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Abstract: This paper proposes an output feedback-based control for uncertain electro-hydrostatic
systems (EHSs) to satisfy high output tracking precision under the influences of unknown mismatched
and matched uncertainties and unstructured dynamical behavior. In this configuration, an extended
state observer (ESO) is first employed to obtain unmeasured states and suppress the adverse effect of
matched uncertainty. Meanwhile, the influence of unstructured dynamical behavior is approximated
by employing a radial basis function neural network (RBFNN)-based technique. With the unmeasured
states observed, matched uncertainty, and system dynamics compensated, the robust backstepping
sliding mode control is accordingly established and the lumped mismatched uncertainty is then
suppressed through disturbance observer-based adaptive law. Interestingly, the proposed control
methodology requires only output feedback but can address the whole system dynamics. The stability
of the closed-loop system is theoretically proven through a Lyapunov theorem and the effectiveness
of the proposed methodology is demonstrated through comparative simulations.
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1. Introduction

Achieving control accuracy for electro-hydrostatic pump-controlled systems (EHPSs)
has triggered an interesting topic and has broadly been studied for the past decade. With the
advantages of light weight, high force/torque density, high mobility and reliability, and ease
of maintenance, the EHPS has become a core actuation component of numerous modern
hydro-mechanical applications such as aviation [1], wheel-legged robots [2], exoskeleton
robots [3,4], articulated manipulators [5], renewable energy [6-8], and so forth [9-13].
Especially, high efficiency can be achieved compared to the electro-hydraulic servo-valve-
control type actuators (EHSAs), which have throttling loss due to the servo-valve dynamical
behavior. Nonetheless, inherent fluid properties, nonlinearity, modeling error, bypass
friction, leakage, unknown external disturbance, and unstructured uncertainties adversely
affect the control accuracy. Moreover, unmeasured states also bring an obstacle to achieving
robust control developments.

Of a simple calculation with only output required, the traditional model-free proportional-
integral-derivative (PID) control has widely been exploited for various industrial applications.
Later, variations such as adaptive PID, fuzzy PID, fractional PID, particle swarm optimization,
genetic algorithms, other optimization-based adaptive PID control, learning-based control, and
so forth have favorably been developed for EHPSs [14-17]. Regarding the introduced literature,
the tracking performance was improved, as the controller gains adapted to satisfy specific
working conditions compared to the previous studies. However, the system dynamics were
neglected and the effects of disturbance and internal uncertainties have not been tackled, which
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has raised an arduous challenge to achieve robust tracking qualification against perturbation
and uncertainties.

Compared to the model-free strategies [14—17], the model-based control method is
considered a feasible solution to deal with the system model. Among various method-
ologies, backstepping control (BSC) and sliding mode control (SMC) have been used as
powerful tools that can not only deal with the system dynamics but also guarantee the
closed-loop system stability for the required control satisfaction. The BSC possesses the
advantage of guaranteeing closed-loop stability through a recursive process; however, this
also brings burdensome computations and complexity explosion in the case of high-order
systems. Meanwhile, the SMC has the merits of reducing the system order and robustness
against perturbation; yet it is vulnerable to the influence of internal uncertainties. Reason-
ably, the integration of backstepping SMC (BSMC) takes advantage of both BSC and SMC
and has been broadly exploited to derive control action for diverse applications such as
hydraulic manipulators [18-20], construction machines [21], and so forth. Additionally,
observer-based control was also hybridized to cope with the unknown disturbances and
uncertainties [5,22-24]. In [5], Lee et al. proposed dual disturbance observers (DOs) to
compensate for the friction impact and suppress undesirable internal leakage. In [22],
Ba et al. conducted high-order disturbance observer (DO)-based control for force and
pressure dynamics of an EHPS to mitigate the impacts of disturbance and uncertainties.
In [23], Trinh et al. employed a hybrid disturbance observer (DO)-extended state observer
(ESO) to mitigate the influences of external load disturbance and internal leakage in EHPSs.
Subsequently, a BSMC was designed to achieve satisfactory control and output perfor-
mance. In [24], the authors examined an EHPS-driven hydraulic crane and established an
ESO-based integral BSMC to regulate the output position performance under time-varying
load disturbance. Various contributions have been published [25,26]; however, they require
full state feedback for the control and adaptive law implementations.

Following up on the output feedback-based control, the authors in [27] proposed an
ESO-based output feedback control for the EHSA type. The observability of the proposed
algorithm was demonstrated by experiments where good output tracking regulation with
well-estimated unmeasurable states (velocity and uncertainties) was accomplished. In-
heritably, output feedback-based adaptive disturbance rejection controls (ADRCs) were
developed based on the core of ESO [28,29]. In [30], Tran et al. studied an extended high-
gain observer-based SMC for the EHPS rotary type subject to variant payload, unknown
friction, and uncertainties. The effectiveness of the method was examined through compar-
ative experiments. However, only matched uncertainties were pointed out. Following this
shortcoming, Nguyen et al. developed an output feedback-based BSMC with an extended
sliding mode observer proposed for an EHPS to comprehensively clarify the undesired
effects of external load and internal leakage [31]. Considering constraints, the authors
in [32] integrated input saturation into a model-based control to prevent the control signal
from being singular due to the discontinuity of the saturated signal. Despite good results,
the authors investigated EHPS models with well-known dynamical terms in the mentioned
works. Thereby, unknown disturbances and uncertainties, including internal leakage,
parametric uncertainty, unmodeled nonlinearity terms, and modeling errors, were lumped
and suppressed using an observer-based control scheme. Practically, it is quite difficult to
exactly identify the system’s dynamics due to long-term usage and degradation.

