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Abstract

Disturbance-observer-based adaptive neural control approach is proposed for nonlinear systems. Considering the effect
caused by long input delay and dead-zone, a novel auxiliary system has been introduced to degrade the design difficult.
Based on the auxiliary system, a novel disturbance observer is developed to estimate the unknown time-varying external
disturbance and the approximation error. What is more, the priori knowledge on the boundary of the disturbance and
approximation error is not required for the disturbance observer. The “explosion of complexity” problem has been
overcome by using dynamic surface control (DSC) scheme. By combing DSC scheme with backstepping technique, an
adaptive neural dynamic surface controller is correctly devised to improve the disturbance rejection performance of the
closed-loop system. Finally, the simulations of two examples show the superiority of the proposed scheme.

Keywords Neural networks - Dynamic surface control - Backstepping - Input delay - Disturbance observer

1 Introduction

Over the past years, many meaningful results have been
proposed for nonlinear systems control in [1-3]. However,
most of these results are obtained on the premise that the
uncertain nonlinearity in system are known or bounded by
known nonlinear functions. It should be pointed out that
this assumption is not applicable to practical applications,
because it is difficult to get the accurate system model or
the information of the nonlinear term in practice. To
overcome this drawback, the neural networks (NNS) and
fuzzy logic systems (FLS) are introduced to construct the
adaptive controller by combing the adaptive backstepping
method in [4-10]. However, in the process of backstepping
design, the “explosion of complexity” increases sharply
with repeating differentiation of the virtual controller in the
aforementioned results. Thus, the DSC scheme was pro-
posed in [11] and many meaningful research results have
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been developed for strict-feedback nonlinear systems in
[12-17]. However, some common phenomena such as
external disturbance [18, 19], time delay [20, 21] and non-
smooth nonlinearity [22, 23] bring great challenges to the
controller design of strict-feedback nonlinear systems.

In general, many actual systems often suffer from dif-
ferent external disturbances. These disturbances are usually
time-varying and unknown. As a result, it is difficult to
obtain their accurate information, and the difficulty of
system control increases sharply. The disturbance can
break the control performance of the closed-loop system
and even lead to disastrous results. Thus it is necessary to
consider the external disturbance rejection performance of
the closed-loop system. The authors in [24] first proposed
the disturbance-observer-based control (DOBC) strategy.
Unlike the general adaptive control approach, the distur-
bance observer (DO) can estimate the external disturbance
and provide valuable information for control law design.
Consequently, the robustness of the closed-loop system is
improved effectively by using DOBC strategy. Inspired by
the idea of DOBC, [25-27] proposed adaptive sliding ter-
minal control scheme for strict-feedback nonlinear sys-
tems. Furthermore, considering mismatched disturbances,
[28-30] proposed the disturbance rejection scheme for
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nonlinear systems. Recently, based on DOBC [31-33]
proposed adaptive neural/fuzzy control for strict-feedback
nonlinear systems, respectively. It should be noted that the
imperfections are unavoidable in the practical production
processes [34]. For instance, the authors in [35] proposed a
control scheme for imperfect electromechanical round
system. Furthermore, an optimal control approach for
imperfect electronic circuits system was considered in [36].
Although the real devices still operate well in regimes far
from ideality, the usual control approaches may useless. In
addition, the dead-zone problem has not been considered in
the aforementioned results. In contrast to time-varying
external disturbance, the input dead-zone is a typical non-
smooth nonlinearity problem, which often occurs in many
physical components of control systems [37]. However, the
control forces provided by the actuators are limited in
practice. Thus, the output provided by the disturbance
observer cannot be effective utilized by the control signal
when the input dead-zone appears. As a result, the closed-
loop systems will be unstable or even disastrous if the input
dead-zone is ignored. Recently, in order to solve the
problem of dead-zone in nonlinear systems, many mean-
ingful results have been developed by the researchers in
[38—41]. Although the input dead-zone problem has been
widely studied by the researchers, these issues rarely con-
sidered in the DOBC scheme. In addition, the control
schemes proposed in the aforementioned results cannot be
extended to strict-feedback nonlinear systems with
unknown time-varying external disturbance and input
dead-zone.

On the other hand, as a kind of time delay, input delay is
a common and inevitable phenomenon in practical control
systems [42-44]. When input delay occurs, the perfor-
mance of the closed-loop system will be damaged or even
be disastrous if the control signal cannot feedback the
information provided by the observer in time. However, the
traditional state delay control methods proposed in [45-47]
cannot be directly used to solve input delay. For nonlinear
systems with input delay, the authors in [48] extended the
predictor-based control approach to tackle input delay.
However, for the predictor-based control method, the state
of system is difficult to predict. In recent years, based on
FLS and the idea of Pade approximation, [49] considered
input delay and output constraint for strict-feedback non-
linear systems. Furthermore, considering strict-feedback
nonlinear with state constrained and input delay, [50]
proposed an adaptive tracking control approach by comb-
ing Pade approximation and NNS with adaptive back-
stepping technique. Later, the authors in [51, 52] developed
a compensation mechanism or combing compensation
mechanism with Pade approximation to degrade the effect
of the input delay. Nevertheless, the Pade approximation
approach is invalid for long input delay. In addition, most
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of existing results are invalid for strict-feedback nonlinear
systems with time-varying external disturbance, input
delay and dead-zone, simultaneously. Recently, [53] con-
sidered the input saturation, input delay and external dis-
turbance for state constrained strict-feedback nonlinear
systems. Unfortunately, if the long input delay or the dead-
zone problem occurs the proposed method in [53] is
invalid. Since input dead-zone and input delay are common
phenomena in practical systems, the disturbance rejection
ability is more in line with the robust performance
requirements of the closed-loop system, it is a significant
issue to consider strict-feedback nonlinear systems with
time-varying external disturbance, input dead-zone and
input delay. However, the aforementioned results cannot be
directly generalized to this issue, which prompted us to
carry out our research.

The aforementioned observation motivates us to discuss
disturbance-observer-based adaptive neural dynamic sur-
face control for strict-feedback nonlinear systems with
time-varying external disturbance, input dead-zone and
input delay. The main work of this paper is listed as
follows:

(1) Taking into account the effect caused by long input
delay and dead-zone, a novel auxiliary system is
introduced for the first time to degrade the design
difficulty in each step. Compared with [49-53] the
proposed method can tackle the long input delay.

(2) DSC is introduced to tackle the “explosion of
complexity” problem in each backstepping step,
which can reduce the burden of computation. The
radial basis function neural networks are introduced
to approximate the unknown nonlinear functions.

