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Predictor-based Neural Dynamic Surface Control of
a Nontriangular System with Unknown Disturbances

Yang Yang, Member, IEEE, Didi Chen, Qidong Liu, Member, IEEE, Tengfei Zhang, Senior Member, IEEE,
Aaron Liu, and Wenbin Yue, Member, IEEE

Abstract—For a class of nontriangular nonlinear systems in
presence of unknown disturbances, we propose a predictor-
based neural dynamic surface control (PNDSC) strategy in this
paper. This nontriangular system is transformed via the mean
value theorem, and a predictor is then constructed. To avoid
an algebraic loop problem, partial state vectors are employed
as input signals of neural networks (NNs) for approximating
unknown dynamics, and compensation items are designed to
compensate for approximation errors from NNs. Different from
the traditional NDSC, the PNDSC in this paper utilizes pre-
diction errors to update learning parameters for improving
NNs’ learning behaviors with overlarge adaptive gains. On the
basis of improved NNs’ approximation behaviors, a predictor-
based NNs disturbance observer (PNNDO) is constructed for
compensation for external disturbances and approximation er-
rors from NNs. Furthermore, with predictors, a normalization
method of weights is developed to reduce the number of online
learning parameters. On the basis of the aforementioned result,
measurement noises are taken into account in our predictor-
based neural control strategy. We employ predictor states, rather
than measurement information paralyzed by noises, in design of
our control strategy. This reduces high-frequency oscillations in
control input. A Lyapunov-based stability analysis shows that all
signals are ultimately bounded in the closed-loop system. Finally,
the effectiveness of the proposed control strategy is verified by a
numerical example and a permanent magnet brushless DC motor
system.

Index Terms—Adaptive control, neural networks, backstep-
ping, predictor-based neural dynamic surface control, nontrian-
gular system.

I. INTRODUCTION

Nontriangular nonlinear systems [1]-[4] have attracted sig-
nificant attentions in the control community due to their wide
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applications, such as electromechanical system [1], Chuas
circuit system [2], stirred tank reactor [3] and Brusselator
model [4]. The growing interest toward this class of systems
is not only owing to practical applications but also research
potentials. For example, most of existing control techniques
[5]-[13] are infeasible for such nonlinear systems in a direct
manner.

There exist challenges in the control methodology design for
nontriangular systems. One of remarkable features in triangu-
lar systems, such as pure-feedback systems, is that unknown
dynamics f;(-) of the ith subsystem contain states in the previ-
ous subsystems ;11 = [x1,Z2, -+ ,2;+1)7. In nontriangular
systems, unknown dynamic in the ¢th subsystem contains not
only partial state variables ;1 = [x1, T2, - ,2;1]7 but all
state variables Z,, = |21, 2, - ,7,]7. In the framework of
backstepping control schemes, a state variable ;1 is regarded
as a control input signal to the ith subsystem, and a virtual
control law «;y; is then constructed. For the existence of
a virtual control law, «;y; only contains the states in the
previous subsystems in a triangular system. On the contrary,
for a nontriangular nonlinear system, a virtual control law ;11
will be a function with all state variables if we use a traditional
backstepping scheme. The traditional scheme is not feasible
and will cause an algebraic loop problem.

To address the control issue, adaptive control strategies
with approximation, such as fuzzy logic systems (FLSs) and
neural networks (NNs), have been developed for nontriangular
nonlinear systems. Chen introduces a bounded funciton with
monotonically increasing property to propose variable sepa-
ration methods and develops adaptive FLSs and NNs control
methods for a nontriangular SISO nonlinear system [14][15].
Subsequently, Tong et al. [16] eliminate this restriction and
present a novel adaptive fuzzy backstepping design algorithm.
On the basis of the aforementioned results, further researches
have reported complex issues for nontriangular SISO nonlinear
systems, such as full state constraints [17], high-order nonlin-
ear [18], unmeasurable states [19][20], finite time [21][22] and
fault-tolerant control [23]. From SISO nontriangular systems
to MIMO ones, an extension method is developed via adaptive
FLSs and NNs control methods [24][25][26].

Many efforts are taken to improve transient performance
of NNs’ learning behavior in neural dynamic surface con-
trol (NDSC) approaches. In general, increasing the adaptive
gains can reduce the magnitude of tracking errors, and this
might cause undesired high-frequency oscillations and have
an impact on system stability [27]. For addressing this con-
cern, Peng et al. in [5] construct prediction errors between



predictors and system states to update NNs’ weights. On the
basis of the traditional surface errors signal updating method
[7], a predictor-based NDSC method provides an additional
adjustable parameter and improves transient behaviors of NNs’
approximation resulting in smooth control signals. Wang et al.
construct a predictor based on surface errors and use prediction
errors to update neural adaptation laws for approximating ideal
vectors [28]. Xu proposes a composite learning control scheme
with tracking errors and prediction errors for updating NNs’
weight parameters adaption [29]. The above-mentioned control
methods [25]-[29] indeed improve system performance, but
they are not able to deal with external disturbances.

Anti-external disturbances is another key topic in nontri-
angular systems. A nonlinear disturbance observer (NDO) is
employed to deal with their influences on nonlinear systems
for improving robustness of a closed-loop system [30]-[38].
The principle of an NDO is to estimate unknown disturbances
and introduce compensation [32]. An NDO is designed by
the difference between a state and an intermediate variable,
and the issue of mismatched disturbances in [33]-[34] is
addressed. Authors in [35] combine sliding mode NDO with
backstepping techniques and propose a robust constrained
control scheme for MIMO systems. Shao et al. in [36]-[38]
employ approximation property of NNs and construct a neural
network disturbance observer (NNDO) for estimating external
disturbances. These NNDOs not only fail to consider transient
performance of NNs’ learning behavior but also require a large
number of parameters to be tuned online.

Although many achievements have been made for nontrian-
gular systems and anti-disturbances in the existing references,
there still exist technical gaps. Most results are for a nontri-
angular nonlinear system without external disturbances, and
few efforts are made to control such systems against distur-
bances. To avoid an algebraic loop problem, parts of control
strategies are often based on strict assumptions [14][15], such
as bounded unknown dynamics with monotonically increasing
properties. Also, many existing references mainly focus on
the tracking problem of nontriangular systems, and they do
not take transient performance of NNs’ approximation into
account. In fact, scaling up adaptive gains indeed realizes
fast behavior for NNs’ learning, but overlarge gains may lead
to undesirable high-frequency oscillations. Furthermore, few
NNDOs are reported for nontriangular systems, and still lack
of improvement for disturbance compensation as well as for
reducing the number of online parameters.

Motivated by the above-mentioned results and gaps, we
propose a predictor-based NDSC strategy for a nontriangular
nonlinear systems in the presence of unknown disturbances.
A predictor-based NN disturbance observer (PNNDO) is con-
structed to compensate both external disturbances and NNs’
approximation errors, and a normalization method of weights
is employed to reduce the number of online parameters. The
contributions made in this paper are as follows.

1) For a nontriangular system in the presence of external
disturbances, a predictor-based neural dynamic surface control
(PNDSC) strategy is proposed. Different from nontriangular
systems only in the presence of unknown dynamics [16],
the plant in our paper is more complex due to external

disturbances. This kind of system is transformed via the
mean value theorem, and a predictor in this paper is then
constructed. Different from a predictor in a strict-feedback
system [5], an improved predictor in this paper introduces a
compensation item and a disturbance estimation. The purpose
of this improvement is to avoid the algebraic loop problem in
a nontriangular system without strict assumptions. Instead of
using surface errors, the proposed strategy employs prediction
errors from a predictor to drive NNs’ learning parameters. This
improvement avoids high-frequency oscillations in NNs’ learn-
ing behaviors caused by overlarge adaptive gains, compared
with using surface errors to update signals for a nontriangular
system [1].

