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INTRODUCTION 

Hydraulic systems remain important in robot-
ic, aerospace, and heavy industrial applications 
because they provide high actuation force and 
favorable power-to-weight characteristics [1–5]. 
Most electro-hydraulic platforms use piston–cyl-
inder actuators driven by pressurized fluid, with 
servo or proportional valves regulating the flow 
required to achieve the desired displacement, 
velocity, or force [6,7]. Accurate control is diffi-
cult because the plant is strongly nonlinear. Fluid 
compressibility, valve dead-zone behavior, fric-
tion, external disturbances, parameter variations 

in inertia and damping, and actuator saturation 
can all degrade tracking performance [6,8–11]. 
Among these effects, the valve dead zone is par-
ticularly important because spool–sleeve overlap 
reduces sensitivity around the neutral position and 
delays the response to small commands [6,11–13]. 
Its interaction with digital sampling and control 
delay can also affect closed-loop stability [5].

Dead-zone nonlinearities are generally han-
dled in two ways. One approach treats the dead-
zone effect as a bounded uncertainty and relies 
on robust control to maintain acceptable perfor-
mance. The other compensates for the nonlinear-
ity more directly by estimating its characteristics 
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or constructing an adaptive inverse representa-
tion [14–16]. Early studies established adaptive 
dead-zone inverse schemes for unknown dead-
zone parameters [14,15], and later work extended 
the concept to more complex nonlinear systems. 
Examples include reinforcement-learning-based 
inverse control combined with sliding-mode 
action [16], cooperative neural-network control 
[17], finite-time command-filtered electro-hydrau-
lic position control with dead-zone compensation 
[18], and adaptive fuzzy output-feedback designs 
[9]. These methods broaden the range of systems 
that can be controlled without exact prior knowl-
edge of the nonlinear functions. Their implementa-
tion can nevertheless be demanding when internal 
valve variables must be measured, several param-
eters are estimated online, or additional learning 
structures are introduced [6,9,14–18].

Several established controller families have 
also been applied to hydraulic position control. 
PID remains widely used because its structure is 
simple and familiar, while recent electro-hydrau-
lic PID studies have used optimization-based and 
intelligent tuning to improve tracking over chang-
ing operating conditions [19,20]. Fixed-gain PID, 
however, has limited ability to accommodate 
strong hydraulic nonlinearities and changing 
loads because dead-zone behavior, compressibil-
ity, leakage, and pressure-dependent flow are not 
represented explicitly in a standard linear struc-
ture [13,19,21]. Sliding-mode control (SMC) 
offers stronger robustness to parameter variations 
and external disturbances, and recent fuzzy-rule 
adaptive SMC designs have been applied to elec-
tro-hydraulic position-control systems [22,23]. 
Boundary-layer or fuzzy modifications can 
reduce chattering, although some ideal sliding-
mode robustness may be lost [22,23]. Fuzzy and 
adaptive fuzzy controllers provide another way to 
represent unknown nonlinearities and adjust the 
control action online [9,24,25]. Their practical 
performance depends on the selection of member-
ship functions, rule bases, and tuning parameters, 
which can become difficult to manage as system 
complexity increases [24,25]. Nonlinear optimal 
and robust control offer additional disturbance-
attenuation strategies, but their implementation 
may require repeated solution of optimization or 
Riccati-type equations [21,26].

Adaptive backstepping is more directly suited 
to the nonlinear strict-feedback structure of elec-
tro-hydraulic systems because it provides a recur-
sive Lyapunov-based framework for handling 

nonlinear dynamics and parametric uncertainty 
[2,3,18]. Recent finite-time command-filtered 
adaptive backstepping has also been verified 
through comparative simulations and experi-
ments on an electro-hydraulic servo system with 
a three-stage valve [27]. Prediction-based hydrau-
lic control [28] and model predictive control [29] 
address the problem differently by using a plant 
model or learned predictor to anticipate future 
behavior and account for operating constraints. 
These approaches can improve adaptability, but 
their computational requirements depend on the 
prediction architecture, model complexity, and 
target processor. Consequently, claims regard-
ing real-time computational advantage should be 
supported by direct execution-time or hardware 
measurements rather than inferred from control-
ler structure alone.

Event-triggered control (ETC) and disturbance 
observers (DOBs) address two further issues that 
are relevant to practical electro-hydraulic control. 
ETC updates the control command only when 
a prescribed state- or error-dependent condition 
is satisfied, thereby limiting unnecessary com-
mand refreshes [30]. In electro-hydraulic systems, 
event-triggered robust control has been reported to 
reduce switching activity while preserving tracking 
performance under disturbances [30]. Recent work 
has also combined disturbance-observer-based 
fixed-time event-triggered control with explicit 
input-saturation treatment in networked electro-
hydraulic systems [31]. DOB-based compensation 
estimates lumped disturbances and feeds the esti-
mate into the control law, which can improve dis-
turbance rejection without requiring a known dis-
turbance profile [10,30,31]. Observer gain selec-
tion remains important because faster convergence 
may increase sensitivity to measurement noise, 
particularly in hydraulic systems with fast pressure 
dynamics and fluid compressibility [5,10].

Recent studies have therefore addressed over-
lapping parts of the present problem through 
adaptive backstepping and dead-zone compen-
sation [2,3,18,27], disturbance-rejection control 
under dead-zone and voltage constraints [10], 
prediction-based hydraulic control [28] and mod-
el-predictive control [29], event-triggered robust 
control [30], and disturbance-observer-based 
fixed-time event-triggered control with input 
saturation [31]. These studies provide impor-
tant building blocks, but they use different plant 
structures, uncertainty treatments, constraint-
handling mechanisms, and stability formulations. 
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The unresolved issue considered here is not the 
novelty of each component in isolation, but the 
coordinated integration of adaptive backstepping 
parameter adaptation, disturbance estimation, 
event-triggered held-command updating, and 
anti-windup compensation for an electro-hydrau-
lic actuator with valve dead-zone nonlinearity 
within a tractable Lyapunov framework.

The objective of this study is to determine 
whether adaptive backstepping, event-triggered 
control, disturbance estimation, and anti-windup 
compensation can be coordinated to improve tra-
jectory tracking in an electro-hydraulic actuator 
affected by valve dead-zone nonlinearity, param-
eter uncertainty, external disturbances, and input 
saturation. The main contributions are as follows: 
(1) a unified adaptive backstepping architecture 
is formulated with a disturbance observer and 

event-triggered command update for a symmet-
ric electro-hydraulic actuator with valve dead-
zone nonlinearity; (2) projection and leakage 
are incorporated into the parameter adaptation, 
while the valve-gain adaptation includes an anti-
windup term that acts when the ±10 V actuator 
limit is reached; (3) the event-trigger law con-
tains a strictly positive threshold floor, which pro-
vides a positive lower bound on inter-event time 
under the stated boundedness assumptions; (4) 
the controller is assessed in a coupled MATLAB/
Simulink–Simcenter Amesim model against PID, 
SMC, and online self-tuning fuzzy PID (OTPID) 
under six reference trajectories. Under the 
investigated co-simulation conditions, adaptive 
backstepping with Event-Triggered mechanism 
(ABIC) achieves the lowest RMSE and ARE for 
every tested trajectory.

 

 

 

 

 

 

 
 

 

 

SYSTEM MODELING AND PROBLEM STATEMENT 

System modeling 

 
Figure 1. Structure of the evaluation hydraulic system 

A symmetric hydraulic cylinder driven by a servo valve is modeled with valve dead zone, external 
load/disturbance, fluid compressibility, and parametric uncertainty. Newton’s law gives the piston dynamics, 
the continuity equations give chamber-pressure dynamics, and the valve relation defines the nonlinear flow 
used in the controller design. 