(3) Based on the proposed auxiliary system, a novel
adaptive disturbance observer is introduced for the
first time to estimate the unknown time-varying
external disturbance and approximation error in each
backstepping step. Unlike the usual disturbance
observer, the boundary information of the time-
varying external disturbance or approximate error is
not required for the disturbance observer design.
Compared with [28-33], the proposed method which
not only estimates the unknown time-varying exter-
nal disturbance and the approximation error caused
by the NNS, but also eliminates the effect caused by
input delay and dead zone. Furthermore, the closed-
loop systems show better robust performance.

The reminder of this paper is organized as follows: Sec-
tion 2 presents the problem and the preliminary results.
Section 3 discusses the design process of the controller and
the stability analysis. The simulation examples are con-
sidered in Sect. 4. Finally, a brief conclusion is given in
Sect. 5.
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2 Preliminary
2.1 Problem formulation

Consider the strict-feedback nonlinear system as

5t = £ () +xin () + di(r), 1<i<n—1
Xn(1) = fa (X (1)) + D(v(t = 7)) + (1) (1)
y(1) = x1(2)
where the state variable xi(t) = (1),
(1), x50 €eRi=1,2,---.n,  D(t—1))€R

denotes the control input with input dead-zone and delay,

where t represents the known constant or time-varying

input delay, the system output y(z) € R. For 1 <i<n, f;(-)

is unknown smooth nonlinear function, d;(t) represents the

unknown and time-varying external disturbance.
According to [38], D(v(?)) is defined as

m(v(1) — b), (D)2,
D(v(t)) =} 0, by<v(t)<b, (2)
m,(v(t) — b/), v(t) < b[

where v(¢) € R denotes the input to the dead-zone, and D(.)
denotes the output to the dead-zone.

Assumption 1 [38]: The dead-zone slopes m, = m; = m.

Assumption 2 [38]: The parameters m, b, and b; in (2) are
bounded, i.e., My <m<mpex , b, <b,<b,  and
b[mm <b;<b;  with muin, Myex, b b; . and b

max
being known constants.

Tmin

‘max Tmin > Fmax ? min

Assumption 3 [38]: The signs for m, b, and b; are known,
e, m>0,b. >0, b<O.

Then, we redefine (2) as

D(v(1)) = mv(t) +d(v(1)) (3)
where
—mb,, v(t) > b,
d(v(t)) = < —mv(1), by <v(t)<b, (4)
—mby, (1) <b

Based on Assumptions 1 and 2, the term d(v()) is bounded,
ie., [d(v(2))| < d*, with d* = max{mb,, —mb,}.

Remark 1 In practice, many systems can be described or
transform as the system (1), such as liquid level control
system [53], power systems [54], maglev suspension sys-
tems [55, 56], and so on.

Remark 2 Compared with the works in [28-33] which
only considered external disturbance, the effect of input
dead-zone and input delay was unconsidered. Compared
with the works in [49-53] which only focus on strict-

feedback nonlinear systems with input delay, however, the
effect of input dead-zone and the disturbance rejection
ability of the closed-loop system are ignored. In addition,
the developed method in [49-53] cannot work in long input
delay.

The main idea of this research is to establish a unified
framework of disturbance-observer-based adaptive neural
dynamic surface control scheme for strict-feedback non-
linear systems with time-varying external disturbance,
input dead-zone and input delay. Furthermore, the pro-
posed controller can show effective tracking performance
for the reference signal y,(¢) and the closed-loop system
shows better disturbance rejection performance.

Assumption 4 For 1 <i<n, the unknown time-varying
external disturbances d;(r) and its derivative d;(¢) satisfy
|d;(t)] <djy and \d,(t)| <dp, where diy and dp are
unknown positive constants.

Assumption 5 [57]: The reference trajectory y,() and its
time derivatives V() are bounded, ie.,

00 := {(va:Y:3a) + () + () + (a)” < Bo}. where By
is a positive constant.

2.2 Neural networks

In the process of controller design, the NNS are used to
approximate  the  unknown  nonlinear  function
f(Z) : R* — R. Assume that [ represents the number of
nodes in NNS, then f(Z) can be modeled by

fn(Z) = W O(Z) (5)

For Eq. (5), Z represents the input vector and Z € , C RY.
W eR! represents the weight vector and
W = [wi,wa, .o w]”. @(Z) = [51(Z),52(2),...,5(Z)] € R
is the basis function vector with s;(Z) (i=1,2,---,])
being the Gaussian-like function, i.e.,
Z—v)'(Z—w)

e B— (6)

Si(z) = exp [_ nz

where y represents the width of the Gaussian function, and

vi = [vit, vio, ...7viq]T denotes the center of the receptive
domain.

For f(Z) defined on a compact set Qz, according to
literature [7], there exists a suitable W*T®(Z) which
satisfies

f(2)=wTe(Z)+(2), VzeQy (7)

with
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W* = arg min{ sup |[f(2) — WT(15(Z)|} (8)

WeR! zZeQy

being the ideal weight vector and |0(Z)|<e (¢ > 0) being
the approximation error.

3 Control design

In this section, we first introduce a novel compensation
mechanism. Then, based on the compensation mechanism,
we will focus on the system (1) to design the disturbance-
observer-based adaptive tracking controller by using the
idea of backstepping technique and the DSC technique.

3.1 Compensation design

Firstly, we present the following auxiliary system to
compensate the effect caused by input delay and dead-zone
iy = My — by
i = Mgy — hify — gicipy—y, i=2,3,,n—1(9)
foy = —Tutty, = gn1bty—y + D(v(t — 7)) = D(v(1))
where hy — 158l > | op - Hoeltlzeal S 90—
2,3, ---,n—1and h, — &1l 1 >0,
Remark 3 1t should be noted that, if input delay 7 =0,
then p;(i = 1,2, ---,n) in (9) are zero when y,;(0) =0 .
Next, the following change of coordinate is employed in
the process of backstepping designing
A =X1—=Ya—
Zi =X — W — W,

10
i=23,,n (10)

where w; is the first-order filter output signal, which is
defined as

& + wj = o1, w;(0) = 1 (0) (11)

with &; being design parameter and o; being the first-
order filter input signals. The filter errors are given by

i=23,.,n (12)

€ = Wi — %]

Remark 4 1In (10), the change of coordinate is a compen-
sation mechanism, when the system has input delay the
auxiliary signal p; will be utilized to compensate the effect
caused by time delay at the last step.
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3.2 Controller design

According to the previous compensation design, the
specific design steps of the controller are described as
follows.

