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ABSTRACT: Hydraulic-electric systems are widely utilized in various applications. However, over time, these systems
may encounter random faults such as loose cables, ambient environmental noise, or sensor aging, leading to inaccurate
sensor readings. These faults may result in system instability or compromise safety. In this paper, we propose a fault
compensation control system to mitigate the effects of sensor faults and ensure system safety. Specifically, we utilize
the pressure sensor within the system to implement the control process and evaluate performance based on the piston
position. First, we develop a mathematical model to identify optimal parameters for the fault estimation model based
on the Lyapunov stability principle. Next, we design an unknown input observer that estimates the state vector and
detects pressure sensor faults using a linear matrix inequality optimization algorithm. The estimated pressure faults
are incorporated into the fault compensation control system to counteract their effects via a fault residual coefficient.
The discrepancy between the feedback state and the estimated state determines this coefficient. We assess the piston
position’s performance through pressure control to evaluate the proposed model’s effectiveness. Finally, the system
simulation results are analyzed to validate the efficiency of the proposed model. When a pressure sensor fault occurs, the
proposed approach effectively minimizes position control errors, enhancing overall system stability. When a pressure
sensor fault occurs, the proposed model compensates for the fault to mitigate the impact of pressure problem, thereby
enhancing the position control quality of the EHA system. The fault compensation method ensures over 90% system
performance, with its effectiveness becoming more evident under pressure sensor faults.

KEYWORDS: Fault-tolerant control; fault estimation; unknown input observer; electro-hydraulic actuator

1 Introduction
Nowadays, hydraulic systems are extensively employed in various industries, particularly in precision

control fields like CNC machine tools and aircraft control systems. It is imperative to guarantee the safe
and stable operation of such systems. Despite advancements in fault diagnosis and fault-tolerant control
(FTC) techniques, sensor failures remain a major challenge, potentially compromising system safety and
precision. In [1], the authors examine the quality risks in machining caused by equipment failures in
advanced manufacturing. It proposes fault control design principles, emphasizes mechanical and hydraulic
fault control, and introduces a passive safety system to minimize risks. Practical applications confirm
that the approach effectively enhances quality assurance in intelligent manufacturing. However, existing
works primarily focus on mechanical failures, while sensor-related failures, particularly in hydraulic control
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systems, are underexplored. In the CNC field, precision machining is critical, and hydraulic system balance
significantly impacts accuracy. In [2], Liu focuses on improving a self-circulation hydraulic balance system
to reduce workpiece deformation and enhance accuracy. It incorporates balance fluctuation dynamics into
the parameter system, providing theoretical support for CNC machine tool development and enriching the
fault control approaches discussed earlier. When considering Aircraft Hydraulic Systems, Zhao et al. [3]
examine variable pressure hydraulic systems, which adjust output pressure to meet load demands, reducing
energy consumption and heat; it focuses on designing control logic, modes, switching frequency, and status
monitoring to address engineering challenges. The findings offer guidance for advancing these systems in
domestic aircraft, enhancing efficiency, and promoting broader application. In the same field, Yan et al.
employ AMESim modeling and simulation to analyze aircraft hydraulic systems, focusing on component
behavior (e.g., spoiler, rudder) and pump dynamics [4]. Results demonstrate accurate response curves
and realistic flow/pressure states, highlighting the power transfer unit balancing function. While achieving
satisfactory simulation, discrepancies in parameter values remain to be addressed for further refinement
and verification. Nevertheless, these studies do not consider fault-tolerant control strategies when pressure
sensor faults occur, which could significantly impact actuator reliability and system safety. Applying a new
approach, the paper [5] introduces a novel idea using machine learning within a digital twin framework for
aircraft hydraulic systems’ health monitoring. By analyzing 20 failure scenarios, support vector machines
and ensemble algorithms were tested, revealing random forest as the most effective. This method enhances
early diagnostics during the design phase, offering engineers better evaluation tools for complex hydraulic
systems. In [6], Ashkan Taherkhani et al. applied a second-order sliding mode observer to detect and
isolate sensor faults in the air-path system of heavy-duty diesel engines, preventing potential engine damage
caused by sensor failures. By leveraging the equivalent output error injection method and the Linear Matrix
Inequality (LMI) tool, the approach minimizes uncertainties and disturbances, with simulations confirming
its effectiveness and robustness. The study [7] differs from others by focusing on motion control of integrated
electro-hydraulic servo-actuators (ISA) in Fly-by-Wire systems, which is crucial for aircraft maneuvering.
A nonlinear ISA model was developed and simulated using MATLAB/SIMULINK. A PID controller, tuned
via the Zeigler-Nichols method and Integral Square Error criteria, was applied to optimize output feedback
and input alignment. The approach ensures system stability and precision, highlighting its effectiveness
for precise actuator control. By focusing on transitioning from traditional hydraulic systems to electric
or electro-hydraulic technologies in next-generation aircraft, Churn et al. highlight the use of digitally
controlled brushless permanent-magnet drive systems with integrated electronics for high-performance
applications. Specifically, the study examines an electro-hydraulic actuator designed for a rudder under
demanding aerodynamic loads and environmental conditions. The conclusion underscores the feasibility
and advantages of modernized actuation systems, enhancing efficiency and meeting stringent performance
standards for large aircraft control surfaces [8]. Instead of using machine learning algorithms, the authors
in [9] proposed a one-dimensional multichannel convolution neural network (1DMCNN) for diagnosing
faults in aircraft hydraulic systems. The method utilizes pressure signals from multiple sensors, inputs them
as multichannel data into CNN, and enhances features by examining differences between channels. The
proposed approach outperforms traditional machine learning methods in terms of precision, with simulation
results demonstrating its effectiveness in fault detection without complex data preprocessing or feature
extraction. Although this method achieves high accuracy in fault diagnosis, it does not provide an active
compensation mechanism to mitigate sensor failures in real time.

