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Abstract.  
Electro-hydraulic systems power much of today’s working machinery, which often operate 
in remote or harsh locations where maintenance is difficult. Given the cost and safety 
concerns of unplanned outages, strategies that prevent breakdowns between service intervals 
are crucial. One prominent approach is to adjust the parameters of existing controllers in a 
health-aware manner to potentially extend the remaining useful life (RUL) of the 
components. 

Consequently, this paper presents a health-aware adjustment method for a PID-controlled 
electro-hydrostatic actuator that tunes the controller gain online to balance tracking and 
health. The method estimates a hidden degradation state using an extended Kalman filter 
and models the short-horizon degradation as a Wiener process. It derives an inverse-
Gaussian RUL distribution from the degradation estimates and fits a ridge model that links 
control effort to degradation rate. Moreover, a supervisory cost function weighs an integral-
squared error against a soft health constraint and selects gain updates accordingly. 

In accelerated simulation studies, an update of the controller gain slowed degradation and 
thus extended the RUL. The system met a 95 percent survival target while keeping the 
control error modest. This approach adds improved life-extension potential with minimal 
architectural change, and it can run as a cloud-based supervisory layer that updates 
parameters using recorded data. 

Keywords. Electro-hydrostatic actuator, external gear pump, health-aware control, PID-
control, remaining useful life 

1. INTRODUCTION 
Maintaining working machinery is crucial, as the cost of unplanned outages can be 
significant. However, this is often challenging in practice, since machines frequently operate 
in remote and harsh environments. Accurate remaining useful life (RUL) prediction can 
provide key information for maintenance scheduling. In recent years, estimating the RUL of 
various components in electro-hydraulic systems has seen considerable research interest. 
Bejaoui et al. [1] and Dahal et al. [2] investigated the RUL of rotating machines using data-
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driven methods. On the hydraulic side, the pump has been the focus of multiple papers 
utilizing physics-based approaches [3, 4], data-based approaches [5–7], or a combination of 
these, i.e., hybrid approaches [8, 9], to estimate the RUL. 

Previous research has tended to focus on RUL prediction and fault-tolerant control rather 
than on failure prevention [10–13]. However, there has been growing interest in life-
extending control or health-aware control (HAC) for systems that are difficult to maintain 
[14–16]. A recent survey by Zagorowska et al. [17] highlights the potential of HAC and 
underlines the need for more research that integrates degradation-dependent models in 
simulations when validating optimization and scheduling layers. 

A regulatory control system requires accurate knowledge of the system behavior over short 
timescales. In contrast, degradation is often a very slow process and depends on the way in 
which the system is operated as well as on external factors. Thus, integrating both the 
performance and degradation mitigation in the same control loop leads inevitably to 
computational problems [18]. This problem naturally leads to a multi-layer approach where 
a long-run RUL problem is solved separately from the lower-level regulatory problem. 

The aim of this paper is to develop an adjustment method for a proportional-integral-
derivative (PID) controller in an electro-hydrostatic actuator (EHA) system. The EHA is 
selected, as it combines tight servo performance with compact, self-contained hydraulics. 
Moreover, the adoption of EHAs is anticipated to increase substantially with the growing 
introduction of electrification of working machinery and aerospace applications [19].To 
enable RUL-extending capabilities, measurements of oil flow, pressures, and pump 
rotational speed are required. This approach provides an alternative to complex HAC 
systems by adjusting the existing controller rather than designing degradation-aware control 
from scratch. This has the added benefit that the adjustment mechanism can be executed as 
a cloud-based service. Additionally, minimal assumptions are made about the hidden 
degradation model of the gear pump in the degradation estimation step. 

The remainder of this paper is structured into four sections. Section 2 outlines the 
methodology applied throughout the study. Section 3 introduces the simulation model and 
explains the techniques. Section 4 discusses the main results in detail, and Section 5 
concludes with a summary of the key findings and their relevance to fluid power 
applications. 