Known as an effective technique to deal with smooth functions, universal approxi-
mation engines such as a fuzzy logic mechanism or radial basis function neural network
(RBFNN)-based methods have been intensively incorporated into the control synthesis to
approximate dependent-state functions. The potential of using intelligence-based control
has been validated through both simulations and experiments for general nonlinear sys-
tems [33-35]. Within the scope of EHPSs, the authors in [19] employed the RBFNN-based
technique to approximate the modeling error of a hydraulic manipulator. In [36], Phan et al.
made use of the RBFNN to eliminate the adverse impact of mismatched disturbance. Simi-
larly, the authors in [37] combined the RBFNN to reduce the influence of the time-delayed
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estimation error when initializing the control action for cable-driven manipulators. The
feasibility of the RBFNN has been persuasively studied through numerous studies; never-
theless, to the best of our knowledge, the inclusion of RBFNNs and observers to suppress
the unstructured dynamics and uncertainties and facilitate the output feedback control has
not been reported elsewhere.

Summing the above research gaps, this paper aims to propose a robust output
feedback-based neural network backstepping sliding mode control (OF-NBSMC) for an un-
certain EHPS, subject to unknown disturbance, uncertainties, and unstructured dynamics,
to meet the designated reference trajectory. The proposed method is established based on
integrating estimators and RBFNN-based approximators to comprehensively address the
above systematic problems. In brief, the paper contributions are as follows:

e  Proposing a robust OF-NBSMC for uncertain EHPSs subject to unknown load distur-
bance, friction, matched uncertainty, and unstructured dynamical behavior.

e  With only output available, an ESO is first employed to help observe other unmeasured
states and suppress the influence of matched uncertainty.

e  Conducting an RBFNN-based approximation integrated with a disturbance observer
(DO)-based adaptive law to decouple the dynamical behavior of the mechanical part
with the impact of load disturbance to satisfy specific working requirements.

e  The system stability is theoretically proven and the feasibility of the proposed method-
ology is verified through comparative simulations.

The rest of the paper is organized as follows. Section 2 formulates the general model of
an EHPS with the necessary hypothesis to facilitate the proposed control manipulation. In
Section 3, estimators and approximation operators are presented to observe unmeasurable
states. Accordingly, in Section 4, the robust OF-NBSMC is formulated with the closed-loop
system stability guaranteed through the Lyapunov theorem. The feasibility of the proposed
control algorithm is then examined through comparisons in Section 5. Finally, Section 6
summarizes key techniques and is a prominence for further development.

2. Problem Formulation
2.1. System Descriptions

A detailed schematic of the EHPS can be referred to in [23,31]. Within normal working
operation, i.e., without faults or failures, the dynamical behaviors of some components,
such as check valves, relief valves, filters, and so forth, could be ignored since the pressure
inside pipelines and actuator chambers should not exceed the setting of maximum pressure
of the relief valve. However, those components have some impacts, even though they are
small. Thus, they are considered modeling errors or uncertainties [31]. Therefore, in this
paper, a simplified specific EHPS is considered as shown in Figure 1.

Linkage 5 Hydraulic motor

Relief valve

Relief valve

I'—l T TNy T T |—'I

\ Pilot check valve

Hydraulic pump High pressure

Electric motor Low pressure

Figure 1. A simple schematic of an EHPS.

In brief, the EHPS comprises a hydraulic pump, driven by an electric motor, to pres-
surize and run the hydraulic motor with a linkage mounted at the output shaft. Two relief
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valves are equipped to protect the system from over-pressure by releasing flow to the oil
tank. And pilot check valves are to support the flow of hydraulic oil to the circuit in the
case of low pressure by sucking oil from the tank.

The dynamical behavior of the mechanical part is modeled based on Newton’s second
law as

](P + Tfr ((P/ (P) + Text = Tact, (1)

where ] denotes the inertial moment of the rotary actuator; ¢, ¢, and ¢ represent the
actuator’s angular position, angular velocity, and acceleration, respectively; 7y, reflects the
poorly known friction; T.y; represents the unknown external load; and T, is the active
torque to drive the actuator, whose expression is:

Tact = Aw(Pl - PZ)/ )

with A, being the radiant displacement and P; and P, being pressures in two chambers.
The dynamics of pressures P; and P, is derived based on the hydraulic continuity equations:

dPp.

"

= V% (+DPQP - Aw¢ - Qin—leuk(Plr PZ) - Qrv)

: _ , ©
; W(poQp+Aw¢+Qin—leak(P1'P2) - Q”’)

[
EE

/|

where § is the effective bulk modulus; Vi = Vg + A¢ and V, = Vg — A¢ are total volumes
of two chambers with Vj; and Vj; being the initial volume, including the volumes of
pipelines, when the actuator is in the neutral position; Dp represents the pump displace-
ment; Qp is the controlled pump speed; Qjy, jeak (P1, P2) is the unknown internal leakage;
and Q; is the flow through the safety relief valve.

By first subtracting the first sub-equation and second sub-equation in (3), then multi-
plying the obtained result with A, /], one has:

Au(P1—P)) 1, 1\BADPy (1, 1\BAL .
= () B + ) B

)
_'BA% (VL1 + V%) Qinfleak(Pll P2) + % (_V%Qrvl + V%Qer) + ‘5mode1ing

It is noted that the system should be operated such that the pressure inside should not
exceed the maximum setup values of the relief valves (normal operation). Subsequently,
to simplify the modeling, there is no flow through the relief valves in this case. Thereby,
the dynamics of relief valves can be ignored. However, there may exist a small flow
through valves due to the orifice; thus, it is reasonable to expect the existence of small
Oro1 = Qyep ~ 0 along with the modeling errors and leakage.