However, sensor failures resulting from loose cables or aging over time may impair the control system’s
quality and potentially compromise its safety. Numerous scholars have directed their attention towards tech-
nologies aimed at mitigating the impact of sensor failures, including fault detection and isolation technology
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applied to automotive sensors, as evidenced in [10]. The author utilized the publication’s two unique deep
neural network architectures to identify, isolate, detect, and predict multi-faults in multi-sensor systems,
such as autonomous vehicles. The results obtained from the study demonstrated exceptional performance.
The authors employed an alternative method in [11], whereby a comparison algorithm was utilized to detect
current and speed sensor faults by comparing the reference rotor speed with the measured rate. A counter was
incorporated into the diagnostic approach to mitigate the effects of encoder noise. The estimated values were
not utilized in the suggested strategy for diagnosing speed sensor faults, thereby enhancing the autonomy
between the diagnostic stages in the FTC method. In [12], the authors described fault diagnosis logic and
signal restoration algorithms for vehicle motion sensors. In addition, the authors in [13] presented the FTC
algorithm to address potential faults in the inertial motion unit (IMU) sensor. The authors developed a neural
network estimator for error diagnosis and designed an error detection scheme to compare the IMU reading
with the estimator. The method utilized logic rules to monitor the IMU state and a toolkit to recover the
IMU information, which was then fed into the controller. A neural network estimator was also used for fault
diagnosis, which employed a fault detection scheme and logic rules to monitor the IMU state. The Euler
angle estimator with a neural network was used to recover the IMU information, reconfiguring the designed
controller value. On the other hand, authors in [14] introduced a two-stage extended Kalman filter that
can detect, isolate, and identify faults in IMU sensors. They also proposed two adaptive two-stage extended
Kalman filters for detecting and estimating IMU sensor faults in different scenarios. In [15], a method for
diagnosing faults in the IMU sensor of a quadrotor unmanned air vehicle system was introduced using an
unknown input observer (UIO) monitoring model to isolate noise. This method could treat noise as an
unknown input and exhibited high stability for non-linearity. Several studies have presented fault estimation
and fault compensation algorithms. In [16], fault estimation and compensation were carried out on a
laboratory multi-tank system. Studies [17,18] implemented technology for estimating sensor and actuator
faults in the Electro-Hydraulic Actuator (EHA)system. Similarly, studies [19,20] applied fault estimation and
compensation control to the EHA system.

