filter in the traditional backstepping
control procedures. Thus, the proposed DSC-based con-
troller not only overcomes the explosion of differential
terms, but also makes the controller simpler. By combining
the DSC with the backstepping technique, some remark-
able adaptive controllers have been proposed in [17-20].

It should be pointed out that the aforementioned litera-
ture can only guarantee the infinite-time stabilization.
Theoretically, the control systems are regulated to the
desired performance when the time variable goes to infin-
ity. However, from the view of practical applications, the
control objective is expected to be achieved in the finite-
time, which has drawn extensive practical interest as well
as theoretical significance. Therefore, the adaptive finite-
time (AFT) control design has attracted considerable
attention. For example, Li et al. [21] developed an AFT
controller for nontriangular nonlinear systems, and it can
ensure that the closed-loop system is semiglobally practical
finite-time stability (SGPFS). Based on the event-triggering
strategy, Wang et al. [22] solve the AFT control problem
for nontriangular nonlinear systems. The authors in [23]
developed an AFT tracking control scheme for the space-
craft system with state constraints. Based on introducing a
new barrier power integrator, Zhang et al. [24] developed a
novel AFT control scheme for switched systems, which can
deal with the finite-time control problem for some types of
tracking and stabilization issues. By employing the
approximate ability of the RBF-NNs, an AFT control
strategy for MIMO nonlinear systems with the actuator
hysteresis has been developed in [25]. In [26], an AFT
recursive terminal sliding mode controller was proposed
for a linear motor positioner. Based on an integral terminal
sliding mode, Shao et al. [27] developed an adaptive con-
trol method for high-order uncertain nonlinear systems.

Even though the above results regarding the control
theory of nonlinear systems have made abundant progress.
The results proposed in [21-27] do not consider the pre-
scribed performance control problem. Apparently, with the
development of society, tracking control is demanded to
realize tracking error in a precise range. The prescribed
performance control (PPC) technique is a useful method to
realize this demand. The PPC was first proposed in [28],
which can guarantee the transient performance of the
considered systems, and the tracking error can enter into a
given bounded set. Wang et al. [29] presented a prescribed
tracking performance control method for n-link manipula-
tor, and they solved the problem caused by input saturation.
For uncertain MIMO nonlinear systems with input quan-
tization, Bikas et al. [30] constructed an effective adaptive
NN controller to ensure the tracking error can remain in a
prescribed range.
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In summary, although the above results have made great
progress in adaptive tracking control, there are still some
problems to be solved in this paper: (1) how to address the
algebraic loop problem caused by the structure of the
nonstrict-feedback systems, (2) how to overcome the
complexity problem in the process of backstepping pro-
cedure, (3) how to ensure that the closed-loop system is
SGPFS and the tracking error converge to a prescribed
range, (4) how to estimate unmeasurable states and make
all states are not transgressed the constrained space. Based
on the above discussion, this paper focuses on the AFT
control for nonstrict-feedback nonlinear systems subject to
unmeasurable states and full-state constraints. The main
work consists of the following aspects:

(1) As more general nonlinear systems, nonstrict-feed-
back nonlinear systems proposed in this study can be
used to control strict-feedback (or pure-feedback)
nonlinear systems.

(2) By utilizing a finite-time performance function
(FTPF), the presented AFT prescribed performance
control method can not only guarantee that the
considered system is stable, but also make the
tracking error enters into the predefined range in a
known time. It can be seen that the adaptive PPC
schemes in [31-33] can only ensure the tracking
error remains in the predefined bounded set without
giving a precise time.

(3) By adopting the DSC, the computational explosion is
avoided in the process of backstepping control. The
log-type BLF is introduced in the process of
backstepping design, and it can guarantee that all
states do not transgress the constrained space.

2 Problem formulation
2.1 System description

Consider the following nonlinear systems

}.(i(t) = Xi+1(l) +fi(X(t))7 i= 1727 s — 1
An(0) = u(t) + fu (2(2)), (1)
y(1) = (1),

where x(z) € R" is the state variable, y(7) € R is the output,
u(t) € R represents the input. f;(+) is the unknown nonlin-
ear function.

Remark 1 It should be noticed that the controller devel-
oped in [34] does not consider the issue of the full state
constraints. However, it has a solid engineering back-
ground, and the investigation of nonlinear systems subject
to full-state constraints is much more challenging. Mean-
while, as we all know that the full-state constraints are



Neural Computing and Applications (2022) 34:12789-12805

12791

widely exist in engineering systems, for example, power
systems [2] and missile systems [35]. If one does not
consider the problem of full-state constraints, stability and
good performance cannot be obtained.

Remark 2 1f fi(-) =fi(z;) (or fi() =fi(%i xis1)) with
7=t ]", system (1) is a class of strict (or pure)-
feedback nonlinear systems. However, the unknown non-
linear function f;(-) considered in this paper contains the
whole state variables y; = [7,, . .., z,]'. Thus, the nonlinear
system (1) is a class of nonstrict-feedback systems. In the
process of backstepping control, the considered systems are
divided into n subsystems. The states variables y; (or y;, ;)
are viewed as state variables for the first ith subsystems in
the strict-feedback (or pure-feedback) form. And then, the
virtual control signal o; should be constructed to ensure the
stability for the first ith subsystems. However, f;(-) contains
the whole state variable in nonstrict-feedback systems,
which means that o; also contains the whole state variables
for the first ith subsystems. Then, the designed controller
for nonstrict-feedback systems has more challenges, and
the algebraic loop problem is generated.

In this paper, the designed adaptive tracking controller
satisfies the following objectives:
(1) the closed-loop system is SGPFS.
(2) all the states do not transgress their constrained sets.
(3) the output y(¢) can track the desired signal y,(¢), that
is to say, the tracking error y(t) — y,(t) = w(¢) can
converge to a predefined range in finite-time.

Assumption 1 [36] The reference signal y,(¢) is a known
bounded function. The time derivatives of y,(¢) and y,(¢)
are known and bounded. Ay, A; and A, such that
[val <Ao <ket, |4l <A; and |y,;| <Az, V¢ > 0. And there
compact Q,Vd = {(yd7yd7y.d)T : yﬁ +y¢21 +
¥2 <3d,,} C R? such that (va, ¥ ¥q) " € Q,,, where J,, is a
positive constant.

exists a

Assumption 2 [37] For VRN, N,, there exists a known
constant /;, such that

[fi(R1) —fi(R2)| < LRy — Ny

Lemma 1 [38] ForY({,/,) € R?, the following inequality
can be obtained

014 <K\£ |"+i|£ |
12_p 1 qhq 2|

whereh>0,p>1,q>1and%—|—$=1.

Remark 3 Assumption 1 implies only the reference signal
without its high-order times derivatives. In addition, for a
given nonlinear function, the locally Lipschitz condition is
easily satisfied. Assumption 2 allows us to consider
unknown functions. Similar assumptions can be found in
[16-18]. Without these assumptions, the proposed control
scheme cannot be realized.

