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ARTICLE INFO ABSTRACT
Keywords: Due to the difficulty encountered in dealing with unstructured system dynamics with unmeasured
Backstepping control system state variables, this paper presents a novel observer-based neural network finite-time

Nonlinear systems
Radial basis function neural network (RBFNN)
State observer

output control strategy for general high-order nonlinear systems (HNSs). The suggested tech-
nique is performed based on the backstepping-like control (BSC) scheme with a hybrid nonlinear
disturbance-state observer and norm estimation-based radial basis function neural network
(RBFNN). This helps not only reduce the number of estimated parameters but also relax the re-
striction of using inequality when exploiting the norm estimation concept in a conventional way;
thus, retaining the same properties of the original system. Therefore, an observer-based finite-
time output feedback control is established to deal with the unstructured dynamical behaviors
and satisfying the output tracking regulation with the semi-global practically finite-time stability
(SGPFS) guaranteed for the closed-loop system. The effectiveness and workability of the proposed
algorithm is verified by a numerical simulation on a specific practical application.

Disturbance observer
Finite-time control

1. Introduction

Requirement of precise output tracking performance, with stability and robustness, for high-order nonlinear systems (HNSs) in
practical applications has evoked an interesting topic of control development. Several attractive algorithms have been carried out
[1-7], based on the structure of backstepping-like control (BSC) as its advantage of stabilization via recursive processes [8]. However,
existing problems of unmeasured state variables with parametric uncertainties, and unknown system dynamics in HNS have brought
certain obstacles in developing advanced control strategies to satisfy the system output qualification with the robustness guaranteed.

For the first concern, several techniques were presented such as state observer, high-gain observer, extended state observer (ESO)
[9-13], and so on. For example, Yao et al. developed an ESO for an electro-hydraulic system (EHS) to not only observe the mismatched
and matched uncertainties but system state of velocity also [9]. In [10-12], the authors considered the case where only system output
was measurable; thus, an ESO was constructed to obtain both an unmeasured state and matched uncertainty. Developed to general
high-order nonlinear systems, the authors in [13] expressed ESO to cope with effects of both mismatched and matched uncertainties.
These approaches can estimate unmeasured system states or unmeasurable variables based on the output. However, the literature did
not consider the case of unknown dynamical behavior. Practically, time-varying unknown dynamics makes a certain influence on
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estimation qualification.

Regarding the above remaining, observer-based approximation techniques have been proposed, such as using fuzzy logic systems
(FLS) or radial basis function neural networks (RBFNN)-based universal approximator [8,14-36], to deal with un-modeled or un-
structured dynamics and parametric uncertainties due to their capability of approximating smooth function. Numerous observer-based
approximation strategies have been successfully applied to practical applications such as hydraulic systems [14], pneumatic artificial
muscle [15], robotic manipulators [8,16-18], and other HNS [34-36] with various advanced techniques combined. For example, in
[19,20], the authors developed an observer-based adaptive control with RBFNN operator for non-strict feedback systems to deal with
partially unknown dynamics and unmeasured state variables. In [21], an event-triggered technique with a state observer was com-
bined for an uncertain strict feedback system subjected to actuator fault. The author in [22] applied a state observer-based fuzzy logic
control for an uncertain nonlinear system with unmeasured state estimation and fault detection. More results that show the effec-
tiveness of the RBFNN or FLS to cope with unknown dynamical behavior can be further referred to [23-36]. Essentially, the
approximated output qualification depends on a number of nodes (or elements of unknown weighting vector in other words) in the
hidden layers of the mechanism. To improve the approximation accuracy, the number of nodes should be increased; however, this
certainly brings a time-consuming and burden computation due to the step-by-step when employing the backstepping-based method.
To reduce the number of estimated parameters, a concept of using a Euclidean norm of weighting vector estimation has been alter-
natively introduced. In [37,38], the authors constructed the NN-like approximator with a norm of weighting vector estimation for
strict feedback nonlinear systems. In [39-41] the authors extended this approach for non-strict feedback nonlinear systems concerning
problems of state constraint, input saturation, and so forth. In [42], Liu et al. studied a decentralized NN-based adaptive finite-time
control for general large-scale systems with state constraints. The literature indicates the effectiveness of using norm estimation in
the control design to take the place of the conventional RBFNN approach. Moreover, by using this way, finite-time control can be
formulated. Nevertheless, there is no report on using this approach with the state estimation for control development in HNS.
Regarding the literature on using the RBFNN approximator with norm estimation, this technique is constructed based on the theory of
inequality. In this manner, the control signals and adaptive laws are determined in such a way that they always bound the system
dynamics. Unfortunately, by following this manner, unstructured dynamics, or information of approximated term if utilizing con-
ventional RBFNN, cannot be reconstructed as a result. With the approximated unstructured dynamics omitted, unmeasured system
states cannot be accurately observed because of the couple between the system states and system dynamics; thus, bringing another
issue for the states estimation and further developments. Although results in [14] and [39] mentioned the norm estimation in the
design of the adaptive law with a state observer, this brought a redundancy whereby both the weighting vector and its norm needed to
be estimated. Solving the difficulty when combining the norm estimation technique with the state observer is the main motivation for
this paper.

Besides, it should be mentioned that the BSC has been regarded as an efficient tool to construct controllers for HNSs. Accordingly,
the command filter (CF) technique was also involved to not only obtain their derivative in the recursive progress but also help
smoothen the intermediate virtual control signals and filter out noise; thus, addressing the complexity explosion, inherently existing in
the BSC design. The effectiveness of this algorithm for practical applications has been verified in the literature [43-46]. However, with
the former of norm estimation, the system dynamics could not be reconstructed; thus, restricting the use of the CF approach due to the
infeasibility of the state estimation. Unfortunately, this issue has yet to be clarified from control developments.

Therefore, it is the purpose of this paper to construct an observer-based neural network finite-time output feedback control for
general HNSs suffered from unknown systems dynamics and only output measured. To the best of our knowledge, this is the first time
the RFNN, with the norm estimation used, is integrated with a hybrid nonlinear state and disturbance observer (NSDO) and CF
approach. The key innovations of this scope are:

1) Completely different from the literature, this work first time deploys the norm estimation concept in a new way to facilitate the
control development with other advanced techniques, by which the inequality constraint is relaxed but still keeps the same
properties of the original system,

2) Due to only output measured, an NDSO-based RBFNN is accordingly employed for not only system states but also lumped dis-
turbances and uncertainties estimation for the system dynamical behaviors compensation, which has escaped the attractiveness in
the literature,

3) With the new-way approximation and estimation results, an observer-based NN finite time control is designed with the CF approach
involved to deal with the complexity explosion in BSC design and achieve the system output regulation. The semi-global practically
finite-time stability (SGPFS) of the closed-loop system is theoretically proven with Lyapunov theorem.