For nonlinear systems, the authors of reference [21] investigated the application of a fault estimation
algorithm and fault accommodation for a specific class of nonlinear switched systems. To estimate the
augmented state vector and achieve asymptotically stable conditions for the error system, they created a
UIO model for the expanded switched system. They used the average dwell-time method and the switched
Lyapunov function technique with a prescribed H∞performance index to guarantee stability conditions. The
authors in references [22–24] employed UIO algorithms for fault and state estimation. However, in [25–27],
a different approach for fault estimation in a nonlinear system was demonstrated using an unscented Kalman
filter with a multiplicative model. A filter was created to estimate faults in specific class nonlinear systems,
combining a Gaussian mixture model and the augmented ensemble unscented Kalman filter (AEnUKF).
Especially, in [25], the authors proposed a fault estimation method for nonlinear systems with multiplicative
faults using the unscented Kalman filter (UKF). By employing an augmented approach, the fault signal is
treated as a state variable, and the system dynamics are reformulated accordingly. Due to the presence of
non-Gaussian noise, the proposed method integrates a Gaussian mixture model (GMM) with AEnUKF to
enhance fault estimation. Simulation results on a bioreactor system demonstrate that the AEnUKF-GMM
algorithm outperforms the AUKF in the presence of non-Gaussian noise. To enhance the fault tolerance of
wind turbines in the full-load region, the authors in [28] proposed a control structure that utilizes an MPC-
based controller to maintain rated power output and a passive fault-tolerant strategy to mitigate actuator
faults. Additionally, a terminal sliding mode observer is developed to handle sensor faults and estimate
system states in finite time, ensuring robustness and high performance.
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Ensuring absolute safety in control systems, such as aircraft control systems, requires reliable sensor
operations. In critical applications like adjusting the aircraft wing angle, a malfunctioning position sensor
can compromise safety. To address this risk, pressure sensors can serve as an alternative. However, faults
in pressure sensors also pose significant challenges. Currently, there is a lack of real-time fault-tolerant
control strategies specifically designed for pressure sensor failures in EHA systems, which are essential for
flight control.

To tackle this issue, we propose a fault-tolerant control technology specifically designed for pressure
sensors. Our approach employs a fault compensation method that leverages an estimation technique to
correct errors originating from faulty pressure sensor readings. The key contributions of this research include:

• Developing a mathematical model that converts load pressure variations into control parameters,
enabling more accurate pressure-based control.

• Designing a pressure sensor fault estimator using the UIO technique integrated with the Lyapunov
algorithm to enhance fault detection and compensation in nonlinear EHA systems.

• Introducing a position control error evaluation method to assess the accuracy of piston movement,
ensuring improved precision in actuator control.

• Implementing the pressure error compensation model successfully for scenarios where the system is
subjected to environmental noise.

The subsequent sections of this paper are arranged as follows. Section 2 presents the mathematical
model of the EHA system and the UIO model. Section 3 entails simulation results, performance assessments,
and some discussions. Finally, Section 4 presents our conclusion.

2 Mathematical Model of the EHA System
In this section, we present the relevant equations corresponding to the mathematical model of the

studied EHA system.
The dynamic model of a mini-motion package system, as shown in Fig. 1, can be represented as

follows [20]:

mp χ̈p + Bv χ̇p + Fs p + Ff rc + ζ = Ah Ph − Ar Pr (1)

here, mp is the equivalent mass, while χp, χ̇p, and χ̈p are the position, velocity, and acceleration, respectively;
Ah and Ar are the area in the two chambers; Fs p, Ff rc , Bv , and ζ are the external load force of the spring,
friction force, viscous damping coefficient, and disturbance, respectively; Ph and Pr are the pressures in the
two chambers.

The external load force can be expressed as:

Fs p = Ks p χp (2)

where Ks p is spring stiffness.
The hydraulic continuity equations for the EHA system can be expressed as [20]:

Ṗh = Δ1 (Qpum p + Q13i − χ̇pAh) (3)

Ṗr = Δ2 (−Qpum p + Q24i + χ̇pAr) (4)
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where:

Δ1 =
βe

Vch + χpAh
; Δ2 =

βe

Vcr − χpAr
; Q13i = Q1v − Q3v − Qi ; Q24i = Q2v − Q4v + Qi ;

Vch and Vcr are the initial control volumes of the first and the second chamber, respectively.
Q1v , Q2v are the flow rates through the pilot check valves, respectively.
Q3v , Q4v are the flow rates through the pressure relief valves, respectively.
Qi is the leakage flow rate.

The flow rate of the pump Qpump is given as follows:

Qpum p = μpω (5)

here, μp and ω are the displacement and the speed of the servo pump.