2) A predictor-based NNDO (PNNDO) is proposed with a
normalization method of weights. Compared with the tradi-
tional NNDO in [37] in a strict-feedback system, the PNNDO
in this paper is designed on the basis of predictor-based NNs.
This PNNDO does not only compensate for generalized dis-
turbance, including external disturbances and approximation
errors in a nontriangular system, but also improves approxi-
mation behaviors. Further, with predictors and a normalization
method of weights, we also reduce the number of NNs’
learning parameters tuned online compared with that in the
traditional NNDO [34].

3) Our control strategy further takes measurement noises
into account. To against the influence from measurement
noises in sensors, predictor states are employed to replace
measurement signals in our control strategy. This replacement
improves robustness of the system and the performance of
control inputs with fewer oscillations due to the existence of
measurement noises.

The remaining part of this paper is organized as follows.
Section II presents necessary preliminaries and problem for-
mulation. In Section III, we propose an adaptive control
strategy as well as stability analysis. Further, our control
strategy takes measurement noises into account in Section
IV. Three simulations are illustrated in Section V, and the
conclusions are drawn in Section VI with future work.

II. PROBLEM FORMULATION AND PRELIMINARIES
A. Problem Formulation

Consider a nontriangular nonlinear system with external
unknown disturbances

T1 = fl(-i‘n) + dl(t)’
T = fz('fn) + di(t)a
Tp = fn(jnyu) + dn(t)a

Yy =,

(D

where i = 2,--- ,n — 1, T, = [21,72, -+ ,2,]T € R"is a
state vector, v € R and y € R are control input and output
signals, respectively, d;(t) is external unknown disturbance,
and f;(-) is an unknown smooth function, i =1,--- ,n.
Assumption 1: ([38]) The external unknown disturbapce and
its derivative are bounded and satisfy |d;| < d} and |d;(t)| <
cf;‘, where d and CZZ‘ are positive and unknown constants.
Assumption 2: The signs of rk;(x1,22,  ,xn), & =
1,--+,n—1, and Kk, (z1, z2, -+ ,ZTpn,u), are known, and there



exist constants Kmay and Kmin such that 0 < Kpin < [k (7)] <

8f T1,T2, " ,T .
RKmax> where Ni(xl,:L'Q;"' axn) - il a’zi_;l ’ ”), 1

_ Ofn(z1,%2,,Tn,u)
Lo yn—1,and K, (21,22, , T, u) = =HmRgimnes,

Remark 1: Since k;(-) is a continuous function, Assumption
2 indicates that ;(-) is either strictly positive or strictly
negative. This assumption guarantees controllability of the
system (1). Without loss of generality, we mainly consider
k;i(-) > 0, and the other case k;(-) < 0 is in a simple
mathematical transformation and can be treated in the same
way. Assumption 2 is common in the existing references such
as in [1].

In order to obtain the affine external state variable x;;; and
control input u, we make use of the mean value theorem [1],
and the nonlinear smooth function f;(-) yields

fi(xla oy Ty L1yt 73;’”) - fi(xh e ,Z‘i,l‘?+1, e axn)
afi() 0 N
+ 50 (wip1 —alp)i=1n—-1
Ti+1 x1',+1=£,?+1
where  the  smooth  function  f;(-) is  clearly
analyzed  between  fi(x1, -, i, Tit1,. -, Tn) and
fi(z, - @20 -+ an), xf,, is a point between

;41 and :v?+1, and A is a constant satisfying 0 < h < 1,
1<i<n—1.
Specifically, we choose z 1 = 0, and (2) yields

fi(xla"' s Ly L1y " 73;77,) - fi(x17"' ,Z‘i,l‘?+1,"' axn)

ofil- .
+ £il) (xi41—0), i=1,--- ,n—1. 3)

0%t wir=al
Similarly, we get

afi(:
fn(xh"',mnyu):fn(xla'"7mn7u0)+ f() (U_O)
0w |,_yn
“)

where 1" is a point between u and u°.

Substituting (3) and (4) into (1) yields

T = fl(jn) + Rl(xlv' e ,In)l‘g +d1(t)7

ibm = fm(i'n) + Rm(xla v 7x7l)xm+1 + dm(t)a (5)

djn = fn(jrhu) + R}n(l'l, e 7(En7u)u + dn(t)7

Yy =,
where fm(*/fn =_ fm(xh'" 7$m;07"' ,$n>,
m = 27 ,n — 15 fn(j»,”u) = fn($17"' 7'Tn70)’
Rj(xla"' axn) = H/j(xla"' s Lj,y
x;ﬂrl,u'  Tn), J = 1,---,n—1, and Ry (z1,- - ,2p,u) =
K/n(xla"' 7x’n7uh)'

In order to facilitate the design of control strategy, the model
(5) is further transformed into

Lj = Fj(Tn) + xj41 +d;(t), j=1,---,n—1,
Tp = Fn(jnau) +u+ dn(t)a (6)
Yy =T,

where F](i‘n) = ;(i‘n) + Rj(.fch' s ,an)CCj+1 — Tj+1, and

Fn(fnau) = fn(Zn +/_€n(xla"' ,:L’n,u)U7’U,.

Remark 2: Kj(x1, 22, -+ ,&y), as a gain function of affine
variable x ;. 1, is unknown. For designing virtual control laws,
additional methods need to be adopted, such as introducing
a Nussbaum function [10]. In order to facilitate the design
process, the model is further transformed. With the transfor-
mation, unknown gains for state variable x;;, and control
input v in (5) are removed, and they are known or identity.
Only approximating F;(Z,) by NNs is required.

B. Radial Basis Function (RBF) NNs

To deal with uncertainties of the system, RBF NNs are
employed to approximate the unknown dynamics. As for a
smooth nonlinear function f : R™ — R, there exists a RBF
basis function vector ¢(x) = [p1(x),01(z), - ,@1(2)]T €
R, and an ideal weight vector W* = [w}, w3, -+ ,w;]T € R!
such that f(z) = W*Tp(z) + ¢, where € Q C R™ is an
input vector, €2 is a compact set, [ is the node number of
the hidden layer, and ¢ is the approximation error. € and its
derivative ¢ satisfy ¢ < ¢* and |¢| < &, where £* and £* are
unknown positive constants. The basis function selected in this
paper is a Gaussian function ¢;(z) = exp[—%],

where (; = [Ci,h ce 7<i,m]T and &; are the center and width
of the activation function, respectively.

Assumption 3 ([7]): The reference signal y, is a smooth and
bounded function, and there exists a positive constant py such
that a compact set =g := {(y,.,yr,jj,«) cy2 g2 42 < po}
holds.

The control objective for (1) is to design an adaptive
control strategy such that all signals in the closed-loop system
are bounded and that the tracking error y — ¥, is arbitrarily
small.

Remark 3: Due to the fact that unknown dynamics in
nontriangular systems contain all state variables, the algebraic
loop is an inevitable problem in designing a recursive control
strategy for such systems. To address this issue, we use
partial state variables as NNs input vectors rather than whole
state variables, similar to a method in [1]. However, this
method will impact the approximation performance of system
unknown dynamics via NNs. Traditional methods do not
take approximation performance and the number of learning
parameters into account, and it is challenging to improve
system performance as well as reduce the number of NNs
parameters tuned online.

III. PNDSC VIA A DISTURBANCE OBSERVER WITH A
NORMALIZATION METHOD OF WEIGHTS

A. Control Strategy Design

In this section, we propose a predictor-based NDSC strategy
for a class of nontriangular nonlinear systems with unknown
disturbances. The predictor is combined with the NDSC con-
trol design, and NNs parameters are updated by the prediction
errors. For the problem of external disturbances in the system,
a predictor-based NNs disturbance observer is constructed
for compensation of external disturbances and approximation
errors of NNs. We combine a normalization method of weights



with PNDSC to reduce the number of parameters tuned online,
thus reducing the complexity of PNDSC.