Step 1: Based on (1) and (9), the time derivative of z;
can be obtained that

=X — [y — Yy

. (13)
=fX) +x2 +di — o + Iy — Yy

Let x; be a desired virtual input, then we design the desired
feedback signal o as

af = —kizi —fi(X) —di — by + Y, (14)

Based on the idea of approximation by NNS, for given
¢ >0, a suitable neural network W;7®;(Z;) can be
selected to approximate the function f;(x), which satisfies
that

[ =WTD1(2)) +61(Z1),  [61(Z1)] <e (15)

where Z; = [x]]T and 01(Z;) denote the input vector and
the approximation error, respectively.
Then (14) can be rewritten as

of = —kizy — Wi @((Zy) — Dy — hypy + Yy (16)

where Dy = 61(Z;) +d; <& +dyy =D;. In addition,
based on Assumption 4 and the idea of NNS approxima-
tion, D; is bounded, i.e., \D1| <D .

Owing to W} and D, are unknown, thus Wl and 151 are
used to estimate W} and Dy, respectively. Then we design
the virtual control law and the adaptive law as

AT 2 .
oy = —kizy — W, ®1(Z1) — Dy — hypy + ¥y, (17)
W] =A121¢1(Z|)—0'1W] (18)

where A| = AlT > 0 and o; > 0 are the design parameters.

To deal with the problem of “explosion of complexity”
caused by repeatedly differentiating oy, let oy pass through
a given low-pass filter w,, which defined in (11) with the
filter time design parameter &, and the filter error e;
defined in (12). Then one can get

P 19
2 & (19)
and
: .. e . —e
622602—061:5—2—0(125—24-1‘42(') (20)
2 2
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where M(-) is a continuous function, and Mz(m,zz,ez7

oy 61] adl
—(g X +5rd + Wi+

Wlaydv)}da)}.dvDAlaﬂl) w1

Qo Ya+3 a“‘ Dl + gﬁ‘ ;). Furthermore, for any given By and

Oya
3, the sets @y 1= ({0, 32) : (0 + 0a)? + () < Bo}
0, =

is compact in R3, and
{(r 2+ Wi AW, +e2 <29} is compact in RM3

with N; being the dimension of WlT According [57], M,
has a maximum value B,.
Based on (10), (12) and (17), we can have
:WTT(DI(ZI)—FQ—FOC]+€2+D]+h1u1—yd ( )
21
= —kizi + W, ®1(Z)) + Dy + 2 + e

where W, = Wi — Wl and D; = D, —ﬁl represent the
estimation errors for Wi and D, respectively.

Furthermore, in order to estimate D;, an auxiliary
variable y, is introduced to design a DO, i.e.,

71 =21 — 01 (22)
with 0 being an intermedial variable defined as
o1 =p1y+ X2 =Yg — My + Iy (23)

where p; > 0 is a designed parameter.
According (21), (22) and (23), differentiating y,, then

71 =721 — 061 =W®(Z) + D1 — piy, (24)
Defining the DO as
Di=5L(y — 1) (25)

with /; > 0 being a design parameter, ¢, being an inter-
medial variable defined as

@1 = —pi7, + D (26)
Based on (24) and (26), differentiating D, then

Dy = LW T®,(Z,) + LDy (27)
Furthermore, one can get

Dy =Dy — LW ®,(Z)) — 1,D, (28)

From (24), (28) and (20), according to Young’s inequality
and Assumption 4, one can get the following inequalities
(29), (30) and (31) .

v = VlWTT‘pl(Zl) + 71Dy _Pl’/%

1o 1, 1
r_1||W1T|| ‘*‘EV%“‘—D%—PIV% (29)

<rl¢l?l 2

1 1 1 -
2 * 2 2
S_(Pl_rl¢1_§)7%+71||W1T‘| +§D1

D~1D~1 = D~1D1 — 11D~1W1*T€D1(Zl) — 11D~1D~1

1o 1. o B 2
< 3D\ 45D} + 7Dy +||WT|* — 1D,
-2 2 rt
1 2 1= B
< = (=5 —ndt +0)D; +5D7 + L[|
2 2 r
(30)

where |®1(Z;)| < ¢;, r1 > 0 is a design parameter.

6262 _62(5 )+62M2(ZI7Z27e27W17ydayd7yd7Dl7:ul)
2
Lo 1, 1y
< 76—2e2+2e JrzB2
(31)
Now, the Lyapunov function is taken as
1 1 1 1
1% 1 W AW o 32
1=30+5 LS 5Dl 56 (32)

It should be noted that the factor 1 5 is employed in the
Lyapunov function V;, which is often employed in the
backstepping design process. The main reason is that the
Lyapunov function takes the form of square, thus the
employed factor % is convenient for us to carry out the
theoretical derivation in the process of backstepping design
and stability analysis. In other words, the factor % can be
chosen the other positive constant, which might cause
inconvenience to the design process.
Differentiating V;, then

Vi =z (—kizy + WIT(D1(21) +Di+2n+e)— WlTAIIWI

+ 77 + DD + ez,
~ ~T o .
= —klz% tzaznt+ae+aDi+aW Wi+

+ D~151 + exér
(33)

Substituting (29), (30) and (31) into (33), and using the
complete squares formula, then
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. 1 1 1 )
2 2 2 2
Vl S _klzl +Z1Z2+§Zl +§ez +§Z1 +§ 1
- 01W1TW1 + 7171 + DDy + €26,
1
< — (k= 1)z = (pr =y _5)“/%
2
— (=1 —ri¢] +1,)D, (34)
1
(-1
(fz e
DO -
tan+aW W+ WP

r

Il o 1= 1,
+5Di +5D] + 5B
Step i (2<i<n—1): Based on (1) and (9), differentiating
Zi = x; — w; — W;, then
% = fi(X) + xip1 +di — D — piy A iy + g1y
(35)
Let x;.; be a desired virtual input, we define the desired
feedback signal o as
— kizi — fi(%) — di — hip; — g1y +
(36)

le = —Zi-1

As the first step, based on the idea of approximation, the
nonlinear function f;(X) can be approximated by
W:T®;(Z;), which yields

fi(®) = W 0i(Z) + 6:(2:),  10i(Z)| <& (37)

where 0;(Z;) and Z; = [x1,xp, - - - ,x,-]T denote the approxi-
mation error and input vector, respectively.
Substituting (37) into (36), then o can be rewritten as

of = —zioy — kizi — Wi T ®i(Zi) — Di — hip; — giptyy + @i
(38)

where D; =6;(Z) +d; <& +dy=D;. Based on
Assumption 4 and the idea of NNS approximation, D; is
D|<D; .

Because W/ and D; are unknown, thus we use Wi and ﬁi
to estimate W; and D;, respectively. Then, we design the

virtual control law and the adaptive law as

bounded, i.e.,

T 5 .
% = —zi-1 — kizi = W; ®i(Z;) — Di — hipt; — gi—114_y + O;
(39)

Wi = Nizi®i(Z) — oW, (40)
with A; = AiT > 0 and g; > 0 being the design parameters.