2.2 Prescribed performance function

Definition 1 [39] Suppose that there exists a function p(7)
satisfies the following properties:

(1 p(r) > 0;

2 p(t)<0;

(3) lim; 7, p(t) = pr,, and pr is an arbitrary positive
constant;

(4) when t>T,, p(t) = py, with T, being a designed
time.

Then, p(¢) is a FTPF. It can be defined in this paper as

1
p(t) = (phy — lot)T + py,, 0<t<T, 2
pT,v tZTr

where [, ¢ and p,, are positive parameters, / = S with ¢ > p,
q and p are positive odd and even integers. And py + pr, =

!
= ’;—3 is the set time. And

p(t) is a smooth function, which has been verified in [40].

p(0) denotes the initial value, T,

In order to realize the w(¢) enters into a prescribed range
in a finite-time, the following error transformation function
is defined

V(1) = tan <’“"(t)

2p(t)

According to (3), one can obtain

>,w<0> <p(0). 3

o(t) = %p(t) arctan(y(7)). (4)

From (4) and y(7) — y4(f) = w(z), we have

W SV 2 v(1)

) = Zi0) weanp(0) +2p() s 6)
which yields

i) = G, — 52 ) actan(p ).

Figure 1 exhibits the bound of the w(¢) under the FTPF.
Thus, the proposed method can better satisfy the actual
engineering application.
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Fig. 1 The finite-time prescribed performance on the error

Remark 4 The main intention of using a state transition (3)
is transform the tracking error w(¢) into another state ().
Then, we will design a controller to guarantee the bound-
edness for y(¢) instead of directly control the tracking error
o(t). From (3), we can see that the boundedness of y(¢)
stands that —p(t)<o(t)<p(1). Furthermore,
Y(t) — 0= o(t) — 0. The readers can refer to [40] for
more details about formula (5).

2.3 NNs approximation

RBF-NNs are utilized to approximate the nonlinear func-
tion. By [41], RBF-NNs can evaluate arbitrary continuous
nonlinear function f{X) with the neural node number g > 1,
and

FX) = () $X) + LX), [E0] < G

where the approximation error ((X) satisfies |{(X)| <y
P(X) =
[(X),..., qbq(X)]T denotes the basis function vector, and

I'* denotes the ideal weight vector,

I* = arg min{sup |f(X) — (x| (6)

€Q

with  {;; is an unknown constant,

with I' = [y, .. .,]q]T being the weight vector. And ¢;(X)
is the Guassian function and it can be described as

I X —oil* .
¢Z(X) = CXI)(TZ L= 1>2>-~~>C]
i
where ©; = [pi1, @i, -, ] is the central vector of
Gaussian function and 1; represents the breadth of Gaussian

function.
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Remark 5 It should be noticed that the basis function of
RBF-NNGs satisfies ¢, (X)¢;(X) <3, which will be greatly
useful in controller design procedure.

According to the above NNs approximation results, it is
known that f; (x(¢)) in system (1) is

[G®) = fGI) + L), (7)
where f;(x(0)|I'7) = I'iT.

Further, according to (6) and (7), I’} is
I = arg min [sup I (2(0)117) — £ (), 8)
where Q; and U are the compact set of I'; and (),

respectively.
By (7), system (1) is rewritten as

7i(0) = 100 () + T i(2(0) + fi + Gi(x(1)),
i=1,2,...n—1

In() = u(t) + T, (2(0) + Ay + Lu(2(D)),

y(t) = 1:1(1),

where j(f) denotes the estimation value of y(z) and

af; = fi(2(0)) = £:(2(1)).

©)

2.4 Finite-time

Definition 2 [42] Consider a simple nonlinear system
1 = f(n,u), where n represents the state, and u is the input.
The nonlinear system 7 = f(n,u) is SGPFS, if for every
initial condition #(#)) = 5, € Qo with Qp is the compact
set, there exists 7 > 0 and a setting time 7(3, #,) < oo such
that ||n(¢)|| <y, for all t >1y + T.

Lemma 2 [43] For (¢,,¢,) € R?, and there exists posi-
tive constants €, €3 and €3, such that

€1 €1+e €1 €1+e
&1 + .
€1 +e €+ €

lo1]" [a|? <

_a
€3 “ (P2|

Lemma 3 [44] Consider the nonlinear system 1 = f(n). If
for all ny € Qo, there exists a smooth function V() with
constants ¢ > 0, 0<o<1, and § > 0, such that

V() <V (i) + B,120

then #§ = f(5) is SGPFS.

Lemma 4 [45]
0<p <1, we have

n p n n p
(Zm) <3l <nt (Zw) |
r=1 r=1 r=1

For any y. €R,(r=1,...,n) and
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3 Main results
3.1 Observer design

Since only the output y(¢) is measured, a NN state will be
developed to obtain the unmeasurable states.

In order to design the state observer, we transform the
nonlinear system (9) as the following matrix form

10) =A7(0) + Ky(t) + 3 BT 9,(0(0)

i=1

(10)
+ Buu(t) + &Af + ¢,
y(t) =Cx (1),

where
—k
—ky Iy

A - )
—k, O 0

K=T[ki,...k,)", Bi=10,...,1,...,0]", C=11,0,...,0],

Af = [Afh ) Afn]Ta g = [ il }Z(t))7 RS Cn(x(t))] - n

Vector K is chosen such that A is a Hurwitz matrix. And
then, there exists a positive defined matrix W > 0, for any
given matrix Q satisfies Q = QT > 0 such that the fol-
lowing equality holds

ATW 4+ WA = —Q. (11)

An NN observer is established as

71) = A7(t) + Ky(t) + gB,-r?@(z(r)) + Bu(r),
$(1) = Ci(0).

(12)

Remark 6 Many works of literature require that all state
variables are measured directly, for example, [46]. How-
ever, this requirement is almost impossible to achieve in
practical engineering. Thus, we construct a state observer
to estimate the unmeasurable states. Compared with [46],
the system in this paper is more suitable for the actual
systems.

According to (10) and (12), choose e(?) as
e(r) = x(t) — 1(1) (13)
satisfies

é(t) = Ae(r) + ZBifi(pi(}Z(t)) (14)

i=1
+ {+ Bu(t) + &f,

where I'; = T ¥ — I, and I'; is the optimal parameter of ;.
Choose a Lyapunov function as

Vo(t) = €' (t)We(t). (15)

And then, the derivative of V| satisfies

. n ~T ~

Vo< —qollel® + 3IWI*Y_ I T + M, (16)
i=

G0 = Amin(Q) = [WIPXL, =3, Mo = |||

%11, Specifically, the calculation process can be found in

Appendix 1.

where

Remark 7 For unmeasured state variables, a linear obser-
ver was proposed in [47] as the following form:

4= fim — ki — 7). 1<i<n—1

kn(%l - 21)

in:u_

where the observer gain parameter k; is chosen such that
the polynomial s(p) =p" +kip" '+ +k,1p+k, is
Hurwizts. It will lead to the developed observer indepen-
dent of considered systems. However, observer (12) uti-
lizes RBF-NNs I7¢;(7(t)) to estimate the unknown
nonlinear functions f;(y;(t)), (i=1,...,n). Via online
estimation, a better estimation performance can be
obtained.