𝑚𝑚 𝑑𝑑2𝑥𝑥1
𝑑𝑑𝑡𝑡2 = 𝐴𝐴𝑃𝑃𝐿𝐿 − 𝑘𝑘𝑥𝑥1 − 𝑐𝑐 𝑑𝑑𝑥𝑥1

𝑑𝑑𝑑𝑑 − 𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) (1) 

where 𝑥𝑥1 denotes piston position (m), m represents the load mass, including piston and external load (kg), 
subject to uncertainty, 𝑘𝑘is spring constant (N/m), 𝑐𝑐is damping coefficient (N·s/m), 𝐴𝐴denotes piston surface 
area (m²), equal for both chambers (𝐴𝐴𝐻𝐻 = 𝐴𝐴𝑅𝑅 = 𝐴𝐴 ) in a symmetric cylinder, 𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐻𝐻 − 𝑃𝑃𝑅𝑅 pressure 
difference between the head and rod chambers (Pa), 𝑃𝑃𝐻𝐻and 𝑃𝑃𝑅𝑅are the pressures in the head and rod 
chambers, respectively, 𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) represents the external force, assumed bounded. The second derivative of 
𝑥𝑥1 gives: 
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𝑑𝑑𝑥𝑥2
𝑑𝑑𝑑𝑑 =

1
𝑚𝑚 (𝐴𝐴𝑥𝑥3 − 𝑘𝑘𝑥𝑥1 − 𝑐𝑐𝑥𝑥2 − 𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡)) (2) 

where 𝑥𝑥3 = 𝑃𝑃𝐿𝐿 as the third state variable, representing the pressure difference. Since 𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐻𝐻 − 𝑃𝑃𝑅𝑅, the 
derivative of the pressure difference is: 

𝑑𝑑𝑃𝑃𝐿𝐿
𝑑𝑑𝑑𝑑 =

𝑑𝑑𝑃𝑃𝐻𝐻
𝑑𝑑𝑑𝑑 −

𝑑𝑑𝑃𝑃𝑅𝑅
𝑑𝑑𝑑𝑑 =

2𝛽𝛽𝑒𝑒
𝑉𝑉𝑡𝑡
(𝑄𝑄𝐻𝐻 − 𝑄𝑄𝑅𝑅 − 2𝐴𝐴𝑥𝑥2) (3) 

where 𝛽𝛽𝑒𝑒: bulk modulus of the fluid (Pa), 𝑉𝑉𝐻𝐻, 𝑉𝑉𝑅𝑅: volumes of the head and rod chambers (m³), assumed 
equal for a symmetric cylinder, 𝑉𝑉𝑡𝑡 is the total control volume, 𝑄𝑄𝐻𝐻,𝑄𝑄𝑅𝑅: fluid flow rates into/out of the head 
and rod chambers (m³/s). The flow rates through the servo valve depend on the valve spool position 𝑥𝑥𝑣𝑣: 

𝑄𝑄𝐻𝐻 = {
𝐶𝐶𝑑𝑑𝑤𝑤𝑥𝑥𝑣𝑣√2(𝑃𝑃𝑠𝑠 − 𝑃𝑃𝐻𝐻)/𝜌𝜌, 𝑥𝑥𝑣𝑣 ≥ 0

𝐶𝐶𝑑𝑑𝑤𝑤𝑥𝑥𝑣𝑣√2𝑃𝑃𝐻𝐻/𝜌𝜌, 𝑥𝑥𝑣𝑣 < 0
, 𝑄𝑄𝑅𝑅 = {

−𝐶𝐶𝑑𝑑𝑤𝑤𝑥𝑥𝑣𝑣√2𝑃𝑃𝑅𝑅/𝜌𝜌, 𝑥𝑥𝑣𝑣 ≥ 0
−𝐶𝐶𝑑𝑑𝑤𝑤𝑥𝑥𝑣𝑣√2(𝑃𝑃𝑠𝑠 − 𝑃𝑃𝑅𝑅)/𝜌𝜌, 𝑥𝑥𝑣𝑣 < 0

 (4) 

where 𝐶𝐶𝑑𝑑: valve discharge coefficient (dimensionless), 𝑤𝑤: valve port width (m), 𝑥𝑥𝑣𝑣: valve spool position 
(m), the system input, 𝑃𝑃𝑠𝑠: supply pressure (Pa), 𝜌𝜌: fluid density (kg/m³). 

Assuming 𝑃𝑃𝐻𝐻 + 𝑃𝑃𝑅𝑅 ≈ 𝑃𝑃𝑠𝑠, the pressure dynamics become: 

𝑑𝑑𝑥𝑥3
𝑑𝑑𝑑𝑑 =

2𝛽𝛽𝑒𝑒
𝑉𝑉𝑡𝑡
(−2𝐴𝐴𝑥𝑥2 + 2𝐶𝐶𝑑𝑑𝑤𝑤𝑥𝑥𝑣𝑣√

𝑃𝑃𝑆𝑆−sign(𝑥𝑥𝑣𝑣)𝑥𝑥3
𝜌𝜌 ) + 𝑑𝑑𝑒𝑒(𝑡𝑡) (5) 

where dₑ(t) is a bounded additive lumped disturbance in the pressure-state dynamics, satisfying |dₑ(t)| ≤ 
Dₑ. The valve spool position,𝑥𝑥𝑣𝑣, is subject to a dead-zone nonlinearity, modeled as: 

xᵥ = DI(v) = { mᵥ(v − bᵣ),  v > bᵣ;   0,  bₗ < v ≤ bᵣ;   mᵥ(v − bₗ),  v ≤ bₗ }     (6) 

Here, dₑ(t) is an additive lumped disturbance in the pressure-state derivative dx₃/dt and therefore 
has SI units of Pa/s. For readability, Figure 16 displays the same quantity in bar/s using 1 bar = 10⁵ Pa. 
This pressure-rate disturbance represents unmodeled fluid effects, including leakage, effective-bulk-
modulus variation, and residual valve-flow uncertainty. It is distinct from the mechanical external load 
Fₑₓₜ(t) in Eq. (2), which is expressed in newtons (N); no direct equality or conversion between dₑ(t) and 
Fₑₓₜ(t) is assumed. Where mᵥ > 0 denotes the nominal valve gain, bₗ and bᵣ are the left and right dead-
zone thresholds, and DI(·) is the dead-zone mapping. For control design, the mapping may be 
decomposed as DI(v) = mᵥv + δ(v), where δ(v) is a bounded nonlinear residual satisfying |δ(v)| ≤ Dδ. 

Remark 1: The model represents fluid compressibility through the effective bulk modulus and assumes 
a symmetric cylinder (𝐴𝐴𝐻𝐻 = 𝐴𝐴𝑅𝑅, 𝑉𝑉𝐻𝐻 = 𝑉𝑉𝑅𝑅), constant supply pressure Ps, bounded disturbances (|𝛿𝛿(𝑣𝑣)| ≤
𝐷𝐷𝛿𝛿, |𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡)| ≤ 𝐹𝐹𝑚𝑚𝑚𝑚𝑚𝑚), and a strictly positive lower bound on the load mass 𝑚𝑚 > 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. These ensure 
tractability while capturing uncertainties. 