To deal with the “explosion of complexity” problem
caused by repeatedly differentiating «;, let o; pass through
the low-pass filter w;;; defined in (11) with the filter time
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design parameter &;,; and the filter error e;;; defined in
(12). Thus, one can have

. —€;
Wit = z s (41)
Cit 1

and
—Citl . eyl
= L — ai = !
Cit1 Cit
where M;;1(-) is a continuous function, and M;(-) =
Wi,

€ir1 = Wi — 0 +Mia()  (42)

Mi+l(zla"'aZi+17627"'7ei+17 7Wi7 ydaydv
S oY >) _ Qo - o O 1

ydlev"'vDimula"'nui)__(a_xixi—’_ a_z,Z’Jra_WlW’—*—
2;‘(’[)511 +§g"’_ D; +g—:ﬂi). For any given By and ¥, the sets

O := {(va:Yara) : (va)* + ()* + (a)* <Bo} s com-
pact in R* and ©; := {3, z7 + Wi AW, + e2, <20}
is in RN with N, being the dimension of WiT.
According [57], M, has a maximum value B, .

With the aid of x;11 = ziy1 + o + €41 + ;1 and based

on (39), then (35) can be rewritten as

Zi = —zi1 — kizi + WiT(pi(Zi) + D + ziv1 + e (43)

where W; = Wi — Wi and D; = D; — ﬁ[ represent the
estimation errors for W/ and D;, respectively.

In what follows, to estimate D;, an auxiliary variable 7,
is introduced to design a DO, i.e.,

Vi =% — 0 (44)
with o; being an intermedial variable defined as
Oi = PiYi + Xig1 — @i — Py + ity + gi 1y (45)

where p; > 0 is a designed parameter.
Based on (43), (44) and (45), differentiating 7;, then

7i = WiT®i(Z;) + Di — piy; (46)
Let the DO be designed as
D; = L(vi — 1) (47)

with /; > 0 being a design parameter, ¢; being an inter-
medial variable defined as

¢i = —piyi + Di (48)
According (46) and (48), differentiating D;, then

l.ji = LW T®,(Z) + LD; (49)
Furthermore, one can get

lsi =D; — LW ®,() — I.D; (50)

Based on (46), (50) and (42), according to Young’s
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inequality and Assumption 4, one can get the following fu(%) = W*Tq5 (Z) +0u(Z), 100(Z)] < e (58)
inequalities (51), (52) and (53).

where 9,(Z,) and Z, = [x1,x2, - ,x,,]T denote the

V= ini*Td),»(Zl-) +7:D; _inz‘z

1 1 1
<rd?? +—||WT|* + 292 +=D* — py?
—rd)zyz—i_riH i || +2y1+2 i 17)), (51)
1 1 1
< —(pj — rid? — )92+ —|W TP + =D’
< = (=it =3+ WP + 3D

D:D; = DiD; — LDW; T &,(Z) — L,D:D;
1o 1 2 4 2152 1,2 «T'||2 32
ED +2Dz ri; D; +7iHWi || = LD; (52)

2 1 = 2 N
D; +50; + LW
1

1
< — (5l +1)D] +5

where |®;(Z;)] < ¢,, r; > 0 is a design parameter.

eir16ip1 = eipi (it f ) +ei M ()
i+1

1 1 o2 1 (53)
S é+1 [+1 +2 i+1 +2 l+1
Considering the Lyapunov function candidate be
1 1 1 1 1
Vi= W A7 "W+ < D 54
PRI i+37 D+ e 54
Differentiating V;
Vi = —zi1% — kizf + zizip1 + ziein + 2D
(55)

+ G;W,TW; + 97 + DiD; + ei 116111
Now, substituting (51), (52) and (53) into (55), one can get

1 - T A
—Diz + GinTW,‘

1
k2 + zizin + 20 + —efH + 2

Vi< —zis1zi — 2

+ 979 + DiDi + ei41€141

1 -
< = (= 1)F = (i = rid} = 7% = (=1 =g} +1)D;
1
_( - 1) €1 — Zi— 1Zi + ZiZit1 +0-1W W
Cit1
12+1 .
WP
1 1= 1
+2D +2D +2 r+l

(56)
Step n: According (1) and (9), the time derivative of z, as
Iy =Xn — On — [
= (%) + dw — Op + hafty, + gnr g +mv(1) +d(v(1))
(57)

As in step i, for given g, > 0, f,(x) can be modeled by a
suitable W' ®,(Z,), i..,

approximation error and input vector, respectively.
Substituting (58) into (57), then (57) can be rewritten as

=WTd,(Z,) + 0,(Z,) + dy — iy

(59)
+ hatty + gn-1 1ty +mv(t) +d(v(7))
Now, design the desired feedback control v* as
1
f=—(— -1 — ky n_W*T¢n Z,
=Dy — by, — gu1l— + wn)
where D, = 9,(Z,) + d, +d(v(t)). By using Assumption

4, the idea of NNS approximation, and taking |d(v(¢))| < d*
into account, one can get D, <¢, +d,y +d* =D, and
|Dn| is bounded, i.e., |Dn\ <D, .

Since W, and D, are unknown, we use Wn and ﬁn to
estimate W and D, respectively. Then, the desired feed-
back control is designed as

1 N
V=—("Z- _knn_WnT¢nZn
m( Zn-1 z (Z,) (61)
=Dy =ty — g1y + d)ﬂ)
and the adaptive law is designed as
- AnZn n( ) Gan (62)

where A, = A: > 0 and o, > 0 the design parameters.

Substituting (61) into (59), one can get
Z.n = —Zn—-1— ann + qu’sn(zn) + D~n (63)

where W, = Wy — Wn and D, = D} — DAn represent the
estimation errors for W) and D,, respectively.

Next, to estimate D,, an auxiliary variable y, is pro-
posed to design a DO, i.e.,

Tn =2Zn — On (64)
with o, being an intermedial variable defined as
On = Dn?y +my — W + hn,un + 8n—1ly—1 (65)

where p, > 0 is a designed parameter.
Based on (63), (64) and (65), differentiating 7,, then

’YI’I - W*qu ( ) + Dil pn?n (66)
Let the DO be designed as
D, =1, (Vn — @n) (67)

with /, > 0 being a design parameter, ¢, being an inter-
medial variable defined as
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@n = —PuVu + Dy (68)
Based on (66) and (68), differentiating ljn, then
D—ZW*T<D( ) + 1D, (69)
Furthermore, one can get

D, = Dy — LW ®,(Z,) — 1,D, (70)
Similar to Step i, according to (66) and (69) and according
to Young’s inequality and Assumption 4, one can get the
following inequalities (71) and (72).