, T
By setting [x1, x2, x3] = [qb, ¢, Aw(Pr—P2)/] } , the dynamical model of a specific

EHPS can be expressed as
5(1 = X2
Xy = fa(x1,%2) + X3+ &2 5)
x3 = f3(x1, %2, x3) + g3(x1)u+63 '
y=x
where y is the output, u is the input voltage; f(x1,x2) = —%Tf,(xl,xz), b = —%Tm,

A2 Aw AwDpk
fa(x1,x2) = — (v% + v%) ﬁTﬁb— ﬁT (VLl + v%)Qinflmk(PerZ)/gﬂxl) = (VL1 +7, : T
with the pump coefficient kp representing the proportional ratio between the pump speed Qp

. Aw A A
and control signal #, and J3 = ﬁT (— V% Qro1 + V%Qer) + modeling-
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Assumption 1. The pump dynamics and electrical part operate without faults and are delayed.
Thus, the pump speed is proportional to the control signal u [23,31]. The detailed dynamical model
between the pump speed and control signal u will be investigated in future works.

As seen, it is a challenge to conduct an output feedback control when the structures
of f2(x1,x2), 02, f3(x1, X2, x3), I3 are not well modeled and parameterized. Moreover, the
influences of dynamics terms f»(x1, x2) and &, need to be decoupled as they appear in the
same channel. In this manner, the dynamical behavior f,(x1, x2) is approximated using
the RBFNN while J; is estimated using an observer. Furthermore, within this research, the
effects of f3(x1, x2, x3) and J3 need not be decoupled; hence, they are reasonably lumped
into F3. As a result, system (5) becomes:

x1(t) = x2(t)
Xz(t) :fz(xl,xz, t) +X3(t) +52(f) , (6)
x3(t) = F3(xq,x2,x3,1) + g3(xq, H)u

2.2. Preliminaries
The goal is to manipulate the output y to track a required reference y,;. To facilitate the
control design, the following assumptions are utilized:

Assumption 2 [38]. The desired trajectory vy, and its first derivative y,; are continuous and
bounded.

Assumption 3 [39]. Mismatched disturbance &,(t) and its first derivative 5,(t) are bounded by
unknown constants, i.e., |6, ()| < D, and ‘52(1‘)’ < A

Assumption 4 [23]. f,(x1, x2,t) is unknown but smooth and bounded. Moreover, it is Lipschitz
with respect to corresponding states.

Assumption 5. Regarding the system characteristics, unknown dynamical terms fp(x1, X2, t)
and F3(x1, X2, x3,t) with their first derivatives f,(x1,x2,t) and F3(x1, X2, x3,t) are bounded by

. = — |; —d
unknown upper constants, i.e., |f2(x1,x2,t)| < f;, |F3(x1, x2,x3,1)| < Fg, fz(xl,xz,t)’ < fo

and ‘153(x1,x2, Xg,i’)‘ < Fﬁ.

Remark 1. The validity of Assumptions 4 and 5 comes from the fact that external disturbances
and f(x1,xo,t) are all physically bound. Without loss of generality, f,(x2) is a function of the
actuator position and velocity [6] that is always constrained regarding the working range and system
specifications. Meanwhile, the external disturbance relates to the system’s workability and should
not exceed its maximum workload as the safety criterion. It also requires a certain transient time to
impact the system’s behavior.

Lemma 1 [34]. In view of Young’s inequality, the following result holds:

9 1
< x|+ —

with & > 0 and % + % = 1. In this paper, a = b = 2 is selected to simplify the control parameters’
selection, and O is arbitrarily selected to achieve flexible choice for the observer and updating gains for
estimating unknown unstructured dynamical terms f,(x1, x2,t), F3(x1, x2, x3,t), and disturbance
oo (1).

In addition, hereafter, f,(x1, x2,t), 02(t), F3(x1, X2, x3,t), g3(x1, t) are, in turn, short-
ened as f(x1,x2), 62, F3, and g3 for simplicity.
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3. Observer and Approximation Mechanisms

In this manuscript, the unknown terms d,(t) and F3(x1, xp, X3, t) are viewed as ex-
tended states and thus estimated using extended state observers. Meanwhile, the state-
dependent dynamics f»(x1, x2, ), which includes poorly known parameters of the mechan-
ical part (friction), is approximated using the RBFNN. The proposed control scheme is
depicted in Figure 2.

' Angular position
Linkage 5

 Pump speed
M <&

|

Yd Sliding surface | s | Step1 |4 /\é| Step?2
£/ e Eq. (28) "1 Eq. 30) + Eq. (36)
7§ y A y ¥
RBFNN
> =
. Eq. 27)+(32) fz (xuxz)
1 iQ
JACz L Dlsturl;anc(iT§>server JACM R
JACS Ll X3
5202
Extended state observer
Eq. (23)
u
X]

—» Signal
---------- » Feedback signal from the motor
---------- » Affecting signal from another component

High pressure
Low pressure

Figure 2. Proposed output feedback control architecture.