Figure 1: Schematic model of the EHA system

The state equation of the EHA system can be represented by a state vector X = [ X1 X2 X3 X4 ]
T =

[ χp χ̇p Ph Pr ]
T and can be expressed as:

⎡⎢⎢⎢⎢⎢⎢⎢⎣

Ẋ1
Ẋ2
Ẋ3
Ẋ4

⎤⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

X2
1

m p
(Ah X3 − Ar X4 − Bv X2 − Ff rc − Ks p X1 − ζ)
βe

Vch+X1 Ah
(Qpum p + Q13i + Ah X2)

βe
Vcr−X1 Ar

(−Qpum p + Q24i + Ar X2)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(6)

Eq. (6) can be expressed in the following form:

Ẋ = AX + Bu + g (X , u) + Dζ (7)
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where A, B, D, and g (X , u) are selected the same as [20]:

A =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

0 1 0 0
δ1 δ2 δ3 δ4
0 0 0 0
0 0 0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎦

; B =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

0
0
0
0

⎤⎥⎥⎥⎥⎥⎥⎥⎦

; g (X , u) =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

0
−F f rc

m p

σ1 (μpu + Q13i − Ah x2)
σ2 (−μpu + Q13i + Ar x2)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

; D =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

0
− 1

m p

0
0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

δ1 = −
Ks p

mp
; δ2 = −

Bv

mp
; δ3 =

Ah

mp
; δ4 =

Ar

mp
.

Eq. (7) can be represented as a nonlinear discrete-time state-space model, where the simplest method
to obtain a discrete model from a continuously sampled system with period T is Euler’s approximation, as:

Ẋ (t) ≈ X (t + T) − X (t)
T

(8)

X (t + T) = X (t) + AX (t)T + BTu (t) (9)

where t = kT , k = 0, 1, 2, . . . with T is a sampling time.

Xk+1 = Ak Xk + Bkuk +Φxk uk + Dk ζk (10)

Xk = [ X1k X2k X3k X4k ]
T

Ak =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

1 T 0 0
Tδ1 1 + Tδ2 Tδ3 Tδ4
0 1 0 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎦

; Φxk uk = T g (Xk , uk) ; ζk = Tζ ; Dk = TD

2.1 Unknown Input Observer (UIO) Design
Considering the following linear discrete-time systems in presence of process disturbances and sensor

faults as follows:

{ Xk+1 = Ak Xk + Bkuk +Φxk uk + Dk ζk
yk = Ck Xk + fsk

(11)

Eq. (11) can also be written as:

{ EXk+1 = Ak Xk + Bkuk +Φxk uk + Dk ζk + F fsk
yk = Ck Xk

(12)

where:

E = [ In 0
0 0p

] ; Ak = [
Ak 0
0 −Ip

] ; Bk = [
Bk
0 ] ; F = [ 0

Ip
] ; Ck = [ Ck Ip ] ; Dk = [ Dk 0 ]T ;

Xk = [ Xk fsk ]
T ; Φxk uk = [

Φxk uk 0
0 0p

] ;

with Xk and Xk are the original system state vector and the auxiliary state vector, respectively.
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Assumption: We assume that the function Φxk uk is locally Lipschitz concerning Xk in a region ϕ
containing the origin if ∣Φxk uk (0, 0)∣ = 0 and

∥Φxk+1 uk+1 −Φxk uk∥ ≤ φ ∥X̂k − Xk∥ (13)

The UIO for the discrete-time nonlinear systems has the following form:

{ zk+1 = Nk zk + Lk yk +Mkuk +Hk Dk Φxk uk

X̂k = zk −Gk yk
(14)

where vector z ∈ Rn and X̂ is the estimation of X. The matrices Nk , Mk , Lk , Hk and Gk must be determined
such that the observer error dynamics converge to zero asymptotically.

The dynamics error converges to zeros asymptotically and can be calculated as:

ek = Xk − X̂k = Hk Xk − zk (15)

Hk = I +GkCk (16)

ek+1 = Xk+1 −
⌢

Xk+1
= Hk Xk+1 − Nkzk − Lk yk −Mkuk −Hk Φx̂k uk

= [Hk Ak − NkGk Ck − Lk Ck]Xk − Nk X̂k + (Hk Bk −Mk)uk +Hk Dk ΔΦk +Hk Dk ζk

(17)

where ΔΦk = Φxk uk −Φx̂k uk .
Eq. (17) can be reduced to Eq. (18):

ek+1 = Nk ek +Hk Dk ΔΦk (18)

