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Abstract

Electro-hydrostatic actuators (EHAs) are used in aerospace, industrial, and off-road
applications due to their efficiency and self-contained operation. However, degrada-
tion of critical components, such as the pump, can lead to reduced performance and
unexpected failures.
Conventional control strategies often neglect real-time degradation effects, limiting
their ability to optimize both actuator performance and remaining useful life (RUL).
This study addresses this gap by developing a health-aware control (HAC) framework
that integrates degradation modeling with predictive control for EHAs.
The proposed HAC system incorporates a nonlinear Wiener degradation model to es-
timate internal leakage progression in the pump. The degradation state is estimated
online using an extended Kalman filter (EKF) and integrated into a model predictive
control (MPC) framework to dynamically adjust control actions based on degradation
predictions. The effectiveness of the approach is evaluated through simulations, com-
paring it to a baseline PID-controller. The choice of MPC and EKF over traditional
PID control is justified by their ability to handle nonlinearities, provide predictive cap-
abilities, and offer robust state estimation.
Simulation results show that the HAC system extends the RUL of the gear pump by
3.22 %, compared to the PID controller. The system successfully mitigates degrada-
tion effects, while maintaining an average position tracking error of 1.39 mm.
Although the RUL improvement is modest under accelerated degradation conditions,
the proposed approach shows strong potential for real-world applications where de-
gradation occurs over extended periods.
Future work will focus on experimental validation using physical test rigs and refining
the degradation model to enhance prediction accuracy and control adaptability.

Keywords: electro-hydrostatic actuator, health aware control, hydraulic pump, model
predictive control, remaining useful life

1 Introduction

Safety-critical systems in off-road mobile machinery such as
steering mechanisms, braking systems, and actuators, play a
critical role in ensuring both operator and machine safety dur-
ing operations in challenging environments. Such systems
are subjected to harsh conditions, increasing the likelihood
of functional degradation and unexpected failures. Their fail-
ure can result in serious consequences, making reliability and
timely maintenance essential. These safety implications high-
light the need for proactive approaches that ensure sustained
functionality even under continuous and demanding operating
conditions. By maintaining safe operational states, these sys-
tems help prevent accidents, protect assets, and uphold regu-
latory compliance, particularly in mission-critical applications
such as autonomous or remote-operated machines.

In recent years, the focus on sustainability and reliability in
engineering has underscored the importance of extending the
operational lifespan of key components. This is particularly
relevant for off-road machinery, where operational downtime
and maintenance costs have significant economic and environ-
mental implications. Functional degradation in such systems
often leads to unexpected failures, posing challenges to both
performance and safety. Proactive measures such as health
monitoring and prognostics are becoming essential tools in
mitigating these risks, ensuring that safety-critical systems
perform optimally throughout their life-cycle. A core concern
for safety-critical systems is the accurate assessment and man-
agement of their Remaining Useful Life (RUL), which determ-
ines how long a component can operate before performance
drops below acceptable thresholds. Degradation is often influ-
enced by how the system is operated, with certain operating
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Figure 1: HAC framework for EHA.

points likely to accelerate degradation. Hence, manipulating
operating points to manage degradation and reduce the risk
of unplanned stoppages is desirable. Therefore health-aware
strategies offer the potential to balance performance and re-
liability, minimizing resource use while maintaining system
functionality.

The health-aware control (HAC) paradigm was introduced by
Escobet et al. [1,2] as an approach that integrates system health
monitoring with control and prognosis to enhance system re-
liability. In this paradigm, a prognosis module continuously
estimates the health status and aging of system components,
allowing the controller to modify its objectives accordingly.
Unlike fault-tolerant control, HAC proactively adjusts the con-
trol strategy even before faults occur, aiming to optimize per-
formance while extending the lifespan of components. Fur-
thermore, while fault-tolerant control can assure acceptable
performance when the actuator’s health is poor, it may inad-
vertently accelerate degradation, highlighting the need for in-
tegrated health-aware strategies.

Model predictive control (MPC) has emerged as an effect-
ive framework for integrating prognosis and control to man-
age actuator degradation. The robustness and performance of
MPC is shown to be better than a traditional control method
in an electro-hydraulic system [3]. Unlike traditional PID-
controllers, MPC can handle nonlinearities and constraints,
making it more suitable for complex systems. For instance,
Pereira et al. [4] developed a MPC framework that utilizes pro-
gnosis information to distribute control effort among redund-
ant actuators, thereby avoiding breakdowns due to degrada-
tion. Similarily, a recent study by Dadash and Björsell [5]
utilized MPC with novel methodology to calculate the state-
action costs. This approach didn’t use preconceived mod-
els of machine degradation. Zhang et al. [6] addressed the
challenge of balancing reliability and performance in systems
with degrading actuators, providing a foundational approach
to degradation-aware control and demonstrating significant
improvements in maintaining system functionality over exten-
ded periods.