Let x,; = &2(t) be the mismatched disturbance and x,;, = F3(x1,x2,x3,t) be the
extended state of matched uncertainty, then the equivalent system (6) can be rearranged as

X1 =X

Xy = fo(x1,X%2) + X3 + Xe1
jC3 = gg(xl)u + Xe2

er =p

/ (®)

3.1. Observer-Based Matched Uncertainty Suppression
In view of the extended state observer [27], the unknown mismatched disturbance x.q
and matched uncertainty x,; are estimated as follows:

1=*% +4da(x — %)

2 = %3+ fo(fq, £2) +6a%(x1 — %) ©)
3= g3(x1)u+ £ +4a3(x; — %) ’

Q2= at(x1 — £1)

P R N

=
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where « is a positive constant; £; (i = 1, 2, 3) are estimated states of x;; £,1 and %, are
the estimations of x,; and x,;, respectively. Since f,(x1,x2) and g3(x1) are Lipchitz, the
following inequalities are attained [33]:

A . Ur2 .
92l = falxr,32) = o1, %2)| < oprlm = 1] + L2Jwa — 2 (10)

[p3] = |g3(x1)u — ga(%1)u| < og1]x1 — %1, (11)

Regarding (8) and (9), the errors of the above estimations are obtained as

3.71 = —4aX1 + X
¥p = —60°X1 + X3+ P2 + Xy (12)
X3 = —40(3371 + 13 + Xe2
Xep = —064371 +p
with X; = x; — £; and X = X0 — Rep-
By defining x = (371,3?2 /0, X3/ 0% %0/ w3) T, the above dynamic errors become:
. +x
x=aax+BETY o pl (13)
o o o
-4 1 0 0 0 0 0
-6 0 1 0 1 0 0
where A = 40 0 1 ,B = 0 ,C= 1 ,and D = 0
-1 0 0 O 0 0 1
As the matrix A is Hurwitz, there exists a positive definite matrix P such that:
ATP+PA = -1y, (14)

where I is a 4-by-4 identity matrix.

Theorem 1. Regarding [27], the employed ESO (5) is theoretically stable with the state estimation
converging to an arbitrarily small bound.

Proof of Theorem 1. Consider a Lyapunov candidate Wy as

1
Wo = 5x'Px, (15)
Taking derivative W) yields:
. 1.7 1 .
Wo = X Px+5x'PX, (16)

Substituting (13) into (16) results in:

. 1 0
Wo = sax" (ATP+PA)x+ BTle’bz: ® +CTpx % +D'Px par (17)

By applying Young’s inequality, one obtains:

BTPy 22 < 1 /\maX(PTBBTP)x X+ (92 +8)° ,
< A Amax (PTBBTP)xTx + 1 (0f1|x1| + -2 |x2\) + 152 as)
202 2
< L Amax (PTBBTP)xTx + 2052 4+ 202 2)"+1p3
S max(PTBBTP) X+ LlX X+ 3 D2
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c’rx < 5L (CTPX) CTPX + 553
2
< st Amax (PTCCTR)xTx + 5 (01|51 + 02| 2 | + 05| )
SN2 N (19)
nerecmzne (-3 580
< ﬁ)\max (PTCCTP)X X+ PLZX X
Tp,, P TP\« L 5
< il
DPxf; < 2w4AmaX (P DD P)x X+ 530 (20)
where L, = max{ZaJ%l,ZaJ%z, 1, 1}, L, = max{oy,07,03,1}.
Moreover, from (15), one has [31]:
1 1 1
E)\min(P)XTX <Wp = EXTPX < E)\max(P)XTX/ (21)
As a result, the derivative of W) is constrained by:
Wo < —ToWo + Ce, (22)
where Ty = yLlop(a— - b Amax (PTBBTP) — L Amax (PTCCTP) — L Amax (PTDDTP)

_27141_&) and C, = D3 + 5L,
x e=12 z,XzP :

As seen, by increasing the observer gain a, the estimation errors are constrained to
an arbitrarily small region (ultimately uniformly bounded). However, the influences of
mismatched disturbance x,; and the unknown dynamics f,(x1, x2,t) may still deteriorate
the observability and control performance. Hence, to guarantee the closed-loop system

stability, these influences should be suppressed. [

3.2. Neural-Network-Based Approximation Engine
With the use of the observer (5), system (4) is equivalent to:

=
Il
=

1=1%
Ty =13 + fo(%1,%2) + xe1 ) (23)
X3 = g3(x1)u + X2
y=x

Regarding the structure of f»(x1,x2), the output x; and velocity x, are assigned as
inputs of the NN-based approximation. Accordingly, the unknown term f,(x1, x2) can be
linearized as

fo(81,%2) = ET (%) + 17, (24)

where £* € R"*! is an ideal weighting vector of n elements, ¢(x,) € R"*! is a vector of the
Gaussian basis function with X, £ (x,, tanh(x;), tanh(10x;), tanh(100x ), tanh(1000x5))
regarding the LuGre friction model, and % is an unknown bounded bias.

In accordance with the radial basis function concept, the ideal weighting vector £* is
an optimal solution that satisfies [33]:

& =arg min | sup |fa(%1,%2) — ET(P(Yz) p (25)
E,GR”XI 765*
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Meanwhile, the vector of Gaussian basis function ¢(X;) is defined as

o) = (¢1(%) (%) .. gu(%) )

_ 112 4
Pi(%2) = exp{—xza.;n"}'i =l

(26)

where m; and o; are vectors of the center and width of the Gaussian function and |[x; — m;]|?
is the Euclidean norm, i.e., [|X; — m;||2 = (X, —m;)” (X, — m;).

However, since f, (%1, £2) is unstructured, &£ is unavailable. Alternately, the unknown
dynamics f (%1, £2) is approximated as

2T

fa(%1,%2) = & 9 (%), (27)

where f5(%1, 22) is an approximation of f,(x1, x2), £ is an estimation of £, and X, = (%1, %2)".
The adaptive law for the estimated & will be presented later.

The purpose is to update the estimated & such that it can converge to the ideal &*
using an adaptive law, which will be discussed in the next section. Moreover, due to using
f2(&1, &2) for the control execution, there exists an approximation error f»(%1,12) — f>(%1, 2)

.T .

* o 2T o ~T A ~ ~ o -,
=&Tp(k) —& p(k) +1=¢ ¢() +1and f = ¢ ¢(%) = —f»
4. Estimator-Based Sliding Mode Control

The overall control architecture is sketched in Figure 2.