If the following conditions are hold:

Nk = Hk Ak − Kk Ck (19)

Hk Bk = Mk (20)

Hk Dk = 0 (21)

Hk = I +GkCk (22)

Kk = NkGk + Lk (23)

Theorem 1: For a given scalar ε, if there exist real matrices Nk , Mk , Lk , Hk , Gk , and Pk with appropriate
dimensions such that the inequality below is valid:

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

−Pk − φT φ 0n×n N T
k Pk CT

k
∗ In×n (Hk Dk)T Pk 0n×p
∗ ∗ −Pk 0n×p
∗ ∗ ∗ −εIp

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

< 0 (24)

Then, the state estimation fault in Eq. (24) produced by an observer in Eq. (14) tends to zero
asymptotically that output estimation error satisfies ∥e f k∥ ≤ ε ∥ζk∥.
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Proof.
First, we consider a Lyapunov functional as follows:

Vk = eT
k Pk ek (25)

Eq. (25) can be expressed as:

ΔVk = Vk+1 − Vk

= eT
k+1Pk ek+1 − eT

k Pk ek

= (Nk ek +Hk Dk ΔΦk)T Pk (Nk ek +Hk Dk ΔΦk) − eT
k Pk ek

= [ eT
k N T

k + ΔΦT
k (Hk Dk)T] Pk (Nk ek +Hk Dk ΔΦk) − eT

k Pk ek

= eT
k N T

k Pk Nk ek + eT
k N T

k Pk Hk Dk ΔΦk

+ ΔΦT
k (Hk Dk)T Pk Nk ek + ΔΦT

k (Hk Dk)T Pk Hk Dk ΔΦk − eT
k Pk ek

= eT
k (N T

k Pk Nk − Pk) ek + eT
k N T

k Pk Hk Dk ΔΦk + ΔΦT
k (Hk Dk)T Pk Nk ek + ΔΦT

k (Hk Dk)T Pk Hk Dk ΔΦk

(26)

= [ ek
ΔΦk

]
T

[ N T
k Pk Nk − Pk N T

k Pk ρ
ρT Pk Nk ρT Pk ρ ] [

ek
ΔΦk

]

with ρ = Hk Dk .
Supposing that the output error satisfies the condition ∥e f k∥ ≤ ε ∥ζk∥ as:

J1 = [
ek
ζk
]

T

[
1
ε CT

k Ck 0
0 −ε ] [

ek
ζk
] ≤ 0 (27)

where e f k = yk − ŷk = Ck ek .
From assumption above and the Lipschitz condition, we can write [20]:

J2 = [
ek
ΔΦk

]
T

[ −φT φ 0
0 In

] [ ek
ΔΦk

] ≤ 0 (28)

with n = n + p.
Based on Eqs. (26)–(28) and Lyapunov algorithm, we obtain:

Γ = ΔVk + J1 + J2

=
⎡⎢⎢⎢⎢⎢⎣

ek
ΔΦk
ζk

⎤⎥⎥⎥⎥⎥⎦

T ⎡⎢⎢⎢⎢⎢⎣

Θ11 Θ12 0
∗ Θ22 0
∗ ∗ −εIλ

⎤⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎢⎣

ek
ΔΦk
ζk

⎤⎥⎥⎥⎥⎥⎦

= ξT Ξξ ≤ 0

(29)

where:

Θ11 = N T
k Pk Nk − Pk + ε−1CT

k Ck − φT φ

Θ12 = N T
k Pk (Hk Dk)T
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Θ22 = (Hk Dk)T Pk (Hk Dk) + In

and

Ξ =
⎡⎢⎢⎢⎢⎢⎣

Θ11 Θ12 0
∗ Θ22 0
∗ ∗ −εIp

⎤⎥⎥⎥⎥⎥⎦
(30)

with ξ = [ ek ΔΦk ζk ]
T .