Step 1: Define the first dynamic surface error s; = 1 — ¥y,
which is also called tracking error due to the fact y = z; in
(1). Its time derivative along (6) is given by

$1 =21 — Yr
= Fi(Zy) + 22 — 9 + di(2). @)

Using NNs for the approximation of Fj(Z,), we have
Fy(z,) = WiTp1(2,) + €1(Z,), and &1(Z,,) is the approxi-
mation error. (7) becomes

$1 = Wf{TQDl(-fn) + T2 — Y + El(jn) +di (t)’ ®)

where W;Tp(z,) is a function of all state variables Z,, =
[x1,22,...,7,]7, and it will be used to design virtual control
law a9, which will be designed later. In the framework
of Backstepping, the state variables [z, ,7,]T can not
directly appear in the update law of ay. Otherwise it will lead
to the situation of designing control input u with itself, that
is, algebraic loop problem. To address this issue, we introduce
WiT (1), where o1(z1) is a function about the variable
x1. Due to the fact that not all state variables are employed
as input signals of NN, there exists an transformation error
Wi (¢1(21) — 1(Zn))|. We have to introduce a compensa-
tion term in our control strategy for this transformation error.
Further, for reduction of the number of learning parameters,
we take a norm calculation and denote A} = —||W;||%. The
adaptive law for its estimate A1 will be designed later.

Define Dy = &1(Z,) + di(t), and D; is called general-
ized disturbance, which includes external disturbance d;(t)
and NNs approximation error €1(Z,). In order to eliminate
the influence of generalized disturbances on the system, the
PNNDO is designed as

Dy = car(#1 — dy),
o ) ) )
di = M ®1(21)T1 + 22+ cp1 D1 + En &1 + i\,

where F; = A1 ®q(z1)Z; is an improved architecture of NNs
. . _ —1

with fewer learning parameters, ¢q1 = c;; — (§1 + 1),

Cd1, ¢pi, Cp1 and c; are positive constants, v3AT; is a

compensation item, 1 = Z; — 1, £ is from the following

predictor

&1 = MPy(21)71 + 72 — (1 + Cp1)T1 + v + Dy, (10)
v1 is a positive constant, and 5\1 is an estimate of A} =
— [, X

The update law for A; is designed as

;\1 = Fl[—fbl(xl)i:% — Vljj% — Cl;\l]a (1 1)

where @1 (z1) = ¢¥ (z1)p1(71)/(47?), and Ty, ¢; and 7, are
positive constants. To stabilize s1, a virtual control law as is

proposed
as = —M®(r1)71 —iMiF1 —eis1+ 9 — D1 (12)

Let ais pass through a first-order filter to obtain xo4 for the
estimation of as

NoTaq = Qg — Taq (13)

with 224(0) = a2(0), where 7 is a positive constant.
Step i(i = 2,--- ,n — 1): Define the ith surface error s; =
T; — Xiq, and its time derivative along (6) is

Si = i — Lid

= Fi(ZTn) + ip1 — Tiq + di(2). (14)

From RBFNNs, we have F;(Z,) = W;Tp;(z2,) + €i(Z,),
where ¢;(Z,,) is the approximation error. Then, we get

$i = Wil pi(Tn) + @1 — dia + €i(Tn) + dit).  (15)
According to the analysis in the Step 1, W T¢;(Z,,) can not
be used in the control design in the Step 7. We will design
the control strategy in a similar way to the Step 1. Define
D; = €;(Zy)+d;(t), and D; is called generalized disturbance
in this paper, including external disturbance d;(t) and NNs
approximation error €;(Z,). To eliminate the influence of D;
on the system, we design a PNNDO as

di),
di = \i®i(T3)Z; + xi1 + cpiDi + Cailti + vidids,

D = cai(#i —
(16)

where F; = \;®;(Z;)Z; is the improved architecture of an NN
for fewer learning parameters, cg; = c;il —(¢i+cpi)s Cdis CDis
cp; and ¢; are positive constants, T; = &; — ;,

Ei = N (T) T + i — (ci + Cpi)Ti + vididi + Dy, (17)

v; is a positive constant, and S\i is an estimate of A} =
o L
The virtual control law with an adaptive law is

Qi1 = _S\’L(bi(i'z)jl — Vihi; — ¢isi + g — Di,  (18)

Ai = Di[=®i(2:)3 — vid} — GAdl, (19)
where ®;(z;) = oI (%:)pi(2;)/(47?), and Ty, (; and ~; are
positive constants.

Let «;y; pass through a first-order filter to obtain an
estimation of ;4 denoted by x(;41)q

Nit1Z(i41)d = Qit1 — T(irnyds  L(i+1)d(0) = ip1(0), (20)

where 7,41 1S a positive constant.

Remark 4: In the framework of designing an NDO in [34],
our PNNDO includes two improvements. One is replacement
of driven signals for constructing NNs, and the other is
introduction of a normalization method of weights. In [34],
authors construct a nonlinear disturbance observer by an error
value between the intermediate variable d; and the system
state x;. Here we employ a predictor Z;, instead of the system
state x;, to calculate an error value with d, , and this error is
taken as a driven signal for estimation of disturbances. This
replacement yields smooth estimation behaviors. Further, by
introducing a normalization method of weights, we reduce the
number of learning parameters tuned online in a PNNDO.
Fortunately, this normalization method provides a feasible
solution for stability analysis with predictor signals.



Step n: Define the nth surface error s, = z,, — x4, and
the time derivative of s,, along (6) is

én = xn - jjnd
= Fo(Zn,u) +u — Tng + dn(t). 21
From (6), (21) becomes
b = W T 0 (T u) + U — dng + € (T, ) + di(t). (22)

Define D,, = £, (Zn,u) +d,(t), and D,, is called generalized
disturbance, which includes external disturbance d,,(t) and
NNs’ approximation error &,,.

In order to eliminate the influence of D,,, the PNNDO is
designed as

Dn - Cdn(jjn - dn)a

PO . . (23)
dn = A'rL(I)n(jn)jn +u+ chDn + Edn‘%n + Vn)\nfz'nv
2 3 =\~ = -1
where F,, = X\ @, (Zn)Tn, Can = ¢y, — (Cn 4 Cpn)s Cdn» CDn»
¢pn and c,, are positive constants, Z,, = &, — Tn, Ly is from
the state predictor

- S\nq)n(sin)fén +u— (cn + Cpn)Tpn + Un Aniin + bn, (24)

vy is a positive constant, and ), is an estimate of A}
— W
Choose the control input u

u = *Xn(pn(fn)i’n - an\nf%n — CpSp + ind - Dn (25)
and the update law for ;\n
An = To[= @0 (Z0) 72 — Vniiz — G, (26)

2
n
where ®,,(7,) = @Z(jn)spn(in)/(ll%%)’ and I';,, ¢ and vy,
are positive constants.

Remark 5: We design \; to reduce the number of NNs pa-
rameters tuned online. From —W; 7T ¢;(%;)%; < —\! ;72 ++2,
we transform W7 ¢ (Z,,)Z1 into \;®17;. In the hidden layer,
we normalize activation functions and stack all these functions
into ®;(z;). With this technique, the number of dynamic
learning parameters is reduced from Y ;" | I; to n, where [; is
the number of NNs nodes used in Step :. It is worth mentioning
that, although the normalization method of weights reduces the
number tuned online, it may degrade approximation behaviors
of NNs. For this end, we introduce a PNNDO to compensate
for approximation errors from NNs.