Remark 8 1In [13, 14], unmeasurable states make these
methods no longer effective, and thus the NN state obser-
ver (12) is constructed. From (16), the convergence of the
designed state observer cannot be ensured. It is thus nec-
essary to develop a control scheme in the next section to
guarantee the finite-time stability of the closed-loop
system.

3.2 Backstepping control design

An AFT prescribed performance tracking controller is
presented for considered nonstrict-feedback nonlinear
systems in this subsection.

Choose the following coordinates change.

21 :lpv
=71 =V (17)
C,:V,—Ofi—lal—za L

where 7; represents the filter signal and ¢; denotes the error
surface.

@ Springer
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Design the virtual control signal o; and the adaptive
function I’ | as

2p(k2, —23)'° -
=y oA i)
3+ m(l 4y 2 '
- MZI + = parctan(y) + ¥,
4p T
) 7'5(1+l//2)
I'y=0157—5—5 1) —ml
! 12p(k%1—2?)m¢1(m .

(18)
where 0 <o <1, ¢; > 0 and p; > 0 are design parameters.

Choose the virtual controller o, and the adaptive law I b
as

C2Z%0 ! T 7 y
0 == o —koer — 102 (70) + ¥
k2
(kj, —23)
(t+2)z w1+, —3)
_ 5 o~ 3 5 Zi—1 (19)
Z(kb,- - Zi) k[;Fl - Zi*l
. 0ady(k
I, :MZZ — oI,
khz — 2

where ¢, and p, are positive designed parameters.
Choose the virtual controller «; and the adaptive func-

tion I'; as
n=T (kicflz;)lal —kier — I (%)
R ™
50y,

where ¢; > 0, y; > 0 are designed parameters.
Choose the control input « and the adaptive function I,
as

= kney — o
| -2 2 -2
(k2 _Zi)znfl A .
— T + (21)
Dot n—1
o 0D
FV! k2 _ 2 n .unr

where ¢, > 0 and p,, > 0 are designed parameters.

The specific design process can be found in Appendix 2.
Based on the above analysis, we summarize the main
results in Theorem 1.

@ Springer

Theorem 1 Choose virtual controllers (18), (19) and (20),
the actual control input (21), adaptive laws (18), (19), (20)
and (21), the NN state observer (12) for system (1). Then,
the developed controller can be guaranteed the closed-loop
system is SGPFS under the full-state constraints.

Proof By Appendix 2 and Lemma 1, one has

glr r; g'r (It - I)
P (22)
< SR n4+2rTr
—_ 51 1 + 51 1 1

292 T (23)
From (22) and (13), one gets
T l a
We — 2%¢(
Z = )>

fol

Va< —
)Lmax(

— (1 — J|W|?51)
+Z(
1

+Z————1 )55+ M,

26,

30— SWIP) g T )

where Ayax (W) is the maximal eigenvalue of matrix W, and

M =M, + S, ()1 + 5k

Defining
C= min{Z”cl, 2%,y — 3||W0,
= 3[|W|?6, - 36s,...,
2 93 25
, — 3I|W|*6, —"5n,————1, (25)
() T
2 2
NEI
W, T

and substituting (25) into (24), we can obtain

V,< — TWe—CZ
7~max( P ( z) 26)

n 1 -1~ 1,
N c—-TTi-Cc>S 232+ M
; 25l 122225

According combining with q =1,
Q= Z, 2512, e1=1—0, & =0, and & = o, we can
obtain

to Lemma 2,
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L) P L vy - v 00) < e, (35)
55 S(l_a)m*”"'ZEgi- (27) 11— " 11— " - ’
i=2 i—2
where 6(0) is the initial value of 6.
Similarly, one has Let
a 1-¢
LN R . LN R 1 p v
I Ti| <(1-0)o™+ > —<TI;TI} 28 T =———[V,7°(0(0)) — : 36
(;2&, ! ) SRS Wt (28) ooy - (L) 69
(e"We)” < (1 — 0)a™7 + " We. (29)  Itfollows from (36) that 0 € vy for T'> T, the trajectory of
0 does not outstrip the set vy.
According to (27)-(29), it yields From (33) and (36), V, <0. Therefore, it can now be
R 5 concluded form stability that the dynamic of the closed-
vV, < — _ (" We)a—CZ AW loop system is SGPFS. On the other hand, by Lemma 4 in
Jmax(W) = 2<k§_ — le) [48], it can be obtained that z; € Q., that is, |z;| <kp,. As
. . mentioned in Remark 4, z; = v(¢) is transformed form
SN R ~1 , o(t) =y(t) —yq(t).  Then,  one  can  obtain
oS ) oS 22 M
(Z; 26; ) <i2 25’> + lzil <lzi] + |yal <ks, +Ag. Choose kp, = ke, —Ag. We
can obtain [y,|<k.. The state of y, is constrained in
+ (2C +— i >(1 —g)oTe. Q). According to n=j - =nteatotao,
Jmax (W) lx2] < |z2| + le2| + |s2| + o | holds. Because «; is a smooth
(30)  function of ¥y, z1, ya and y,, |x1| <ke,, |z1] <kp,» ya < Ao,
. and |y,;| <A;. Then there exists a constant &; > 0 makes
Defining
log] <oty VE>T%, V> %, one has |ey| <|le|| <s, and
c:min{;qizw),C}, o] < (gay - - -y 6p)l| < A2, which means
“max |X2|§kb2+5‘2+/12+0zl. Let kbz ZkCZ—Sz—Az—&l,
2 . N . N . . .
B=M+ (2c+ q1 (1 - o)or5, Lo <ke, can be obtained, ar.ld %> 1s constrained in th'e set
Amax (W) Q,,. In this way, the state variable y; € Q,. can be obtained.
and utilizing Lemma 4, we can obtain That. .1s, the state systems do not violate constraint
conditions. [J
n < — V7 + B 1
Vns —cVi+h (31) Remark 9 For any positive constants J,, and II, the set
According to (31), VO <:<1, one has Q, = {(Ym);d,y"d)T YRR 5”} cR? and Q; =
Va(0) < —1eVI(0) — (1 —1)cVI(0) + B, (32) i 2 P i
~ _ T eTWe—i—Zlog(ﬁ) —i—Z%FjTFJ-—i—Zg%H <2I1; €
where 0 = [z1,.. 20, 1y s Ty Coy e oo, Gl j=1 b =1’ =1
Let R*. Furthermore, Q,, x €; is compact in R**¥. Thus, ¥;(-)
B has a maximum ¢; > 0, such that |¥;(-)| < ¢;.
w={owzo < L},

(I—1)c Remark 10 Tt can be seen that the nonlinear function f;(y)
~ . B in the nonlinear system (1) contains the whole states. If the
Vo :{0|Vn (0) > (1— l)c}' traditional backstepping control method for strict-feedback

B systems is adopted, the algebraic loop problem will be
If 0 € v, then one has caused. To avoid this problem, the equation
/ < — o . ~ * ~ X -~ * =
V() < —1eVi(0) (33) T 6:(7) = 779 — ST i) — 97 i(7)
From (33), one has + ¢ ¢i7) + 574&(2)
TVn(Q) ! is adopted in (72). By employing this equation, NNs
/ VJ(O)dtg—/ wcd. (34) p . By employing this equation,
0o Va 0

According to (34), one has

concluding state variables ¥; appear. Then, the property of
RBF-NNs is utilized to design the controller.