The rest of the paper remains: Section 2 describes system dynamics with preliminaries for control implementations. In Section 3,
the new system reformulation is explained based on a new RBFNN-approximator with the NDSO. Thus, in Section 4, the proposed
control algorithm is expressed with closed-loop system stability proof. Section 5 verifies the effectiveness of the proposed control
scheme through a simulation of a specific electro-hydraulic system (EHS). Finally, the potential for control development with more
advanced techniques is discussed in Section 6.
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2. System descriptions and preliminaries
2.1. System descriptions

Consider an n-order nonlinear system as

X =fi(X) + (X)Xt +di, (k=1,..,n—1)
Xy =fu(X) + gu(X0)u + d, ; @™
y=Xx

where x = (x1, X3,..., xn)T; X = (x1,X2, .“,xk)T; fk(x) is unknown but bounded and smooth function which is performed as fi(x) =

Elp(x) with 5 = (&1 &2 - &) € R being an unknown but bounded ideal vector of Ny elements and @, (x) € R being a
known-structured vector that includes system states; di and d,, represent for, in turn, mismatched and matched disturbances, g(x ) =
8k(x1, X2,..., i) are known smooth functions with g (Xx) > 0 Vk; and u is the control input signal. For the sake of simplicity, hereafter,
we abbreviate gx(x ) by g

As the system state variables are unmeasured, except measured X1, system (1) is rewritten as

X = E;T(Pk(i) + &Xr1 T di + e
)é,, = E;T¢n (3(\) + gult + dn +e, ) (2)
y=x

where X is an estimation of x and ex = Z; @ (x) — Zi @i (X), k = 1,...,n.
Besides, to facilitate the control and state observer implementations and stability proof, the following assumption is held:

Assumption 1. [10]: The nonlinear smooth functions =;" g, (x) and Z; @, (X) is Lipschitz continuous that satisfies:
lex] = [ @ (x) = 50 (D)] < ol x-% |, 3

with ok being a constant.

2.2. Finite-time stability theorem

To facilitate finite-time stability, the following inequalities are introduced.

Lemma 1. [42]: Regarding Young’s inequality, the following condition holds:
2 a 1 b
< _
ay <l 4 bl ©)
where 8 >0, a, b > 1 andl+{ = 1. paper, a =b =2 and & = 1 are selected.

Lemma 2. [41]: For 3 <1 =p/q < 1 withp, q being odd constants, and 8x € R, k = 1, 2, ..., n, the following inequality is obtained:
(Z |19k> < Z [l %)
k=1 k=1

Lemma 3. [32]: Consider a nonlinear system X = f(x). If a continuous and smooth function V(x) can be presented in the form of V(x) +
I V(x) + T2V (x) + C < 0, withT; > 0,3 > 0, and 0 < 8 < 1, then, the solution of x = f(x) is SGPFS, where the system-states’ trajectory is
semi-globally practically finite-time stable and converges to the neighborhood of the equilibrium in t > ty + T.. Similar results and proof can be
found in [32,42]. The finite-time convergence, T, is then determined as

1 2o VP (tg) + T, 1 [ VIA(t) + /101"2}
T. < maxy fo+ In , fo+ In , (6)
{ (1= p) T, "I —-p) AoT>
with 0 < 49 < 1 and the function V(x) is bounded by:
1
C C 7
limV(x) < mi ) 7
limV () < mm{(l YR ((1 fzo)rz) } @

Remark 1. Results inherited from Lemma 3 evoke a general form for the SGPFS, which provides faster convergence to the
neighborhood of the equilibrium when the system state is far from this point. Besides, one can realize that if adopting I'; = 0, or setting
respective control gains to be zero in other words, the result in Lemma 3 becomes V(x)+ I';V#(x) + C < 0, which is an original
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structure of the finite-time control and if setting corresponding finite-time control gains to be zero, i.e., I'y = 0, the closed-loop system
is asymptotically stable with the system states being asymptotically converges to the neighborhood of the origin. Therefore, the SGPFS
employed in this paper covers ordinary control schemes.

2.3. Command filter technique

To smoothen the virtual control signals and obtain its first derivative, the CF technique is conducted based on a first-order low-pass
filter as
Dicl ke T Hke = k- ®
where the virtual control signal ay is of the input of the DSC, at step k; y; . and y; are the output of filtered intermediate virtual control
and its derivative; respectively.
Lemma 4. [43]: In case of noise existing, the tracking errors satisfy:

|Zk.c - ak{ < 7‘72
Ve — | < o’

9

if noise is bounded, with w! and w¢ being positive constants.

Remark 2. The condition introduced in Lemma (4) is required for the control law implementation. If noise is unbounded, the output
X1 cannot be measured, or x; is unobservable in other words. If x; is unobserved, then tracking error cannot be obtained and thus the
virtual control signal ax cannot be derived. Consequently, u cannot be designed and the system is uncontrollable as a result. Therefore,
the condition of bounded noise is necessary to guarantee the observability and controllability of the system. Moreover, with this
condition, the boundedness (9) can be satisfied, which facilitates the control implementation and stability proof of the closed-loop
system.

3. System reformulation

3.1. Radial basis function neural network-based approximation

=T

Due to the problem of the algebraic loop at step k, Z;' @ (X) is then presented through a calculation of k inputs as

"o, (%), (10)

EZT(ﬂk(;‘\)‘_E;T(”k(ﬂ%k) =5
where X = (x1, X2, ..., %) is an estimated vector ofxj.
Thereby, there certainly exists an error:
A= 5y (%) - 5l o (K0). an
Conventionally, the structure of the vector ¢, (Xy) is performed in the Gaussian basis function as
¢k(§k) =11 (§A) Wk,z(§k) o PN, (§k) }T

~ X—cy) (R — oy ; 12)
Gy = oxp| - B e)
(241,)

where ¢ jand yy j are, in turn, the vector of the center and width of the Gaussian functions of each node in the hidden layer of the neural
network. It is noteworthy that ¢[(§k)¢k(§k) <N.

Lemma 5. [47]: For any positive integers m > n > 0, the following inequality for the basis function @ (X,) holds:

I @) P < | @4(0) P < N. (13)

In view of Lemma 1, the approximated term fk(§k)in (10) is constrained by:
505 < S0l Goo(R) + (14)
where 6 = || E¢ ||? is the Euclidean norm of the weighting vectorZy. Based on Lemma 5 and inequality (14), the error Axis constrained

by |Ax| <A = N6; + 1.
The original concept of the norm of weighting vector estimation is employed for the right-hand side of (14), where the norm 6; or its
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estimation is used in the derived control law. However, following this manner will completely omit the presence of unknown terms
E T, (Xx), and thus restricting the observer implementation. Hence, to use the norm concept and also facilitate more advanced
techniques development, the following assumption is introduced:

Assumption 2. There exists a time-varying bounded c; such that:

Elou(x) = %sz (X)ee(%0) + i (15)
Remark 3. The idea comes from the fact that the left-hand side (LHS) of (14) can be either positive or negative depending on the
dynamical behaviors 5;7 @y (X) whereas the term %qua,f(ik)qok(ik) + 1 on the right-hand side (RHS) is non-negative, i.e., ET o (Rx) <
|E7 @ (Xk)| < 2007 (Xi)@i (%) + L. Directly using inequality (14) restricts the use of observer in estimating unmeasured system states
because what we deal with is the RHS of (14), not the original form on the LHS. Hence, there certainly exist a time-varying c; to
equalizes (14), as a result in (15). Thus, the constraint of Z; g, (Xy) is replaced by another way whereby inequality (14) still satisfies

but the approximated term E;Tqak(%k) still complies with the norm estimation technique.