Remark 6: NNs’ learning parameters are usually updated by
surface errors in dynamic surface control for a nontriangular
system. At the initial stage, this surface error is often not zero,
and with an overlarge adaptive gain, system overshoot may
be too large and high-frequency oscillations may occur. In
this paper, NNs’ weight parameters are updated by prediction
errors generated by the predictor instead of surface errors, and
the dynamic learning ability is separated from the tracking
performance. Thus, the NNs in this paper improve the transient
performance even in the presence of overlarge adaptive gains.

Remark 7: In this paper, we utilize x; to update the NNs
learning parameters instead of surfaces errors, and this replace-
ment reduces generation of high-frequency oscillations and

=

Fig. 1: The block diagram of the control strategy.

improves transient performance. The improvement is attributed
to the following two aspects. On one hand, it is possible, by
selecting the suitable parameter c,;, to steer prediction error,
rather than surface error in a faster manner. On the other hand,
by setting Z;(0) = «;(0), initial predictor errors are zero
resulting in peaceful approximation behaviors even with an
overlarge adaptive gain I'; during initial period. Accordingly,
approximation performance remains smooth regardless of an
overlarge adaptive gain.

Fig. 1 shows the block diagram of the adaptive control
strategy. In the n steps, unknown nonlinearities in the system
are approximated by RBF NNs, the prediction errors are
constructed based on the design predictor, and the adaptive
parameters are updated by prediction errors. The adaptive
parameters learn the norm of NNs’ weights to estimate the
unknown dynamics of the system, which are applied to the
PNNDO to compensate for generalized disturbances, and
finally the control input is obtained.

B. Stability Analysis

To facilitate stability analysis, we define the following error
signals
Ai = Ai — AL,
D; =D; — D;,
Qi+1 = T(i+1)d — Qit1, (27)

— Ty,




a~nd then, the error dynamics in terms of §; , S\i, T, qi+1 and

$i = Siq1 — Ti1 + Gig1 — Cidi — Cpilly,
. +1 +1 T Qi+l P (28)
§n = _cngn - Cpnjna

Ni = Dy[=0(2:)? — G — vi@?], (29)

:S\z@z(fz)fz —(ci +cpi)Zi + D; — Wi*T@i(fi)

+ Wi Ti(2:) — Wi 0i(®) + vihidi, (30)
Gir1 = — 2L B, @D
Ni41
and
bi = ﬁz - Di
= Cdi(l — CDi)D'i - i‘i - Di7 (32)
where Bi+1(.) = 0'4£+1(§1,"' 7§ia£17"' 7ji7X17"' DXi’
q2,: " 5 4qi+1, D17 e ,Di,yr’y’!‘)'

In what follows, we present the stability and analysis results.

Theorem 1: Consider a nontriangular nonlinear system suf-
fering from external unknown disturbances defined by (28)-
(32) with Assumption 1—Assumption 3. For bounded initial
condition, satisfying " | (52(0)+ £ )\2(0)+i?(0)+D?(0))+
27 11 471(0) < 2p, where p is a p0s1t1ve constant, all error
signals in the closed-loop system, i.e., §;, 5\1 Ti DZ- and
¢i+1 are bounded, and the tracking error converges to a small
neighborhood around the origin.

Proof : Consider the Lyapunov function candidate

The time derivative of V' is

1
A2+—/\2+—~2+ D2

9 +Z qz—i—l (33)

,_.

V:

3

i(§i+1 — Tjy1 + Qig1 — Ci85 — sz‘»@‘)

(A (@)
i=1

Wi T oi(2:) + W T pi(2))

1

M:
=

+ '§n( - Cn<§n - cpn:%n>
— (Ci + Cpi)ji + Dl —

— W pi(an) + sz‘zjz> + E”: D; (Cdi(l
i=1

T; — Dz) + i Ai [ -

+ Z qz+1< dit1

Define the sets o = {y; + 97 + yf < po} and Z; =
Yo+ £+ # + DY) + 205 ¢k, < 2p), where
po and p are posmve constant. Due to that =7 and =; are
compact sets in R? and R%~1, it comes the result that the set

Zg x =1 € R%+2 is also compact. Thus, B;;1(-) has a upper

- CDi)-Di

)& — Ghi — V@ﬂ

"= Bin()). (34)

bound M;; over =y x =;. According to Assumption 1 and
boundedness of NNs approximation error, we denote D] and
b* as upper bounds of D; and D;, respectively. Using Young s
mequahty, the followmg inequalities |8;8;1] < i s +

Pt
|51QZ+1| 251 + 2q1+1, C;ms $1+1 <

1 2
Qsz 2 + 2x7,+1’

|D Dy < 1D2+ D*{ —/\ Ai A2+;/\;2, |gis1Bis1| <
QquJr Mf+1, —D;D; D2+ D*Q, WZ*Tga(ii)ir,; <
Ai®; 1' /\ D, 17 + ”Yw $Z(W* ‘Pz( i) — Wz‘*T@i(jn)) <
fyi:i?)\;" J hold. It follows that
. 3 . < i
Vo - - Y2 s
n—1
— (a1 +¢p1 — 5)93? - ;(Ci + epi — 1)
1 s s~ cailepi—1) 1 =,
(oot = )8 = SR - D
n—1
132 2
— A - Dgip: +1I,  (35)
QF ;(mﬂ e

where I = 22?113*24— 2?1)\:‘24‘%2?:11)1'*2"'
Z 1’71+21 1y+ Z’L 1M

3

c2 027L
Let x5 = r{l}p’ {er = 7—7,01—2— L cn — 51,
X5 = i:rﬁlnrin{zri_l}, Xz = 47r{1,1n7n{61 + Ccp1 — §7C- +
Cpi — Lien + cpn — %}’ Xq = i:lIr_l_%Igl—l{nH’l — 1} and
Xp = min n{% — 1}, It follows that
V < —xV +11, (36)

where x = min{2xs, 2x5,2Xz, 2Xq, 2X 5} Solving the in-
equality (36) gives
11 II
V(t) < =+ (V(0) — —)e X"
X X

From (37), we obtain the bound of the Lyapunov function
V' and all signals in the closed-loop system. From (33), one

has |§;| < 1/2% and |7;| < ,/2%. Due to the definition

s1 = 8§ — &1, we get |s1] < 2 2%. This completes this
proof.

(37)

IV. PNDSC wWITH MEASUREMENT NOISES

In the previous section, with assumption that measured
states are noise-free, we propose a predictor-based NDSC s-
trategy for a nontriangular system with unknown disturbances.
In fact, this scenario in Section III is ideal, and there inevitably
exist noises over the measurement channel. In what follows,
we will consider measurement noises and further improve
control strategy in the previous section.

In this subsection, the system model (1) is redefined

P:Fj(jnp)+x(j+1)p+dj(t)7 j=1--,n-1
np = Fn(Znp, ) +u+dy(t),
Y = Zip,
x;(t) = xip(t) + pi(t), i=1,---,nm,

(38)



where Znp = [Tip,Top, -+ ,Tnp]] € R™ is the system
state vector, x;(t) is measured state, p;(¢) represents the
measurement noise. We assume p;(¢) is bounded such that
lpi(t)] < p¥, where pf is a positive constant.

The control objective for (38) is to design an adaptive
control strategy with measurement noise such that all signals
in the closed-loop system are bounded and that the tracking
error y — vy, is arbitrarily small.

A. Control Strategy Design

Due to the existence of measurement noises, only measured
state x; appears in the control strategy in traditional method.
Fortunately, in our control strategy, we can use predictor states
24y to complete the design, where Z;), is the estimate of system
state x;. Define estimate error T; = &;, — x;. Then, the
predictors, NDOs, virtual control laws and the control input
can be redesigned with (38).