@ Springer
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Remark 11 According to the Lyapunov stability theorem,
the above theorem presents a result on AFT prescribed
performance control strategy. Obviously, the tracking error
can converge to a prescribed range by designing reasonable
FTPF. It theoretically ensures that the tracking error can
converge to a prescribed range in the finite-time. In addi-
tion, it should be noticed that the BLF may generate the
infinite control signal or even the actuator saturation, which
has been discussed in [49].

Remark 12 The AFT control diagram is exhibited in
Fig. 2. It can be seen that an observer (12) is designed for
the considered nonlinear system (1), which can estimate the
unmeasurable states. And then, utilizing the state estima-
tion, we introduce the finite-time performance function
p(t) and the reference signal y,(¢) into the backstepping
design procedure to obtain the virtual controller, the
adaptive law and the actual controller. We summarize the
algorithm in this paper as follows

Step I: Choose the vector K = [k1, k, . . ., kn]T, such that
A is the Hurwitz matrix. Furthermore, by solving equation
(11), we can get the positive defined matrix W.

Step II: Select the initial conditions such that the initial
tracking error is smaller than the initial value of FTPF.

Step III: Specify suitable designed parameters, such as
¢; >0,0; >0, y; >0and @, > 0. And decide the virtual
control signal o; and the parameter update law I';.

Step IV: Specify suitable designed parameters, such as
¢i>0,0; >0, y; >0 and @w; > 0. And decide the virtual
control signal o; and the parameter update law
Fi(i=2,...,n—1).

Step V: Specify suitable designed parameters, such as
¢ >0,7>0,06,>0, g, >0 and 0<o<1. And decide

the control input u and the parameter update law I,

4 Simulation examples

In order to verify the reliability of the designed controller, a

numerical example and a practical example are given.

Example 1 Choose a nonstrict-feedback nonlinear systems

{ (1) = 1o(t) + sin g1 13,
() =u+ (1+11)1,

where y; and y, represent the system state, u is the system
input, and the boundary of constrained space is selected as
ke, =15 and k., = 1.65. The ideal reference signal
ya = 0.5sin(¢). In this example, Gaussian functions contain

(37)

Fig. 2 Block diagram of the Nonstrict-feedback Nonlinear
developed control strategy S
ystem
u ; Zl(t)=Zl+l(t)+f;(Z(t))’ l.:1,2,.‘.,n—1
X, @) =u@®)+ 1,(x (@),
BUEFAGN
Observer
u R R n . V=7,
: »| | 2(0)= A7)+ Ky(t)+ Y BT (2(0)) + Bu() le—2"
r, @(@=L...,n =l

yO=Cx .

Backstepping control procedure |

Virtual control function o, and adaptive law ["1

signal

Virtual control function ¢; and adaptive law fi

ki Desired
I
I
I
|
I

D Finite-time
Iq_ Performance
Actual control input 7 and adaptive law ', I function
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eleven nodes with centers b; evenly in [—5,5] and widths
b;=1.
Define the FTPF p(¢) as

1
{pm = (sh— 1) +pr, 0<I<T, 38)
pTa tZTr

Withlfn, ¢=0.7, py =0.6 and p; = 0.025. It should

be noticed that the set time of ﬁmte time performance
function can be calculated as 7, = TU = 8.5839 seconds.

Design ay, u, I'y and I'; as

1-0
20(K, - )

20-1 4 T
% == 2 €17y —I'iéi(n)
3 14+ y°
_wzl +_parctan(v),
4p i
20—1
u=——22_ T —kaey + 7, — %
(5-a) -4
(kbz ) FT¢ )
-3 ?
oim(l+
1 :%Zl(bl(}fl)_ﬂlrla (41)
(it —3)
. P} 7
I —&('{222—,&25- (42)

)
ky, —

Choose the NN state observer as

—— y(t) in this paper |
——y(t) based on DSC

12797
2.5 T T T T T
2F —— =k 1
x1(t) in this paper
8 L - X1(t) in this paper []
g 1+ x1(t) based on DSC|
5 ost ___'_kc'
o
é -0.5F
2
B S mmmmm
2t -
25 . . . . .
0 5 10 15 20 25 30
Time (sec)
Fig. 4 Trajectories of y; and j,
25 1
N
2r X2(t) in this paper | T
sE-""7 1~ ——eme X2(t) in this paper
(

System state and its estimation

t) based on DSC

Ase W VW __ Al _____Y_____
2F J

251 i

0 5 10 15 20 25 30
Time (sec)
Fig. 5 Trajectories of y, and j,

0.8 T T T T T
i — — —-The upper bound

06 \ —— w(t) in this paper| ]|

04 I\ —— w(t) base on DSC| |

Tracking error

-0.2

0.2

0

— — —-The lower bound

2t ]
= _— —kc
g 1
b=
2 0 :
&
2 =~
g -1p 1
[_4
H0-5 —— 04 .
-2 104 -0.5 E
0.3 -0.6
; 7 ) 8 ) 9 16.5 I17 17.5I 18 18.5
0 5 10 15 20 25 30
Time (sec)

Fig. 3 Trajectories of y and y,

Fig. 6 Trajectories of @

-0.4 1 E
!
i
0.6 F -
08 L L L L L
0 5 10 15 20 25 30
Time (sec)
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AN
14
o 04
-1 4
-2
2
30
X1 220 Time (sec)
Fig. 7 State trajectories remain in the constrained space
6 T T T T T
u(t) in this paper
4r u(t) based on DSC| 1
=
=]
.2
2]
E
=
o
@)
-6
8 L L L L L

Time (sec)

Fig. 8 Trajectories of u

W=tk —n)+T7e(7),
(43)

Za=u—ka(7) — x1) + I3 (7).

The parameters are selected as ¢ =99/101, 7 =1,
01 =0,=0.5, uyy =p, =0.5, c; =15, ¢ = 18, k; =20,
ky = 50. [71(0), 22(0)] = [0.3,0],  [7(0), 2(0)] = [0,0],
I'1(0) =T,(0) = [O,O,O,O,O7O7O,O7O,O,O]T.