Hence, system (2) is rewritten to:

X = % (0l (X (X) + gexn +di+ e+ A+ ¢
Xy = %Hico;’{(ﬁ)wn(ﬁ) + gt +dy + e+ A, +c, (16)
y=x
Or equivalent to
. L. 1= X
B = 500 (X)@u(Xe) + gixir +
%y = 30,0, R0, (R) + gt + 6, "
y=x

where ¢ = di + Ar +¢;, k =1,...,n are lumped uncertainties at step k.

Assumption 3. [48]: With the investigated system (1), inequality (3), and transformations (15) and (17), there exist unknown
positive boundaries Dy, Ay, andCy, k = 1,..., n such that |di| <D, |Ax| <Ay, and|¢;| < Cy, respectively.

Remark 4. The boundedness of the time derivative of dy is a basic premise for extended state observer-based control [9,10,49]. Ar is
the function of system states which is physically bounded and is Lipschitz continuous, then, it is bounded, i.e.,|Ax| <Ay. Similarly,
without loss of generality, we have ¢; = .E';;T(pk(§k) - %e,jrp,f(ik)qak (X), and its absolute derivative is computed by
x| = \%(E;T¢k(§k)) -4 (%e,t@[(%k)wk(im which is bounded because Zj is an ideal weighting vector and it is definitely bounded
while the Gaussian function ¢k(§k) is smooth and its derivative are constrained, then one can obtain |¢| <Cx . Therefore, Assumption 3
is reasonable. Even when the system is suddenly affected by external impacts such as disturbance or interaction or uncertainties, these
impacts are not able to make an abrupt change and also need a certain time to influence the system’s behavior. As a result, if ¢, = di
+Ay + c;; then the derivative of ¢ is bounded i.e., (j&k = dk + A+ < \dk| + \Ak\ + |¢;| <Dk + Ag + Cx = ¢ However, the closed-loop
stability cannot be guaranteed without appropriate controller and observer gains selections. Hence, this assumption is introduced to
facilitate the control law design and stability proof.

Herein, the goal is to design a controller with adaptive laws for 5,( estimation and observers to estimate unmeasured state, xi, and
suppress mismatched lumped uncertainties ¢. Due to unavailability of ideal i, (17) cannot be used. Thus, instead of directly

employing 6y for the control law implementation, its estimation is utilized, i.e., %@k(p[(ik)wk (Xx), where 0 = || E¢||? is an estimated

norm of 6. For the sake of simplicity, hereafter, q;k(%k) is shortened by .

3.2. Nonlinear disturbance state observer

Conventionally, the Luenberger-like state observer was employed for unmeasured system states estimation. However, this cannot
be effectively achieved in the case of (17) due to the impact of unknown ¢y. Regarding (17), one can realize that the performance of xy
depends on Xy 1, fk(Xk), and dk. Therefore, if employing an observer like ?k = X1 + L (y — X1), one cannot obtain a true value of X
because the term [ (y —X;) has no purpose of dealing with the unknown dynamics f; (xx) and di. It is just used to minimize the
estimation error such that X;—x; by increasing an observer gain Ix. On the contrary, conventional disturbance observers such as [9-13]
or other techniques required full or certain states measurement to tackle unknown disturbances and/or uncertainties, which brings a
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barrier in this case when only an output is available. To overcome this obstacle, in this part, the NDSO for not only unmeasured states
but also unknown lumped uncertainties estimation is established. The NDSO for the system states estimation and lumped disturbance
rejection are described as

. 1 - —~ l 5 —~ T A l " ln 5
X = E@@;{(”k + &k Xk + k(@) =21 + X, = EQH(P,T(% + guut + %

(y_k\l) +a;n y=x y (18)
o

where [(5) is a designed state observer gain at step k, ¢ is an arbitrarily scaled constant, § is the bandwidth of the observer, and the
terms $k are an estimation of the compound disturbance ¢x.
To obtain the estimated ¢y, the following auxiliary variable is introduced:

& = ¢ — oy, (19)

where wy > 0 is a designed updating disturbance observer gain.
By taking derivative (19) with respect to time, the dynamics behavior of the auxiliary variable is expressed by:

. ; . ; 1, ~
& = by — Xy = ¢ — Wi (§0k¢z¢k +gkxk+1) — o (& + oz (20)

Regarding [48], the adaptive law for mismatched disturbance estimation is derived with:

. 1 - ~ ~ BS 1., - ~
e =~y (Eﬁ,t(p,fqok + &@Xi + &+ a)kxk> k=1,..,n—1¢, = —o, (EH,,qa:qo,, +guu+E, + a),,x,,) . @D

Subsequently, the estimation of the mismatched lumped disturbance can be expressed as
$k :?kJr(uk@(k:l,Z, ﬂ) (22)

Theorem 1. Considered the rewritten model (18), adaptive laws (21) and (22) with suitable values Iy, wy and 8, unmeasured states xj
and lumped uncertainty ¢y can be observed and the estimated errors converge to the small neighbourhood of the origin in finite-time with the
stability guaranteed.

Proof. By subtracting (22) from (19), the lumped disturbance estimation error can be given as
gk =& + 0%y (23)

Subtracting (21) from (20), one obtains the estimated error dynamics of mismatched uncertainties as

{ék = & _é'k = {]7k - wkgk}kﬂ - U)k(gk +(Uk}k),-(k =1,.,n— 1) & =&, _én = 4))1 - a)n(gn +wn}n) . (29

Moreover, by subtracting (18) from (17), the error dynamics of the state observer is obtained by:

1
e = - Ae + @
e p e+ 7 (25)
y:}l
“L(5) og .. O
wheree = (x; — X1 X2 — X2 ... Xn—?n)r,‘l’:(% Y J)n)T’andA: _12'(6) O ; Ugol
: E e
LG 0 .. 0

Herein, the observer gains [; should be designed such that the matrix A is Hurwitz. Thus, regarding the linear system theory, there
exists a positive definite matrix P that satisfies:

AP +PA = Q. (26)

Define a Lyapunov function Wy as
Wy =t i’? 1 Lerpe 27)
RS AL

Then, by taking derivative Wy, one has:
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~ ~ 1
@, (&, + ©,%,)] — %QTQG +ePO