Vn’)}n = VnW:T(pn(Zn) + VnDn _pnylzz

1 . 1
<r"¢nyn 7”WnTH2+ +2Dﬁ p”’yfl (71)

1

_W*T
D+ WS|4+ 5D

S _( n_rnd),zl_

\S] |

D~nD~n - ﬁnDn - lnDNnW:TQDn(Zn) - lnD~nD~n

PRI o P2 -
3 Du 5 Drt ndiD, WP =,
2 2
1 2 1= n *T
< —(—E—rnqs +1,)D +2D + ||W II?
(72)
where |®,(Z,)| < ¢,, rn > 0 is a design parameter.
Then, the Lyapunov function is taken as
1 1
Vo = W A 'w, D 73
Differentiating V,
Vn = Zn(_znfl knzp + W (15”( ) +D )

~T _ ~ . ~ ~
- WnAn IWﬂ + Vn'Vn + DnDn
~ ~T ~ . ~ =
- knzi + ZnDn + Uan Wn + Vnyn + DnDn
(74)

= —Zn—1%n

Consequently, substituting (63), (71) and (72) into (74), we
can have the following result

1 . S
—k,,z +z + = D +anW W + 1,7, + DnDy

Vi< — o1z 7 n

< — (= )%~ (pa = 1 )7

— (=1 =2 +1,)D.
21

n

— Zn— lZn+GnW W +— ||W:T||2

1 1=
D’ D’
+2 ,,+2 .

@ Springer

3.3 Main result

Based on the above detailed design procedures, now the
main result can be described by the following theorem.

Theorem 1 Based on Assumptions 1-5, for system (1) the
disturbance observer is designed in (25), (47), (67), the
virtual signals defined in (17), (39) for 1 <i<n—1, the
real controller defined in (61), and the adaptive law defined
in (40) for 1 <i<mn, which can ensure that all the signals
of the closed-loop system are bounded, and the tracking
error converges to a bounded compact set near the origin.

Proof Firstly, we design the following Lyapunov function
candidate to discuss the stability of the closed-loop system.

V:iVn :i Gz%l
i=1 i=1
(52

oo 1, 1o
W, AW, +=92 +-D;
A 1 Z’VZ 2 1)

Based on the fact W?WiS%HWi*Hz—%HW,-HZ

i=1,---,n, and differentiating V,, then

. n n o n 1
V=D =D+ oW, W= (0 =g} =)
i=1 i=1 i=1

—Z—l—r,qs +I)D Z( !

CH—I
P41, .
+z< w0t D)+zz

<= (k= 1)7 - Z%HW,-HZ - Z(Pi — i} — i
i=1

i=1 i=1

2
— Dej

—, 1
*Z*I*W 0D, =Y (—— e,
i—1 gH—l
1=
*T D D
+Z<( )IIW I1* 4= +3
+22 i+1
=—cV+d
(77)
where c=min{2(ki — 1) : 1<i<n Am‘x?}\,l).
1<i<n,2(p;— r,(f) ——) 1<i<n,2(— 1—r,¢i+l,):

1<i<n, (é—l) :1<i<n-—1}, and
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i P+ . 1
d= Z((“ )||WT| 4D +2D>
+ZZ i+1

Multiplying (77) by e on both sides, and integrating from
0 to ¢, one can get

V() < (V(O) — i) e+ d (78)

c

For (78), if t — oo, then e~ — 0 and V is convergent.
This means that all the signals z;, W, Vis D; and eiy) are all
bounded.

In what follows, we consider the boundedness of y;. Let
the Lyapunov function defined as

1 AL
=g+ [ [ Psao (79)
i=1 -T

Thus, the derivative of V), satisfies that

n—1

Vi < (1 — pry) + ;u;(ui+1 — Pilt; — 8i-14i 1)
+ thy (=Patty — grh]j“n—l +D(v(t — 1)) = D(v(1)))
O MO
:Z:“1—&WWHJ+Z;PWmﬂ+%D@U—ﬂ)—D@@»w
i MECI
< L (1F + 1ty
— 2
+ : (=pit) + (=putzy) + (mv(1 — 1)
—mWMMﬁ%WU—ﬂ—¢MDM+%W@W

1

2
5 ”H v(s)||"ds

11— g1l
< - —T)/ﬁ

+%Hdv(t—r)—dv(t) 2
T LT s
SO = [ 1961

Based on Assumption 3, we have

St — =) — av(e)| P < 5 (ldv(z — )P +[lav(0)] ) <
(81)

According to the Cauchy—Schwarz inequality, then

1 I 2 LR

3= =P <3 [ Iw)IPds (82)

Furthermore, substituting (81) and (82) into (80), one has

v, < —Zhu, (5-5) [ 1wepas

+EIIV'(t)|| +d?

(83)

where 7y
i=2.3,

In what follows,
£[[W(1)|[* in (83).

According to (10), (17), (18), (39),(40),(61) and (62), we
describe v(¢) and v(¢) as
V(1) = G (201,20 Was D) + Gty + Gty + Lalen)

(84)

- 1—gi|+|1—gi-
I 1 TR

_ \lfg,,,]| _
logmi] _ g,

_ [1-gi]

- hl - 77 )
-yn—1,and h, = h,
we consider the boundedness of

V(t) = CS (Zn—27 Zn—152n; Wn—la Wna D11) + Z CSj(Za W),uj

=

+ Cé(Mn(')7 e") + €7(Z’ W)V(I - T)

(85)

where {;(.),0(.), -, ¢() and Gg()(1<j<n) are C!
functions. Due to the fact that z,,_», zZ,_1, Zn, Wn 1» W,,, Dn ,
D,, e, and M,(.) are all bounded, therefore, one can obtain

that
|Ci||SKiai:1a2a"'77and||Cik”SKjk (86)

where x; and xj, (j=8;1<k<n) are the positive
constants.