To verify the effectiveness of the developed controller,
figures (Figs. 3, 4, 5, 6, 7 and 8) have been displayed for
this example. Figure 3 exhibits the tracking performance of
the considered system. Figure 4 plots the system state y;
and the estimation j,. Figure 5 depicts the system state y,
and its estimation j,. Figure 6 shows the tracking error, and
it can be seen the tracking error remains in the prescribed
range. Figure 7 depicts the constrained space and states
trajectories remain in the constrained space. The system
input u is exhibited in Fig. 8. It should be noticed that the
designed parameters, the initial conditions, the centers of
the receptive and the width of Gaussian functions based on

@ Springer

DSC in [11] are selected the same with the controller
proposed in this paper. Form Figs. 5 and6, we can see that
the trajectory of the tracking error w(¢) based on DSC in
[11] is out of the prescribed range and y, based on DSC in
[11] is out of constraint interval. Thus, the control
scheme developed in this paper can ensure the full states
and the tracking error do not violate constraint conditions
and prescribed range, respectively.

Example 2 Based on the designed adaptive NN control
scheme, the model of the electromechanical system
exhibited in Fig. 9. Its dynamics can be modeled as the
following form in [40]

, . . (44)
Ve —RI — KBq + AZ(qa 6],1) :Lla
where
ot N mLy  MoL} ZMORg,
K. 3K, K. 5K,
L, MyL B
N — miog oLog B= _0,
2K, K. K,

and 7 represents the motor armature current, V, is the input
voltage, and g represents the angular motor position. To
consider the influence of the model error on the real sys-
tem, 4; and 4, denote the model error, respectively. The
parameters of the electromechanical system are shown in
Table 1.

Define 3, = q, y» = ¢, y3 = I and u = V,.. Equation (44)
is transformed as

(1) =12(1),

. 1 B N . B .
1o(1) =503 = 4 p 00 = 3sin gy o cos psin s,
. 1 K R

15(1) DA R €3

(45)

In this example, we give y; = 0.5sin(¢) + sin(0.5¢). The
Gaussian functions in this example contain nine nodes with
center b; evenly in [—4,4] and widths b; = 1. And the
prescribed performance function keeps the same as
Example 1. Furthermore, the design parameters are chosen
356:97/101,’521, 51 :52:53:1, C1 :8, 62:10,
c3 =12, k1 =20, ky, =40, k3 =50, l:f—3, 0=0.7,
po = 0.6, pr = 0.05 and T, = 8.5839.

Meanwhile, the initial values are selected as
1(0) =03, 5(0)=-1, x(0)=-1, 7(0) =03,
72(0) = —1, 73(0) = 0.3, I'(0) = I2(0) =

I;(0) = [0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1]".
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Fig. 9 Schematic of
electromechanical system R L M 0° Ro
rwW—II
m,L,
g

+ o \ J

v, K..K, I/l 47 Y

—_0

T 777
B
¢

Table 1 Parameters of the electromechanical system

Symbol Physical meaning Value

J Rotor inertia 1.625 x 10 Kg-m?
m Link mass 0.506 Kg

Ry Load radius 0.023 m

My Load mass 0.434 Kg

Ly Link length 0.305 m

Kp Back-emf coefficient 0.9 N-m/A

L Armature Inductance 25 x 10° H

By Friction coefficient 0.01625 N-m-s/rad
R Armature resistance 5Q

K. Conversion value 0.9 N-m/A

g Gravity coefficient 9.8 N/ kg

Tracking performance

25 L L L L L
Time(sec)

Fig. 10 Trajectories of y and y,

Figures 10, 11, 12, 13, 14 and 15 give the simulation
results of the designed AFT control scheme. Figure 10 is
described to show the tracking performance of the consid-
ered systems. The system state y, and the estimation 7, are
shown in Fig. 11. Figure 12 shows the system state y, and
its estimation j,. And the system state y; and the

System state and its estimation

Time(sec)

Fig. 11 Trajectories of y; and j;

2.5 T T T T T
2t ——=ke
[T O
.§ 2 — Xa(?)
2
S 05 .
T 0 1
<
2
s -05
172}
1
>
@ st .
2F 4
25 . . . . .
0 5 10 15 20 25 30

Time(sec)

Fig. 12 Trajectories of y, and j,
estimation j; are exhibited in Fig. 13. Figure 14 depicts
the tracking performance, and we can see that the tracking

error remains in the described range. The control input u is
depicted in Fig. 15.
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System state and its estimation

Time(sec)

Fig. 13 Trajectories of y; and j3

0.8 T T T T T

— — —-The upper bound
T\ — The tracking error w(t)
\ — — —-The lower bound

0.6

0.4

02 F

0

Tracking error

02F / 1
04! 1

-0.6

08 1 1 1 1 1
0 5 10 15 20 25 30

Time (sec)

Fig. 14 Trajectories of w

Control signal

0 5 10 15 20 25 30
Time(sec)

Fig. 15 Trajectories of u
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5 Conclusion

This article has investigated the AFT prescribed perfor-
mance control for nonstrict-feedback nonlinear systems
subject to unmeasurable states and full-state constraints.
The unmeasurable states are estimated via designing an NN
observer. Meanwhile, the BLF method has been introduced
in the process of the backstepping design, and the con-
straint condition is satisfied. It has been proven that the
developed NN control strategy can ensure that the con-
trolled system is SGPFS and the tracking error can con-
verge to a predefined interval. Moreover, the DSC
technique is utilized to address the complexity problem.
Therefore, it has enriched the adaptive NN control theories
of the nonstrict-feedback nonlinear systems.

Appendix 1

By (15), Vo is calculated as

%@z—ﬁm@m+wmwiﬁmmm o

+2¢" ()W (L + af).

According to Lemma 1, Assumption 2 and
é7 (X)p;(X) <3, the following inequalities hold

n _ R - n ~T ~
2e()' WY Lipy(2) <SIWIPY it llel”, (47)
i=1 i=1
2e(t) WEIWIPIIC N + [le]|, (48)

2e(t) Waf < (IIWI2 zn:l,-z + 1) el (49)
i=1

where * = [¢,..., )"
According to (47, 48 and 49), it yields

Vo< —e(1)' Qe(r) + <||W||2Zli2 + 3> le]|?
i=1
n
* ~ o
IWIPIE I + SIWIP D 1T (50)
i=1