4.1. Control Law Implementation

Step 1: Define the tracking errors ¢ = £; — y; and e = £ — V=% —y;=¢.A
sliding mode surface s is initiated as

s =¢& + Aeq, (28)

where A is the slope of the sliding manifold.
Based on the equivalent concept, one has s = 0 or &g = —Aey. Accordingly, the time
derivative of the sliding surface s is obtained as

§ =%+ fo(f1,%2) + xa — §; — A€, (29)

The instantaneous virtual control signal x3; is chosen as

. oT ,a N
X34 =Y, — & go(xz) — X1 + /\28% — Ks, (30)

where K is a positive control gain and £, is an estimation of x,;, whose dynamics are
expressed based on a disturbance observer as

525] =70 + ws 31
i):—wv+s—w(éT(p(§2)+f3+ws)+wyd+w)\2£% ’ GD
where w > 0 is the observer gain.
The estimated weighting vector & is updated through the following:
£=159(x) — (&, (32)

where 7 > 0 and { > 0 are updating parameters.
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From the above control (30), one has 0 = —x3;5 +; — 1 + )\28% — Ks. Summing this
result with (29) yields:
. ~ =T A
$=(%3—x34) + X1 + & ¢(X2) +1—Ks, (33)

In addition, from the disturbance observer (31), by defining x,; = x,1 — £,1, its time
derivative can be obtained:

~ . ~ ~T A~
Xl = X1 — WXe — WE @(Xp) —wh—s, (34)

. . ~ . ~ zT
Step 2: Define the tracking errors e3 = £3 — x34, then s = €3+ X + & ¢(x2) +% —Ks
is obtained. Subsequently, the time derivative of the tracking errors &3 is:

&3 = g3(£1)u + X2 — X3q, (35)
The control signal u is derived as

1
-

- g3(%)

(%30 — Re2 — 11€3 — g25), (36)

with # > 0 being a torque control gain.
Substituting control signal u (36) into (35) brings:

‘é3 = —1e3 =5, (37)

4.2. Closed-Loop System Stability

Theorem 2. Given system (1), by considering the equivalent system (23), with the use of adaptive
laws (31) and (32), and control laws (30) and (36), the stability of the closed-loop system is
guaranteed in which all state errors are ultimately uniformly bounded and converge to the small
regions of the origin.

Proof of Theorem 2. To prove the stability of the closed-loop system, consider the following
Lyapunov function W:

1, 1, 1, 1.7+
W = W0+§S +§€3+§x81+5£ E., (38)
Taking derivative W with respect to time yields:
; - : : 1 - 1-71;
W = Wy +ss 4+ e3e3 + axelxel — ;E, &, (39)

By substituting results (31)—(33) and (37), one has:

W =W, + S(g2€3 + Xe1 + ETq)(?z) + % — KS) +e3(—1e3 — §25)
+X (5(81 — WX — wET¢(§2) — wk — s) - %ET(vegqo(iz) — (&) (40)

' I =T A _ T,
= Wy — Ks? — 163 — wX2) + sk + X1 %01 — X w& @(X2) — whXe + %E, £,

Based on Lemma 1, the following inequalities hold:

x<ﬂ%2+ LY. (41)
S —=3 ——=1°,

-2 203

o B, 1,

Xe1Xe1 < 735@1 + 2719%A ’ (42)
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—Xw& (p(Xz) S wagl + @wa &n, (43)
—wh¥y < Y%z + L (44)
w xel 7.7(81 27192(4] 7
g’VTA Cﬁé T g *T
& &< & &+ &, (45)
Y 2y 2y02

Subsequently, the following result is obtained:

) . 2 2 2 ~T~
wswo( ”l) - ("2“’;"’2)% (% - son T2

(46)
+2192 Az + 202 7+ 262 i + 2y 192 £,
Consequently, the time derivative W is constrained by:
; 2 02 02 82 02 =T+
st (- )2 -a- (- F -5 - )2 (5 - o
Ip2 4 1 24 1 A2 2 252 T 47
+3D3+ 507 + 5+ gkt + g+ e 47)

< -IIW+Q,

where IT = min{FO,ZK — 82,21, 2w — 85 — w3 — 93), <§192 — wn) } and Q) = %D%

+;7p2 + %A% + 21927‘2 + 21926‘)27‘2 + 29 ﬂz e
This Completed the stablhty proof of Theorem 2. [J

Remark 2. In view of (47), to guarantee the closed-loop system’s stability, the following conditions
should be satisfied:

%~ A Amax (PTBBTP) — Aoy (PTCCTP) — LAy (PTDDTP) — 21 — 22 >
19% >0
, (48)

With the inclusion of ¢; (i = 1, ..., 5), the control parameters, observer gains, and
updating gains can be flexibly selected for the above conditions. Conventionally, the bigger
the values of gains, the faster the convergence and the better the tracking performance.
However, this setting also brings a risk of the chattering phenomenon and causing insta-
bility to occur. Hence, to achieve good control performance, the control parameters and
observer gains should be carefully tuned by: (1) gradually increasing the control gains K
and 1 until the output tracking does not significantly change without chattering. Then,
(2) increase the observer gain « and check the convergence of the estimated states until
a small fluctuation appears. Then, « is slightly reduced to guarantee stable observabil-
ity. Next, (3) gradually increase w first and then ¢ and vy and check the convergence or
divergence of the approximated term f,(x1,x2) and %,;. Finally, (4), the values of tuned
control parameters and observer gains can all be slightly decreased to guarantee stability
and reduce the risk of chattering occurrence.
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5. Numerical Simulation
5.1. Examined Scenario

In this section, numerical comparative simulations are initialized using Matlab/Simulink
(R2024a) environment with the sampling time of 0.1 [ms], to demonstrate the effectiveness
of the proposed output feedback-based control algorithm. For this purpose, three other
control strategies are involved: a model-free proportional-integral-derivative (PID) control
(C1), the ESO-based robust output feedback control [27] (C2), and the output feedback with
dual-ESO [31] (C3). The proposed control scheme is designated as C4. It is noted that due to
the unknown friction and disturbance, the control law expressions of C2 and C3 are modified.