Note that Ξ < 0 leads to ΔVk < 0 and it certainly implies that state estimation fault in Eq. (12) tends to
zero asymptotically for any initial value ek(0). As the last point, Ξ < 0 can be equivalently rewritten as follows:

Ξ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

−Pk − φT φ 0n×n N T
k Pk CT

k
∗ In×n (Hk Dk)T Pk 0n×p
∗ ∗ −Pk 0n×p
∗ ∗ ∗ −εIp

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

(31)

By using the Schur complement, Theorem 1 can be easily proved.
To design the observer, it is necessary to find matrices Gk , Kk , and Pk > 0 by any means such that

inequality in Eq. (31) is satisfied.
From Eqs. (19) and (23), with Hk Dk = 0, we have:

GkCk Dk = −Dk (32)

A general solution of Gk such that Eqs. (21)–(23) is satisfied is as follows:

Gk = −Dk (Ck Dk)† + Yk (I − (Ck Dk) (Ck Dk)†) (33)

where Yk is an arbitrary matrix of proper dimension and

(Ck Dk)† = [(Ck Dk)T (Ck Dk)]
−1
(Ck Dk)T

For notational convenience, Eq. (33) is rewritten as:

Gk = Uk + YkVk (34)

with

Uk = −Dk (Ck Dk)† , Vk = I − (Ck Dk) (Ck Dk)† (35)

By using LMI tool of Matlab, we can find Nk , and Pk via the nonlinear matrix inequality in Eq. (24). LMI
provides a powerful mathematical framework for solving control and optimization problems, particularly in
observer design and fault estimation. LMIs are widely used in stability analysis and can be efficiently solved
using convex optimization techniques.

⎡⎢⎢⎢⎢⎢⎢⎢⎣

−Pk − φT φ 0n×n ϕ13 CT
k

∗ In×n ϕ23 0n×p
∗ ∗ −Pk 0n×p
∗ ∗ ∗ −εIp

⎤⎥⎥⎥⎥⎥⎥⎥⎦

< 0 (36)
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where

ϕ13 = AT
k Pk + (Uk Ck Ak)

T Pk + (VkCk Ak)
T QT

k − CT
k RT

k ϕ23 = DT
k Pk + (UkCk Dk)

T Pk + (VkCk Dk)
T QT

k

with Yk = Pk
−1Qk , and Kk = Pk

−1Rk , the state estimation fault produced by an observer in Eq. (17) tends to
zero asymptotically and the observer gains of in Eq. (14) will be computed as follow: Lk = Kk (I + CkGk) −
Hk AkGk .
Proof. By substituting Eq. (35) into Eq. (31), we obtained Eq. (36).

Both matrices Yk and Pk are unknown in advance and were determined the using LMI tool in Matlab
through Eq. (33) as following steps:

- Compute Uk and Vk using Eqs. (31)–(35)
- Calculate Yk and Kk based on Yk = Pk

−1Qk and Kk = Pk
−1Rk . U

- Compute the observer gain using Yk and Kk .

2.2 Modeling and Control
2.2.1 Modeling the EHA Control System

To control the EHA system equipped with a pressure sensor, Eq. (1) is rewritten as follows:

Xk+1 = Ak Xk + Bkuk +Φxk uk + Dk ζk = Pl oad (37)

where Pl oad = Ah Ph − Ar Pr .
A parallel control system between position and pressure is depicted in Fig. 2 as follows:

Figure 2: A pressure sensor-based position control system

2.2.2 Controlling the EHA System
The basic parameters of the EHA system are the same as the information presented in [20]. We assume

that the reference signal of the piston position is given as follows:

yk (t) = sin (1.25t) (38)

The parameters for simulation are calculated in matlab according to Theorem 2.
Theorem 2: For given scalar ε, if there exist real matrices Qk , and Pk with appropriate dimensions such that
LMI below is valid: By choosing positive scalars ϕ = 80, r = 0.1, and ε = 0.002. If the solution is feasible, we can
solve for the matrices Pk, Qk, Lk, and Nk from inequality in Eq. (31) using the LMI algorithm. We obtained
the following results:

Uk = [
−0.5 0 0 0 0 0

0 0 −0.5 0 0 0 ]
T

; Vk = [
3.33.10−16 0

0 2.22.10−16 ] ;
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Pk =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1.02610−6 −4.54910−6 6.36510−17

−4.54910−10 2.80910−7 2.80910−7

6.36510−17 2.03710−16 1.02610−6

−9.29110−18 −4.59210−16 −6.77610−20

5.51410−7 −7.94510−9 4.19910−15

4.23910−15 3.80510−15 5.61010−7

−9.29110−18 5.51410−7 4.23910−15

−4.59210−6 −7.94510−9 3.80510−15

−6.77610−20 4.19910−15 5.61010−7

2.81010−7 6.53410−15 −7.82910−19

6.53410−15 1.15310−3 −8.17910−13

−7.82910−19 −8.17910−13 1.15310−3

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

;