2 2
VO < (G + 2l tamr + 1G], + 1[alen)]])
S (Kl + Kztun + K3:un—l + K4)2
§4K% + 4K§un + 4K3,un L+ 4’921

<K+ Klzﬂi + K3:un—l + 1
(87)

where x| = 4K%, Ky = 41{%, Ky = 4K§, and K, = 41@21. Fur-
thermore, for v(z — 1) it satisfies that
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T) + Ky
(88)

v(t = )| > <&} + Ky (e — 1) + 0yl ( —

From (85) and (88), the upper boundedness of ; [[v(7)] |* can
be estimated by

an( [ \|55+Zcx, o W
+ L6(Ma(.), €n) + G (2, Wv(r — o)

4 (15 +”ZK8,,“, + 1 + K3V (1 = 7))

mlﬁ

T
(412 + 43 (k) + 1) + 1 44 Z ng,uj

m

+ A (1 — 1) + AR (1 = 1)

n
T
< B(K/s + ) K+ Kt — 1)+ Ky (1= 1))
=1

(89)

where 16, =4k + 4306+ 1)+ oy = =
4k and K, = 4131,
According to (89) and rewriting (83) as

Zh,u, (5-5) | oRa+ e

/
+%ui,l<tfr)+d*2+fx’s
(90)

where h; = h; 7%K’8i A<i<n.
For the auxiliary system (9), let the Lyapunov function
candidate be

TKY | Y
Vi=Vo+—7> 3 12 (s)ds + - ,un (s)dsdf
1 Jt—1

‘m7/ 12 (s)ds +— //an )dsd0
V2 Ji—

Differentiating V,,, then

1 t

- 2 SdS+£K/+d*2+£IC/
Vs tfrlun l() ﬂ 4 [)) 5
(92)
where h; = h; (1<i§n—2), By = hyy +%K/7 — 1 and
hy = hy + K6 — o
By designing the parameters A;, f , v; and v,, we can
have
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~ 1
hi>o,ﬁ—% >0 (93)
Furthermore, one can get
1 t
/ 1¥(5)]Pdsd0
t—1J0 (94)

t t
<c swp [ s)Pds = [ vs)|Pas
Oeft—r,1] J1—1 t—1
t t
/ /,u,%(s)dsd@
t—1J0
t 1
<t sup / ,u,%(s)dS:‘C/ 2(s)ds, k=n—1,n.
Oelt—1t] J1—1 t—1

(95)

Consequently, the derivative of V,, satisfies that

Vv, < —Zhul (5-5) | we)pas

TK 1 Kl d
5 [ s (-5 [ o
-1 -1

2 Ty *2 T
W, (s)ds + -y +d= 4+ —
AR R

LN 1
S (A3 fmoran
t
(—7%> / / 2dsd0) — / 12 (s)ds
T ViJi— -1
- V2K7>—/ / 2 dsdeﬁ/f 2 (s)ds
(T ﬁ V2 Ji—1 Jo 'un71 ﬁ -1 'unil()

!
Ks

T *2 T
+ -k, +d+-x
g B
< —oVitk
(96)
where Q—Inln{Zh,,——T,%—V'l?“",l,%—v’l;%7 i=

1,2,---,n} and k = ﬁK4 +d*? +ﬂK5
By integrating (96) on both sides over [0, ¢], one can
obtain that

K K
Vi(t) < (Vi(0) = —)e ™ +— (97)
Q 2
From (98), we can conclude that y; is bounded, i.e.,
|:ut|<\/2 _K/Q)e OI+K/Q i:1,2,---,}’l.
(98)

According to (78), the signals z;, Wi, Vis D; and ey for
1<i<n are all bounded. Furthermore, from (17), (39),
(61) and (98) one can get o; and v are also bounded. Thus,



Neural Computing and Applications (2023) 35:4027-4049

4037

; is bounded which can be derived from the fact that e;,
and «;. Consequently, based on the boundedness of z;, u;,
w;, o; and v, one can get x; is also bounded. In particular,
one can get |y —y4|<|z1|+ |#;| which means that the
tracking error is bounded. From above discussions, we can
get that for 1 <i<n, all the signals of the closed-loop
system are all bounded. The proof is completed.

Remark 5 From above discussions, the tracking error can
be minimized by adjusting the design parameters k;, 4;, g;,
ai, pi» I; and &;, such that a good robust performance of the
closed-loop systems can be obtained. In particular, if we
increase the parameters k;, h;, g;, p; and [;, the tracking
errors will be decreased. On the other hand, if we decrease
the parameters of &;, g;, then the tracking errors will also be
decreased.

Remark 6 Based on the auxiliary system, the disturbance
observer is introduced to estimate the approximation error
and unknown time-varying external disturbance. There is
no need to know the boundary of the approximation error
or time-varying external disturbance.

Remark 7 The output information of the disturbance
observer is employed to construct the virtual control signal
and the real control signal. Then the control signal can be
adaptive adjusted according to the output of the disturbance
observer. Compared with the existing results in
[28-33, 49-53], the proposed adaptive neural dynamic
surface control scheme in this paper which not only esti-
mates the unknown time-varying external disturbance and
the approximation error caused by the NNS, but also
eliminates the effect caused by input delay and dead-zone.
Consequently, the disturbance rejection performance of the
closed-loop system can be effectively improved.

Remark 8 In practical applications, the proposed auxiliary
system can be constructed easily according to the number
of system state variables. The compensation signal
w;(i=1,2,--- n) in the auxiliary system can be used in
the virtual signals and real control signal. The stability of
the closed-loop system can also be guaranteed by choosing
the appropriate Lyapunov function and the setting
parameters.

4 Simulation

In this section, two examples of strict-feedback nonlinear
systems are given to show the effectiveness and charac-
teristics of the proposed method. Example 1 is a third-order
numerical example with constant input delay and dead-

zone used for a comparison with the proposed method in
[53]. Example 2 is an application example of third-order
one-link robot system with time-varying input delay and
dead-zone used to show the superiority of the proposed
approach.

Example 1 A third-order nonlinear system with time-
varying external disturbance, input dead-zone and input
delay described as the following form:

¥ = —xi — sin(x;) +x2 + di (¢)
X2 = X7 + x1x2 + x2c05(x1) + X3 + da (1)
X3 = 0.1x1xp¢™ + 0.5x3 cos(x1x2) + D(v(t — 1)) + da (1)

y=x

where d(t) = 0.5cos(t), dy(t) =sin(0.5¢) and ds(t) =
5in(0.2t) + 0.5cos(0.1¢) are time-varying external distur-
bance. The initial conditions x(0) = [0.5,0,0]".

The control object is to make the output to track the
reference signal y,; = 0.5sin(t) + 0.5c0s(0.5¢) with the
input delay being 7 = ls, and the dead-zone parameters
beingm =1, b, =2, by = —2.

Firstly, in order to verify the effectiveness of the pro-
posed method in this paper, a comparison with the pro-
posed method in [53] is carried out to test the tracking
performance for the reference signal.

The simulation parameters in [53] (please see [53])

which are selected as k; =20, k, =30, k3 =40,
A1 = 0.011, A2 = 0.02[, A3 = 0.011, g1 = 5, 0y = 8,
03 = 15, c] = 8, Cy = 10, Cc3 = 15, ll = 20, 12 = 20,

I3 =50, , =0.015, B, =0.01. The simulation result is
shown in Fig. 1.