The PID control (C1) is a model-free method, which only treats an output x; to derive
the control signal u.

The ESO-based output feedback control (C2) is considered since its control architecture
is similar to the proposed method; however, the authors did not take the mismatched
disturbance into consideration. Thus, the inclusion of (C2) is to demonstrate the importance
of suppressing the mismatched disturbance in improving the output tracking performance.
The control implementations of (C4) are derived as

1 /.
c3 _ 2.2
x3d——g2(yd—0—)\ &1 Ks) (49)
1 .C3
Uy = —— (X35 — Xep — 11€3 — Qo5 ), 50
c2 gB(xl)(?,d 2 — €3 gz) (50)

The dual-ESO-based control (C3) took care of the mismatched disturbance; neverthe-
less, the realization of including this parameter in the control law implementation and
its effectiveness have not been evaluated. Additionally, the authors investigated the case
with well-known nominal friction. Therefore, in this comparison, the assumed well-known
friction in C3 is relaxed, and thus C3 is involved to clarify the importance of tackling this
nonlinear term. The control modification of (C3) is as follows:

17/.
c_ L e 2,2
X37 = s (yd Xe1 +A%e] Ks) (51)
ucz = L (a’c?ﬁ' — R0 —ME3 — ng), (52)
g3(x1)

The goal is to regulate the system output to follow the desired trajectory: y; = % sin(ZH)

(rad) where T is the period (s) under the friction f, = byxy + bztanh(104x2) and time-varying
external disturbance 7.y, including the external load 1j,,; and influence of the gravity effect
on the linkage (assumed to be absolutely stiff with equally distributed mass). Accordingly, the
disturbance is shown by:

52 = — | Tioad + MgL Sin(xl) (Nm)/ (53)

1
2]
where M is the total linkage mass, ¢ = 9.81 m? /s is the gravity acceleration, and L is the
linkage length.

The system parameters of the EHPS, with hydraulic and mechanical parts, are de-

scribed in Tables 1 and 2 and the controller gains are selected as shown in Table 3.

Remark 3. In light of [33,34], the control signal u under C2, C3, and C4 (or the backstepping
control framework in general) follows the form of an adaptive PID control with time-varying adaptive
equivalent kp eq, ki.eq, and kp eq gains regarding tracking errors and adaptive laws presented above,

t
e, u =kpee1+ kLeqf e1dT +kp eq€1 + ffract + fayn With fracr being the fractional order term
0

and fg,, being the dynamical terms. Moreover, kp eq, k1eq, and kp eq also include the approximated
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dynamics. Hence, for a fair comparison, the controller gains of C1 (PID gains) should be selected
such that they are greater than the corresponding equivalent gains, i.e., kpci > max(kpeg),
kic1 > max(kieq), and kp,c1 > max (kp eq) without chattering phenomenon incurrence.

Table 1. EHPS parameters—hydraulic part [31].

Parameter (Unit) Symbol Value (SI Unit)
Bulk modulus B 1.5 x 10° N/m?
Pump displacement Dy 0.1544 x 107 m?3/rad
Pump coefficient Kpump 10 rad/s/vol
Initial volume of chamber 1 Vo1 7.368 x 107° m3
Initial volume of chamber 2 Vo 7.368 x 107° m?3
Gradient cross-section area A 5.8422 x 1076 m3/rad
Leakage coefficient Ct 4.267 x 10712
Table 2. EHPS parameters—mechanical part [31].
Parameter (Unit) Symbol Value (SI Unit)
Actuator moment inertia ] 0.2 kg/ m?
Viscous friction coefficient 10 Nms/rad
Coulomb friction coefficient 10 Nm
Linkage mass M 0.1 kg
Linkage length L 0.5 m
External load Tioad 20 Nm

Table 3. Control parameters.

Controllers Control Parameters
C1 kp = 1000, k; = 1000, kp = 0.01
I K =300, # =1500, A =2

Observer: Matched uncertainty estimation: & = 800 (ESO).

K =300, # = 1500, A =2
C3 Observers: Matched uncertainty estimation: « = 800 (ESO-1); mismatched
disturbance estimation: w = 800 (ESO-2).

K =300, 7 =1500, A =2

The estimators are structured as follows:

RBFNN : m = [m;, myp, m3, my, ms)" withm; = 5 Agw[~10, -9, -8, 7,6,

—5,—4,-3,-2,-1,0,1,2,3,4,5,6,7,8,9,10]T, m; = 11—0 [-10,—-9,-8,-7,—6,—5
C4 —4,-3,-2,-1,0,1,2,3,4,5,6,7,8,9,10|T (k = 2, 3, 4, 5);

c;=2(G=1,...,5),y =125 x 10% ¢ = 1071, initial weighting vector :

£(0) = 0.1 x ones(21,1) with ones(21,1) being the column unit vector of 21 rows.

Observers: Matched uncertainty estimation: & = 800 (ESO); mismatched

disturbance estimation: w = 50 (DO).

7 ’

To better demonstrate the effectiveness of the proposed methodology, the setup simu-
lation is composed of three scenarios:

Scenario 1: No leakage and no disturbance, from the beginning to 6 s.
Scenario 2: No disturbance and the leakage suddenly occurs at t = 6 s.
Scenario 3: The load torque Tj,,4 suddenly occurs at f = 12 s along with the leakage.