To support HAC, accurate degradation modeling is crucial.
The study by Letot and Dehombreux [7] provided insights into
the use of degradation models for reliability estimation and re-
sidual lifetime predictions, showcasing their applicability in
designing maintenance schedules that maximize system up-
time. Recent advancements by Ma et al. [8] highlight the po-
tential of physics-informed machine learning models to cap-
ture complex degradation phenomena in electro-hydrostatic
actuators, achieving enhanced prediction accuracy compared
to traditional models. Additionally, Zagorowska et al. [9] con-
ducted a comprehensive survey on degradation models, em-
phasizing their applicability in control design and identifying
gaps in existing methodologies. Their findings highlighted
the influence of operating conditions on degradation, propos-
ing strategies to mitigate accelerated wear. The combination
of HAC and robust degradation modeling methodologies en-
hances the reliability and sustainability of safety-critical sys-
tems, facilitating predictive maintenance and minimizing the
risk of unexpected failures.

Electro-hydrostatic actuators (EHAs) are used in modern hy-
draulic systems due to their efficiency, high power density, and
ability to operate without centralized hydraulic circuits [10].
EHAs integrate electrical, mechanical, and hydraulic com-
ponents, typically consisting of an electric motor, a hydraulic
pump, and a hydraulic actuator. Unlike conventional hydraulic
systems that rely on centralized pumps and fluid distribution
networks, EHAs function as self-contained units, directly con-
verting electrical energy into hydraulic power to drive actuat-
ors. This architecture enhances reliability, reduces mainten-
ance needs, and eliminates hydraulic piping, making EHAs
particularly attractive for aerospace, off-road machinery, and
industrial automation applications [8, 10].

However, EHAs are subject to degradation and faults, particu-
larly due to internal leakage and wear in the hydraulic pump.
Previous research has explored real-time health monitoring
[11,12] and fault-tolerant control methods [13] to sustain func-
tionality under failure conditions, but these strategies do not
actively mitigate degradation. Instead, they focus on ensuring



operability, sometimes at the cost of accelerated wear. This
limitation underscores the need for HAC strategies, which in-
tegrate degradation estimation and predictive control to extend
the RUL while maintaining system performance.

The HAC paradigm enhances system reliability by integrating
health monitoring, advanced control strategies such as MPC,
and advanced degradation modeling to proactively manage ac-
tuator degradation. By dynamically adjusting control actions
based on real-time health assessments, HAC optimizes per-
formance while extending component lifespan. Robust de-
gradation models further improve predictive maintenance and
failure prevention. These works collectively underscore the
growing recognition of the importance of integrating health
monitoring and control to enhance system longevity and reli-
ability.

While HAC has been explored in various actuator systems,
its application to EHAs remains limited. As a result, control
designs often fail to optimize both performance and RUL in
real-world conditions. Additionally, there is a lack of frame-
works that integrate HAC with accurate degradation modeling
to achieve these optimizations in EHA systems.

The primary aim of this research is to develop a health-aware
control system for previously proposed EHA-based steering
mechanism [14], focusing on extending the RUL of a gear
pump. This work addresses the need for integrating degrad-
ation modeling, real-time prognostics, and control strategies
to prolong the lifespan of the EHA. By doing so, the study
seeks to advance current methodologies and provide practical
solutions for improving the sustainability and reliability of off-
road machinery.

This study develops a HAC framework for EHA with a fo-
cus on the degradation of the gear pump. This framework is
visualized in fig. 1. The proposed approach integrates real-
time degradation modeling into the control strategy, allowing
adaptive adjustments to optimize both actuator performance
and RUL. By accounting for the progressive wear of the gear
pump, the framework ensures reliable operation under varying
conditions, enhancing the longevity and efficiency of the EHA
system.

The remainder of this paper is organized as follows. Section
2 presents the EHA and pump degradation modeling. Section
3 discusses the implementation of degradation estimation and
HAC using a MPC. Section 4 presents simulation results and
performance analysis. Finally, Section 5 concludes the paper
and discusses future directions.