The state-space model is obtained by: 

{ 
 
  
𝑥̇𝑥1 = 𝑥𝑥2
𝑥̇𝑥2 =

1
𝑚𝑚 (𝐴𝐴𝑥𝑥3 − 𝑘𝑘𝑥𝑥1 − 𝑐𝑐𝑥𝑥2 − 𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡))

𝑥̇𝑥3 = 𝑓𝑓3(𝑥𝑥2) + 𝑔𝑔3(𝑥𝑥3, 𝐷𝐷𝐷𝐷(𝑣𝑣𝑇𝑇)) + 𝑑𝑑𝑒𝑒(𝑡𝑡)
𝑦𝑦 = 𝑥𝑥1

 (7) 

where: 𝑓𝑓3(𝑥𝑥2) = −
4𝛽𝛽𝑒𝑒
𝑉𝑉𝑡𝑡
𝐴𝐴𝑥𝑥2; 𝑏𝑏 = 4𝛽𝛽𝑒𝑒𝐶𝐶𝑑𝑑𝑤𝑤

𝑉𝑉𝑡𝑡√𝜌𝜌
 and 

𝑔𝑔3(𝑥𝑥3, 𝐷𝐷𝐷𝐷(𝑣𝑣𝑇𝑇)) = 𝑏𝑏√𝑃𝑃𝑠𝑠 − sign(𝐷𝐷𝐷𝐷(𝑣𝑣𝑇𝑇))𝑥𝑥3𝐷𝐷𝐷𝐷(𝑣𝑣𝑇𝑇). 
Remark 2: The dead-zone in (6) is asymmetric if |𝑏𝑏𝑙𝑙| ≠ 𝑏𝑏𝑟𝑟. The form 𝐷𝐷𝐷𝐷(𝑣𝑣) = 𝑚𝑚𝑣𝑣𝑣𝑣 + 𝛿𝛿(𝑣𝑣)  treats 

the residual dead-zone effect as a bounded uncertainty, requiring robust compensation to reduce tracking 
errors. 

Controller design  
This section presents the detailed design of an adaptive event-triggered backstepping controller for the 

hydraulic system developed in the preceding section. A disturbance observer (DOB) and an anti-windup 
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mechanism are incorporated into the control structure. The backstepping procedure constructs the control 
law recursively, while adaptive laws are introduced to account for uncertain plant parameters. Unnecessary 
control updates are limited by the event-triggered mechanism. Meanwhile, the DOB estimates lumped 
disturbances, and the anti-windup component mitigates the effects of control-signal saturation. The resulting 
framework addresses valve dead-zone effects, parametric uncertainty, external disturbances, load forces, 
and actuator saturation within a unified control structure. Lyapunov analysis is then employed to establish 
the uniform ultimate boundedness of the closed-loop errors under the stated boundedness assumptions: 

{
𝑧𝑧1 = 𝑥𝑥1 − 𝑦𝑦𝑟𝑟
𝑧𝑧2 = 𝑥𝑥2 − 𝛼𝛼1 − 𝑦̇𝑦𝑟𝑟
𝑧𝑧3 = 𝑥𝑥3 − 𝛼𝛼2

 (8) 

From the definition z₃ = x₃ − α₂ in Eq. (8), differentiation gives ż₃ = ẋ₃ − α̇₂. Substituting the pressure-
state dynamics in Eq. (7) gives the third relation in Eq. (9). 

{
𝑧̇𝑧1 = 𝑧𝑧2 + 𝛼𝛼1
𝑧̇𝑧2 = 𝜃𝜃𝑇𝑇𝛷𝛷2 − 𝜃𝜃1𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒(𝑡𝑡) − 𝛼̇𝛼1 − 𝑦̈𝑦𝑟𝑟
𝑧̇𝑧3 = 𝑓𝑓3(𝑥𝑥2) + 𝑔𝑔3(𝑥𝑥3, 𝐷𝐷𝐷𝐷(𝑣𝑣𝑇𝑇)) + 𝑑𝑑𝑒𝑒(𝑡𝑡) − 𝛼̇𝛼2

 (9) 

where the uncertain parameter vector and regressor are defined as the following: 

𝜃𝜃 = [1𝑚𝑚
𝑘𝑘
𝑚𝑚

𝑐𝑐
𝑚𝑚]

𝑇𝑇
,  𝛷𝛷2 = [𝐴𝐴𝑥𝑥3 −𝑥𝑥1 −𝑥𝑥2]𝑇𝑇, 𝜃𝜃1 =

1
𝑚𝑚 

The virtual controls are defined as: 

{
𝛼𝛼1 = −𝑘𝑘1𝑧𝑧1 − 𝜅𝜅1𝑧𝑧13, 
𝛼𝛼2 =

1
𝐴𝐴𝜃̂𝜃1

(−𝑘𝑘2𝑧𝑧2 − 𝑧𝑧1 − 𝜃𝜃𝑇𝑇𝛷𝛷2 + 𝛼̇𝛼1 + 𝑦̈𝑦𝑟𝑟 − 𝜅𝜅2𝑧𝑧23)
𝛼𝛼3 = −𝑧𝑧2 − 𝑘𝑘3𝑧𝑧3 − 𝜅𝜅3𝑧𝑧33 − 𝑓𝑓3(𝑥𝑥2) + 𝛼̇𝛼2 − 𝑑̂𝑑𝑒𝑒

 (10) 

In Eq. (10), α̇₂ denotes the total time derivative of the virtual pressure command α₂. Therefore, 
reference-trajectory derivative terms are included in α̇₂ and no separate third-derivative term appears in the 
z₃ dynamics. 

The DOB compensation is included in α₃ because dₑ(t) enters the pressure-state dynamics as a matched 
additive disturbance. 
where 𝜃𝜃1estimates 𝜃𝜃1, and 𝑚̂𝑚𝑣𝑣estimates 𝑚𝑚𝑣𝑣. Choose the Lyapunov function as the following: 

{
𝑉𝑉1 =

1
2 𝑧𝑧1

2

𝑉𝑉2 = 𝑉𝑉1 +
1
2 𝑧𝑧2

2 + 1
2 (𝜃𝜃 − 𝜃𝜃)𝑇𝑇𝛤𝛤−1(𝜃𝜃 − 𝜃𝜃)

 (11) 

where 𝜃𝜃 is the estimate of 𝜃𝜃, and 𝛤𝛤 is a positive definite matrix. Its derivative is: 

{
𝑉̇𝑉1 = 𝑧𝑧1𝑧̇𝑧1 = 𝑧𝑧1(𝑧𝑧2 + 𝛼𝛼1)
𝑉̇𝑉2 = 𝑉̇𝑉1 + 𝑧𝑧2𝑧̇𝑧2 + (𝜃𝜃 − 𝜃𝜃)𝑇𝑇𝛤𝛤−1(−𝜃̇̂𝜃)

 (12) 

The adaptive law for 𝜃𝜃 is defined as the following: 

𝜃̇𝜃 = Proj[ΓΦ2𝑧𝑧2(1 + 𝜇𝜇 ∣ 𝑧𝑧2 ∣) − 𝛤𝛤𝑙𝑙𝜃𝜃(𝜃𝜃 − 𝜃𝜃0)]𝜃̂𝜃1≥1/𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
 (13) 

where projection ensures 𝜃𝜃1 ≥ 1/𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ,𝜇𝜇 > 0,𝑙𝑙𝜃𝜃 > 0 . To estimate the disturbance 𝑑𝑑𝑒𝑒(𝑡𝑡), define an 
auxiliary variable 𝑝𝑝3: 

𝑝̇𝑝3 = −𝑙𝑙𝑑𝑑3(𝑓𝑓3(𝑥𝑥2) + 𝑔𝑔3(𝑥𝑥3, 𝐷𝐷𝐷𝐷(𝑣𝑣𝑇𝑇)) + 𝑑̂𝑑𝑒𝑒 − 𝛼̇𝛼2) (14) 

𝑑̂𝑑𝑒𝑒 = 𝑝𝑝3 + 𝑙𝑙𝑑𝑑3𝑧𝑧3,  𝑙𝑙𝑑𝑑3 > 0 (15) 
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The DOB in Eqs. (14)–(15) estimates only the matched lumped pressure-rate disturbance dₑ(t) in 
the z₃ channel. It does not estimate the mechanical external-load force Fₑₓₜ(t). Its convergence follows 
under the boundedness and regularity assumptions below. 