From Fig. 1, one can observe that the system trajectory
x; can not track the reference signal y,;, and the system
trajectory x; is unstable when the input delay 7 = 1s, input
dead-zone, and external disturbances appear. The simula-
tion result shows that the control signal is completely
invalid when the input delay occurs. This means that, the
Pade approximation method is invalid for long input delay.

In what follows, we test the effectiveness of the pro-
posed method in this article. In the simulation, some
parameters are selected as above, let the parameters be
W1(0)= Wa(0)= W5(0) = 0.1, 7,(0) = 7,(0) = 13(0) =0,
1 (0)=15(0)=115(0) = 0, 1(0) = @(0) =0,
01(0) = 02(0) = 03(0) = O, k] = 20, k2 = 30, k3 = 40,
h] :2, h2:4, h3:3, 81 = 1, 82 = 1, A] :0.011,
A2 = 002[, A3 = 0011, g = 5, gy = 8, g3 = 15, pP1 = 8,
p2 =10, p3 =15, [} =20, I, =20, 5 =50, & = 0.015,
& =0.01. The Gaussian NNS are employed in the
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simulation, and the center of the receptive field is v =
[-5,-4,-3,-2,-1,0,1,2,3,4, S}T with the width n = 1.
The simulation time is 30s, and the simulation results are
shown in Figs. 2, 3,4, 5, 6, 7, 8, 9, 10.

Figure 2 draws the trajectories of the state x; and y,.

From Fig. 2, one can observe that under the input delay
T = ls, input dead-zone and external disturbances, the
system state trajectory of x; can track y,; quickly.

Figure 3 draws the state trajectories of x, and xs,
respectively. From Fig.3 one can observe that the state
trajectories of x, and x3 are all bounded with input delay
input dead-zone, and time-varying external
disturbances.

Figure 4 depicts the trajectories of z;, zp and z3 are all
bounded with input delay t = ls, input dead-zone and
time-varying external disturbances. This means that the
proposed adaptive controller can ensure that the tracking
errors converge to a compact set of the origin.

Figure 5 depicts the state trajectories of auxiliary system
fi1> fp and piy

From Fig. 5, one can observe that the auxiliary systems
WUy, o and p; are asymptotically stable. Therefore, the
compensation signals are bounded, which verifies the cor-
rectness of the theoretical analysis.

7= 1s,

Figure 6 displays the adaptive laws W;, W, and W5 are
bounded.

From the simulation result in Fig.6, although the input
delay and input dead zone exist in practical system, one can
conclude that the adaptive laws are all bounded. This

demonstrates the effectiveness of the proposed compensa-
tion mechanism.

Figures 7, 8 and 9 depict the trajectories of Dy, Dy, Ds,
D, D5, D, respectively.

From Figs. 7, 8, 9, one can observe that the proposed
disturbance observer can estimate the approximation error
and the external time-varying disturbance accurately and
quickly. This means that the proposed disturbance observer
can effectively provide the estimation information for the
adaptive controller, thus improving the disturbance rejec-
tion performance of the closed-loop system.

The control signal D(v(f — 7)) with T = ls is shown in
Fig. 10. It can be seen from Fig. 10 that the input signal is
bounded.

From Fig. 10, one can observe that the proposed con-
troller is bounded by using the compensation mechanism,
although the input delay and input dead zone exist in
practical system.

From the simulation results in Figs. 2, 3,4, 5,6, 7, 8, 9,
10 one can obtain that for input delay 7 = ls and the time-
varying external disturbance d;(r) = 0.5cos(t), da(t) =
sin(0.5¢) and d5(t) = sin(0.2t) + 0.5¢0s(0.1¢), and input
dead-zone, all the signals of the closed-loop systems are
bounded by using the proposed adaptive neural controller.

From the comparative results of Figs. 1, 2, 3,4, 5,6, 7,
8, 9, 10, one can observe that the proposed method in this
paper can tackle disturbance-observer-based adaptive
control for strict-feedback systems with long input delay
and dead-zone. At the same time, the proposed
scheme shows excellent tracking performance.

Fig. 1 The trajectories of x; and 250 T T T T T T
yq with input delay t = 1s using — gj}
the method [53] in example 1 Z
200
©
c
2
(7]
3 150} I
5
o
o
c
S 100} i
©
c
2
(2]
3
c 50 7
o
2
)
o
O ____________________
_50 1 1 1 1 1 1
0 1 2 3 4 5 6 7
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Fig. 2 The trajectories of x; and
yq with input delay 7 = 1s in
example 1

Reference signal and output signal

|
-

0 5 10 15 20 25 30
Time (sec)

Fig. 3 The trajectories of x;

with input delay © = ls in
example 1
1
|
|
I
|
| \ \
o 1 I \ I \
T -2F 1 v v
@ o Vo ! ,'
st vV 1 Vo 1 | |
1 1 Vg \ '
11 vy \
4 ' v \.’ .
1!
5k 1 1 i
'
_6 1 1 1 1 1
0 5 10 15 20 25 30
Time (sec)

Example 2 Consider a one-link robot system used in [58].
The dynamics model of the system with input dead-zone
and time-varying delay is described as follows:

where ¢ represents the link position, ¢ represents the
angular velocity, and g represents the angular acceleration.
I denotes the motor shaft angle and I denotes the velocity. v

DG + B + Nsin(g) =1 is the motor torque, and D(v(t — 1)) represents the input
MI+J1 = —Kpd + D(o(t — 7)) dead-zone and delay for control input v.
y=4q
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Fig. 4 The trajectories of z;,22 0.02 T T T T
and z3 in example 1 S PRI
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Let x; = ¢, x, = ¢ and x3 = I/D, we add the external
disturbances d;(t) = 0.3sin(t), da(t) = 0.2sin(2t) and
ds(t) = 0.3cos(t) and rewrite the system as

X1 =x -I—dl(l‘)

. N . B
Xy = ——sm(x]) — sz + x3 +d2(l)

D
. K, DJ 1
Xy == rXn = +MD(V(I —1)) +ds(t)

y=xi
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where D=1,B=1,M=1, K, =10, J =05, N=10
and x(0) = [0,0,0]".

The control object is to make the output to track the
reference signal y; = 0.5sin(t) with the time-varying input
delay being t©= 0.8+ 0.5sin(t)s, and the dead-zone
parameters being m = 2.5, b, =2, by = 2.