2. METHODOLOGY 
2.1. Degradation Model 

In this paper, the RUL optimization is called the adjustment mechanism, which updates the 
parameters of the regulatory controller. To simulate the behavior of an adjustment 
mechanism, accurate knowledge of the degradation is needed. A single-input single-output 
(SISO) system with degrading actuator is considered. Here, the time-varying and hidden 
degradation variable is defined 𝜙𝜙𝜙𝜙(𝑡𝑡𝑡𝑡). To model the evolution of the degradation, a nonlinear 
Wiener process model is employed [19–21] with the following equation: 

 𝜙𝜙𝜙𝜙(𝑡𝑡𝑡𝑡) = 𝜙𝜙𝜙𝜙0 + � 𝜑𝜑𝜑𝜑(𝜏𝜏𝜏𝜏, 𝜽𝜽𝜽𝜽, … )𝑑𝑑𝑑𝑑𝜏𝜏𝜏𝜏
𝑡𝑡𝑡𝑡

0
+ 𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎(𝑡𝑡𝑡𝑡), (1) 
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where 𝜙𝜙𝜙𝜙0 is the initial value, 𝜑𝜑𝜑𝜑(𝜏𝜏𝜏𝜏,𝜽𝜽𝜽𝜽, … ) is the deterministic nonlinear function of 𝜏𝜏𝜏𝜏 with the 
parameter vector 𝜽𝜽𝜽𝜽 and possible other inputs that describe the degradation rate, 𝜎𝜎𝜎𝜎 is the 
diffusion parameter which reflects the degradation variation, and 𝜎𝜎𝜎𝜎(𝑡𝑡𝑡𝑡) is the standard 
Brownian motion. 

The deterministic part of Equation (1) is often coupled with the state, inputs, and/or outputs 
of the actuator, making this a factor-based model. This coupling is heavily content 
dependent, and a considerable amount of research has been conducted to investigate suitable 
formulations [17]. 

The degradation variable represents the strength of an item. The item fails when the process 
reaches an adverse threshold state for the first time. In this case, the lifetime in component-
level prognostics is usually defined as the first hitting time (FHT) of the degradation process 
reaching a failure threshold 𝜙𝜙𝜙𝜙𝑓𝑓𝑓𝑓 [23], which is denoted as 

 𝑡𝑡𝑡𝑡𝑓𝑓𝑓𝑓 = inf �𝑡𝑡𝑡𝑡 ≥ 0 ∶  𝜙𝜙𝜙𝜙(𝑡𝑡𝑡𝑡) ≥ 𝜙𝜙𝜙𝜙𝑓𝑓𝑓𝑓 | 𝜙𝜙𝜙𝜙(0) < 𝜙𝜙𝜙𝜙𝑓𝑓𝑓𝑓�, (2) 

where 𝑡𝑡𝑡𝑡𝑓𝑓𝑓𝑓 is the failure time. Here, it is worth noting that the above definition is only 
applicable to a case with an increasing degradation process. Additionally, the choice of 
failure threshold is not obvious. Thus, careful engineering knowledge of the system 
requirements should be used to determine a sufficient value. 

Differentiating Equation (1) yields 

 
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑𝑡𝑡𝑡𝑡
𝜙𝜙𝜙𝜙(𝑡𝑡𝑡𝑡) = 𝜑𝜑𝜑𝜑(𝑡𝑡𝑡𝑡,𝜽𝜽𝜽𝜽, … ) + 𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎(𝑡𝑡𝑡𝑡), (3) 

where 𝜎𝜎𝜎𝜎(𝑡𝑡𝑡𝑡)~𝒩𝒩𝒩𝒩(0,1) is white noise. The degradation rate 𝜑𝜑𝜑𝜑(… ) is often quite slow, so it is 
safe to assume that an average rate gives a reasonable estimate of the immediate future 
degradation behavior. This assumption holds when the variation in the degradation rate over 
time is negligible, making the average rate particularly suitable for short-term prediction. 
Otherwise, a time-dependent rate should be considered for improved accuracy. Following 
this assumption, the nonlinear degradation model (1) can be estimated with the linear Wiener 
process model 

 𝜙𝜙𝜙𝜙(𝑡𝑡𝑡𝑡) ≈ 𝜙𝜙𝜙𝜙0 + 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡 + 𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎(𝑡𝑡𝑡𝑡), (4) 

where 𝜇𝜇𝜇𝜇 is the (constant) degradation rate. This simplification can be improved with 
historical knowledge of degradation progression. 