(28)
n n n n—1
. 1
~2 2~ ~ ~ — =~ T T
=- &, — = —— PP
;CUAS,( ;a)kskxk + ;Sk(ﬁ}‘ ;wkgkskxkﬂ 20'e Qe +e
Applying Young’s inequality for each term in (28) yields:
R T i o RN E
— Zwkekxk <= g +-w'ee. (29)
k=1 2 k=1 2
i I~y &K
n—1 o 1 n - 1_2_2 .
— ) Oi8iEiXit1 < 5 & ts0gee. (31)
k=1 2 k=1 2
T lr I _ Ly L ~v_lg 2 R
e'PO < e’ | P | e+52¢k =€ IP Pet+3 > @ +oF)” < 5| P ety & +oee (32)
k=1 k=1 k=1

where ¢y is an upper bound of ¢, i.e., || <@ obtained as a result from Assumption 3, @ = max(wy),§ = max(g), | P||? is an Euclidean

norm of matrix P.
Considering (29) to (32), one has:

. 1./1 1< o 1
Wo < —e (=imin(Q) — | P |> —@*(1+8") —a@* |e —= > (2an —5)& + = . 33
1< 5 (Lamin(@) - [P [P -a*(1+.9) DICTELEE I (33)
Moreover, by extending (33) with Lemma 1, the following inequalities are obtained:
e
T 1+ B
L {(ePe) ] 15 41 1—1
(e"Pe)? <+—F——+ 5 =——(e'Pe) + ——, (34
= =1 2 2
+1
» Norm
X1 estimim'on
S1
e O B CFCI .,
r X2, e
comp ion
Xz,al X l
A
X2 . -
%
o I Norm
Yhe Xke estimation
A
Sk Z] X
Xk e O k k+1.d CFC Xerte
\ 4 Xitle
o compensation N
Xit+lc
Xpt 1,
o ¢
Norm
estimation
2" order
system
comp ion o
Estimated state
NDSO €

Estimated uncertainties

Fig. 1. Structure of the proposed control scheme with state observer and CF

Measured output x;

with compensator mechanisms.
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-
s

1+1 & n(l—)

n 1 i [(’gﬁ)'“ﬂ}‘%

~2\7 k=1 B
@7 < =N B : (35)
2. T E T AT
where 0 <1 < 1 and 1 = p/q with p, g being odd constants that satisfy 2p/q > 1.
Consequently, Wy is constrained by:
. 1 1 _ . 1 » 1 o %
Wo < —Eef(;am(@ “IP P =G+l PP -~ (1+7) —ﬁ)e =3 2 (o= 6-1)E — (ePe) T — > ()
k=1 k=1
(36)
IGt—2 (m+1)(1-1)
2t 2

Regarding (36), values of wx and ¢ can be designed to guarantee the stability of the NDSO. However, as the coupling dynamics of
the lumped disturbances ¢, state estimation xy, and unknown terms Z;” @, (x), to achieve the closed-loop system stability, the control
law and values of wx and ¢ should be appropriately designed such that all approximation and estimated errors are bounded and

converge to the neighbourhood of the origin in finite-time.
4. Proposed control scheme
4.1. Control laws implementation

In this section, a proposed observer-based BSC-RBFNN is conducted for non-strict feedback nonlinear system to satisfy tracking
regulation. The proposed control scheme is sketched out in Fig. 1.
For tracking regulation, let’s define the tracking errors.

§p =X —X1d

Sp = Xp = Xee, k=2,...,m. (37)
z=s5—C,i=1,..,n

where s; are the system states tracking errors,X;and X are, in turn, the estimated states and filtered intermediate virtual control
signals; zj are auxiliary compensated tracking errors; and ¢ are the compensation errors that satisfy:

é:l =k + & (yz.(- —X2.d) + 818,

Gk = —Kily + 8k (Mir1e = Xevra) — -1y + @ilo; k=2, .,m — 1)_ (38)
é’u = _Kngn - g11—1§11—1
¢0)=0

Step 1: Define a Lyapunov candidate W; as

1 1~ 1

Wy = W + 222 +—0, + =2 39

1 0+2Z1+2y1 1+2§1 ( )
where@lzej—b\l andglz—@l.

Taking derivative W results in:
. . . . . 1~ A .
W, :Wo-‘rZ](xl—Xl.d—Cl)—y—9191+51§1- (40)
1

From (17), (40) is expressed as

, . 1~ . L(6 ~ . ;
Wi =W, +z (EGI(Of(p] +%(y —X1) =Ygt &gt é + 8152+ & (XZ‘(: —xz.d) - {1)

1 o +0é. @1
+51191¢'1T(P1 *}719191

To guarantee the stability of (41), the intermediate virtual control and adaptive law are adopted as
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1 1~ . ~ Lo ~
X24 :;<**91¢1T¢1 + x4 — ¢ *;i_ ) (v —%1) —Kisi *’71211) 1
1

2 = 5}'121¢1T§01 — 210, (42)

0,

where «; and #; are controller gains, and x; > 1; y; and 1; denote arbitrarily constants to update the estimated norm 51.
Substituting control laws (42) into (41) results in:

) . P . -
W, =W, _K'IZ% —WIZIIH + 812122 +y—19191 +4¢8 +ud. 43)
1

It is obvious that the following inequalities are satisfied:

M= As . = A Mo,
19,0, ="9,(0, -0 < —2—191 + 2—1012
71 71 71 71 ) (44)
y (7 5 2 1o 1o
agr=al@ tod) < 7458 500N
Subsequently, the derivative of W; is constrained by:
. : w2 1y 1, AL, B
Wi < Wo— (ki — )73 —ny (1) * — 27101 +586 +Ew2,xl + 81212 +271012 +81¢,. (45)
Step k (k=2, ..., n-1): Define a Lyapunov candidate Wy as
1 12 1
Wy = Wiy + Ezi + Tykgk + igi. (46)
where 6 = O — 5k andf, = — §k,
Similarly, by taking the derivative Wy with respect to time, one obtains:
. . 5 . . 1~ & .
Wi =Wy +z (R — e — &) — y—ekek + i (47)
k
Expressing the k sub-system yields:
. . 1. - L(s . . . 1~ & . .
W= Wi+ 2z (i Ok P G R ) O =%1) = Xae + ¢y — é’k) — =00, + ik = Wi
Yk
- 1(5) 1~ 7T & . (48)
+2 <§9k(ﬂflpk — 8iXk+1.a + Y (= %1) = Fee + D + &Skt + 8 (Ve — Xirra), — Ck) + Zlﬂk(/)k P — *gkgk
Then, the intermediate virtual control signal and adaptive law for norm estimation are adopted as
1/ 1 L .
X+ 1.d :_<_§0k¢/{¢k + Xie —%(y—xl) — hx — KiSk —ﬂkZ;(—gk—lsk—l) 1 . —~
8k = NP Pk — kO, (49)
0,
where i and 7, are controller gains and xx > 1; yx and Ax denote arbitrarily constants to update the estimated norm §k,
Substituting control laws (49) into (48) results in:
A~ ~ ~ ;
Wy = Wi — k2t — 2 — gio1zic1Ze + 8zt + ?kgkgk + % + GGy (50)
k
It is obvious that the following inequalities are satisfied:
A A ~ A A
20,0, ="0.(0; — 0,) < —2—‘6 + z—ke*z
Yk Tk Vi N }’kl 1)
adi =+ o) < % +§e: + 2wkxk