Let the initial conditions W (0)= W,(0)=
W3(0) = 0.01, 71(0) = 72(0) = 75(0) =0,
11 (0)=1,(0)=15(0) = 0, @1(0) = 0,(0) = 0,
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Fig. 6 The adaptive laws’ 0.1 T T T T T
trajectories Wy, W, and W in - Wl
example 1 -—— WQ
0.08} —_— |
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Fig. 7 The adaptive laws’ 1 T T T T T -
trajectories Dy, and Dy in — D
example 1
c
i
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01(0) = 02(0) = 03(0) = O, kl = 20, k2 = 10, k3 = 10,
h1 = 8, h2 = 8, h3 = 5, 81 = 2, 82 = 2, A1 = 000011,
A; =0.00011, A; =0.00011, =1, g, =1, 03 =1,
Pi :9, p2:9, p3=9, l[ :18, 12:18, 13218,
&1 =0.015, & = 0.01. The Gaussian NNS are employed in
the simulation, and the center of the receptive field is v =
[—5,—4,—3,-2,—1,0,1, 2,3,4,5]" with the width 5 = 1.
The simulation time is 30s, and the simulation results are

10 15 20 25 30
Time (sec)

shown in Figs. 11, 12, 13, 14, 15, 16, 17, 18, 19. The
trajectories of the state x; and y, are depicted in Fig. 11.
From Fig. 11, one can observe that under the input delay
7 = 0.8 4 0.3sin(t)s, input dead-zone and external distur-
bances, the system state trajectory of x; can track the ref-
erence signal y,.
Figure 12 draws the state trajectories of x, and x3.
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Fig. 8 The adaptive laws’ 5 T T T T T
trajectories D}, and D, in
example 1
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From Fig.12 we can see that the state trajectories of x;
and x3 are bounded with input delay © = 0.8 + 0.5sin(7)s,
input dead-zone and external disturbances.

Figure 13 depicts the trajectories of zj, z, and z3.

From Fig. 13, we can observe that all the signals of the
tracking errors are bounded by using the proposed adaptive
controller with input delay © = 0.8+ 0.5sin(t)s, input
dead-zone and time-varying external disturbances.

Figure 14 shows the state trajectories of auxiliary sys-
tem p,, 1, and us are asymptotically stable.

@ Springer

Figure 15 displays the adaptive laws W, W» and W5 are
bounded with time-varying input delay, input dead-zone
and time-varying external disturbances.

Figures 16, 17 and 18 depict the trajectories of ﬁ], Dy,
152, D,, ﬁ3, D5, respectively.

From Figs. 16, 17, 18, one can observe that the proposed
disturbance observer can estimate the approximation error
and the external time-varying disturbance accurately and
quickly.
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Fig. 10 The control signal 5
D(v(t — 1)) with = 1s in
example 1 0 b—
5}
-10F
— —15f
=
QR 20t 4
-25F b
30} i
_35} i
_40 1 1 1 1 1
0 5 10 15 20 25 30
Time (sec)
Fig. 11 The trajectories of x) 0.5 -~ \
I o ! T
and y,; with time-varying input g
delay T = 0.8 4 0.5sin(f)s in 04f! g
example 2 "
= 0.3 b
= I
D
2 o2 .
5 l
i)
3 o .
e} ]
c
) 1
<
oy
>
® -0.1f E
(0]
(&)
o
® 0.2 b
(0]
@
* _o3f .
-0.4¢ R
_0-5 Il Il '~ Il Il
0 5 10 15 20 25 30
Time (sec)

The control signal D(v(t — 7)) with T = 0.8 + 0.5sin(¢)s
is shown in Fig.19.

From the simulation results in Figs. 11, 12, 13, 14, 15,
16, 17, 18, 19, one can conclude that for the time-varying
input delay t = 0.8 + 0.5sin(¢)s, input dead-zone and the
time-varying external disturbance d;(¢) = 0.3sin(z),
dy(t) = 0.2sin(2t) and ds(t) = 0.3cos(z), all the signals of
the closed-loop systems are bounded by using the proposed
adaptive neural controller.

In order to illustrate the superiority of the proposed
method in this paper, a comparison with [52] and [53] is
carried out to test the effectiveness of the method in han-
dling different input delays. The reference signal is selec-
ted as above, and the comparison results are shown in
Table 1. In Table 1, the mark ¢ denotes the output signal
can track the reference signal, and the mark x denotes the
output signal cannot track the reference signal.
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Fig. 12 The state trajectory of

X, and x3 with input delay t =
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From the results in Table 1, one can observe that for the
smallest input delay, all proposed method are effectiveness.
However, if the input delay 7 > 0.1s, the method in [52] is
completely invalid, and the output signal of the system
cannot track the reference signal. The method in [53] is
superior to the method in [52]. However, if the input delay
T > 1.5s, then the closed-loop system become unstable for
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the method in [53]. For the proposed method in this paper,
the system state variables are still controllable when
7 <2.0s. From the results in Table 1, one can conclude that
the proposed method in this paper is super to the methods
in [52, 53].
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4.1 Comparative explanations

The proposed method in this paper gives an effective way
for strict-feedback nonlinear systems with time-varying
external disturbance, input dead-zone and input delay.
Compared with the existing results in
[13-16, 28-33, 49-53], the main advantages of the pro-
posed method can be summarized in the following three
aspects.

(1) The proposed compensation mechanism is conve-
nient to overcome the design difficulty on the input-

@)

3

delay systems theoretically. Unlike the Pade approx-
imation method which is invalid once the input delay
is long, the proposed method can tackle long input
delay.

Different from [28-33], the proposed control
scheme can not only estimate the unknown time-
varying external disturbance and the approximation
error caused by the NNS, but also eliminate the
effect caused by input delay and dead-zone.
Compared with the existing results in [13-16]
[49-53], the disturbance rejection performance of
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the closed-loop system can be effectively improved.
Especially, when the system has input delay and
dead zone, the robust performance of the system can
be effectively guaranteed.

5 Conclusions
In this article, based on the idea of DSC scheme and by

combing NNS with backstepping technique, we consider
disturbance-observer-based adaptive tracking control for

@ Springer

strict-feedback nonlinear systems with time-varying
external disturbance, input dead-zone and input delay. To
degrade the complexity and difficulty of controller design,
a novel compensation mechanism is developed to exclude
the effect caused by input dead-zone and input delay.
Based on the auxiliary system, a disturbance observer is
constructed to estimate the approximation error and the
unknown external time-varying disturbance in each back-
stepping step, and the effect of input dead zone and delay
can be eliminated. The “explosion of complexity” problem
has been avoided by DSC scheme. Finally, the simulation
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Table 1 The comparison T = 0.02s T=0.1s T=10s T=15s T =2.0s T=3.0s
between different methods
[52] | X X X
[53] 17 17 7 X X
This paper I I ' 4
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