2 System description and modelling

EHAs offer efficiency and reliability but are susceptible to de-
gradation, particularly in the gear pump, which is the primary
focus of this study. Increased internal leakage due to wear re-
duces performance and safety. First this section presents the
EHA system model, capturing its electrical, mechanical, and
hydraulic interactions. Then a degradation model for the pump
is presented to support health-aware control strategies.

2.1 Electro-Hydrostatic Actuator System Model

The EHA system comprises an electric motor, a fixed displace-
ment hydraulic pump, and a double-acting hydraulic cylinder.
A hydraulic diagram of EHA is depicted in fig. 2. The sys-
tem’s dynamics are modeled to capture the interaction between
electrical, mechanical, and hydraulic domains. The following
EHA model is adapted from literature [8, 10, 13].
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Figure 2: EHA hydraulic diagram. 1. Motor, 2. Pump, 3. Ac-
cumulator, 4. Check valve, 5. Pressure relief valve, 6. Linear
actuator.

Given that the primary focus of this study is the hydraulic
pump, the motor is approximated as a first-order system

ω̇ =− 1
τm

ω +
1

τm
ωre f , (1)

where ω is the rotational speed of the motor, ωre f reference
rotational speed, and τm time constant. This simplification
is justified by the high bandwidth of the torque control loop,
which makes the transient dynamics of the motor negligible
compared to the slower rotational speed and hydraulic system
dynamics.

The main subject for investigation is the hydraulic pump. The
inlet and outlet flows of the gear pump can be expressed as [8]

Qp,1 = Dpω −Cil
(
Ph,1 −Ph,2

)
−CelPh,1, (2)

Qp,2 =−Dpω +Cil
(
Ph,1 −Ph,2

)
−CelPh,2, (3)

where Dp is the pump displacement, Ph,1, Ph,2 hose pressures,
Cil internal leakage coefficient, and Cel external leakage coeffi-
cient. All internal leakage paths are lumped into single laminar
leakage term to minimize the number of parameters that need
to be estimated. The external leakage coefficient is assumed
to be known.

The hoses connecting the pump to the cylinder chambers are
modeled using flow continuity equations

Qp,1 +Qcv,1 =
Vh,1

β
Ṗh,1 +Qo,1, (4)

Qp,2 +Qcv,2 =
Vh,1

β
Ṗh,2 +Qo,2, (5)

where Vh,1 and Vh,2 are hose volumes, β bulk modulus, Qcv,1
and Qcv,2 flows through the check valves, and Qo,1 and Qo,2
flows through the orifices.

To prevent cavitation, check valves have been integrated to the
model with accumulator as a common pressure source Ps. It



also serves as a source of oil for the system, replacing possible
oil losses of the system. The accumulator dynamics are as-
sumed insignificant and thus neglected from the mathematical
model of the EHA [15]. The flow through the check valves
can be expressed as

Qcv =CqAcv

√
2
ρ

max{0, Ps −Ph} (6)

where Cq is discharge coefficient, Acv check valve area, and ρ
oil density.

The hoses are connected to the cylinder chambers via orifices.
The orifice equations can be expressed as

Qo =CqAo

√
2
ρ
|Ph −Pc|sign(Ph −Pc) , (7)

where Ao is the orifice area and Pc is the corresponding cham-
ber pressure. The chamber volumes are

Vc,1 = Ac,1q+Vd,1, (8)
Vc,2 = Ac,2 (qmax −q)+Vd,2, (9)

where Ac,1 and Ac,2 are effective areas of the piston, Vd,1 and
Vd,2 dead volume of the chambers, and q the displacement of
the piston.

The flow continuity equations for the cylinder chambers are

Qo,1 =
Vc,1

β
Ṗc,1 +Ac,1q̇, (10)

Qo,2 =
Vc,2

β
Ṗc,2 −Ac,2q̇, (11)

where β is the bulk modulus. The force created by the actuator
is

Fc = Ac,1Pc,1 −Ac,2Pc,2 −Bq̇, (12)

where B is the viscous friction coefficient. Other friction
forces are assumed small and thus neglected.

Finally, the force balance equation

Fc −Fl = Mq̈, (13)

where Fl is the load force and M is the equivalent load mass.
The numerical values of the EHA model are presented in table
1.