Subsequently, the derivative of Wy is constrained by:
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o s A Mo 1y 1, :
Wi < Wiy — (ke — Dzg — (Z/%) : - z—kek — 8k—1Zk—1Zk + &kZkZk+1 + —Aekz + —E/% + —wzkxf + il (52)
Tk 2y 2 2
It is noteworthy that, by following control laws (49), the term existing from the previous step is cancelled out in this step, and the
term g2k + 1 raising in this step will subsequently be cancelled in the next step.
By expressing the derivative of Wy_;, (52) becomes:

k

k k k k k k
. , A= I 1 " Ai . ;
Wi <Wo =" (=12 = ng =) _2y9" + 82z 5 > ef+§ > 0%+ —270,?+ > ¢ (53)
i—1 i=1 i i=1 i=1 i=1 i i=1

i=1

Step n: Define a Lyapunov candidate W, as

1 1~ 1
W, = Wiy + 222 + =0, + (2. 54
1+2zn+2y”,,+2§n 649
where 5,,:9;75,, and 0, = 75,1.

Taking derivative W,, with respect to time, results in:
. . 5% . . 1~ & .
Wy=Wy1+2, (-xn —Xne = Cn) - }/_Hn 0, + &8, (55)

Expressing sub-system n yields:

. . 1~ 1, (6 ~ . ‘
Wy=W,1 +z (59”(05(#” + gutt + %(y —X1) = Eue + Py + GeSt1 + 8k (Kes1e — Xerra), — §k)
1 L + 8l (56)
+-2.0@ @, — —0,0,
2 Ya
Hence, the control input signal and adaptive law for norm estimation are adopted as
1 1~ (0 ~ . "
u :_<_§0n¢:¢n_Q(y_xl)"’_xn.c_d)n_lcnsn _r’rlen_gn—lsn—l) 1 N
&n o = —J’nZn(ﬂ,T(ﬂn - /‘Ln an- (57)

2

O

where «, and 7, are controller gains, and «, > 1; y, and 1, denote arbitrarily constants to update the estimated norm On.
Substituting control laws (57) into (56) results in:

. . . 1 ~~ ~ .
Wn = Wn—l + Zn( — KnSn — ”nzly, — 8n-15n-1 — CA) + yflnenen + Zn¢n + Cné’n

1 (58)
=W n—1 - ani - ”,,Z; — &n—1Zn—12n + *lnenen + Zn¢n + Cnén
Similarly, the following inequalities are satisfied:
ﬂn"' a3 ﬂn 5 j'n %
20,0, < 210, + 07
Va 2r " 20, 59)
- = 2 la 1o
by = 2(€ + 0u%n) S 2, + 8, + 50,
Subsequently, the derivative of W, is constrained by:
. . In 2 I 1 1, ;
W, < W,y — (k,— D)2 — 25" — 59” — Gu1Zu1Zn + #"2 + Eeﬁ e (60)

By expressing the derivative of Wy,_;, (61) becomes:

10
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WnSWO—XH:(’Q—I)Z?—E:W(Z@%_ S z_k ZZ %Xn: W% + Z_H*Z+Xn:5kék
=1 =1 =1 =1

Sf%eT(/l'“%‘(@f||P\|27(z+1)Pf(62(1+§2)+w ) Z Qwy — 7 —1)E
k=1 ' 61)
=5 LNt 1 L A =2
_(eTPe)z _ 3 (gz)l _ 2 (ke — 1)z an zk 227/1\0 +ZZ

+§Z 0% + Z o2+ 22@ "“ Zack
k=1 k=1 k=

In view of Lemma 4, the error compensation term, Y 1, {;(;, is constrained by

Yk

n n—1 n n—1
ZC[’C[’ Z’Gg + Zgz Xitle _x1+1d) < - ZKin + Zgiwwr (62)
Pt =1 i=1
Then, one has:
W, < e’ ﬂ'"‘"( ) “IPP=G+D|P| - (@*(2+7) +@") e—lz 2 2
"2 25 o E
el n n el nQ~
7(eTPe) = (Ek) - (e — 1) Z - Z’?k Zk 2] - #ﬁ (63)
k=1 Tk

T

k=1 =1

n n—1
N N R L LWL
= k=1 k=1

4.2. Closed-loop system stability proof

Theorem 2. Consider system (1) with Assumptions 1, 2, and 3, Lemmas 1, 2, 3, and 4, NDSO (21), system transformations (17), DSC
adopted (8), error compensation (38), along with control laws, and norm estimations at each step in (42), (49), and (57) the closed-loop

system is guaranteed to be SGPFS and converge to the small neighbourhood of the origin in finite-time

Proof. The result (63) is modified as

. 1 Amin _ _ 1< "
WnS*Z%T< Q —[[PP=G+D|P|*- (@ (2+7) +@) ) Qw, —7 - 1)E
k=1
R [ES sl S A2
—(e"Pe) > — ) =Y (ke — 1)z (@@ =S 2o
( ) k:](A) £ k Zkk k:]zykk
. (64)
" L 2 W L L
Sa@ T - S@t @
k=1 Tk k= k=1
+ 1)(
+z o+ z NALiLLE ZKACkJngumﬂ
k=1
By applying Lemma 1, one obtains:
@
"k S [ f ] NP L= R QR 2 A(1—1)
—( < +Y ———=-> —(+Df+ >y — (65)
;2}%( k) 2y, ,%1 ;2% = 2 = Vk( ) ; 4y

(66)

w1 n
()7 <)+ +———
k=1 ! 2 k=1 ¢ 2
From (66) and (65), inequality (64) is rewritten as

11
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k=1
~(e'Pe)T W -

(67)
1 I 1 n—1
g

(1 —1) nlft
+ngwk+l+zk )
k=1

2

 UinQ — 1
In view of Lemma 2, one has:

WP ?— @2 +8) +

From (67), it is obvious that to guarantee the stability of the closed-loop system, the Values of positive parameters o, wy, kx should be
adopted such that they satisfy: xx > 1, 12 (Q) — || P ||?

) >0, and 20k — 7 — 1> 0.
) L - gl
TPeZ+§ &) +§n, 2+§2 ()"

i=1
>r2<— (e"Pe) +Z—ek+z 2 +Z—0 +Z c)

(68)
As a result, the derivative of W, is bounded by:

W, < -IW\W, —L,Wr +C.