Theorem 1: The disturbance observer (14)–(15) ensures that the estimation error 𝑒𝑒𝑑𝑑 = 𝑑𝑑𝑒𝑒 −
𝑑̂𝑑𝑒𝑒converges exponentially to a bounded set, provided 𝑙𝑙𝑑𝑑3 > 1

2 and |𝑑̇𝑑𝑒𝑒| ≤ 𝐷̄𝐷. 
Proof: From (14)-(15): 

𝑑̇̂𝑑𝑒𝑒 = 𝑝̇𝑝3 + 𝑙𝑙𝑑𝑑3𝑧̇𝑧3 = −𝑙𝑙𝑑𝑑3(𝑓𝑓3 + 𝑔𝑔3 + 𝑑̂𝑑𝑒𝑒 − 𝛼̇𝛼2) + 𝑙𝑙𝑑𝑑3(𝑓𝑓3 + 𝑔𝑔3 + 𝑑𝑑𝑒𝑒 − 𝛼̇𝛼2) = 𝑙𝑙𝑑𝑑3(𝑑𝑑𝑒𝑒 − 𝑑̂𝑑𝑒𝑒) 

Thus, 𝑒̇𝑒𝑑𝑑 = 𝑑̇𝑑𝑒𝑒 − 𝑙𝑙𝑑𝑑3𝑒𝑒𝑑𝑑. Lyapunov function 𝑉𝑉𝑑𝑑 = 1
2 𝑒𝑒𝑑𝑑

2: 

𝑉̇𝑉𝑑𝑑 = 𝑒𝑒𝑑𝑑(𝑑̇𝑑𝑒𝑒 − 𝑙𝑙𝑑𝑑3𝑒𝑒𝑑𝑑) ≤ 1
2 𝑒𝑒𝑑𝑑

2 + 1
2 𝑑̇𝑑𝑒𝑒

2 − 𝑙𝑙𝑑𝑑3𝑒𝑒𝑑𝑑
2  = −(𝑙𝑙𝑑𝑑3 − 1

2)𝑒𝑒𝑑𝑑
2 + 1

2 𝐷̄𝐷2 

Let 𝛾𝛾 = 2(𝑙𝑙𝑑𝑑3 − 1
2) then𝑉̇𝑉𝑑𝑑 ≤ −𝛾𝛾𝑉𝑉𝑑𝑑 + 1

2 𝐷̄𝐷2, so: 

|𝑒𝑒𝑑𝑑(𝑡𝑡)| ≤ √2𝑉𝑉𝑑𝑑(0)𝑒𝑒−𝛾𝛾𝛾𝛾/2 + √𝐷̄𝐷2

𝛾𝛾  

The control signal is held constant between triggering events: 

𝑣𝑣𝑇𝑇(𝑡𝑡) = 𝑣𝑣(𝑡𝑡𝑘𝑘), 𝑡𝑡 ∈ [𝑡𝑡𝑘𝑘, 𝑡𝑡𝑘𝑘+1) (16) 
The triggering condition is defined as the following: 

𝑡𝑡𝑘𝑘+1 = 𝑖𝑖𝑖𝑖𝑖𝑖{𝑡𝑡 > 𝑡𝑡𝑘𝑘: ∣ 𝑣𝑣𝑒𝑒(𝑡𝑡) ∣≥ 𝜎𝜎(𝑡𝑡)},   𝑣𝑣𝑒𝑒(𝑡𝑡) = 𝑣𝑣(𝑡𝑡) − 𝑣𝑣𝑇𝑇(𝑡𝑡)            (17) 

The adaptive threshold is defined as below:  

𝜎𝜎(𝑡𝑡) = 𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚 + 𝜎𝜎0[1 − exp (−𝜆𝜆|𝑧𝑧1(𝑡𝑡)|)],  𝜎𝜎𝑚𝑚𝑚𝑚𝑚𝑚 > 0, 𝜎𝜎0 > 0, 𝜆𝜆 > 0 (18) 

Remark 3: The positive floor 𝜎𝜎min prevents the triggering threshold from approaching zero as the 
tracking error vanishes. The state-dependent term increases the threshold away from the origin and can 
reduce unnecessary updates. In practice, 𝜎𝜎minmay be selected by considering the sampling resolution, valve 
bandwidth, and allowable tracking error. 

Theorem 2: Suppose that all closed-loop signals are bounded and that there exists a finite constant 
𝑀𝑀 > 0 such that ∣ 𝑣̇𝑣𝑒𝑒(𝑡𝑡) ∣≤ 𝑀𝑀. Then, the event-triggering mechanism (16)–(18), with 𝜎𝜎min > 0, excludes 
Zeno behavior, and the inter-event times satisfy 𝑡𝑡𝑘𝑘+1 − 𝑡𝑡𝑘𝑘 ≥ 𝜎𝜎min

𝑀𝑀 > 0. 
Proof: At each triggering instant 𝑡𝑡𝑘𝑘 , 𝑣𝑣𝑒𝑒(𝑡𝑡𝑘𝑘) = 0 . Between two successive events, ∣ 𝑣𝑣𝑒𝑒(𝑡𝑡) ∣≤

∫ ∣𝑡𝑡
𝑡𝑡𝑘𝑘

𝑣̇𝑣𝑒𝑒(𝜏𝜏) ∣  𝑑𝑑𝑑𝑑 ≤ 𝑀𝑀(𝑡𝑡 − 𝑡𝑡𝑘𝑘). A new event cannot occur before ∣ 𝑣𝑣𝑒𝑒 ∣reaches the triggering threshold, 
which satisfies 𝜎𝜎(𝑡𝑡) ≥ 𝜎𝜎min > 0. Hence, 𝑡𝑡𝑘𝑘+1 − 𝑡𝑡𝑘𝑘 ≥ 𝜎𝜎min

𝑀𝑀  
Since this lower bound is strictly positive, infinitely many events cannot occur within a finite time 

interval. Therefore, Zeno behavior is excluded. 
The unconstrained control signal is defined as 

𝑣𝑣uc = 𝛼𝛼3
𝑏𝑏𝑚̂𝑚𝜈𝜈√𝑃𝑃𝑠𝑠−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝛼𝛼3)𝑥𝑥3

 (19) 

where 𝑚̂𝑚𝑣𝑣 denotes the estimate of the valve gain 𝑚𝑚𝑣𝑣. The sign of the desired virtual control signal 𝛼𝛼3is used 
to determine the valve-flow direction, thereby avoiding an implicit dependence on the dead-zone output 
𝐷𝐷𝐷𝐷(𝑣𝑣). The physically admissible pressure condition 𝑃𝑃𝑠𝑠 − sign (𝛼𝛼3)𝑥𝑥3 > 0 ensures that the square-root 
term is well defined. In particular, this condition is satisfied when ∣ 𝑥𝑥3 ∣< 𝑃𝑃𝑠𝑠. The saturated control signal 
is expressed as 