The derived model is nonlinear and too complex to be used to
design a controller and is thus used as the simulation model of
EHA. A linear model derived in [15, 16] gives a good approx-
imation of piston head dynamics from rotational speed of the
pump. The transfer function relating the pump angular velo-
city to the linear displacement of the load is given by

q(s)
ω(s)

≈
2DpβA

MV0

s3 +
(

B
M + CLβ

V0

)
s2 +

(
2βA2

MV0
+ CLBβ

MV0

)
s
, (14)

where the total leakage coefficient of the system, consisting
of pump internal leakage, pump external leakage, and actuator
leakage, is given by CL = 2Cil +Cel and V0 being the mean oil
volume in the system.

Table 1: EHA simulation parameter values.

Parameter Symbol Value

Motor time constant τm 0.1 s
Pump displacement Dp 2.3125 · 10−6 m3/rad
External leakage
coefficient

Cel 1 · 10−13 (m3/s)/Pa

Hose volume Vh 4.5239 · 10−5 m3

Accumulator pres-
sure

Ps 2 · 106 Pa

Check valve area Acv 1.9635 · 10−7 m2

Orifice area Ao 2.9225 · 10−5 m2

Discharge coefficient Cq 0.7
Maximum stroke qmax 0.5 m
Chamber dead
volume

Vd 150 · 10−6 m3

Viscous friction
coefficient

B 1500 N/(m/s)

Bulk modulus β 900 · 106 Pa
Oil density ρ 850 kg/m3

Effective inertial load M 650 kg

2.2 Degradation Modeling for Gear Pumps

Gear pumps are critical components in hydraulic systems,
where degradation typically manifests as increased internal
leakage due to wear and tear. Since precise details of the
degradation process are often unavailable, heuristic degrad-
ation models can be constructed to represent this behavior
[9]. To effectively manage degradation, these models must
account for the applied control effort and other influencing
factors [17, 18]. For pumps, cumulative degradation models
have been commonly used [4, 18, 19], demonstrating that high
flow rates accelerate wear and degradation.

In this paper, the degradation of the pump is assumed to de-
pend on rotational speed, with internal leakage increasing as
the primary manifestation. This degradation is captured by an
increase in the internal leakage coefficient, Cil , which serves
as a key indicator of the pump’s health.

Wiener-process-based models have been widely adopted in
control applications due to their ability to handle stochastic
variations [20, 21]. A nonlinear Wiener-process model, rep-
resenting the progression of degradation, is formulated as fol-
lows:

ψ(t) = ϕ0 +
∫ t

0
µ(τ,u(τ),Θ)dτ +σB(t), (15)

where ϕ0 is the initial degradation measure, σ > 0 is the dif-
fusion coefficient, B(t) ∼ N (0, t) standard Brownian motion
and Θ parameter vector. The nonlinear part

∫ t
0 µ(τ,u(τ),Θ)dτ

describes the deterministic degradation path of the actuator
coupled with the control action u(t). The form of µ(τ,u(τ),Θ)
is strongly context-dependent and should be carefully determ-
ined. Accelerated life test rigs can be utilized to identify the
degradation path of the actuator.

This formulation can also be expressed as an ordinary differ-



ential equation (ODE)

ψ̇(t) = µ(t,u(t),Θ)+σw(t), (16)

where w(t) is white noise. This ODE can can be used as the
degradation model in the controller design. It is also noted
that the degradation speed ψ̇(t) can also depend on the current
degradation or degradation at time t. Thus (16) is augmented
and presented as

ψ̇(t) = µ(t,ψ(t),u(t),Θ)+σw(t). (17)

To identify the degradation model for gear pumps, data from
an accelerated life test rig was utilized [22]. By contaminating
the hydraulic oil with particles, controlled wear was induced
on a 16 cc/rev gear pump. The particle count used in the test
was 23/22/19 in ISO4406:2021 standard [23]. The pump was
driven with rotational speed of 1000 rpm for the whole dura-
tion of the test. The measured internal leakage data is shown
in fig. 3, and the fitted deterministic degradation model is ex-
pressed as

ψ̇ = Θ |ω|ψ, (18)

where Θ is the fitted parameter. The inclusion of degradation
in equation (18) is motivated by higher internal leakage flow
wearing the pump down even further.
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Figure 3: Measured internal leakage coefficient and fitted de-
gradation model in accelerated test conditions.

The stochastic component of (15) is also considered by look-
ing at the residuals of the fitted model in fig. 3. The residuals
are shown in fig. 4. The effect of sensor noise to the residuals
is assumed to be insignificant. The Wiener process satisfies

Var [r(t)] = σ2t, (19)

from which the diffusion coefficient can be estimated with

σ̂ ≈
√

1
n

n

∑
i=1

r2(ti)
ti

. (20)

From the residuals the diffusion coefficient σ is estimated to
be approximately 2.819 · 10−15.
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Figure 4: Residuals of degradation model fit.