(69)
withl'y —mm{ m@ P2 = (1 4+ 1) P2 - @22 +8) + @), 20k —7 —1),2(kk — 1), A(1 —1), (2 — 1 — z)} k=1,..nT, =
+1 ,+1 —2 (2i —
min (2 # 2%, — B, ) k=1,..mand C =5 S0 d + Yh 1507 + Y i@min + Yp g+ E0=,

From Lemma 3 the system (1) is SGPFS for t > ty + T,. The finite-time convergence, T, is then determined as

1 ADIWE () +T 1
T, < max{ f)+ In 22! (1) +T>

. lnrlw%(m + 4o
/101—‘1 <b> rz Fl (lil> /‘Lorz
2

2

(70)
with 0 < 49 < 1 and the function Wy(t) is bounded by

limW,(t) < min ¢ ( ¢ )m
imW, (1) < s .
=T, (1 — /10)1—‘] (1 — /10)1“2

(71)
Therefore, the stability proof of the closed-loop system is completed
Regarding the above proof, the closed-loop system stability is guaranteed if the control gains and observer gains satisfy the
following conditions:

20, —7—1>0

A(1=1)>0
@ _p s pp - @

2+7)+a*) >0
Z(kal) >0

(72)
2 —1—1>0

As seen, by setting suitable control and observer gains, the stability of the closed-loop system can be achieved. Theoretically, large
values can help achieve fast response and convergence; however, this also brings a tradeoff of inducing unexpected chattering phe-
nomenon and performance degradation due to the system’s characteristics. Therefore, to avoid this problem encountered, these pa-
rameters should be carefully adjusted as the following:

- Set . = 0 and set arbitrary small values for x; (x; > 1 and 2x; > 2 > 1 + 1) such that the output position can follow the desired
trajectory. For k=2, ..., n, theoretically, values of xx should be set smaller than «;

is faster than the outer loop

- The Gaussian functions are selected based on the characteristics of the motion such as maximum movement, velocity, torque/force
or inside dynamical behaviors. Set initial value @k‘o > 0. Noted that @kﬂ_o > @k o because the dynamical behaviors of the inner loop

12
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- Set Ax = 0 and gradually increase the learning rate yy from a very small value and check the convergence of the approximated 6.
Once light fluctuation occurs, stop tuning the learning rate yx and fix a value that is smaller than the current one. This helps prevent
unexpected chattering because of the mutual influence of the approximation between the outer and inner loops.

- Slowly increase wy from wg > 0.5(7 + 1) and check the tracking performance. Stop increasing wx when fluctuation is observed, or

until the output tracking error has not much changed without chattering, then fix a value that is less than the current one. Besides,

observer gains [x(3)/c should be designed such that the matrix A in (25) satisfy Hurwitz. Thus, these gains were adopted through an
observer bandwidth § that depends on the order of the system.

Slightly increase values of A and check the system qualification. It is noted that this value should be less than yk. otherwise, the

approximated 6, may converge to non-optimal value.
After achieving the above adjustment, slightly increase n; and A, but these should be maintained at small values, to enhance the
tracking qualification.

5. Verification

In this section, comparative simulations on an electro-hydraulic system (EHS) is carried out with three controllers: (1) the proposed
methodology, (2) a proportional-integral-derivative (PID) control, considered a specific model-free approach, and (3) an ideal model-
based BSC, considered a benchmark model-based with all existing dynamical behaviors. The aim is to evaluate the effectiveness of the
proposed methodology in achieving near the same tracking performance as the model-based with only output feedback to the main
controller like the model-free approach. The system dynamics of the EHS is inheritably derived from [50] as

.)él = X3
X2 =fr + goxs +da, (73)
X3 =f3 +gu+ds

2 2
withx = (x1, X2, x3)7 = (x % APy —AsPy)", g3 =1/m, dy = —Fex/m, fo = ( — byxy — botanh(bsx2))/m, f5 = (— - ’3—;)/%, ds =

(— - %)ﬂQL, qr=C{P1—P2), g = (%Rl +‘3—2R2>ﬁkr, ke = dekV\/%’ Vi =Vio+A1x1, R1 =s(x)vPs —P1+5(—x,)v/P1 — P, V2

= Vo + Aa(L — x1), Ra = s(xy)v/P2 — P+ s(— xy)\/Ps — P,. Herein, x and x are position and velocity of the end-effector; m is the total
weight of the cylinder stroke and end-effector block; b; and b, are friction coefficients; ds stands for lumped matched uncertainty; A;
and A, denote cross-section areas in bore-side and rod-side of the cylinder, respectively; L denotes the cylinder stroke; P; and P, are
pressure in the bore-side and rod-side of the cylinder, respectively; V; and V» are volumes in the bore-side and rod-side, including
initial volume of pipelines, V1o and Vs, of the cylinder, respectively; # denotes the Bulk modulus; k; is the coefficient factor that
presents the relationship between the control signal u and spool valve displacement xy, i.e., x, = k; Ps and P; denote supply and tank
pressure, respectively; q; is the simplified internal leakage model; and C; is internal leakage coefficient.

The values of system parameters are followed from [50] with L = 0.5 (m); A; = Az = 1.2x107 (mz); m = 0.327 (kg); by = 45
(N/m/s); by = 0.01 (N), bz = 10%; Foxe = 10 (N); = 1.5x10° (Pa); V19 = Voo = 1.15x107* (m®); k; = 2x1078 (m3/s/V/Pal’?); Ps = 100
(bar); P, =1 (bar), C; = 1.8x 1078 (mB/S/Pa). Initial x1(tg) = x2(tg) = x(tp) = 0, P1(tp) = Pa(ty) = 0.

The aim is to track a reference motion, which is defined as

X1a = 0.25 + 0.2sin(zt) (m). 74)

The control parameters are as the followings:

PID: Kp = 500; K; = 10000; Kp = 0.01,

BSC: k1= 500; k3 = 300; k3 = 1500, 1 = 2,52 = 1,73 =1,1=3/5,

Proposed: same control gains as the BSC; RBFNN structure: ¢p = [cp, cfgz]T with ep1 = cp2 = [-2, -1, 0, 1, 21; ¢3 = [ef31, 32,
3l with ey = ¢po = [-2,-1.5,-1,-0.5,0,0.5, 1, 1.5, 2]; €33 = 10° x [ — 1, — 0.75, — 0.5, — 0.25, 0, 0.25, 0.5, 0.75, 117, pip = 2, iy
=20, ypp = 2x10% Ay = 5x107%, yp3 = 2x10% 43 = 5x107*%; Initial weighting vectors: 60 = 10, fp3,0 = 2x10% NSDO: 6= 1, § = 2000,
L =36 Iy =382 I3 =68 wy = 15, w3 = 150,

CF: wyc = w3 = 1074

The NN-approximator architecture of the proposed control strategy in the second step includes two inputs of x; and X, in the input
layer, and five nodes in the hidden layer. In the third step, the NN is structured with three inputs of x;, X2, and X3 in the input layer and
nine nodes in the hidden layer.