n
~ =
< — qollell* + SIWIP S I T + M.
i=1

Appendix 2

Step 1: From (1), (5) and (17), Z; can be given as
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L _n(l -y 2 N S
o =" Gy -y = 2 parctan() e R XCRIE )
b — 21
(1 + %) a(l+¢%) o, 23 G7)
==Lttt — v < T TV) 22 e,
2p 22p(ky, - z7) v !
2
+e+{ — Eﬂ arctan(y)) (51) From (54)—(57), (53) can be written as
2
ﬂ(1+lﬂ2) «T 1 (o V<V +MZ o — v, +ITh (7
= 2 (2t +c+T7 (%) 1=Vo 20( —22) 1o — Vg 161 (1)
. . . ST, 2
= Iy () + T () + T ¢ () + G +wm - g/r')arctan(lp)) —|—1||~‘3H2
2 4p(kb1 —Z ) T 2
+ e, — y; — — p arctan .
2 =Yg P (¥)) ) (1 +y?) la
. +_||F & +7Z122+ C t3%
Choose a Lyapunov function as P(kbl )
1 K2, 1 1o s (1 +y?)
Vi=Vo+=1 T 5 i —o15 z
1 o+t5 ngz +251 1 (52) ) (I (kgl ) ¢1(11))-
i | | (58)
where kp, = k., — Ao, and J; is the design parameter.
Obviously, V,>0 and I Tf 1 >0. In addition, Considering (18), it follows that
12, /(K2 —2)>1, that is , Llog » >0. Then, V>0 : LN
n/ (k) =) &g g Vi< —aqillel® + 3w F T+ M,
can be obtained. i=1
According to (51), thle derivative of V| yields o 2 2(1+ ) . (59)
o7 - 2 2\0 2 2
Vi= V(ﬂ‘kzz1Z1 2__FTF1 (ks =21)" 200k, —21)
S|
My =T 1,
;o a(l+y?) . s il ge
:Vo-i—mzl(%—yd-‘rm“r@z ) N 5
P, — 2 where q; = go — 5 and My = Mo + 3577 + 2T ||
T 2. The following first-order low-pass filter will be utilized
tetl+Ti¢(n) - Eparctan(tﬁ)) (53) o filter a; and to obtain 7},
n(l+y? . . . . @), + 2 = 01, 72(0) = 1 (0), (60)
+ﬁzl(rf¢1(%) - F1T¢1(Xl))
P, 1 where @, is a positive constant.
1 -7 - (1 + ¢2 A Define ¢, =y, — «;. According to (60), it is easy to
-5 I =4 ( 2 2 a¢1(11))- obtain y, = — <2, and then one gets
01 2p(k, —z7) V2 P g
. . . S2
According to (53), Lemma 1 and ¢; (X)¢;(X) <3, we can Q=N u= _w_2+ (), (61)
obtain
5 5 where
(1 +y7) Lol +y7) oy 1
G<5( )z +50 (54) Oy : Qo . Ooy . Ooy .
2002 —2)! 29,2 — 2y 1Tt Yo() = 2ty YA S PO
p( b z1) p( b z7) 2(4) 62111 or, 1 ayd)’d ay-d)’d
n(1+y?) n(l+y?) o, 1, : :
216, < = 4+ =c, 55 Step 2: According to (1), (5) and (17), 7, can be calculated
2@ - 22w ) e Y
n(1+y%) Lon(l+y?) o, 1 s
2169 < 24 =l 56 2=X—"
o e 3Gy T Al (50

=7 +hk(y—71) + T32(7) — 1
T (62)
=Ty $y(7)

— T3y (72) + Ty b2 (12) + f§¢z(f2) =72

=z3+ 3+ o + koey + F;Tﬁbz(f)
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2 s ~\T . n ~T ~
where 72 = (in.22) - Vo< — qulell® + SIWIP Y I T+ M
Choose a Lyapunov function as p
1 2 1 1 -t- 2% 2
Vo=V + 21 T Y 63 + + (uz+kze1—w
2 1+20gk%2_2%+22+252 212, (63) kgz_zg k2 2
where J; is the positive designed parameter, and k;,, will be + riT (7)) + %
given later. Similar to (52), V, >0 can be obtained. ka -2 (69)
From (62) and (63), one has n(1 +2) (K, - 22) 1,
. ) kz > z1) + ) 53
V2 V1+k2 (062+k2€1+23+ — Vs p( by _Zl)
by 3
SeTe My AT 1, €123
A I, h+—=I'T1+=-——5—>=%
+IT9() — s zasz() SR T R A 7
by
«T «T 2 (64) ~ L aros
+27(F $2(2) = I3 $2(12)) T 6262 _5_F2 (I2 = r22¢2(72))
kbz 2 2 by, — %2
. 1 -1, Substituting (19) into (69), one has
+C2C2_5_2F2(F2 2 _2 Zz(f)z( 2))- ubstituting (19) 69
by 2 . n ~T ~
. o Va< —aqullel® +SIWIP YT+ My
By Lemma 1, we can obtain the following inequalities =
2 F*T F*T 2 C1Z%” sz%“ I T~
ki 2 5 (I3 §2(7) — I ¢(22)) — @27 — @ —ar + §F2F2
s s (65) | : (70)
T2 ~ %112 1 1
< =i, LY &S O S B
2(k, — 23) : +51F1F1+52F2F2+2*2+2*3
22 2y 1 2 . G2 2233
G < +5¢3, 66 +,2<——+Y2(~))+7
B -3k -7 27 (66) m 8 -3
2 R The first-order filter is designed as
Z 3.7 g
k2 s Ty (7) < = 7t Dl (67) ’
by 3 2(/%2 - Zz) @373 + 73 = %2, 73(0) = x2(0). (71)
According (65)-(67), one has Define 53 =17, — ap. According to (71), we can obtain
. . z . N = Wthh implies
Vo<V, +kzizzz(0€2 +kaer — 5, + T35 (12) s P
b T %2 3
G =73t =——+1(),
Q+1)z, 1, TJr- 23 .5 TR @3 ()
+ 73 2)+§§3+§F2F2+_||F2||
Kk, — 23 T where
| (68)
~T , - 0oy - ooy - Ooy - Oolp - Qo
ot = g B g i) )= Qg Gy Wb g Onp Om
275,00 k,%z —3 7 O =g T e,
n 2213
kiz — 7 Stepi 3<i<n—1): By (17), 7 is
whereMzle—l—%HF;Hz. =1 — i
And then, we can obtain =it F ki —71) + F,T¢z(7) -,
=2Ziy1 +Cip1 + % + kier + FjT(f’i(i) (72)
~T ~ * A ~
=TI (1) - FiT¢i(Xi) + FiT(f’i(Xi)
NT o .
+ I i) — Vi
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Choose a Lyapunov function as
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H 1

+1J+——T
27025,

I I (73)

Vi=Vioi+ 2 log k2
where J; is the positive parameter, and k,, will be given
later. Similar to (63), it can be seen V; > 0.