2.2. Extended Kalman Filter 

An extended Kalman filter (EKF) is a nonlinear state estimation technique that extends the 
classical Kalman filter to systems with nonlinear dynamics and/or measurement models 
[24]. By linearizing the system around the current estimate with first-order Taylor 
expansion, the EKF enables recursive estimation of the system state in real time. This makes 
the EKF an effective choice for estimating the current degradation rate in addition to the 
current degradation. To achieve this, Equation (4) is written as 

 �
𝜇̇𝜇𝜇𝜇
𝜙̇𝜙𝜙𝜙� = �0 0

1 0� �
𝜇𝜇𝜇𝜇
𝜙𝜙𝜙𝜙� + 𝜎𝜎𝜎𝜎, (5) 
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where 𝜎𝜎𝜎𝜎~𝒩𝒩𝒩𝒩(0, Σ𝑤𝑤𝑤𝑤) is the process noise with a zero-mean Gaussian distribution and 𝒙𝒙𝒙𝒙𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓 =
[𝜇𝜇𝜇𝜇 𝜙𝜙𝜙𝜙]T is the state vector. Equation (5) should be supplemented with (possibly) the 
nonlinear measurement function 

 𝒚𝒚𝒚𝒚𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓 = ℎ�𝒙𝒙𝒙𝒙𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓, 𝒖𝒖𝒖𝒖𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓� + 𝑣𝑣𝑣𝑣,  (6) 

where 𝑣𝑣𝑣𝑣~𝒩𝒩𝒩𝒩(0, Σ𝑣𝑣𝑣𝑣) is the measurement noise with a zero-mean Gaussian distribution that 
relates the degradation 𝜙𝜙𝜙𝜙(𝑡𝑡𝑡𝑡) to the measured values 𝒚𝒚𝒚𝒚𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓 and inputs 𝒖𝒖𝒖𝒖𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓. 

The EKF algorithm consists of a prediction step and an update step. In the prediction step, 
the state and covariance are propagated forward in time using the system model. This a 
priori information is denoted by a superscript minus sign (−). In the update step a posteriori 
information is denoted by a superscript plus sign (+). 

The EKF algorithm requires the Jacobians of the system dynamics and measurement 
functions. For the case of Equation (5), the discrete time Jacobians are 

 𝐹𝐹𝐹𝐹 = �
1 0

𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠,𝑒𝑒𝑒𝑒𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘 1�, (7) 

 𝐻𝐻𝐻𝐻 =
𝜕𝜕𝜕𝜕

𝜕𝜕𝜕𝜕𝒙𝒙𝒙𝒙𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓
ℎ(𝒙𝒙𝒙𝒙𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓, 𝒖𝒖𝒖𝒖𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓) , (8) 

where 𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠,𝑒𝑒𝑒𝑒𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘  is the sampling time of the filter. These are then utilized in the prediction step 
to update the state estimate and covariance with equations 

 𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘] = 𝐹𝐹𝐹𝐹𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓+ [𝑘𝑘𝑘𝑘 − 1], (9) 

 Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘] = 𝐹𝐹𝐹𝐹Σ𝒙𝒙𝒙𝒙+[𝑘𝑘𝑘𝑘 − 1]𝐹𝐹𝐹𝐹T + Σ𝑤𝑤𝑤𝑤, (10) 

where 𝑘𝑘𝑘𝑘 is the current sampling timestep. 