𝑣𝑣 = sat (𝑣𝑣uc) = {
𝑣𝑣max, 𝑣𝑣uc > 𝑣𝑣max,
𝑣𝑣uc, 𝑣𝑣min ≤ 𝑣𝑣uc ≤ 𝑣𝑣max,

𝑣𝑣min, 𝑣𝑣uc < 𝑣𝑣min.
 (20) 

The implemented signal path is vuc(t) → v(t) = sat(vuc(t)) → vT(t), where vT is updated at triggering 
instants and held between events. 
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The physical valve therefore receives vT(t), so the applied dead-zone term is DI(vT). The hold error 
ve(t) = v(t) − vT(t) is bounded by σ(t) and enters the closed-loop analysis as a bounded term. 
The adaptation law for 𝑚̂𝑚𝑣𝑣is defined using a projection operator as 

𝑚̇̂𝑚𝑣𝑣 = Proj [𝑚𝑚𝑣𝑣,min , 𝑚𝑚𝑣𝑣,max ]{−𝜂𝜂𝑚𝑚𝛼𝛼3𝑧𝑧3(1+𝜇𝜇𝑚𝑚 ∣ 𝑧𝑧3 ∣) − 𝜂𝜂𝑚𝑚𝑙𝑙𝑚𝑚(𝑚̂𝑚𝑣𝑣−𝑚̂𝑚𝑣𝑣0) − 𝜂𝜂𝑚𝑚Δ𝑣𝑣𝑧𝑧3sgn (𝑚̂𝑚𝑣𝑣)}  

(21) 
where 

Δ𝑣𝑣 = 𝑣𝑣uc − sat (𝑣𝑣uc), 
𝜂𝜂𝑚𝑚 > 0, 𝑙𝑙𝑚𝑚 > 0, 𝜇𝜇𝑚𝑚 ≥ 0, 

and 
0 < 𝑚𝑚𝑣𝑣,min < 𝑚𝑚𝑣𝑣,max , 𝑚̂𝑚𝑣𝑣0 ∈ [𝑚𝑚𝑣𝑣,min , 𝑚𝑚𝑣𝑣,max ] 

The projection operator constrains the valve-gain estimate to the admissible interval 

𝑚𝑚𝑣𝑣,min ≤ 𝑚̂𝑚𝑣𝑣(𝑡𝑡) ≤ 𝑚𝑚𝑣𝑣,max  

Therefore, 𝑚̂𝑚𝑣𝑣  remains strictly positive, and the denominator of the control law in (19) does not 
become singular. The leakage term in (21) limits parameter drift, whereas the final term modifies the 
adaptation process when input saturation occurs. 

Theorem 3: Consider the closed-loop system governed by the adaptive event-triggered backstepping 
controller, the disturbance observer, and the projected valve-gain adaptation law in (21). Suppose that the 
reference trajectory and its required derivatives are bounded, the disturbance and observer residuals are 
bounded, and the hydraulic gain satisfies 

0 < 𝑔𝑔
‾

≤ 𝑏𝑏𝑚𝑚𝑣𝑣√𝑃𝑃𝑠𝑠 − sign (𝛼𝛼3)𝑥𝑥3 ≤ 𝑔𝑔‾ 

Assume further that 
∣ Δ𝑣𝑣 ∣≤ Δ‾ 𝑣𝑣, 0 < 𝑚𝑚𝑣𝑣,min ≤ 𝑚̂𝑚𝑣𝑣(𝑡𝑡) ≤ 𝑚𝑚𝑣𝑣,max  

where 
Δ𝑣𝑣 = 𝑣𝑣𝑢𝑢𝑢𝑢 − sat (𝑣𝑣𝑢𝑢𝑢𝑢) 

Then, the anti-windup modification and the leakage term in (21) preserve the uniform ultimate 
boundedness of the closed-loop tracking, parameter-estimation, and disturbance-estimation errors in the 
presence of input saturation. 
Proof: Define the saturation mismatch as 

Δ𝑣𝑣 = 𝑣𝑣𝑢𝑢𝑢𝑢 − sat (𝑣𝑣𝑢𝑢𝑢𝑢) 

Therefore, Δ𝑣𝑣 = 0 when the actuator operates within its admissible input range, whereas Δ𝑣𝑣 ≠ 0 only 
when the unconstrained control input exceeds the saturation limits. 

Consider the composite Lyapunov function 

𝑉𝑉 = 1
2 𝑧𝑧1

2 + 1
2 𝑧𝑧2

2 + 1
2 𝑧𝑧3

2 + 1
2 𝜃̃𝜃𝑇𝑇Γ−1𝜃̃𝜃 + 1

2𝜂𝜂𝑚𝑚
𝑚̃𝑚𝑣𝑣

2 + 1
2 𝑒𝑒𝑑𝑑

2 

where 𝜃̃𝜃 = 𝜃𝜃 − 𝜃𝜃, 𝑚̃𝑚𝑣𝑣 = 𝑚𝑚𝑣𝑣 − 𝑚̂𝑚𝑣𝑣, and 𝑒𝑒𝑑𝑑 = 𝑑𝑑𝑒𝑒 − 𝑑̂𝑑𝑒𝑒 

In the absence of input saturation, the adaptive backstepping design and the disturbance observer yield 
negative-definite terms associated with the tracking and estimation errors, together with bounded residual 
terms. When saturation occurs, the difference between 𝑣𝑣𝑢𝑢𝑢𝑢and the applied input introduces the additional 
term 𝑧𝑧3𝑏𝑏𝑚𝑚𝑣𝑣Δ𝑣𝑣√𝑃𝑃𝑠𝑠 − sign (𝛼𝛼3)𝑥𝑥3  into the Lyapunov derivative. Using the assumed bounds on the 
hydraulic gain and the saturation mismatch gives ∣ 𝑧𝑧3𝑏𝑏𝑚𝑚𝑣𝑣Δ𝑣𝑣√𝑃𝑃𝑠𝑠 − sign (𝛼𝛼3)𝑥𝑥3 ∣≤ 𝑔𝑔‾ Δ‾ 𝑣𝑣 ∣ 𝑧𝑧3 ∣ 
By Young’s inequality, for any 𝜀𝜀 > 0, 

𝑔𝑔‾ Δ‾ 𝑣𝑣 ∣ 𝑧𝑧3 ∣≤ 𝜀𝜀
2 𝑧𝑧3

2 + 𝑔𝑔‾ 2Δ‾ 𝑣𝑣
 2

2𝜀𝜀  

The anti-windup term in (21) modifies the valve-gain adaptation whenever Δ𝑣𝑣 ≠ 0, while the leakage 
term limits parameter drift. The projection operator ensures that 𝑚̂𝑚𝑣𝑣 remains within the admissible interval 
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𝑚𝑚𝑣𝑣,min ≤ 𝑚̂𝑚𝑣𝑣(𝑡𝑡) ≤ 𝑚𝑚𝑣𝑣,max  and therefore remains strictly positive. After substituting the adaptive laws 
and applying the preceding bounds, the derivative of the composite Lyapunov function can be written as 

𝑉̇𝑉 ≤ −𝑐𝑐1𝑧𝑧1
2 − 𝑐𝑐2𝑧𝑧2

2 − (𝑐𝑐3− 𝜀𝜀
2) 𝑧𝑧3

2 − 𝑐𝑐4 ∥ 𝜃̃𝜃 ∥2− 𝑐𝑐5𝑚̃𝑚𝑣𝑣
2 − 𝑐𝑐6𝑒𝑒𝑑𝑑

2 + 𝐶𝐶 
where 𝑐𝑐𝑖𝑖 > 0  are determined by the controller, adaptation, observer, and leakage gains, while 𝐶𝐶 > 0 
collects the bounded disturbance, triggering, observer, approximation, and saturation residuals. Selecting 
0 < 𝜀𝜀 < 2𝑐𝑐3 ensures that 𝑐𝑐3 − 𝜀𝜀