From (72) and (73) one has

Vi=Vii+—5—s 2 5 (0 +kaer + zig1 + G
b; z
. ~ 3 ~T ~
— i1 T (1)) — Wpi ¢i(7)
b i
Z T ST s (74)
+ o (17 () = I (7))
ky, =z
1 ~T hd 5[ Fay
+ 5isi 51 Fi <Fl kZ‘ Z,-z Zl(rbl(xi)) .
Similarly, it yields
k2 (F*T¢ (7) — I (7))
LA Yo "
= 2(k;, — ) !
Zi Z,-2 ~
klz,l — 12 Qt+1 2(k2 _ )2 + = ) Si+1» (76)
2 ~
Zi ~T . Z 3 T ~
— I ¢; L —I.T;

The first-order filter is designed as
= %, 7i41(0) = 2:(0). (78)

o;. According to (78), we can obtain

@it1Yir1 T Vit

Define ¢;y = 71 —

Vi1 = —L‘ which implies
. . . Cit1
Citl = Vit — % = — = + Yi+1(’)>
Wi+]
where
Oo; » aa, . L Q.
Yiir( Z 7 7, Fj - 2. oy,

Substituting (75)—(77) and (19) into (53), it yields

n i
; 2, = 2 Pl 1
Vi< —aillel” + SIWIP YT+ Y5 ek
i=1 J=1

Z“’F e
J

where M; = M, + 273 ||Fl*||2

Step n: From (1) and (17), the derivation of z, is given

as
G =u+koer + T5$,(7) = I, 9,(7) 50
ST,
+ Fn qsn(/() — Vi
The Lyapunov function is given as
1 kp 1 1 -r-

V,=V,_ 1 —24+—T T, 81

1+= ng2 +2$"+25n i (81)

where 9, > 0 is a designed parameter. Similar to (73),
V, >0 can be obtained.
According to (80) and (81), one has

V —Vn1+k ( +knel_yn+FT¢)n( ))
b, n
k2 — F 0 () + a8 (82)
1 -1, . On .
I, -2 ;
5n n( n k[%n _Z%an)n(/())

From Lemma 1, it yields

~T "
Fn¢n( )Z < Zi
ko =z 20k, —2)

From (79), (82) and (83), one gets

n

. ~ ~T~

Vo< —aullel* + SIWIP> i T+ M,
i=1

n— 0

<n

1
5 5 (u + kpey — 7,
— k k
Zn (k]%,, - Zn)Zn*I 2
( b, Zn) Dot T n—1
(84)

n—1 L =T n711 s n °§~T~
; J
=Y shini+ ) s+ SIT
i=1 "t i=1 i=2
n lad
G
D ICICESS10)
i—2 @i

1 -1, o

-r Fn_i n v .
50— (1)

n

Considering (21), it yields
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. - "L T~ 1
Vo< — el + SIWP Y FIF 43k
p =1

n n 20
f; =T ¢z
=) Iili—) ——5=% (85)
25 h T Lo
Y Sy, SR M
+Z2:Ci _E‘F l() +Zz:§ i+ M.

Acknowledgment This work is partially supported by National Nat-
ural Science Foundation of China (61673257), the Natural Science
Foundation of Shanghai (20ZR1422400), the China Postdoctoral
Science Foundation (2019M661322).

Declarations

Conflict of interest The authors declare that there is no conflict of
interest.

References

10.

. Zhou Z, Tong D, Chen Q, Zhou W, Xu Y (2021) Adaptive NN

control for nonlinear systems with uncertainty based on dynamic
surface control. Neurocomputing 421:161-172

. Yang Y, Peng JCH, Ye C, Ye Z, Ding Y (2021) A criterion and

stochastic unit commitment towards frequency resilience of
power systems. IEEE Trans Power Syst. https://doi.org/10.1109/
TPWRS.2021.3095180

. Liu H, Pan Y, Cao J, Wang H, Zhou Y (2020) Adaptive neural

network backstepping control of fractional-order nonlinear sys-
tems with actuator faults. IEEE Trans Neural Netw Learn Syst
31(12):5166-5177

. Wen G, Chen CP, Ge SS (2020) Simplified optimized back-

stepping control for a class of nonlinear strict-feedback systems
with unknown dynamic functions. IEEE Trans Cybern. https://
doi.org/10.1109/TCYB.2020.3002108

. Tymoshchuk P (2019) A neural circuit model of adaptive robust

tracking control for continuous-time nonlinear systems. In:
International Conference on Artificial Neural Networks, pp:
819-835. Springer

. Tymoshchuk P (2020) Optimal control for continuous-time scalar

nonlinear systems with known dynamics. In: 2020 16th Interna-
tional Conference on Control, Automation, Robotics and Vision
(ICARCV), pp: 695-700. IEEE

. Kanellakopoulos I, Kokotovic PV, Morse AS (1991) Systematic

design of adaptive controllers for feedback linearizable systems.
In: 1991 American control conference, pp: 649-654. IEEE

. Zhou J, Wen C, Zhang Y (2004) Adaptive backstepping control

of a class of uncertain nonlinear systems with unknown backlash-
like hysteresis. IEEE Trans Autom Control 49(10):1751-1759

. Tong D, Xu C, Chen Q, Zhou W, Xu Y (2020) Sliding mode

control for nonlinear stochastic systems with Markovian jumping
parameters and mode-dependent time-varying delays. Nonlinear
Dyn 100(2):1343-1358

Zhou Q, Li H, Shi P (2015) Decentralized adaptive fuzzy tracking
control for robot finger dynamics. IEEE Trans Fuzzy Syst
23(3):501-510

. Wang D, Huang J (2005) Neural network-based adaptive

dynamic surface control for a class of uncertain nonlinear systems
in strict-feedback form. IEEE Trans Neural Netw 16(1):195-202

@ Springer

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

Liu Y, Su C, Zhou Q (2021) Funnel control of uncertain high-
order nonlinear systems with unknown rational powers. IEEE
Trans Syst Man Cybern Syst 51(9):5732-5741

Wang H, Liu PX, Zhao X, Liu X (2020) Adaptive fuzzy finite-
time control of nonlinear systems with actuator faults. IEEE
Trans Cybern 50(5):1786-1797

Wang T, Wu J, Wang Y, Ma M (2020) Adaptive fuzzy tracking
control for a class of strict-feedback nonlinear systems with time-
varying input delay and full state constraints. IEEE Trans Fuzzy
Syst 28(12):3432-3441

Zhang Y, Wang F, Yan F (2021) Fast finite time adaptive neural
network control for a class of uncertain nonlinear systems subject
to unmodeled dynamics. Inf Sci 565:306-325

Li YX, Yang GH (2018) Adaptive neural control of pure-feed-
back nonlinear systems with event-triggered communications.
IEEE Trans Neural Netw Learn Syst 29(12):6242-6251

Peng J, Ding S, Dubay R (2021) Adaptive composite neural
network disturbance observer-based dynamic surface control for
electrically driven robotic manipulators. Neural Comput Appl
33(11):6197-6211

Zhang J, Li S, Ahn CK, Xiang Z (2021) Adaptive fuzzy decen-
tralized dynamic surface control for switched large-scale non-
linear systems with full-state constraints. IEEE Trans Cybern.
https://doi.org/10.1109/TCYB.2021.3069461

Tong Y, Tong D, Chen Q, Zhou W (2020) Finite-time state
estimation for nonlinear systems based on event-triggered
mechanism. Circuits Syst Signal Process 39(7):3737-3757

Liu X, Tong D, Chen Q, Zhou W, Liao K (2021) Observer-based
adaptive NN tracking control for nonstrict-feedback systems with
input saturation. Neural Process Lett 53(5):3757-3781