Qk =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−1.783810−1 2.069210−7

1.397310−8 −1.361210−14

2.252310−7 −1.695710−1

2.442310−15 −4.320410−19

−1.783810−1 2.069210−7

2.252310−7 −1.695710−1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

; Lk =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−6.368110−2 −1.890810−9

5.221710−1 −2.319310−7

−1.814210−9 −6.794010−2

2.834710−8 −7.598310−11

−2.099210−2 8.273210−11

8.284010−11 −2.080710−2

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

;

Nk =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1.127 4.86510−4 4.86510−4 −2.31410−11 1.27310−1 3.81410−9

−1.605 9.46410−1 7.16810−7 −9.17010−8 −1.325 5.90310−7

3.62910−9 2.02810−38 1.136 −9.64310−46 3.62910−9 1.35910−1

−5.66910−8 −1.20510−38 1.51910−10 1 −5.66910−8 1.51910−10

4.19810−2 4.55010−32 −1.65410−10 −2.16410−39 1.042 −1.65410−10

−1.65710−10 3.72410−40 4.16110−2 −1.77110−47 −1.65610−10 1.0416

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
We assume that the pressure sensor fault fks (t) in a unit (Pa) is given as:

fks (t) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 i f t ≤ 4.95 s
12104t − 59.4104 i f t ≥ 5 s
0.6104 i f 5 s ≤ t ≤ 9.95 s
12105 − 12104t i f 9.95 s ≤ t ≤ 10 s
0 i f t ≤ 18 s
9103t − 16.2103 i f 18 s ≤ t ≤ 19 s
11.35104 − 5.5103t i f 19 s ≤ t ≤ 20 s
3.5103 i f t ≤ 25 s

(39)

Under the state estimation vector of the UIO, the residual vector is calculated as [20]:

rk = yk − ŷk (40)

This means that rk = 0 if fks (t) = 0 and rk ≠ 0 if fks (t) ≠ 0.
The residual vector rk is used as a threshold value to help the system perform the compensation decision.

3 Results and Discussion

3.1 Simulation Results Without Fault Compensation
Using the UIO fault estimation technology and the fault compensation scheme from [20], the fault

compensation results were compared to the case without compensation.
Under the effect of pressure fault (green line) as defined in Eq. (39), the response position (blue line) is

deviated from the commanded position (red line) as shown in Fig. 3.
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Figure 3: Comparison of the position feedback signal of the piston and the demand signal without error compensation

Additionally, the piston position response rate and its estimation in the case of no error compensation
are shown in Fig. 4. Then, Figs. 5–8 illustrate the pressure feedback signals at the two chambers, the pressure
fault and its estimated fault, the pressure fault and its estimation, and the piston position error, respectively,
under the influence of the pressure fault. Primarily the pressure fault and its estimated fault, in Fig. 6, are
achieved by an unknown input observer with high accuracy, and the piston position error has a significant
deviation, as shown in Fig. 8. The significant changes in the above parameters when applying the proposed
error compensation method are shown in more detail in the next section.

Figure 4: The piston position response velocity without error compensation

Figure 5: The pressure feedback signals without fault compensation
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Figure 6: Residual of Pload without fault compensation

Figure 7: Pressure fault and its estimation without fault compensation

Figure 8: Piston position error without fault compensation

3.2 Simulation Results with Fault Compensation
Estimating pressure fault is performed using an unknown input observer model using the fault

compensation technique. The effects of pressure fault (green line) have been minimized, as shown by the
position feedback signal (blue line) compared to the reference signal (red line), as described in Fig. 9.
Compared to the results without applying the fault compensation technique in Fig. 4, the quality of the
position feedback signal is much better and more synchronous.
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Figure 9: Comparison of the position feedback signal and demand signal with fault compensation case

Fig. 10 shows the similarity between the piston position response velocity and its estimation when
applying for fault compensation. It is easy to see that the signal quality at the top and bottom has become
much better. In addition, the pressure feedback signals at the two chambers under the influence of pressure
fault also become more sinusoidal, as shown in Fig. 11.