Remark 5. For a fair comparison, controller gains of three comparative approaches should be equivalently selected. However, it is
difficult to accomplish this because the executions of these methods are different, in essence, where one is a model-free and the other
two are model-based techniques. Thus, the PID controller gains are heuristically designed to achieve the best tracking performance
with less chattering in the output performance. The parameters of proposed method and BSC, followed by the guideline, are adopted as
the same values as each other.

Remark 6. To facilitate the control expressions, the driver’s dynamics is assumed to ideally operate without delay; thus, the control
signal u is proportional to the spool valve displacement.

13
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The system output qualification is pointed out in Fig. 2 in which the continuous black line represents the reference trajectory, the
dotted-green line, the dotted-dashed-red line, and the dashed-blue line denote the output responses under the PID, model-based BSC,
and proposed technique, respectively. The upper subfigure displays the output tracking performance while the bottom subfigure shows
the output tracking error. As seen, the PID method offered the simplest implementation because only the actuator movement was
feedback for the control execution; nevertheless, it returned the worst tracking qualification with the largest tracking error of
+1.15x107* (m). Besides, at the beginning, significant fluctuation was generated. These drawbacks came from the uncompensated
dynamical behaviors and the influence of the external disturbance F,,;. Increasing the PID gains could only improve the tracking effort,
but they could not address the system dynamics and uncertainties, which had a significant influence. In contrast, the full-state feedback
BSC achieved the best regulation with the smallest tracking error of approximately +2.5x107 (m) because all parameters of the
system were available; thus, the dynamical behaviors was comprehensively compensated and the influence of the predefined
disturbance was also suppressed. Meanwhile, although the proposed control methodology only required the feedback output signal,
like the former PID, it could achieve nearly similar performance to the model-based approach. This result could be obtained because
the system dynamics was approximated with the lumped disturbance and uncertainties estimated as presented through the norm
estimation RBFNN-based approximation and NDSO. Thereby, these terms were suppressed in the virtual signals and control law ex-
ecutions. As a result, the influences of unstructured dynamics behaviors and uncertainties were relaxed and the tracking performance
could be enhanced by only concerning the control gains «.

Fig. 3 displays the system velocity, i.e., x2, responses with the smallest error of PID in comparison with the other controllers. The
reason is that the actuator velocity under the PID control was regulated through control gain Kp, to follow the desired x;4. Meanwhile,
the velocity under the BSC followed the virtual xog = X14 — k151 — 7,2} and under the proposed method, X2, followed the virtual control

Xoq = X14 — K181 — 12} — @ (y —X1) instead, not x4 like the PID approach. Moreover, one can also observe the chattering in the
velocity response under the PID technique. This came from the initial position x(t), which was set far from reference and uncom-
pensated dynamics when conducting the control execution.

Fig. 4 shows the response of the load force, i.e., state x3, in which the response under the proposed control nearly followed the
model-based BSC. The control input signals are performed in Fig. 5. Generally, all control signals exerted fluctuations at the beginning
because the initial position x(t0) was set at 0, which was far from the initial position of the reference. Thus, the control action executed
more effort to regulate the current initial position to the reference one at the beginning, and over-shoot inevitably existed. However,
the fluctuation under the PID was significant due to not considering the uncompensated disturbance, uncertainties, and dynamical
behaviors, which had a significant effect on the output performance. On the contrary, the BSC generated the least fluctuation since all
dynamics, disturbances, and uncertainties were compensated. The control action under the proposed technique quite fluctuated more
than the model-based approach. This is reasonable because it required a certain time (finite time) for all unknown parameters and
unstructured dynamics and uncertainties to be approximated by adaptive laws.

It is noteworthy that responses of velocity and load force under the proposed control scheme in Figs. 3 and 4 were of the estimated
values because the states x2 and x3 were not available. The estimations of x5 and x3 are performed in Fig. 6, where the black line
denotes the actual system state (obtained in the case when all system states are measurable) and the dot-dashed red line describes the
estimated values. Generally, these results indicated that the NDSO could successfully estimate unavailable state variables for the
proposed control implementation. Moreover, the actual load x3 exerted severe chattering at the beginning because it was directly
calculated from measured pressure, which was strongly affected by dynamical behaviors. Thus, this variable was vulnerable to
chattering if the sampling time was not properly set, from the theory and simulation point of view, or if noise was not filtered out when

Desired —-—-- BSC
— T T T PID — — —Proposed AFMFC
N ~N

E 04 /’\ //\ \ / \ / \ J

o / \ [\ /[ \
803\ \ [\ [/ \ [/ \

SRt T U A U A U A U A
£ 02 \ / N\ /S N/ N\
'Mo i \ \ / \ / \ .i \ /I
ER VAV VAV ARV

0 ' 1 L 1 L 1 L 1 L 1

0 1 2 3 4 5 6 7 8 9 10
Time (s)

[ PID === BSC — — -Proposed AFMFC
o /;‘\.NE:—/"":N\\-;;”' —\x\\--—)’

Fig. 2. Tracking effort of the system state x;.

14



H.V.A. Truong et al. Applied Mathematics and Computation 475 (2024) 128699

> i
g 05! g
0.25 |

ing x2
(=]

-0.25
-0.5
_075 Il L 1 L L 1 L 1 Il

TR T AL

Track

B —~ ’° A~
\ /N \‘\ s\
/ \ / \
E N VAN 2N %
T\ AN
/ A VARY
/ -\, // \ - / \.V,

-

~

Error ey (m/s)

0 1 2 3 4 5 6 7 8 9 10
Time (s)

Fig. 3. Estimated and tracking effort of the system state xs.

a1
. ‘3‘8 ] [ I s T3,BSC —— ~X3
Z, - - N ~ Va g
= 20 i \ ,,/ \ f\ f / i
g 10}k P\ foy [ / A
S A e N R Y A .
£ 10y f \ — \ 5o
§ 20} \\\.— i \ //'I \\J//i \\\, 4 /,’ 7
30t - < ] R N i
40 L I 1 1 1 1 1 L L
0 1 2 3 4 5 6 7 8 9 10
Time (s)
Fig. 4. Estimated and tracking effort of the system state xs.
5\ PID —---- BSC — — -Proposed AFMFC
= P s, 3
g AR A 7
& \ i\ FE i
= \\ i \ i \ i
—_ i \ i \ F
=) \ / 1 ; \
= \ vi \ i \ 1 4
g \/ \./ \L/
U 4

Time (s)

Fig. 5. Control input signal u under different methodologies.

using sensors to measure pressure when conducting experiments. On the contrary, the estimation performed a smoother response
because it was obtained from the NDSO, where estimated parameters conventionally were smoothened out. However, inappropriate
observer gains or sampling time could also deteriorate the observer qualification, in both simulation and practice.