First, predictors are designed using measured states x; as

Tip = 5\i‘l’i(J%ip)i"i-i—ﬂt‘z'ﬂ —(ci + cpi)Ti + vididi+ D,

i=1,---,n;,—1 (39

Tnp = M@ (Tnp) T +u— (Cot Cpn)En+ Vn Aniin + Dy (40)
Then, PNNDOs are designed for generalized disturbance D;

as

Di = cai(ip —d;), i=1,--+ ,n;— 1

di = X\®i(Zip)Fi + Tiv1 + cpiD; + Caii + vidid,

Dn = Cdn(-inp - dn)a

Algorithm 1: PNDSC with measurement noises.

Initialization: Parameters c;, ¢, V4, cqi, ¢pi, 1'i, and (;,

i=1,-,n;
Initial conditions 7, (0), D;(0), and A;(0),
i=1,---,n:
Time step=0;
1 while fime step < simulation time step limit do
2 for each i € {1,--- ,n} do
3 Surface error: calculate s;;
4 PNNDO: construct f)i from Eq. (41);
5 Predictor: construct state &, from Eq. (39);
6 Prediction error: calculate Z;;
7 for each j € {1,--- ,1;} do
8 RBF NN: update ¢;(Z;,) and calculate
Di(Zip);
9 end
10 Calculate \;®; (%)
1 if i < n then
12 Virtual control variable: calculate ;1 from
Eq. (43);
13 First-order filter: let ;41 pass through the
filter to obtain w(;11)q and T(;11)q;
14 else
15 Control law: calculate u from Eq. (44);
16 end
17 end
18 end
19 Increasement time step;
20 end

noise in the measurement states and alleviates influence from

2 “ (4Dmeasurement noises on the control input directly and reduces

dy, = M@y (Tp) T + U + Cpp Dy + Cann + VnAndin
with adaptive laws

N = Til=®(F0p) 32 — 32 — GN), i =1, 42)

s Ny

Now, virtual control laws ;41 and the control input u are
chosen with predictor states Z; as

Qip1 = =N @i (Tip)Ti — i NiT; — €38 + 40 — D,

1=1,---,n;—1, (43)

and
u = *S\nq)n(-%np)i'n - an\ni’n - cngn + ind - Dn7 (44)

respectively, where §; = &, — 240, ¢ = 1,- -+ , n;.

Remark 8: In design process of our control strategy in this
section, we employ a predictor state &;, and an auxiliary
variable §; to replace a measured state x; and a dynamic
surface error s;, respectively. Also, we utilize predictor states
instead of the measured states with noises as input vectors of
NNs to approximate an unknown function. This displacement
realizes the design of the control strategy indirectly using the
measurement state and avoids the measurement noise directly
affecting control performance. This is because the design of
the predictor states has the characteristic of filter. It filters the

oscillations.
The design process is summarized in Algorithm 1, which is
self-explained.

B. Stability Analysis

To facilitate stability analysis, we define the following error
signals

Ai = A — X,

D; =D; — D;,

di+1 = T(i+1)d — Xi+1, (45)
QNZ‘l = i‘ip i,

8; = Tip — Tid,

a~nd then, the error dynamics in terms of §; , A\;, Z;, ¢;4+1 and

%'L = 841 — Tip1 + Qg1 — 8 — (¢ + Cpi) T, 46)
8p = —Cpép — cpn‘%ru
Ni = Di[—@;(Z4)37 — G\ — viF?], “47)



Ty =Tip — T4

:xi@i(%ip)*%i —(¢i+cpi)@i + D; — Wi T pi(%4p)
+ Wi T 0i(@i) — WiT0i(@np) + vidis + pi(t), (48)
. _ Q41
Giv1 = — — Bit(:), (49)
Mi+1
and
.57; = f)l — Di
= c4i(1 —cpi)Di — & — Dy, (50)
where Bi+1(') = (jéz'+1(§1, e ,§i,§31, e ,Zf?z', ;\17 e ,;\Z‘,
92, > Git1, D1, Dy yrs Ur)-

In what follows, we present the stability and analysis results.

Theorem 2: Consider a nontriangular nonlinear system with
measurement noises defined by (46)-(50) with Assumption
I-Assumption 3. For bounded initial condition, satisfying
S (R2(0) - A2(0)+22(0)+D2(0)) + 7=, g2, (0) < 2p.
where p is a positive constant, all error signals in the closed-
loop system, i.e., §;, S\i, Ti, bi and g;41 are bounded, and the
tracking error converges to a small neighborhood around the
origin.

Proof 1: Consider the Lyapunov function candidate

Z A2+7)\2 }~2+ D2 +Z L

The time derivative of V' is

(51

n—1
=) & (<§i+1 = Tip1 + g1 — a8 — (6 + Cpi)ii)
i=1

+ §n( - Cngn - (cn + cpn)fz'n> + § i'z (5\1(1)2(‘%7,1))*%1
i=1
— (¢ + epi)ii + Dy — Wi T4 (

— Wi T pi(z) + yij\zﬁci) + Z D; (Cdz‘(l - CDi)bi

-
Il
_

i=1
n—1
+ Z Qit1 ( - q1‘+1 — Bita( )) (52)
=1 v

Define the sets o = {yf + 97 + yf < po} and E; =
S8+ 2N+ 224+ D)+ Y0 ¢ < 2p}. where
po and p are posmve constant Due to that =¢ and Z; are
compact sets in R? and R%~1 it comes the result that the
set o x 21 € R%*2 is also compact Thus, B;11(-) has a
upper bound M;; over =y x Z;. According to Assumption 1
and boundedness of NNs approximation error, we denote D
and D;" as upper bounds of D, and D;, respectively. Using
Young’s inequality, the following inequalities ‘§1§1+1 <
388010 [8idi1| < 587+ 5071, (Citep)difinn < 5
bt 32 |D D; | <ID?+1Dp2, -\ < 3N+ 1N

2
K3

2 z+1’ [
|Qi+1BZ+1| = 2qz+1 + Mz+1’ *DD § —

Wi To(Z) a8 < N®id?2 — \®i&2 + 72, 3:(WiTi(4p) —

Wil 0i(Znp)) < —14@2A7 4 L hold. It follows that
c1 3 Cply .o — Ci Cpiy 2
V< - — - — =)&) — — —2— )3
- (G- P-2G - P
n—1
c1 + cp1 -9 Z ci+cCpi 3.9
- ( 2 ]‘)xl - 222( 2 5)1.2
cn + Cpn 9 i cigilepi —1) 1, ~,
(P g2 e ) YDA
(g - Da - 5)D3
n—1
-2 2
D - E —Dqgi, +1I, (53
2F_ z 7 i:1(77i+1 )qz-l-l ( )

where T = 537 1D*2+ )yl AP+ 3 S D+

Zz 1%"‘21 11/+ Zzl z+1+ Zz 1p1
Let x; = _r{nn {2 —%—%,%—275;}, X5 =
l:I{llH { F 1} Xz = I{l’ln {61+CP1 17 Cﬁ;pi*%a Cn‘chni
i S S R : cdgi(cpi=1)
oxg = _min  {Zl-—1}andxp = min {25
1}, It follows that
V < —xV +11, (54)

where x = min{2xs, 2x5,2Xs, 2Xq, 2X 5 }- Solving the in-
equality (36) gives

V() < =+ (V(0) - — (55)

=
=

From (37), we obtain the bound of the Lyapunov function
V' and all signals in the closed-loop system. From(33), one

has |§1| < ,/2% and || < ,/2%. Due to the definition

Tip) + Wi*Tgpi(,%ip) + pi(t)s1 = $1—&1—p1(t), we get |s1] < 2 2%+p’{. This completes

this proof.