Figure 10: The piston position response velocity with fault compensation case

Figure 11: The pressure feedback signals with fault compensation

Fig. 12 shows the control error of Pload in the case of fault compensation. The process of fault compen-
sation is shown in Fig. 13. The proposed fault compensation technique has significantly reduced the pressure
sensor fault. The piston position error has been resolved thanks to the proposed pressure compensation
process, as demonstrated in Fig. 14.
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Figure 12: Residual of Pload with fault compensation

Figure 13: Pressure fault and its estimation with fault compensation

Figure 14: Piston position error with fault compensation

The simulation results show that, before applying the proposed fault compensation method, the position
feedback signal of the piston deviates from the reference signal under the negative influence of pressure faults.
The displacement velocity of the piston and the feedback pressure in the two chambers Ph and Pr are also
adversely affected. Additionally, we have also identified the control error of Pload and the error emax. After
applying the UIO fault estimation model, significant improvements have been made to these parameters.
The position error in the case of a fault-free system, a faulty system, and when the system performs fault
compensation are presented in Table 1.
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Table 1: The position error values without and with FTC

Time (s) Without FTC case fsk With FTC case With fsk

ef_posmax ec_pos_max

0–6 0.8405 0.08040
6–12 2.3003 0.06410

12–18.5 1.0510 0.06401
18.5–19.5 1.2006 0.04556
19.5–25 1.4143 0.06384

3.3 Simulation Result with Uniform White Noise
To evaluate the stability of the proposed system, uniform white noise is applied in combination with the

pressure sensor fault. The noise characteristics are illustrated in Fig. 15.

Figure 15: Uniform white noise

Figs. 16 and 17 present the simulation results of the system under the influence of environmental noise
and pressure sensor faults, respectively. As observed in Fig. 16, when fault compensation is not applied, the
response signal fails to meet the required performance, with an average error reaching up to 1.08265 mm.
In contrast, with fault compensation, the response signal closely follows the reference signal, achieving an
accuracy of up to 0.0212 mm.

Figure 16: System’s response to disturbances without fault compensation
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Figure 17: System’s response to disturbances with fault compensation

For a clearer analysis of the estimated fault signal before and after applying fault compensation, the
estimated fault values are illustrated in Figs. 18 and 19. In Fig. 19, it can be observed that the estimated fault
has been effectively compensated.

Figure 18: Pressure fault and its estimation without fault compensation

Figure 19: Pressure fault and its estimation with fault compensation

Thus, even under the influence of noise in the presence of a pressure sensor fault, the compensation
system ensures the response follows the reference signal.

3.4 Performance of Position Control Error
To evaluate the performance of the pressure fault compensation method, we apply a technique to assess

the errors when the fault compensation technology is not applied and when it is applied, compared to the
control error when there is no fault as follows:
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The performance of position control error ηpos is compered between fault compensation cases and
without fault compensation cases:

ηpos = ∣
e f _posmax − ec_posmax

e f _posmax
∣ × 100% (41)

where:
ec_posmax : The maximum position control error with fault compensation within a certain period of time.
e f _posmax : The maximum position control error without fault compensation within a certain period

of time.
The results of the position control error performance, ηpos , are shown in Table 2. By employing the fault

compensation method, our proposed system achieves a performance level exceeding 90%. Notably, when
a pressure sensor fault occurs, the effectiveness of the pressure sensor fault compensation system becomes
even more apparent.

Table 2: The performance of position control error ηpos

Time (s) The position control error performance (ηpos)
0–6 90.4
6–12 97.21

12–18.5 93.9
18.5–9.5 96.2
19.5–25 95.5

4 Conclusion
In aircraft control systems, multiple sensors can be used to ensure safety. In this paper, our objective was

to control position through a pressure sensor. Furthermore, we have proposed a solution to minimize errors
in the control process caused by sensor malfunctions. Here, we used fault-tolerant control technology, and a
fault compensation method based on fault estimation technology. The fault estimation technology for pres-
sure sensors was implemented through an unknown input observer estimator. Using the proposed approach,
the position control error significantly improved when a pressure sensor fault occurred. Depending on the
state of the fault’s impact, the fault compensation results varied. The fault compensation method ensures
over 90% system performance, with its effectiveness becoming more evident under pressure sensor faults.
Our proposed method faces challenges in real-time implementation due to the computational complexity
of solving LMIs and sensitivity to measurement noise, which may affect fault estimation accuracy. Future
research could focus on optimizing computational efficiency, enhancing robustness against uncertainties,
and validating the approach on physical systems.
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