Li Y, Yang T, Tong S (2020) Adaptive neural networks finite-
time optimal control for a class of nonlinear systems. IEEE Trans
Neural Netw Learn Syst 31(11):4451-4460

Wang A, Liu L, Qiu J, Feng G (2020) Finite-time adaptive fuzzy
control for nonstrict-feedback nonlinear systems via an event-
triggered strategy. IEEE Trans Fuzzy Syst 28(9):2164-2174
Huang Y, Jia Y (2019) Adaptive finite-time 6-DOF tracking
control for spacecraft fly around with input saturation and state
constraints. IEEE Trans Aerosp Electron Syst 55(6):3259-3272
Zheng S, Li W (2019) Fuzzy finite time control for switched
systems via adding a barrier power integrator. IEEE Trans
Cybern 49(7):2693-2706

Qiu J, Sun K, Rudas 1J, Gao H (2020) Command filter-based
adaptive NN control for MIMO nonlinear systems with full-state
constraints and actuator hysteresis. IEEE Trans Cybern
50(7):2905-2915

Shao K, Zheng J, Huang K, Wang H, Man Z, Fu M (2020) Finite-
time control of a linear motor positioner using adaptive recursive
terminal sliding mode. IEEE Trans Ind Electron 67(8):6659-6668
Shao K (2021) Nested adaptive integral terminal sliding mode
control for high-order uncertain nonlinear systems. Int J Robust
Nonlinear Control 31(14):6668—-6680

Bechlioulis CP, Rovithakis GA (2008) Robust adaptive control of
feedback linearizable MIMO nonlinear systems with prescribed
performance. IEEE Trans Autom Control 53(9):2090-2099
Wang M, Yang A (2017) Dynamic learning from adaptive neural
control of robot manipulators with prescribed performance. IEEE
Trans Syst Man Cybern Syst 47(8):2244-2255

Bikas LN, Rovithakis GA (2019) Combining prescribed tracking
performance and controller simplicity for a class of uncertain
MIMO nonlinear systems with input quantization. IEEE Trans
Autom Control 64(3):1228-1235

Hua C, Liu G, Li L, Guan X (2018) Adaptive fuzzy prescribed
performance control for nonlinear switched time-delay systems
with unmodeled dynamics. IEEE Trans Fuzzy Syst
26(4):1934-1945


https://doi.org/10.1109/TPWRS.2021.3095180
https://doi.org/10.1109/TPWRS.2021.3095180
https://doi.org/10.1109/TCYB.2020.3002108
https://doi.org/10.1109/TCYB.2020.3002108
https://doi.org/10.1109/TCYB.2021.3069461

Neural Computing and Applications (2022) 34:12789-12805

12805

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

NiJ, Ahn CK, Liu L, Liu C (2019) Prescribed performance fixed-
time recurrent neural network control for uncertain nonlinear
systems. Neurocomputing 363:351-365

Yang Y, Ge C, Wang H, Li X, Hua C (2015) Adaptive neural
network based prescribed performance control for teleoperation
system under input saturation. J Franklin Inst 352(5):1850-1866
Chen B, Zhang H, Lin C (2016) Observer-based adaptive neural
network control for nonlinear systems in nonstrict-feedback form.
IEEE Trans Neural Netw Learn Syst 27(1):89-98

Tong D, Xu C, Chen Q, Zhou W (2020) Sliding mode control of a
class of nonlinear systems. J Franklin Inst 357(3):1560-1581
Han SI, Lee JM (2014) Fuzzy echo state neural networks and
funnel dynamic surface control for prescribed performance of a
nonlinear dynamic system. IEEE Trans Ind Electron
61(2):1099-1112

Liu Y, Su C, Li H (2021) Adaptive output feedback funnel
control of uncertain nonlinear systems with arbitrary relative
degre. IEEE Trans Autom Control 66(6):2854-2860

Xu C, Tong D, Chen Q, Zhou W, Shi P (2021) Exponential
stability of Markovian jumping systems via adaptive sliding
mode control. IEEE Trans Syst Man Cybern Syst 51(2):954-964
Qiu J, Wang T, Sun K, Rudas 1J, Gao H (2021) Disturbance
observer-based adaptive fuzzy control for strict-feedback non-
linear systems with finite-time prescribed performance. IEEE
Trans Fuzzy Syst. https://doi.org/10.1109/TFUZZ.2021.3053327
Liu Y, Liu X, Jing Y, Zhang Z (2019) A novel finite-time
adaptive fuzzy tracking control scheme for nonstrict feedback
systems. IEEE Trans Fuzzy Syst 27(4):646-658

Lu S, Wang X (2021) Adaptive neural network output feedback
control of incommensurate fractional-order PMSMs with input
saturation via command filtering and state observer. Neural
Comput Appl 33(11):5631-5644

42.

43.

44,

45.

46.

47.

48.

49.

Zhang H, Liu Y, Wang Y (2021) Observer-based finite-time
adaptive fuzzy control for nontriangular nonlinear systems with
full-state constraints. IEEE Trans Cybern 51(3):1110-1120

Xu C, Tong D, Chen Q, Zhou W, Xu Y (2020) Exponential
synchronization of chaotic systems with Markovian switching
and stochastic noise via periodically intermittent control. Int J
Robust Nonlinear Control 30(7):2611-2624

Wang F, Chen B, Liu X, Lin C (2018) Finite-time adaptive fuzzy
tracking control design for nonlinear systems. IEEE Trans Fuzzy
Syst 26(3):1207-1216

Wang F, Chen B, Lin C, Zhang J, Meng X (2018) Adaptive
neural network finite-time output feedback control of quantized
nonlinear systems. IEEE Trans Cybern 48(6):1839-1848

Lu Y (2018) Adaptive-fuzzy control compensation design for
direct adaptive fuzzy control. IEEE Trans Fuzzy Syst
26(6):3222-3231

Chen B, Lin C, Liu X, Liu K (2016) Observer-based adaptive
fuzzy control for a class of nonlinear delayed systems. IEEE
Trans Syst Man Cybern Syst 46(1):27-36

Li H, Zhao S, He W, Lu R (2019) Adaptive finite-time tracking
control of full state constrained nonlinear systems with dead-
zone. Automatica 100:99-107

Shao K, Zheng J, Wang H, Wang X, Lu R, Man Z (2021)
Tracking control of a linear motor positioner based on barrier
function adaptive sliding mode. IEEE Trans Ind Inf
17(11):7479-7488

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1109/TFUZZ.2021.3053327

	Observer-based adaptive finite-time prescribed performance NN control for nonstrict-feedback nonlinear systems
	Abstract
	Introduction
	Problem formulation
	System description
	Prescribed performance function
	NNs approximation
	Finite-time

	Main results
	Observer design
	Backstepping control design

	Simulation examples
	Conclusion
	Appendix 1
	Appendix 2
	Acknowledgment
	References