Finally, the degradation model for the gear pump can be ex-
pressed as

ψ̇ = Θ |ω|ψ +σw(t). (21)

The internal leakage coefficient can be estimated using exten-
ded Kalman filter online.

To determine the RUL of the actuator, the future degradation
trajectory is solved from equation (18) by separating variables
and integrating both sides. It is assumed that ω stays constant
and that the impact of noise is insignificant. Thus the degrad-
ation trajectory is

ψ(t) = ψ0eΘ|ω|t , (22)

where ψ0 is the current degradation. By setting this equal to
the failure threshold S and solving for time, the RUL is

RUL(t) =
lnS− lnψ0

Θ |ω| . (23)

From (23) it is evident that the RUL will tend to infinity when
pumps rotation speed approaches zero. This effect can be mit-
igated by adding a small constant to the denominator of (23).
As ω was assumed constant, the RUL estimate needs to be up-
dated every time ω changes. An estimate of average ω can
also be used based on previous usage of the pump. This can
be calculated using windowed average for example.

3 Health aware control of EHA
This section presents the implementation of HAC using a
MPC strategy to dynamically adjust the control signal and bal-
ance system performance with degradation mitigation. While
PID-controllers are simple and effective for linear and time-
invariant systems, they lack the predictive capabilities and
constraint handling required for a health-aware system oper-
ating under varying conditions. MPC, on the other hand, of-
fers the ability to anticipate future behavior, explicitly incor-
porate system constraints, and optimize control actions over
a prediction horizon. This predictive and constraint-aware
nature makes MPC especially suitable for systems like EHA
where maintaining both performance and component longev-
ity is essential. Furthermore, MPC provides superior robust-
ness against disturbances and model inaccuracies, and it can



efficiently handle system nonlinearities, which are inherent in
EHA systems. By using MPC, it is possible to systematically
trade off between immediate performance needs and the long-
term health of critical components, thus maximizing the RUL.
In addition to the control strategy, this section also introduces
the Extended Kalman Filter (EKF) for degradation estimation.

The EKF is chosen for its capability to estimate unmeasurable
degradation states accurately in the presence of system non-
linearities and measurement noise. Unlike simpler estimators,
the EKF linearizes the system dynamics around the current es-
timate, allowing it to maintain a high level of estimation accur-
acy. This real-time degradation information is crucial for the
HAC system to adaptively manage the operation of actuator,
ensuring reliable and safe performance. Therefore, the com-
bined use of MPC and EKF provides a comprehensive frame-
work for health-aware control, enabling robust, predictive, and
adaptive management of system performance and degradation.
By dynamically adjusting control actions based on the estim-
ated degradation state, the system can mitigate wear while en-
suring adequate actuator response. This approach reduces the
risk of unexpected failures, improves overall system safety and
sustainability, and aligns with the growing industry emphasis
on reliability and proactive maintenance.

3.1 Extended Kalman Filter for Degradation Estimation

This subsection presents the implementation of an Extended
Kalman Filter (EKF) to estimate the degradation state of a gear
pump. The degradation is not directly measurable, requiring
an estimation approach based on available system measure-
ments. The EKF is chosen for its robustness in providing ac-
curate state estimates in the presence of noise and uncertain-
ties, which is crucial for adaptive control. The EKF algorithm
is derived for the degradation model given in (21) and utilizes
a linearization method at each time step.

The degradation model is formulated as a nonlinear state-
space system:

ψ̇ = f
(
ψ, uk f

)
+w, (24)

yk f = h
(
ψ, uk f

)
+ v, (25)

where yk f = Qp,1 represents the measurable output. The func-
tion h(·, ·) corresponds to equation (2), and the input vec-
tor is defined as uk f =

[
ω,Ph,1,Ph,2

]T. The process noise
w ∼ N (0,Σw) and measurement noise v ∼ N (0,Σv) are as-
sumed to follow zero-mean Gaussian distributions. Thus, the
estimation process relies on the measurements of Qp,1, ω , Ph,1,
and Ph,2.