In this paper, the sampling time is set as t; = 107%(s) and the simulation time is tperiod
=20 (s). Additionally, bandwidth-limited white noise is also added to the measured output
to emulate the measurement noise in practice. Accordingly, a low-pass filter, with the
cut-off frequency of four = 1/ts (Hz), is added to suppress this impact.
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5.2. Main Results

The angular output tracking efforts are shown in Figure 3, while Figure 4 reveals
the angular velocity qualification, with low-frequency movement (a) and high-frequency
movement (b). In each graph, the upper sub-figures show tracking performance and the
bottom sub-figures show tracking errors.

— e Reference Cl ——~C2 —==C3 === C4 = . . e Reference Cl —C2 ——C3 ——— c4
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Figure 3. Output tracking qualification under four control strategies in low-frequency movement (a)
and high-frequency movement (b). (Top) Output tracking performance, (Bottom) Output tracking
errors (¢1) with their zoomed-in views.
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Figure 4. Velocity tracking qualification under four control strategies in low-frequency movement (a)
and high-frequency movement (b). (Top) Velocity tracking performance, (Bottom) velocity tracking
errors (¢5) with their zoomed-in views.
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As seen, the model-free PID performed the worst tracking regulation due to not
considering the system behaviors and suppressing uncertainties. Moreover, under the
occurrence of internal leakage and external load impact, it could not satisfy the desired
trajectory. Without leakage and external payload, the output tracking errors were in the
ranges of £2.4 (degree) in low-frequency movement and +4.65 (degree) in high-frequency
movement while the angular velocity tracking error, in the steady state, was in the ranges of
£12.2 (degree/s) at low-frequency and £38.5 (degree/s) at high-frequency movements, as
shown in Figure 3. Even when increasing controller gains, it could not guarantee robustness
against the impacts of leakage and payload in which its output tracking errors expanded
up to £12 (degree) at low-frequency and £15 (degree) at high-frequency movements. The
angular velocity tracking errors were in the ranges of +45.3 (degree/s) at low-frequency
and nearly =100 (degree/s) at high-frequency trajectories, as displayed in Figure 4.

On the contrary, the other three control strategies, C2, C3, and the proposed C4,
could accomplish output tracking satisfaction and robustness against the adverse influence
of uncertainties.

In detail, the comparative method C2 could satisfy the output tracking demand in three
situations. With the matched uncertainty estimated and hydraulic actuator dynamics con-
sideration g3(x1), the output performance was significantly improved with the small output
tracking errors, in the range of +0.36 (degree) at low-frequency and 4-0.6 (degree) at high-
frequency movements, with the velocity error being in the ranges of +£5.5 (degree/s) at low-
frequency and +10.2 (degree/s) at high-frequency movements in the steady state. Moreover,
with the ESO employed, the behavior of lumped matched uncertainty £, = f3(x1, %2, x3)
could be well estimated in comparison with the ideal x,» = f5(x1,x2,x3) as indicated in
Figure 5. It is worth noting that the ideal dynamics f3(x1, xp, x3) was obtained based
on applying the ideal model-based BSC where all system parameters were well defined.
However, due to ignoring the influences of mismatched disturbance and unknown friction
f2(X2), the control performance was extensively affected similar to the maximum transient
output tracking error mentioned above.
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Figure 5. The estimations of £, = f3(x1,x2,x3) under C2, C3, and C4 compared to the ideal
model-based BSC with low-frequency movement (a) and high-frequency movement (b).

With the mismatched disturbance pointed out, C3 could improve the output tracking
qualification compared to C2. The output tracking errors were reduced to +0.16 (degree)
and £0.26 (degree) at low- and high-frequency movements, respectively. The ranges of the
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velocity tracking errors were approximately 6 (degree/s) in the steady state as shown in
Figures 2 and 3, respectively. When the same ESO mechanism is employed, the lumped
systematic uncertainty fg (x1, x2, x3) could be well estimated, the same as the one under C2.
However, the overshoot when leakage and load disturbance occurred was significantly
reduced owing to the development of the dual-ESO to address the load disturbance in the
control expression (50). Nonetheless, similar to C2, the estimated active torque £3 could
follow the actual x3 as indicated in Figure 6.
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Estimated 23
=
o
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2 S0k L/ l\/l YRY /
@ 5 VY VARLVAS
M = 200 | !
_300 1 1 1 1 1 | 1 1 1 b |
0 2 4 6 8 10 12 14 16 18 20
Time (s)
(b)

Figure 6. The estimations of £3 under C2, C3, and C4 compared to the ideal model-based BSC x3
under low-frequency movement (a) and high-frequency movement (b).

As observed in Figure 6 with both situations, due to only using the output x; and
its estimated #; for the lumped matched uncertainty and variable x3 estimations, the
estimated £3 was a result of the estimated error x; — £1. Thereby, the estimated £3 could not
correctly reflect the behavior of real x3, which was only affected by the external load torque
Text forcing on the mechanical part. Herein, the benchmark active torque was obtained
by applying the model-based BSC to the system with the same control parameters and
working conditions. Even when utilizing C3 with the dual-ESO, the active torque and
mismatched disturbance x,1; could not be well estimated due to the influence of unknown
friction f(X>), as disclosed in Figure 7. Both estimated £3 under C2 and C3 varied around
zero as a result of being estimated via the term x; — £.

Meanwhile, the proposed C4 could not only exhibit the best tracking qualification
in the tracking regulations and lumped matched dynamics estimation but also achieve
acceptable estimated active torque £3. As seen in Figure 3, C4 performed the smallest
output tracking error with the least overshoot in the transient state compared to C3. The
overshoots of the output tracking efforts were remarkably reduced, of which the maximum
overshoots were only £0.14 (degree) at low-frequency and £0.25 (degree) at high-frequency
movements for the output tracking error. Of the velocity tracking qualification, the track-
ing errors were distributed in the intervals of £1.35 (degree/s) at low-frequency and
£2.6 (degree/s) at high-frequency movements.