2 > 0 . Hence, there exist positive constants 𝑘𝑘 and 𝑐𝑐 such that 𝑉̇𝑉 ≤ −𝑘𝑘𝑘𝑘 +
𝑐𝑐. It follows that  𝑉𝑉(𝑡𝑡) ≤ 𝑉𝑉(0)𝑒𝑒−𝑘𝑘𝑘𝑘 + 𝑐𝑐

𝑘𝑘 (1−𝑒𝑒−𝑘𝑘𝑘𝑘). Consequently, lim sup 
𝑡𝑡→∞

𝑉𝑉(𝑡𝑡) ≤ 𝑐𝑐
𝑘𝑘, and all closed-loop 

tracking and estimation errors remain uniformly ultimately bounded. Therefore, the proposed anti-windup 
adaptive controller preserves closed-loop boundedness in the presence of input saturation. 

System setup  
The co-simulation was conducted using MATLAB/Simulink R2022b and Simcenter Amesim 

2021.1. The hydraulic plant and passive pneumatic load are modeled in Amesim, whereas the controller, 
adaptive laws, event-trigger logic, disturbance observer, and post-processing are implemented in 
MATLAB/Simulink. A common communication/sampling interval of Ts = 0.001 s is used for all 
controllers. The source simulation configuration uses a Runge–Kutta integration scheme in Simulink 
and the regular Forward Euler integrator for the Amesim plant. Signals are exchanged through the 
Amesim–Simulink co-simulation interface at each communication instant. 

Table 1. Hydraulic system parameter settings 
 

The Amesim proportional directional valve was configured with a deadband of ±0.04. A ramp input 
from −3 to +5 V produces the zero-flow region shown in Figure 2, representing the dead-zone 
characteristic embedded in the plant model; the corresponding parameters are listed in Table 1. All four 
controllers were evaluated using the same plant model, reference trajectories, load/disturbance 
conditions, sampling interval, and ±10 V actuator limits. 

The passive pneumatic load was initialized at approximately 10⁵ Pa (1 bar), and the pneumatic-
orifice flow coefficient was set to Cq = 0.72. The actual plant mass was 3.0 kg, whereas the controller 
load-mass estimate was initialized at 1.0 kg to introduce parameter uncertainty. The coupled pneumatic 
subsystem generates the trajectory-dependent mechanical load Fₑₓₜ(t) in the piston dynamics. This 
mechanical force is recorded separately and is not the quantity estimated by the DOB. For the observer 
evaluation in Figure 16, a bounded lumped pressure-rate disturbance dₑ(t) was introduced in the 
pressure-state channel of the Simulink controller model, and the same signal was used as the reference 
for assessing d̂ₑ(t). No direct conversion between dₑ(t) and Fₑₓₜ(t) was used. 
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Table 2. Controller parameters, projection bounds, and initial conditions  

₁ ₂ ₃
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Figure 2. Relationship between the control signal and the flow rate 

The conventional PID gains are Kp = 98.752, Ki = 43.814, and Kd = 22.326. The initial tuning 
followed a Ziegler–Nichols-type heuristic procedure and was subsequently fine-tuned to reduce RMSE 
while avoiding excessive oscillation or instability under the nominal operating condition. SMC contro-
ller [22]: The tracking error is e = yr − y and the sliding surface is s = 𝑒̈𝑒 + 𝑐𝑐1ė + 𝑐𝑐2e. A saturation 
function sat(s/Ф) replaces the ideal sign function to reduce chattering. The implemented sliding-surface 
coefficient c1 = 100, c2 = 2500, switching gain Ksw = 1000, and boundary-layer thickness Ф=0.05. The 
sliding-surface coefficient c sets the nominal error convergence on s = 0; the switching gain Ksw must 
be large enough to dominate the matched uncertainty/disturbance term in the implemented SMC 
dynamics, while Ф defines the boundary-layer width used to trade chattering against local tracking 
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accuracy. The online self-tuning fuzzy PID controller [32] uses the tracking error and change in error to 
adjust ΔKp, ΔKi, and ΔKd around the same baseline PID gains. Five linguistic sets with Gaussian and 
sigmoid membership functions over the normalized universe [0, 1] of absolute error and absolute 
derivative of error. In this study, the fuzzy inference output is obtained by aggregating the fuzzy input 
sets according to the designed fuzzy rules. The max-product method is employed for the aggregation 
process, while the centroid method is used for defuzzification. 

The sinusoidal reference is yr(t) = 0.1 sin( 2πft)m with f = 0.05Hz. The chirp reference is yr(t) =
0.1 sin( 2π(f0 +

f1−f0
2Tsim

t)t)m, where f₀ = 0.05 Hz, f₁ = 0.25 Hz, and Tsim = 40 s.  

Trapezoidal 1: A periodic piece-wise linear signal with a maximum amplitude of ±0.1m, a gentle 
velocity limit of ẏr,max = 0.01m/s. The command includes a 10 s hold at +0.1 m and is defined over the 
full 50 s interval as: 

yr(t) = {
0.01t, 0 ≤ t < 10
0.1, 10 ≤ t < 20

0.1 − 0.01(t − 20), 20 ≤ t < 40
−0.1, 40 ≤ t < 50

 

 Trapezoidal 2: A more aggressive periodic piece-wise linear signal with a maximum amplitude of 
±0.1m, a steeper velocity limit of ẏr,max = 0.02 m/s. The current definition is: 

yr(t) =

{ 
 
  

0.02t, 0 ≤ t < 5
0.1, 5 ≤ t < 10

0.1 − 0.02(t − 10), 10 ≤ t < 20
−0.1, 20 ≤ t < 25

−0.1 + 0.02(t − 25), 25 ≤ t < 30

 

Multi-step 1: 

yr(t) =

{ 
 
  
−0.05, 0 ≤ t < 20
0.10, 20 ≤ t < 40
−0.075, 40 ≤ t < 60
0.05, 60 ≤ t < 80
−0.05, t ≥ 80

 

Multi-step 2: 

yr(t) =

{ 
 
  
−0.05, 0 ≤ t < 20
−0.10, 20 ≤ t < 40
−0.075, 40 ≤ t < 60
−0.025, 60 ≤ t < 80

−0.05, t ≥ 80

 

Let N denote the number of samples in the evaluation interval, y(i) the actuator position, yr(i) the 
reference position, and ȳr the mean reference value. With Ts = 0.001s, the nominal sample counts are 
100,000 for each 100 s test, 50,000 for each 50s test, and 40,000 for the 40s chirp test. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑁𝑁∑ (𝑦𝑦𝑟𝑟(𝑖𝑖) − 𝑦𝑦(𝑖𝑖))2

𝑁𝑁
𝑖𝑖=1 ;  𝑅𝑅2 = 1 −∑ (𝑦𝑦𝑟𝑟(𝑖𝑖)−𝑦𝑦(𝑖𝑖))2

𝑁𝑁
𝑖𝑖=1

∑ (𝑦𝑦𝑟𝑟(𝑖𝑖)−𝑦̄𝑦𝑟𝑟)2
𝑁𝑁
𝑖𝑖=1

; 𝐴𝐴𝐴𝐴𝐴𝐴 = 1
𝑁𝑁∑ |𝑦𝑦𝑟𝑟(𝑖𝑖)−𝑦𝑦(𝑖𝑖)|𝑦𝑦𝑟𝑟(𝑖𝑖)|+𝛿𝛿

|𝑁𝑁
𝑖𝑖=1  

with δ = 10⁻⁵ m. The ARE denominator is explicitly |yᵣ(i)| + δ; hence |yᵣ(i)| + δ ≥ δ > 0 for every sample, 
including zero crossings. The regularization constant has the same unit as the displacement reference 
and corresponds to 0.01% of the 0.1m nominal trajectory amplitude. This regularized pointwise relative-
error definition is the one used for all reported ARE calculations. 