The EKF algorithm consists of two main steps: prediction and
update. In the prediction step, the state and covariance are
propagated forward in time using the system model. This a
priori information is denoted by superscript minus (−). In the
update step a posteriori information is denoted by superscript
plus (+). Since the system is nonlinear, the model is linearized
at each step using a first-order Taylor series expansion. The
Jacobians of the system dynamics and measurement function

are computed as:

fψ
(
ψ, uk f

)
=

∂
∂ψ

f
(
ψ, uk f

)
= Θ |ω| , (26)

hψ
(
ψ, uk f

)
=

∂
∂ψ

h
(
ψ, uk f

)
= Ph,2 −Ph,1. (27)

The prediction step updates the state estimate and covariance
as:

Fψ = fψ(ψ̂+[k−1], uk f [k−1])Ts, (28a)

ψ̂−[k] = ψ̂+[k−1]+ f
(
ψ̂+[k−1], uk f [k−1]

)
Ts, (28b)

Σ
−
ψ̃ [k] = Fψ Σ

+
ψ̃ [k−1]FT

ψ +Σw. (28c)

where TS is the sampling time of the filter.

In the update step, the measurement residual and Kalman gain
are computed as:

Hψ = hψ(ψ̂−[k], uk f [k]), (29a)

ŷ−k f [k] = h
(
ψ̂−[k], uk f [k]

)
, (29b)

K = Σ
−
ψ̃ [k]H

T
ψ

(
Hψ Σ

−
ψ̃ [k]H

T
ψ +Σv

)−1
. (29c)

The estimated degradation state is then updated using:

ψ̂+[k] = ψ̂−[k]+K
(

yk f [k]− ŷ−k f [k]
)
. (30)

The covariance matrix update follows the Joseph form, which
ensures numerical stability and preserves symmetry:

Σ
+
ψ̃ [k] =

(
I −KHψ

)
Σ
−
ψ̃ [k]

(
I −KHψ

)T
+KΣvKT. (31)

The use of the Joseph form prevents loss of positive definite-
ness in the covariance matrix due to numerical errors. This
formulation is crucial when dealing with small numerical up-
dates in long-term estimation tasks.

By applying the EKF, the degradation state ψ is continuously
estimated based on the available system measurements. This
enables real-time tracking of the pump’s internal condition.
The proposed estimation method ensures robustness against
measurement noise and modeling uncertainties, improving the
reliability of the health-aware control system.

3.2 Model Predictive Control for EHA Piston Head Posi-
tion and Degradation Control

Model Predictive Control (MPC) is employed to achieve two
primary objectives: regulating the piston head position and
managing the degradation of the gear pump. The MPC frame-
work optimizes the control inputs while considering con-
straints and performance criteria [4, 6].

The internal model is derived by augmenting the linear models
(1) and (14) with the degradation model (21). The prediction



model is

ẋ =


−a3q̈−a2q̇+b1ω

q̈
q̇

− 1
τm

ω + 1
τm

ωr

Θψ |ω|

 (32)

y =Cx, (33)

where x =
[
q̈ q̇ q ω ψ

]T and

a2 =
βA2

1
MV0

+
CLBuβ

MV0
, a3 =

Bu

M
+

CLβ
V0

, b1 =
2DpβA1

MV0
. (34)

The controlled values are y =
[
q ψ

]T. The augmen-
ted model, also called degradation-incorporated state space
(DISS) [6], is continuous and nonlinear. To be used in MPC-
framework, the prediction model is discretized using the im-
plicit trapezoidal rule.

MPC tries to find the optimal control sequence uk by minim-
izing the cost function

J =
ny

∑
j=1

Np

∑
i=1

{
w j

s j
(r j[k+ i|k]− y j[k+ i|k])

}2

, (35)

where k is the current control interval, Np prediction horizon,
ny number of controlled variables, y j[k+ i|k] predicted value
of the jth controlled variable at the ith prediction horizon step,
r j[k+ i|k] its reference trajectory, s j scale factor, and w j tuning
weight.

The position reference values are kept constant for the dur-
ation of prediction horizon, if the reference trajectory is un-
known. The degradation reference trajectory can be estimated
from historical degradation data from same type of actuators
which have successfully completed the mission. If acceptable
historical data is available, it can be used as the reference tra-
jectory. Additionally, a model based on (22)

rψ(t) = aebt + c, (36)

where a, b, and c are fitted parameters, can be fitted to the data
and used as a reference trajectory.