Remark 9: According to the stability analysis, the magnitude
of tracking error mainly depends on the values of y and II. We
can improve tracking accuracy by increasing y or decreasing
II. Specifically, x can be increased by scaling design param-
eters up appropriately, such as such ¢;, ¢, cqi, ¢p; and I';,
and, from the notation of II, its value is generally insensitive to
design parameters. In fact, due to existence of disturbances in
II, we cannot eliminate the impact from unknown disturbances
completely and only alleviate disturbances impact as much as
possible.

Remark 10: For the problem of measurement noises in
practical systems, one of intuitive solutions is introducing an
observer-based control strategy. However, due to the inapplica-
bility of the separation principle [5], it is a tough task to apply
such observer in adaptive control. Fortunately, our control
strategy utilizing predictor states, instead of direct measure-
ment states, can not only reduce the impact of measurement
noises on control but also simplify stability analysis. The
proposed strategy provides a feasible solution for the treatment
of measurement noises.



V. SIMULATION STUDIES

In this section, we are going to illustrate the effectiveness
of the proposed control strategy by a numerical example and
a permanent magnet brushless DC motor system.

Example 1: We consider a three-order nonlinear system

&1 = fi1(z1, z2, 23) + dy (1),
'i:2 = f2($1,l‘271'3) + dQ(t)7
&3 = f3(x1, 22,23, u) + d3(t),

Yy =1,

(56)

where fi(x1,22,23) = 1 — cos(zy + x3) + x3 + 2.5x2 +
0.5sin(xq) cos(zs)xe, folrr,x2,23) = 0.1z1226%2 + (2 +
sin(z1x2))xs, f3(x1, 2, 23,u) = 12262 + 23 COS(T122) +
2u+ 0.1sin(z1xex3)u, di(t) =1+ 2sin(0.8¢) + 0.4 cos(2t),
da(t) = 14 0.8 cos(0.6t) + 0.2 cos(0.4¢) and ds(t) = 1.6 +
sin(2t) +2 cos(0.1¢). It is worth mentioning that the functions
SLL =254 0.5sin(2y) cos(ws) > 0, §2 = 2+ sin(zy2) >
0 and % = 2 4 0.1sin(zxex3) > 0 satisfy Assumption
2. The reference signal is y, = 0.5(sin(t) + sin(0.5¢)). The
designed parameters are set as v; = 1, I'; = 10, and 0; = 0.01,
i = 1,2,3. The initial conditions are z1(0) = Z1(0) = 0.1,
.%'2(0) = 532(0) = O, and !L‘3(0) = QA?3(O) =0.2.

The simulation results are shown in Fig. 2-Fig. 4. It is seen
from Fig. 2 that the output signal y follows the reference
signal y, well. Fig. 3 shows the values of control input.
The approximation performances of NNs are depicted in Fig.
4. Traditionally, in order to reduce the tracking errors, we
often increase the adaptive gains, and overlarge adaptive gain
may result in undesired high-frequency oscillations in NNs’
learning behavior and control signals. To demonstrate the
improvement of avoiding this phenomenon, a performance
comparison has been made for our strategy and the traditional
NN with a disturbance observer [34]. As shown in Fig. 5,
the two systems have the condition that an overlarge adaptive
gain is I'; = 500 and other parameters and initial conditions
are the same. It can be seen that undesired high-frequency
oscillations appear in the traditional NNs and control signals
[34], and the control strategy including PNNDO proposed in
this paper holds smooth approximation performance. This is
because the prediction error updating NN is used to separate
the relationship between the convergence of the surface error
and the unknown dynamic estimation of the system. Also,
by selecting the initial value of the predictor Z;(0) = x;(0)
and adjusting the gain of the predictor «;, the prediction error
holds faster convergence speed and thus improves the transient
performance.

In order to verify the effectiveness of the proposed dis-
turbance observer, we add an extra disturbance d€(t). As
shown in Fig. 6, when ¢ < 10s, the system is disturbance-
free, d¢(t) = 0, and the approximation performance of NNs
with/without NDO are all well. We add an external disturbance
d®(t) = 3 + sin(t + 2) during the period 10s < ¢ < 20s.
It can be seen that NNs without NDO can not approximate
the unknown dynamics of the system well, and approximation
performance of PNNDO remains satisfied. When ¢ > 20s,
the disturbance will disappear with d®(t) = 0 and NNs
with/without NDO can approximate the unknown dynamics

" T T T T p—
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Fig. 2: Output signal y in Example 1.
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Fig. 3: Control input » in Example 1.

well. The comparison with/without our disturbance observer
is shown in Fig. 6, where a gray area represents an interval
that the system is subjected to additional disturbances. It can
be found that if there is no disturbance observer, only NNs
are not able to approximate uncertain dynamics well as the
system is suddenly subjected to external disturbances. Fig. 7
shows the tracking errors with/without disturbance observers,
and we can see that the tracking behavior is better with our
PNNDO.
Example 2: A permanent magnet brush DC motor system
[1] is conducted in this subsection. Its model is
MG+ B¢+ Nsin(q) =1, 57)
LI =Vy— RI — Kgq,
where N = mLyG/(2K;) + MoLoG/K.,M = J/K, +
mL%/(3Kau) + MoL3/ K, + 2MoR3/(5K,), B = Bo/K,,

° —FRtd--h+b
2
0
0 5 10 15 20 25 30
t/s
‘61 ' ' " [—FR+d--FK+D
2~ —~—
0
2
0 5 10 15 20 25 30
t/s
20 —Fy+dy= =Fy+ Dy
0
-20
0 5 10 15 20 25 30

t/s

Fig. 4: Approximation performance of NNs and NDO in
Example 1.



6 —F +di = =F + D, 20 —F +di = =F + Dy
2 0
2 -20
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t/s t/s
6 — R tdi- =+ D, zol [—E+d--FK+D)]
2
: 20 ! ]
0 5 10 15 20 25 30 5 10 15 20 25 30
s /s
40 Us 2000 t/s .
- g
20 F \% 0 }_ _____________ \%
O e mcmrmm e e e e m e —m =
-20 -2000
0 5 10 15 20 25 30 0 5 10 15 20 25 30

t/s t/s
(a) with predictor (b) without predictor [34]

Fig. 5: Dynamic approximation effect of system with/without
predictor in Example 1.

8 T Jadding £'(2) 20 T Jdding 4°(1)
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4- = =Fy+ Dy 10+ - -
; p— | !
0 0 VTR
2 . i ; . .
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t/s t/s
40 [_Jadding d'(t) [ Jadding d'(t)
20- | —FEitds 21 —Ftds
- -Fy+ Dy --F
0 ' 0 = D
20 ]
- 20
0 5 10 15 20 25 30 0 5 10 15 20 25 30

t/s t/s

(a) with NDO (b) without NDO

Fig. 6: Approximation behaviors with/without NDO in
Example 1.