The update step starts with calculating the a priori measurements 

 𝒚𝒚𝒚𝒚�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘] = ℎ�𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘], 𝒖𝒖𝒖𝒖𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓[𝑘𝑘𝑘𝑘]�, (11) 

and the Kalman gain 

 𝐾𝐾𝐾𝐾 = Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘]𝐻𝐻𝐻𝐻T(𝐻𝐻𝐻𝐻Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘]𝐻𝐻𝐻𝐻T + Σ𝑣𝑣𝑣𝑣)−1. (12) 

The a priori measurements and the Kalman gain are then used to update the state estimate 

 𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓+ [𝑘𝑘𝑘𝑘] = 𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘] + 𝐾𝐾𝐾𝐾�𝒚𝒚𝒚𝒚𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓[𝑘𝑘𝑘𝑘] − 𝒚𝒚𝒚𝒚�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘]�. (13) 

Finally, the covariance matrix is updated with the Joseph form 

 Σ𝒙𝒙𝒙𝒙+[𝑘𝑘𝑘𝑘] = (𝐼𝐼𝐼𝐼 − 𝐾𝐾𝐾𝐾𝐻𝐻𝐻𝐻)Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘](𝐼𝐼𝐼𝐼 − 𝐾𝐾𝐾𝐾𝐻𝐻𝐻𝐻)T + 𝐾𝐾𝐾𝐾Σ𝑣𝑣𝑣𝑣𝐾𝐾𝐾𝐾T, (14) 

where 𝐼𝐼𝐼𝐼 is the identity matrix of a necessary size. The use of the Joseph form prevents the 
loss of positive definiteness in the covariance matrix due to numerical errors. This 
formulation is crucial when dealing with small numerical updates in long-term estimation 
tasks. Moreover, this formulation of the EKF enables an estimate of the degradation and the 
drift of a wide range of components. However, there are limits, which are outside the scope 
of this paper, as to the extent to which EKF can be utilized in this manner. 
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where 𝑘𝑘𝑘𝑘 is the current sampling timestep. 

The update step starts with calculating the a priori measurements 

 𝒚𝒚𝒚𝒚�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘] = ℎ�𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘], 𝒖𝒖𝒖𝒖𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓[𝑘𝑘𝑘𝑘]�, (11) 

and the Kalman gain 

 𝐾𝐾𝐾𝐾 = Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘]𝐻𝐻𝐻𝐻T(𝐻𝐻𝐻𝐻Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘]𝐻𝐻𝐻𝐻T + Σ𝑣𝑣𝑣𝑣)−1. (12) 

The a priori measurements and the Kalman gain are then used to update the state estimate 

 𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓+ [𝑘𝑘𝑘𝑘] = 𝒙𝒙𝒙𝒙�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘] + 𝐾𝐾𝐾𝐾�𝒚𝒚𝒚𝒚𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓[𝑘𝑘𝑘𝑘] − 𝒚𝒚𝒚𝒚�𝑘𝑘𝑘𝑘𝑓𝑓𝑓𝑓− [𝑘𝑘𝑘𝑘]�. (13) 

Finally, the covariance matrix is updated with the Joseph form 

 Σ𝒙𝒙𝒙𝒙+[𝑘𝑘𝑘𝑘] = (𝐼𝐼𝐼𝐼 − 𝐾𝐾𝐾𝐾𝐻𝐻𝐻𝐻)Σ𝒙𝒙𝒙𝒙−[𝑘𝑘𝑘𝑘](𝐼𝐼𝐼𝐼 − 𝐾𝐾𝐾𝐾𝐻𝐻𝐻𝐻)T + 𝐾𝐾𝐾𝐾Σ𝑣𝑣𝑣𝑣𝐾𝐾𝐾𝐾T, (14) 

where 𝐼𝐼𝐼𝐼 is the identity matrix of a necessary size. The use of the Joseph form prevents the 
loss of positive definiteness in the covariance matrix due to numerical errors. This 
formulation is crucial when dealing with small numerical updates in long-term estimation 
tasks. Moreover, this formulation of the EKF enables an estimate of the degradation and the 
drift of a wide range of components. However, there are limits, which are outside the scope 
of this paper, as to the extent to which EKF can be utilized in this manner. 
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2.3. RUL Estimation 

To estimate the RUL of the component, the remaining degradation margin is calculated with 

 𝐿𝐿𝐿𝐿 = 𝜙𝜙𝜙𝜙𝑓𝑓𝑓𝑓 − 𝜙𝜙𝜙𝜙�[𝑘𝑘𝑘𝑘], (15) 

where 𝜙𝜙𝜙𝜙�[𝑘𝑘𝑘𝑘] is the current degradation estimate from the EKF. For a meaningful prognostic 
horizon, 𝐿𝐿𝐿𝐿 > 0 is required. Utilizing the slow degradation assumption in Equation (4), the 
RUL for this process becomes a classical FHT problem. For Brownian motion with a 
positive drift, the FHT to a fixed level has an inverse Gaussian (IG) distribution [23]. This 
link between drifted Brownian motion and the IG law is a standard result in stochastic 
process theory and is widely used in degradation-based reliability modeling.  