The weights in (35) are usually treated as tuning parameters
and chosen by hand. But for controlling the degradation, a
more sophisticated approach must be used. Firstly the weight
for degradation should not be higher than the weight for piston
head position. Secondly, increasing the weight for degrada-
tion will reduce the reference following performance of piston
head position. Thus the weight for degradation is chosen with

wψ(t) = δwq

wψ(t) = 0, wψ(t)< 0
wψ(t) = wψ,max, wψ(t)> wψ,max

, (37)

where
δ =

Treq −RUL
Treq

. (38)

The scaling parameter δ needs to be ensured to stay between
zero and one. This approach increases the degradation weight
if the RUL of the pump is not enough to complete the required
mission.

4 Results and Discussion
The proposed HAC system was evaluated using a nonlinear
simulation model of the EHA, where degradation was intro-
duced as an increasing internal leakage coefficient in the gear
pump. The system was tested under varying operating con-
ditions to analyze its tracking performance, degradation pro-
gression, and RUL extension. The HAC system was compared
against a baseline PID-controller. The comparison highlights
the advantages of MPC and EKF in handling nonlinearities,
providing predictive control, and offering robust state estima-
tion, which contribute to the observed improvements in RUL.

The PID-controller was tuned with pole placement method.
The linear model (14) includes an integrator, and thus the ve-
locity form of PID-controller was used. The discrete time PID-
controller algorithm is [24, 25]

∆u[k] = u[k]−u[k−1]
= Kp (e[k]− e[k−1])+KiTse[k]

− Kd

Ts
(y[k]−2y[k−1]+ y[k−2])

(39)

where e[k] = r[k]− y[k]. Note that the derivative uses only the
controlled variable y. The parameters of the PID-controller are
presented in table 2.

The HAC-system was constructed according to section 3.2.
The weight value for position error in (35) was chosen as
10. For degradation error, the weight was chosen according
to equations (37) and (38), where the maximum was set to 5.
This ensured that the position error is always kept small and
degradation is a secondary objective. Static parameters of the
MPC are listed in table 3.

Table 2: PID-controller parameters.

Parameter Symbol Value

P-gain Kp 103.9 rad/(s m)
I-gain Ki 33 710 rad/(s2 m)
I-time ti 0.003 081 s
D-gain Kd 15.27 rad/m
D-time td 0.1470 s
Sampling time Ts 0.05 s

Table 3: HAC parameters.

Parameter Symbol Value

Prediction horizon Np 100
Control horizon Nc 40
Position error weight wq 10
Manipulated variable
rate weight

w∆uk 1

Sampling time Ts 0.05 s

The reference position and load force for the EHA are from
Mevea virtual environment simulations [14] and are shown in
fig. 5. The reference trajectories are cycled through 10 times.



The degradation speed of the pump is greatly accelerated to
test the proposed HAC system. This leads to the pump break-
ing down after 1000 s.
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(b) Piston load force values.

Figure 5: Position and load reference trajectories for simula-
tion.
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Figure 6: Simulated degradation trajectories of PID-control
and HAC in accelerated degradation conditions.

Figure 6 shows how the degradation evolved with the two con-
trollers. As the pump degradation was greatly accelerated, no
major differences accumulated between the control methods.
The EHA under PID-contol lasted 1203.894 s before the pump
reached the breakdown degradation. The HAC system in turn
lasted 1242.660 s, which was an increase of 3.22 %.

While the observed RUL extension of 3.22 % may appear
modest, it holds significant practical implications. For ex-
ample, in off-road mobile machinery that operates 8 hours
daily, a 3.22 % RUL increase may translate into several ad-
ditional operating cycles before failure. This can delay costly
unscheduled maintenance, increase uptime, and improve plan-
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Figure 7: Degradation error weight values.

ning for component replacement. In critical systems, even
minor improvements in RUL can help avoid cascading fail-
ures that might compromise safety. Over an extended opera-
tional lifespan, incremental improvements accumulate, enhan-
cing overall system reliability and efficiency. Additionally, ex-
tended RUL contributes to operational safety by mitigating the
risk of sudden component failure, which can prevent hazard-
ous scenarios.

The HAC adjusted the weight of the degradation based on the
RUL estimate. The RUL estimate was smoothed with moving
average filter applied to the rotational speed of the pump, with
window length of 20 s. Degradation weight is plotted in fig. 7.
Initially, with minimal degradation, the HAC prioritized posi-
tion control exclusively. As degradation increased, the HAC
system adjusted pump usage to extend the RUL. When the
load on the pump drops, so that the RUL estimate exceeds
the requested useful life of 10 cycles, the weight also drops
to zero. This strategic trade-off between degradation mitiga-
tion and position accuracy highlights a crucial consideration
in real-world scenarios, where preserving equipment lifespan
may necessitate temporary reduction in control precision. In
systems where small deviations in actuator position remain
within acceptable performance bounds, this trade-off is jus-
tified by the benefit of delayed component wear. However, for
applications with tighter precision requirements, further tun-
ing might be needed.