The lumped matched dynamical behavior f3(x1, x, x3) was well estimated as the
consequence of using the same structured ESO. Moreover, the estimated active torque %3
could be partly reflected compared to the real one and the unknown friction could also
be observed in part as demonstrated in Figure 7. Unfortunately, the external disturbance
load could not be well estimated regardless of control strategy as shown in Figure 8. The
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reason is the coupled influence between the state-dependent friction f»(x;) and partly
state-dependent external disturbance J; as presented in (52). Moreover, regarding the DO
mechanism (31), x,; = J, was structured as the function of sliding surface s, tracking error
€1, estimated %3, and estimated dynamical term j‘z (X2). Thus, if &3 could not well reflect
the actual x3 and fz (?2) could not be well approximated, J, could not be obtained and a
part of &, certainly lumped into f»(X,). Similarly, in the case of C3 with dual-ESO, x,; was
structured as a function of estimated error between the estimated &3 and its second-time
estimation when employing the dual-ESO. As %3 was incorrectly observable compared to the
real x3, its second-time estimation could not converge to x3 but only follow %3. Additionally,
with the f»(X;) being ungoverned, it was impossible to reconstruct x,; as a result.
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Figure 7. The estimations of f»(X;) under C2, C3, and C4 compared to the ideal model-based BSC
under low-frequency movement (a) and high-frequency movement (b).
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Figure 8. The estimations of 8> under C2, C3, and C4 compared to the ideal model-based BSC under
low-frequency movement (a) and high-frequency movement (b).
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The control signals under the four methodologies are depicted in Figure 9. Generally,
there was no chattering phenomenon, which suggests the possibility of realizing a real
prototype. In consequence, the superiority of the proposed C4 over the other algorithms is
summarized via several performance indexes as shown in Table 4 for low frequency and
in Table 5 for high frequency with logarithmic scaling graphs of root mean square errors
in Figure 10.

Control signal (V)

Control signal (V)

Figure 9. Control signal u under four control strategies under low-frequency movement (a) and

high-frequency movement (b).

Table 4. Performance indexes under low-frequency movement.

1 Nat , Max Transient |¢1| Max Transient |&;|
Controller Nat kglgl,k in Steady State in Steady State Scenario
(Degree) (Degree) (Degree/s)

2.368 12.147 1

C1 17.3649 8.048 45.35 2
12.07 45.281 3

0.053 1.243 1

2 1.3371 0.355 5.443 2
0.3623 5.5 3

0.0263 1.96 1

C3 0.8178 0.1607 5.433 2
0.1608 5.482 3

0.0225 0.367 1

C4 0.4525 0.1371 1.289 2
0.1371 1.324 3

Table 5. Performance indexes under high-frequency movement.
1 Nat , Max Transient |¢7| Max Transient |&;|
Controller Nat kglgl,k in Steady State in Steady State Scenario
(Degree) (Degree) (deg/s)

4.6491 38.4626 1

C1 48.2949 12.2459 98.5342 2
15.1787 98.895 3
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Table 5. Cont.

1 Nat , Max Transient |¢71| Max Transient |&;|
Controller Nat kglsl,k in Steady State in Steady State Scenario
(Degree) (Degree) (deg/s)
0.1436 1.2942 1
C2 3.0044 0.598 9.8975 2
0.6097 10.1341 3
0.0576 1.771 1
C3 1.9664 0.2557 5.6202 2
0.2644 6.1146 3
0.0574 0.8703 1
C4 1.1271 0.2178 1.9366 2
0.2237 2.5589 3

1072 107! 10° 10! 10

(b)

Figure 10. Logarithmic scaling graphs of RMSE under two case studies: (a) low-frequency movement
and (b) high-frequency movement.
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Additionally, it should be noted that according to the original works [27,31], the
authors considered the well-known structured friction f,(xz) and thus its estimated
f2(&2) = by&p + bysign(&,) with well-defined by and b, was utilized. However, in our
examined case studies, we considered the poorly known structured friction, i.e., the
structured dynamical term f>(X;) is completely unknown for fair comparisons. Fortu-
nately, the integration of the RBENN and DO helped overcome this obstacle as the results
demonstrate in Figures 3 and 4. Therefore, this difficulty motivates us to find an effective
solution to reconstruct the external impact x,; and dynamics f,(Xz) in the future.

6. Conclusions

This paper proposed the output feedback-based robust BSMC for uncertain EHPSs,
subject to unknown disturbance, uncertainties, and unstructured dynamical models. To
deal with these issues, the ESO was first established to deal with the lumped mismatched
uncertainty. For the problem of unstructured dynamics of the mechanical part, the RBFNN-
based approximation mechanism was then employed to compensate for its influence.
Additionally, unknown external disturbance was also eliminated in this manner using
disturbance observer-based adaptive law. With all unstructured dynamical terms estimated,
the robust BSMC was then derived to manipulate the system output to follow the desired
trajectory. Generally, under the proposed control algorithm, unknown disturbance, uncer-
tainty, and unstructured dynamical terms could be estimated in which their estimation
could match the ideal ones, under the model-based BSMC. As a result, the output tracking
performance could be improved in which its tracking qualification was nearly the same
as that of the model-based benchmark. Future works will clarify the influence of pump
dynamics and improve the control performance with constraints. In addition, the influence
of measurement noise on the system at high-frequency movement will also be detailed to
strengthen the control robustness.
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