For the extended transient and control-effort assessment, the following indices are also considered: 
maximum absolute tracking error emax = maxi|yr (i)− y(i)|; integral absolute error 𝐼𝐼𝐼𝐼𝐼𝐼 =
∫ |𝑦𝑦𝑟𝑟(𝑡𝑡) − 𝑦𝑦(𝑡𝑡)|𝑑𝑑𝑑𝑑 ≈ ∑ |𝑒𝑒𝑖𝑖|𝑁𝑁

𝑖𝑖=1
𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠
0 ∆𝑡𝑡; peak control effort vp = max|v(t)|; RMS control effort  vRMS =

√ 1
Tsim

∫ vTsim
0 (t)2dt ≈ √1

N∑ vi2N
i=1 ; overshoot OS = ymax−yr

yr
× 100% relative to the commanded step 

amplitude; and settling time based on a ±2% error band around the commanded level. 
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CO-SIMULATION RESULTS AND 
DISCUSSION

PID under the identical conditions in Table 3 
and six reference trajectories. Tracking respons-
es are shown in Figures 4, 6, 8, 10, 12, and 14, 
with quantitative performance summarized in 
Tables 4–7.

Tracking accuracy under reference 
trajectories

The benchmark controllers show different 
limitations. Fixed-gain PID follows the referenc-
es but gives the largest chirp RMSE (0.0109) and 
ARE (0.113). SMC improves nonlinear robust-
ness but retains transition errors; for Multi-Step 
1 it gives RMSE = 0.0024 and ARE = 0.263. 
OTPID performs better overall, reducing the 
Multi-Step 1 RMSE to 0.0017, although its chirp 
RMSE and ARE rise to 0.0076 and 0.085. These 

trends indicate increasing difficulty during abrupt 
or frequency-varying motion.

ABIC gives the smallest RMSE and ARE in 
all six tests (Table 4). For Multi-Step 1, RMSE 
is 0.000837, about half the OTPID value and 
substantially below SMC. R² approaches unity, 
including 0.999986 for Trapezoidal 1. Under the 
chirp input, ABIC maintains RMSE = 0.0038 and 
ARE = 0.037, compared with 0.0109 for PID and 
0.0091 for SMC. The trigger plots show intermit-
tent command updates, while the external-force 
traces indicate small tracking deviations under 
the trajectory-dependent load.

Figures 4–15 summarize the tracking and 
control responses under the six reference trajecto-
ries. Figures 4, 6, 8, 10, 12, and 14 show tracking 
performance and external load forces, whereas 
Figures 5, 7, 9, 11, 13, and 15 present the corre-
sponding ABIC control and triggering responses. 
The held valve command is updated intermittent-
ly without a noticeable loss of tracking accuracy 
under the investigated co-simulation conditions.

Table 3. Case studies of the investigation

Profile Amplitude/Frequency Time

Multi-Step 1 -0.075 → 0.1[m] 100 sec.

Multi-Step 2 −0.10 → −0.025 [m] 100 sec.

Trapezoidal 1 −0.10 → 0.10[m] 50 sec.

Trapezoidal 2 −0.10 → 0.10[m] 50 sec.

Sinusoidal 0.1[m]/0.05 [Hz] 50 sec.

Figure 3. Schematic diagram of the hydraulic system in the co-simulation platform
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Table 4. Performance evaluation using three criteria

Ref. Criteria
Controller

ABIC OTPID SMC PID

Multi-Step 1

RMSE 0.000837 0.001732 0.002394 0.002136

R² 0.999826 0.999313 0.998481 0.999088

ARE 0.064382 0.126235 0.262977 0.100618

Multi-Step 2

RMSE 0.000389 0.000533 0.000758 0.000811

R² 0.999783 0.999604 0.999134 0.999018

ARE 0.005848 0.008789 0.010265 0.012788

Trapezoidal 1

RMSE 0.000324 0.00056 0.001173 0.00071

R² 0.999986 0.999967 0.999805 0.999939

ARE 0.009334 0.014674 0.021183 0.020342

Trapezoidal 2

RMSE 0.000588 0.00154 0.002672 0.001817

R² 0.99997 0.999757 0.998778 0.999705

ARE 0.0197 0.056788 0.170028 0.039748

Sinusoidal

RMSE 0.001175 0.002598 0.003785 0.003058

R² 0.999903 0.999238 0.997328 0.999431

ARE 0.009363 0.030708 0.050326 0.034511

Chirp

RMSE 0.003778 0.007637 0.009069 0.010934

R² 0.99751 0.988875 0.983185 0.976619

ARE 0.036656 0.08485 0.107293 0.112987

Figure 4. Tracking control performance under the 
first multi-step trajectory: position response, tracking 

error, and applied external-load response

Figure 5. ABIC control activity under the first 
multi-step trajectory, including the control command, 

trigger state, and pneumatic chamber pressures
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Table 5. Extended performance comparison under the Multi-Step 2 trajectory

Metric ABIC (Proposed) OTPID SMC PID

Maximum tracking error (m) 0.001839 0.003298 0.0038432 0.003497

Overshoot (%) 0.003 0.12 0.38 0.49

Settling time (s) 7.775 7.191 7.926 7.266

IAE (m·s) 0.01999 0.03080 0.03940 0.05864

Peak control effort (V) 7.01 7.18 8.60 7.20

RMS control effort (V) 1.86 1.97 1.93 1.89

Figure 6. Tracking control performance under the 
second multi-step trajectory: position response, 

tracking error, and applied external-load response

Figure 8. Tracking control performance under the 
first trapezoidal trajectory: position response, tracking 

error, and applied external-load response

Disturbance estimation and parameter 
adaptation

Figure 16 demonstrates the performance of 
the disturbance observer (DOB). In the pressure 
dynamics, the matched lumped disturbance dₑ(t) 
represents unmodeled fluid effects such as leak-
age, effective-bulk-modulus variation, and resid-
ual valve-flow uncertainty. The DOB tracks this 
injected pressure-rate disturbance, with the esti-
mate d̂ₑ(t), displayed in bar/s, converging rapidly 

to dₑ(t). The observer error dₑ(t) − d̂ₑ(t) remains 
bounded, consistent with Theorem 1. The signals 
in Figure 16 are pressure-rate disturbances and are 
distinct from the pneumatic external-load force 
Fₑₓₜ(t) plotted in the trajectory-response figures.