My is the load mass, J is the rotor inertia, m is the link mass,
Ly is the link length, By is the coefficient of viscous friction
at the joint, K, is the coefficient which characterizes the
electromechanical conversion of armature current to torque,
Ry is the radius of the load, ¢(t) is the angular motor position
(and hence the position of the load), I(t) is the motor armature
current, V is input control voltage, Kp is the back-emf
coefficient, G is the gravity coefficient, R is the armature
resistance, and L is the armature inductance. The detailed
model parameters are found in [1]. Denote xo = ¢, x3 = [

0.2 0.12
— 5 — I8

0.1 0.1
0.08 0.08
0.06 0.06
0.04 0.04
0.02 0.02
o 0

0 5 10 15 20 25 30 0 5 10 15 20 25 30

t/s t/s

(a) with NDO (b) without NDO

Fig. 7: Tracking performance with/without NDO in Example
1.

and u =V, and we rewrite (57) as

jjl = f1($17.’172,333),

&y = fo(x1, 22, x3),

i33=f3(x1,x2,3:3,u), (58)
Yy =2,
where f1(21, 22, 23) = z2, fa(21, 32, 23) = LA}O}_% sin(z1)—
%IQ, fg(Il,SCQ,I’g,U) = % — KTIQ — %1’3. The refer-
ence signal is y, = sin(¢). Assume there exist uncertain
dynamics in (57), where Afi(x1,x2,23) = 0.2sin(xiz3),

Afo(z1, 0, 23) =
Afs(x1,xo, x3,u) = sin
rewritten as

0.2 exp(— x1x3) + ﬁ[cosxg sinxg, and

01%529;3) The System (58) is then

"tl - fl(x17x2a$3),

x.Z = f2($17x2,x3),

. = 59)

i3 = f3(z1, T2, 73, u),

Yy=2=ay,
where fi(x1,22,23) = fi(@1,22,23) + Afi(z1,32,23),
f_Q(x17x27I3) = f2(x17x2)$3) + AfQ(xlaan 3)7
f3(@1, 2,23,u) = f3(z1, 22, 73, )+ Afs(z1, w2, 73, u).
Also, the following functions ‘a 1\ = 1 > 0
|8f2| 15 — 0.4z x3 exp(—xiz3) + 0.3 cosxgcosxy > 0,
% = 40 — OQ?{TP() z4) cos(mix_fig 3)) > 0 satisfy

Assumption 2.

The simulation results are shown in Fig. 8-Fig. 9, which
reveal that the trajectories of tracking performance and control
inputs (current and voltage). To show that updating NNs’
learning parameters by the predictor can avoid high-frequency
oscillation caused by selecting excessive adaptive gains, we
compare the effects of traditional NNs method and control
strategy we proposed with large adaptive gains I'; = 2000
after increasing the amplitude of disturbance after ¢ = 10s,
and the results are shown in Fig. 10. It can be found that
under the condition of large adaptive gains, the traditional NNs
method leads to high frequency oscillation after the system
is suddenly disturbed, and the approximation performance of
NNs and PNNDO based on the prediction error designed in
this paper still remains satisfactory.

The numbers of NNs’ learning parameters are shown in Tab.
I. It shows that with the increase of the number of hidden
layer nodes, the number of NNs’ learning parameters tuned
online in NNDO in [34] also increases, but the number of
NNs’ learning parameters in PNNDO in our control strategy
remains unchanged. To show the advantage in calculation time,
we compare the simulation time for our control strategy with
the time for the traditional scheme in [34]. The hidden layer
nodes of the NNs are all selected as 100, and the parameters
of the two methods are the same. The results are listed in
Tab. II. It can be seen that the control strategy in this paper
needs about 0.464s for completing the task, while the time
of the traditional NNs method is about 0.693s. The whole
simulation running time is reduced by about 22.9%. This is
because the normalization method of weights in this paper
reduces the number of learning parameters tuned online.
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Fig. 8: Output response of y in Example 2.
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Fig. 9: Input current I(¢) and control voltage V' (¢) of the
motor in Example 2.

To illustrate the effectiveness of the proposed disturbance
observer, we present approximation performance in the system
with/without observers. The curves are depicted in Fig. 11,
where the gray areas represent intervals that the system is
subjected to additional external disturbances at higher mag-
nitudes. Add an external disturbance d°(t) = 1 + 0.1 cos(t)
when 10s < ¢t < 20s. When ¢ > 20s, the external disturbance
d®(t) = 3 + 2sin(t). It can be seen that the approximation
performance of the system with NNDO maintains well all
the time, but the approximation performance of the system
without NNDO will deteriorate when it is suddenly subjected
to external disturbances. We conclude that a PNNDO approx-
imates unknown dynamics more accurately even if the system
is suddenly subjected to external disturbances.

We further take measurement noises in this example. The
noises are generated by a ‘Gaussian Noise Generator’ block
in Simulink. It can be seen, from Fig. 12(a), that the approxi-
mation behaviors by the traditional NDSC appear oscillations
and that our control strategy mitigates oscillations effectively.
This is because signals from predictors, rather than paralyzed
information, are employed in NNs’ input vector. Fig. 12(b)
reveals that the amplitude of our control input is smaller than
that of the traditional NDSC method. The comparison results
indicate that, desipte of the existence of measurement noises,
the activity of our input signal is reduced obviously due to
improvement of approximation behaviors.

VI. CONCLUSION

A predictor-based neural dynamic surface control (PNDSC)
strategy has been designed in this paper for a class of nontrian-
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(a) with predictor in this paper (b) without predictor [34]

Fig. 10: Dynamic approximation with/without predictors in
Example 2.

TABLE I: Comparison of the number of NNs’ learning
parameters.

Number of hidden
layer nodes of

Number of NNs’
learning parameters

Number of NNs’
learning parameters

the NNs in NNDO in [34] in PNNDO in this paper
10 10x3=30 3
50 50%3=150 3
100 100x3=300 3

TABLE II: Comparison of simulation time of different

strategies

Control strategies l t/s

Traditional NNs-based method [34] 100 0.693

Our strategy in this paper 100 0.464

Improved - 22.9%
5 —Fitdi--F 1D . — 7 d-F,

| r_\M’r’W
0 5 10 15 20 25 30

tfs

—Fy tdy = =P

0 5 10 15 20 25 30 0 5 10 15 20 25 30

t/s ts

(a) with NDO (b) without NDO

Fig. 11: Approximation performances with/without NDO in
Example 2.

- I, with NDSC
— Iy with PNDSC

20 =-=u with NDSC
—u with PNDSC

0 5 10 15 20 25 30
t/s
10 —-- [, with NDSC
5 —F, with PNDSC
5
0 5 10 15 20 25 30 0 5 10 15 20 25 30

tfs t/s

(a) approximation performances
with NDSC/PNDSC

(b) control inputs with
NDSC/PNDSC

Fig. 12: Approximation performances and control inputs
with measurement noises in Example 2.



gular nonlinear systems with unknown disturbances. Predictor-
based neural networks have been employed to approximate
uncertain dynamics resulting in smooth learning behaviors
without incurring high-frequency oscillations as adaptive gains
are overlarge. The PNNDO then has been developed for gen-
eralized disturbances including unknown external disturbances
and NN approximation errors. This paper reduces the number
of NNs parameters tuned online by introducing a normal-
ization method of weights. Furthermore, a PNDSC strategy
is discussed for a nontriangular system with measurement
noises. The simulation results have verified the effectiveness
of our control strategy. Future work will extend our PNDSC
technique to secure control of nontriangular systems.

REFERENCES

[1] Y. Li, X. Shao and S. Tong. Adaptive fuzzy prescribed performance
control of nontriangular structure nonlinear systems. IEEE Transactions
on Fuzzy Systems, 2020, 28(10): 2416-2426.

[2] Y. Xu, J. Sun, G. Wang and Z. -G. Wu. Dynamic triggering mechanisms
for distributed adaptive synchronization control and its application to
circuit systems. IEEE Transactions on Circuits and Systems I: Regular
Papers, 2021, 68(5): 2246-2256.

[3] Y. Li and S. Tong. Adaptive fuzzy output constrained control design for
multi-input multioutput stochastic nonstrict-feedback nonlinear systems.
IEEE Transactions on Cybernetics, 2017, 47(12): 4086-4095.

[4] B. Chen, K. Liu, X. Liu, P. Shi, C. Lin and H. Zhang. Approximation
based adaptive neural control design for a class of nonlinear systems.
IEEE Transactions on Cybernetics, 2014, 44(5): 610-619.

[S] Z. Peng, D. Wang and J. Wang. Predictor-based neural dynamic surface
control for uncertain nonlinear systems in strict-feedback form. IEEE
Transactions on Neural Networks and Learning Systems, 2017, 28(9):
2156-2167.

[6] L. Liu, T. Gao, Y. J. Liu and et al. Time-varying IBLFs-based adaptive
control of uncertain nonlinear systems with full state constraints. Auto-
matica, 2021, 129: 109595.