The control error of PID-control and HAC was compared with

difference = |HAC error|− |PID error| . (40)

As seen from fig. 8, the difference in control errors for the
position were mostly under 0.5 cm. The difference was closest
to zero when the degradation weight from fig. 7 was zero. As
the pump degraded, HAC system started to use the pump less
to extend the RUL causing the control error to rise. This is can
also be seen from fig. 8 during the last 5 min of the simulation.

The results demonstrate that the proposed HAC system ef-
fectively mitigates degradation effects and extends the RUL
of the gear pump. Under accelerated degradation conditions,
the observed RUL extension was comparable to that reported
by Zhang et al. [6], who achieved an 8.3 s increase. However,
while both studies show improvements in component lifespan,
Zhang et al. focused on a different application area, whereas
this study specifically addresses EHAs and the degradation of
the gear pump.

The degradation model successfully captured the increasing
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Figure 8: Difference in control errors of HAC and PID.

trend of internal leakage, validating its suitability for estimat-
ing wear progression in the gear pump. However, the test data
used to calibrate the model was limited in scope and did not
represent the full operational range. The simulation relied on
accelerated degradation conditions, which may not fully rep-
licate the usage patterns and variability encountered in real-
world operations. This introduces uncertainty in how well the
simulated results generalize to practical scenarios. Further-
more, the use of a nonlinear Wiener process with static para-
meters assumes a fixed degradation rate throughout the sim-
ulation. This may not accurately reflect the dynamic and of-
ten nonlinear nature of wear progression under varying loads,
temperatures, or hydraulic fluid conditions. Wang et al. [21]
emphasize the value of adaptive Wiener processes that update
model parameters in real time to better capture evolving failure
modes.

While the increase of 3.22 % may seem modest, it has signi-
ficant practical implications. In real-world applications, even a
small extension in RUL can lead to substantial improvements
in operational safety and cost efficiency. For instance, extend-
ing the RUL by 3.22 % can reduce the frequency of mainten-
ance interventions, thereby lowering maintenance costs and
minimizing downtime. Over the lifespan of the equipment,
small incremental improvements in RUL can accumulate, res-
ulting in substantial long-term benefits. This is particularly
important in industries where equipment availability is critical.
Additionally, improved RUL can enhance operational safety
by reducing the likelihood of unexpected failures, which can
lead to hazardous situations.

5 Conclusions
This paper presented a HAC approach for an EHA sys-
tem, aiming to extend the RUL of a gear pump. The pro-
posed method integrates degradation modeling, real-time pro-
gnostics, and MPC to balance system performance and com-
ponent longevity.

The degradation model captures internal leakage progression
using a nonlinear Wiener process, estimated online with an
EKF. The estimated degradation state is incorporated into the
control design, allowing dynamic adjustment of control ac-
tions based on RUL predictions. The effectiveness of the
HAC approach was evaluated through simulations, compared
against a baseline PID-controller.

The results show that the HAC system successfully mitigates

degradation effects, increasing RUL by 3.22 % under acceler-
ated conditions. While the improvement is modest due to the
accelerated scenario, the approach shows strong potential for
real-world applications with gradual degradation. Addition-
ally, the HAC maintains acceptable position control accuracy
while reducing degradation impact.

The method relies on certain assumptions, such as constant
rotational speed during RUL estimation and simplified elec-
tric motor dynamics, which may affect reliability. Deploying
the system in real-world applications may also introduce chal-
lenges, including computational demands for real-time optim-
ization and the need for robust controller tuning under varying
conditions.

Future work will focus on experimental validation using phys-
ical test rigs, further refinement of the degradation model, and
assessment of scalability and robustness across different sys-
tem architectures. In addition, investigating the scalability and
robustness of the control framework for diverse system archi-
tectures would enhance its industrial applicability.

Overall, the HAC strategy offers a promising pathway to ex-
tend the life of safety-critical actuators while preserving per-
formance. With further development, it could become an es-
sential component of advanced control systems that enable
real-time decision-making and predictive maintenance, sup-
porting sustainability and reliability goals in off-road applic-
ations.
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