The norm estimations of 0, and 03 are revealed in Fig. 7 with non-negative responses. Accordingly, the positive partfk(ﬂ%k) =
%§k¢f(§k)(ﬂk(§k), where k = 2, 3, are obtained as shown in Fig. 8, with continuous blue lines. As can be observed, due to using norm,
these equivalent approximations always performed non-negative values and the norm estimations were stably adapted to the system
behavior. However, in comparison to the original fi(x) = Z; @, (x) that varied with both positive and negative values, to reflect the
original behavior, the lumped ¢ were subsequently estimated that returned negative parts of fi (x), as shown in Fig. 8 with dot-dashed
red color lines. As a result, the sum of fk(§|§k) = %@k(pz (Xk)@x (X) and gy reconstructed the behaviors of actual fi (x) = E{Tp,(x) in the
right way.
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As can be said that our idea is decoupling the dynamics £} @, (x) into two positive and negative parts. The positive part was
performed by using RFBNN with norm estimation, while the negative part was obtained by estimating ¢. Thus, instead of updating all

14 parameters (5 nodes of §2 = (22‘1 22‘2 Ez‘s)Tfor approximating E§T¢2(x\§2) and 9 nodes of 33 = (23‘1 23‘2 Eg_g)T for
approximating 3 @ (X)), only 2 parameters to be updated, i.e., 02 = || E2||? and 05 = || E3||%. As a results, less updated parameters

reduced the computation cost with less time-consuming, especially when extending to other applications such as an ESS with servo-
valve dynamics included, where a fourth- or fifth-order system is modeled, or when the dynamics of a driver is taken into the automatic
systems modeling.

Furthermore, in the simulation, the initial value of W(ty) depends on tracking position error, initial estimation error, control, and
observer gains at the initial time ty = 0. Thus, based on the values selected for the simulation, one can obtain the finite time T.
However, it is not easy to obtain these errors because we cannot know exactly the value of optimal norm 6; = || E',*(Hz (or optimal
weighting vector. But we know the initial value ak(to) based on the value set in the simulation), and W at ty=0; thus, W(tg) cannot be
exactly obtained. In our evaluation, we assumed that at the initial time, the estimation errors are all zero, i.e., &g = ¢ = 5;( = =0,
except for the tracking errors of the position s;(to) = x1(to) — x1,d(to) and velocity sa(tg) = xa(to) — x2 c(to) since x1 4(tp) = 0.25 [m] and x2,

16



H.V.A. Truong et al.

Applied Mathematics and Computation 475 (2024) 128699

N NS

N P
7 100 ’E ----- Lumped ¢,
z i

17 i

= 0 Y S - ——— e e =)
e 17 S S A W S A
S solhi v L v v/ |
é ) ! % / N L N Y
;_100 § I I I I I I 1 L L

72}

4 9 10
e} r ~

o FEICO
Q Lumped ¢3
w =
I

=

izl

2

(=}

2

S

£

@

[8a]

Time (s)

Fig. 8. Positive part f(X[Xx) = 10kof (X )@r (k) of Z @ (%), and estimated lumped g.

(to) = x2,4(tg) = 0.25 + 0.27 [m/s]. g» and gs, relating to the stability of the NDSO, can also be obtained based on their formulas.
Thereby, the initial W(ty) was much less than its actual initial value. Subsequently, one can obtain that the convergence time T, is much

1 10F1W12;’(fo)+rz‘t0 L lnrlﬁ(to)ﬂorz
JoT1 (% T ’ I (%) Aol2
rameters, learning rates, and observer gains selection. Consequently, the justification of the practical finite-time stable was proven.

However, also obtained from Fig. 9, the approximated results did not accurately follow the actual dynamics =} @y (x). Moreover,
although the proposed method can help reduce a number of estimated elements of the weighting vector and facilitate the advanced

techniques integrated, there still exist shortcomings as the followings:

less than the theoretical calculation, i.e., T, < max{to : )ln } based on the control pa-

1) Compared to the actual dynamical behaviors fi, the positive part of fx was presented through fk(ik) as they were approximated
based on the system states, but ¢ included not only a negative part of fi but also mismatched and matched disturbances/un-
certainties, i.e., d2 and d3 in the simulation. It should be noted that for the case of unknown system dynamics, the influences of fi are
always lumped with disturbances and/or uncertainties because they appear in the same channel and are coupled with each other.
Thereby, the approximation will return their lumped effect. This will certainly occur if mismatched and/or matched uncertainties
are also functions of system states, i.e., internal leakage in this case study. However, if the system is only required to satisfy position

.
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Fig. 9. Results of approximated unknown functions f, and f3 in comparison with the real ones.
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requirements, this issue cannot be ignored because the lumped dynamics are estimated and compensated by control laws
implementation.

2) The parameters adopted for output tracking regulation, states estimation, and adaptive law for updating the estimated norms, have
mutual influences. It is difficult to select optimal values for all variables. Then, how to achieve optimal solutions will become our
next goal.

3) Due to using norm, the choice of the Gaussian basis function (centers and widths) becomes more significant where inappropriate
design certainly affects the approximation accuracy. This does not appear on the conventional fuzzy logic or RRBFNN techniques
owing to the flexibility in separately updating each element &j;—1.n,) Of the weighting vector Zj =

(5k,1 Sk o Skn, )T € RN, Subsequently, the effect of inappropriate ¢kj (and corresponding center c ;) is mitigated. This

optimizing Gaussian basis function of self-organized RBF-based approximation evokes a new challenge to enhance the approxi-
mation and system performance.

6. Conclusion

With the output tracking requirement subject to partially unknown dynamics and unavailability of the system states, except for the
measurable output only, this paper proposed a new methodology to not only address these difficulties but also achieve and improve the
output tracking regulation. The proposed control scheme was constructed based on the RBFNN-norm estimation technique to cope
with unstructured dynamical behavior. In order to make this approach implementable in the case of missing system state variables, the
system was reformulated in which the unstructured dynamics term was presented in a new form of the RBFNN operator but still kept
the same key properties as the original model. As the new form, the process errors, lumped into disturbance and uncertainties,
consequently arose. Therefore, the NSDO was employed for not only state observation but also for lumped uncertainties and distur-
bances rejection to enhance the output tracking effort. Besides, the CF technique was also combined to obtain smooth virtual controls
and their first derivatives as the requirement when deploying BSC. The stability of the closed-loop system was mathematically proven
to guarantee that all signals were bounded and converged to the vicinity of the boundary in finite time. The effectiveness of the
proposed control scheme was verified through comparative simulations. With the new approach using NN-based approximator, other
advanced techniques, such as input saturation, input quantization, dead zone, state constraints, compliance control, and so on, can
possibly be investigated, as future developments, to enhance the system qualification.
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