[7] D. Wang, and J. Huang. Neural network-based adaptive dynamic surface
control for a class of uncertain nonlinear systems in strict-feedback form.
IEEE Transactions on Neural Networks, 2005, 16(1): 195-202.

[8] Y. Li, Y. Liu, S. Tong. Observer-based neuro-adaptive optimized control
of strict-feedback nonlinear systems with state constraints. IEEE Trans-
actions on Neural Networks and Learning Systems, 2021.

[9] H. Wang, P. Shi, H. Li and Q. Zhou. Adaptive neural tracking control for a
class of nonlinear systems with dynamic uncertainties. IEEE Transactions
on Cybernetics, 2017, 47(10): 3075-3087.

[10] J. Ma, Z. Zheng and P. Li. Adaptive dynamic surface control of a class
of nonlinear systems with unknown direction control gains and input
saturation. IEEE Transactions on Cybernetics, 2015, 45(4): 728-741.

[11] B. Niu, H. Li, T. Qin and H. R. Karimi. Adaptive NN dynamic surface
controller design for nonlinear pure-feedback switched systems with time-
delays and quantized input. IEEE Transactions on Systems, Man, and
Cybernetics: Systems, 2018, 48(10): 1676-1688.

[12] Y. Li and S. Tong. Adaptive neural networks prescribed performance
control design for switched interconnected uncertain nonlinear systems.
IEEE Transactions on Neural Networks and Learning Systems, 2018,
29(7): 3059-3068.

[13] Y. Li, J. Zhang and S. Tong. Fuzzy adaptive optimized leader-following
formation control for second-order stochastic multi-agent systems. IEEE
Transactions on Industrial Informatics, doi: 10.1109/T11.2021.3133927.

[14] B. Chen, X. Liu and S. Ge. Adaptive fuzzy control of a class of nonlinear
systems by fuzzy approximation approach. IEEE Transactions on Fuzzy
Systems, 2012, 20(6): 1012-1021.

[15] H. Wang, K. Liu, X. Liu, B. Chen and C. Lin. Neural-based adap-
tive output-feedback control for a class of nonstrict-feedback stochastic
nonlinear systems. IEEE Transactions on Cybernetics, 2015, 45(9): 1977-
1987.

[16] S. Tong, Y. Li and S. Sui. Adaptive fuzzy tracking control design for
SISO uncertain nonstrict feedback nonlinear systems. IEEE Transactions
on Fuzzy Systems, 2016, 24(6): 1441-1454.

[17] K. Sun, S. Mou, J. Qiu and et al. Adaptive fuzzy control for nontri-
angular structural stochastic switched nonlinear systems with full state
constraints. IEEE Transactions on Fuzzy Systems, 2018, 27(8): 1587-
1601.

[18] W. Zha, C. Qian and S. Yan. Controller design for a class of nontrian-
gular nonlinear systems with input dependent growth rate. International
Journal of Robust and Nonlinear Control, 2019, 29(5): 1325-1338.

[19] T. Li, J. Yang, S. Li and et al. Semiglobal output feedback control for
uncertain nontriangular nonlinear systems with sector-bounded unknown
measurement. International Journal of Robust and Nonlinear Control,
2020, 30(1): 1-16.

[20] S. Y. Oh and H. L. Choi. Robust observer-based output feedback con-
troller for nonlinear systems with uncertain triangular and nontriangular
nonlinearities and diagonal terms. International Journal of Robust and
Nonlinear Control, 2019, 29(4): 1182-1200.

[21] L. Zhao, X. Chen, J. Yu and P. Shi. Output feedback-based neural
adaptive finite-time containment control of non-Strict feedback nonlinear
multi-agent systems. IEEE Transactions on Circuits and Systems I:
Regular Papers, doi: 10.1109/TCSI1.2021.3124485.

[22] H. Wang, K. Xu and J. Qiu. Event-triggered adaptive fuzzy fixed-time
tracking control for a class of nonstrict-feedback nonlinear systems. IEEE
Transactions on Circuits and Systems I: Regular Papers, 2021, 68(7):
3058-3068.

[23] Li Y, Ma Z and Tong S. Adaptive fuzzy fault-tolerant control of
nontriangular structure nonlinear systems with error constraint. IEEE
Transactions on Fuzzy Systems, 2017, 26(4): 2062-2074.

[24] X. Zhao, H. Yang, H. R. Karimi and Y. Zhu. Adaptive neural control
of MIMO nonstrict-feedback nonlinear systems with time delay. IEEE
Transactions on Cybernetics, 2016, 46(6): 1337-1349.

[25] L. Ma, X. Huo, X. Zhao and G. Zong. Observer-based adaptive neural
tracking control for output-constrained switched MIMO nonstrictfeedback
nonlinear systems with unknown dead zone. Nonlinear Dynamics, 2020,
99: 1019-1036.

[26] S. Sui, C. L. P. Chen and S. Tong. Fuzzy adaptive finite-time control
design for nontriangular stochastic nonlinear systems. IEEE Transactions
on Fuzzy Systems, 2018, 27(1): 172-184.

[27] T. Yucelen and W. M. Haddad. Low-frequency learning and fast adapta-
tion in model reference adaptive control. IEEE Transactions on Automatic
Control, 2013, 58(4): 1080-1085.

[28] W. Wang and S. Tong. Adaptive fuzzy bounded control for consensus
of multiple strict-feedback nonlinear systems. IEEE Transactions on
Cybernetics, 2018, 48(2): 522-531.

[29] B. Xu. Composite learning finite-time control with application to quadro-
tors. IEEE Transactions on Systems, Man, and Cybernetics: Systems,
2018, 48(10):1806-1815.

[30] F. Liu, Y. Li and H. Yang. Consensus for leader-follower multi-
agent systems with mismatched disturbance and correlated uncertainties.
Information and Control, 2018, 47(1): 111-118, 128.

[31] H. Wang, W. Bai, X. Zhao and P. X. Liu. Finite-time-prescribed
performance-based adaptive fuzzy control for strict-feedback nonlinear
systems with dynamic uncertainty and actuator faults. IEEE Transactions
on Cybernetics, doi: 10.1109/TCYB.2020.3046316.

[32] W. Chen, J. Yang, L. Guo and S. Li. Disturbance-observer-based
control and related methodstan overview. IEEE Transactions on Industrial
Electronics, 2016, 63(2): 1083-1095.

[33] F. Liu, H. Yang, Y. Yang and et al. Finite-time integral sliding-mode
control for multi-agent systems with mismatched disturbances. Acta
Automatica Sinica, 2019, 45(4): 749-758.

[34] M. Chen and S. Ge. Adaptive neural output feedback control of uncertain
nonlinear systems with unknown hysteresis using disturbance observer.
IEEE Transactions on Industrial Electronics, 2015, 62(12): 7706-7716.

[35] M. Chen, P. Shi and C. Lim. Robust constrained control for MIMO
nonlinear systems based on disturbance observer. IEEE Transactions on
Automatic Control, 2015, 60(12): 3281-3286.

[36] S. Shao, M. Chen and Y. Zhang. Adaptive discrete-time flight control
using disturbance observer and neural networks. IEEE Transactions on
Neural Networks and Learning Systems, 2019, 30(12): 3708-3721.

[37] B. Xu. Composite learning control of flexible-link manipulator using
NN and DOB. IEEE Transactions on Systems, Man, and Cybernetics:
Systems, 2018, 48(11): 1979-1985.

[38] W. Wang, H. Liang, Y. Pan and T. Li. Prescribed performance adaptive
fuzzy containment control for nonlinear multiagent systems using distur-
bance observer. IEEE Transactions on Cybernetics, 2020, 50(9): 3879-
3891.