The valve-gain estimate remains within its 
projection bounds and the parameter estimates 
approach bounded values. Exact physical-param-
eter convergence is not claimed because the anal-
ysis establishes boundedness rather than persis-
tent-excitation-based identification.
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Figure 7. ABIC control activity under the second multi-step trajectory, including the control command, trigger 
state, and pneumatic chamber pressures

Figure 9. ABIC control activity under the first 
trapezoidal trajectory, including the control command, 

trigger state, and pneumatic chamber pressures

Figure 10. Tracking control performance under the 
second trapezoidal trajectory: position response, 

tracking error, and applied external-load response
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Figure 12. Tracking control performance under the 
sinusoidal trajectory: position response, tracking 

error, and applied external-load response

Figure 13. ABIC control activity under the sinusoidal 
trajectory, including the control command, trigger 

state, and pneumatic chamber pressures

Figure 14. Tracking control performance under the 
chirp trajectory: position response, tracking error, and 

applied external-load response

Figure 11. ABIC control activity under the second 
trapezoidal trajectory, including the control command, 

trigger state, and pneumatic chamber pressures
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Event-triggering performance and update 
reduction

At Ts = 0.001 s, periodic update counts are 
100,000 for the 100 s tests, 50,000 for the 50 s 
tests, and 40,000 for the 40 s chirp. The corre-
sponding event-trigger counts are 22,444, 25,753, 
14,231, 13,786, 15,124, and 13,507 (Table 6).

Update reduction is 66.23–77.56%. This mea-
sures command-refresh reduction, not CPU-time 
or processor-load reduction, which also depends 
on solver, I/O, communication, and hardware 
overhead.

For consistency with the reported event 
counts, the mean update interval in Table 6 is 
defined as T/Ne, where T is the test duration and 
Ne is the number of triggered updates. This gives 
mean update intervals of 4.456, 3.883, 3.513, 
3.627, 3.306, and 2.961 ms for Multi-Step 1, 
Multi-Step 2, Trapezoidal 1, Trapezoidal 2, Sinu-
soidal, and Chirp, respectively. The minimum and 

Figure 16. Disturbance-observer and parameter-
adaptation responses: (a) actual lumped pressure-

rate disturbance dₑ(t) and its observer estimate d̂ₑ(t); 
(b) disturbance-estimation error dₑ(t) − d̂ₑ(t); (c) 

estimated plant parameters and valve-gain estimate

Figure 15. ABIC control activity under the chirp 
trajectory, including the control command, trigger 

state, and pneumatic chamber pressures

maximum intervals are retained from the record-
ed event-log statistics.

Input saturation and anti-windup 
compensation

The actuator command is limited to ±10V. The 
anti-windup modification is activated through the 
saturation mismatch ∆v = vuc − sat(vuc), with v = 
sat(vuc). Hence ∆v = 0, within the admissible range 
and becomes nonzero only when the unconstrained 
command exceeds the actuator limit. The valve-gain 
adaptation is modified during these intervals so that 
it does not continue to respond to an unattainable 
valve command. Figure 17 presents the additional 
component-level simulation used to examine the 
anti-windup and ablation effects. The control-signal 
comparison illustrates the effect of the anti-windup 
modification during demanding transients, while 
the position-tracking and tracking-error responses 
show the behavior of the complete and degraded 
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controller configurations. The total saturation 
duration is calculated as Tsat  = Ts  ∑iI(|vuc(i)| > 10), 
where I(·) is the indicator function.

Table 6. Event-triggering statistics across the six reference trajectories

Trajectory Periodic steps Triggered 
events

Update rate 
(%)

Update 
reduction (%) Min Δt (s) Mean update 

interval (s) Max Δt (s)

Multi-Step 1 100,000 22,444 22.44 77.56 0.001 0.004456 6.882

Multi-Step 2 100,000 25,753 25.75 74.25 0.001 0.003883 3.625

Trapezoidal 1 50,000 14,231 28.46 71.54 0.001 0.003513 3.160

Trapezoidal 2 50,000 13,786 27.57 72.43 0.001 0.003627 3.029

Sinusoidal 50,000 15,124 30.25 69.75 0.001 0.003306 3.084

Chirp 40,000 13,507 33.77 66.23 0.001 0.002961 2.912

Table 7. Ablation-study metrics for the complete and degraded ABIC configurations

Controller variant RMSE R² ARE Update rate (%)

Complete ABIC 0.003778 0.99751 0.036656 33.77%

ABIC without DOB 0.005745 0.99012 0.057246 42.36%

ABIC without anti-windup 0.006781 0.98813 0.059842 45.28%

ABIC without ETC 0.003555 0.99789 0.035428 100%

Figure 17. Component-level responses for the 
anti-windup and ablation assessment under the 

chirp trajectory: (a) control-signal responses of the 
complete ABIC and degraded variants; (b) position-

tracking responses; (c) tracking-error responses

Ablation study

The ablation study is evaluated under the 
Chirp trajectory and compares the complete ABIC 
with variants without DOB, without anti-windup, 
and without ETC; the last variant refreshes the 
saturated command at every sampling instant.

Figure 17 shows the component-level 
response differences, while Table 7 provides the 
RMSE, R², ARE, and update-rate results used for 
quantitative attribution.

Comparison with previous studies

Comparison with prior work focuses on 
assumptions, controller structure, and validation 
conditions because trajectories, disturbances, and 
metric definitions differ across studies. Adaptive 
and command-filtered backstepping/dead-zone 
studies [2, 3, 18] establish Lyapunov-based recur-
sive control under electro-hydraulic nonlinearity 
and uncertainty. The present design adds distur-
bance estimation, event-triggered held-command 
updating, and anti-windup compensation within 
the same electro-hydraulic framework.

Prior disturbance-rejection work addresses 
dead zones and voltage limits [10], while recent 
work combines fixed-time DOB, ETC, and input 
saturation in networked electro-hydraulic sys-
tems [31]. The present study differs by integrating 
these functions with adaptive backstepping, plant-
parameter adaptation, and valve dead-zone residual 
treatment. Direct numerical comparison is avoided 
because the plant and test conditions differ.
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Prediction-based hydraulic control [28] and 
model-predictive control [29] rely on prediction 
or online optimization, whereas ABIC uses adap-
tive uncertainty and disturbance compensation. 
Event-triggered hydraulic control [30] similarly 
supports reduced command updating; here the 
comparison covers six trajectories with an explic-
it ±10 V input constraint.

Study limitations

The present evidence is limited to MATLAB/
Simulink–Simcenter Amesim co-simulation of 
a symmetric-cylinder model and therefore does 
not replace physical test-bench validation. Sensor 
noise and bias, communication delay, sampling-
frequency variation, supply-pressure changes, 
dead-zone asymmetry, and high-frequency valve 
dynamics were not systematically evaluated; 
consequently, the observer results do not estab-
lish noise robustness, and the reduction in update 
counts should not be interpreted as a direct mea-
sure of processor load. Experimental and HIL/
real-time validation are therefore required before 
making claims regarding industrial robustness, 
embedded execution time, or long-term actuator 
performance.

CONCLUSIONS

This study integrated adaptive backstepping, 
ETC, disturbance estimation, and anti-windup 
compensation for an electro-hydraulic actuator 
with valve dead zone, uncertainty, disturbances, 
and saturation. The resulting ABIC forms a uni-
fied Lyapunov-based architecture for which uni-
form ultimate boundedness is established under 
the stated assumptions.

Across six co-simulation trajectories, ABIC 
produced the lowest RMSE and ARE among PID, 
SMC, OTPID, and ABIC. RMSE was 0.000837 
for Multi-Step 1 and 0.003778 for the chirp test; 
the event-triggered mechanism reduced com-
mand-update frequency while preserving track-
ing under the investigated conditions.

The current evidence remains co-simula-
tion based. Future work will therefore focus 
on hydraulic-bench and HIL/real-time valida-
tion, including processor-load measurement and 
robustness tests under sensor noise, communica-
tion delay, supply-pressure variation, and chang-
ing dead-zone characteristics.
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