In particular, if 𝐿𝐿𝐿𝐿 is the distance to the failure threshold, then 

 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅~IG�
𝐿𝐿𝐿𝐿
𝜇𝜇𝜇𝜇

,
𝐿𝐿𝐿𝐿2

𝜎𝜎𝜎𝜎2
�. (16) 

The corresponding cumulative distribution function (CDF) can be written using the standard 
normal distribution Φ(∙) 
 

 𝐹𝐹𝐹𝐹𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡𝑡𝑡) = Φ�
𝜇̂𝜇𝜇𝜇𝑡𝑡𝑡𝑡 − 𝐿𝐿𝐿𝐿
𝜎𝜎𝜎𝜎�√𝑡𝑡𝑡𝑡

� + exp �
2𝜇̂𝜇𝜇𝜇𝐿𝐿𝐿𝐿
𝜎𝜎𝜎𝜎�2

�Φ �−
𝜇̂𝜇𝜇𝜇𝑡𝑡𝑡𝑡 + 𝐿𝐿𝐿𝐿
𝜎𝜎𝜎𝜎�√𝑡𝑡𝑡𝑡

�, (17) 

where 𝜇̂𝜇𝜇𝜇 is the current drift estimate and 𝜎𝜎𝜎𝜎� is the current diffusion estimate. 

For a stable estimate of RUL, an evaluation time with a moving average can be utilized. As 
the EKF estimates the degradation with a low sampling time, a variety of unwanted 
dynamics and noise can negatively impact the calculations. At every evaluation time 𝑡𝑡𝑡𝑡𝑒𝑒𝑒𝑒𝑣𝑣𝑣𝑣𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 , 
the average from a recent data window for 𝜇̂𝜇𝜇𝜇 can be calculated. Accordingly, the current 
diffusion estimate measures the random variability of degradation that is not explained by 
the drift estimate. The maximum likelihood estimate for the diffusion can be calculated with 

 𝜎𝜎𝜎𝜎�2 =
1
∑ 𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠

�
(𝝓𝝓𝝓𝝓𝑊𝑊𝑊𝑊[𝑘𝑘𝑘𝑘] − 𝝓𝝓𝝓𝝓𝑊𝑊𝑊𝑊[𝑘𝑘𝑘𝑘 − 1] − 𝜇̂𝜇𝜇𝜇𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠)2

𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑘𝑘𝑘𝑘

, (18) 

where 𝝓𝝓𝝓𝝓𝑊𝑊𝑊𝑊 is the vector of degradation estimates from the EKF with the length of the moving 
window. For numerical stability, it is recommended to normalize 𝜙𝜙𝜙𝜙� and 𝜇̂𝜇𝜇𝜇 by dividing them 
with the failure threshold. 

Finally, the mean RUL can be calculated with 

 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝐿𝐿𝐿𝐿
𝜇̂𝜇𝜇𝜇

. (19) 

For a more conservative estimate, a survival percentage can be chosen (i.e., 95%). Then, the 
RUL must be solved from 

 𝐹𝐹𝐹𝐹𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼�𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,𝑝𝑝𝑝𝑝� = 1 − 𝑝𝑝𝑝𝑝, (20) 

where p is the survival probability. 
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The RUL estimate is visualized in Figure 2.1. The Figure 2.1 (a) shows the recent 
degradation estimate date from the EKF and the failure threshold. Then, the model from 
Equation (4) is fitted to this data and plotted forward in time with a 3𝜎𝜎𝜎𝜎-band to show the 
uncertainty. The IG probability density function (PDF) from Figure 2.1 (b) is also plotted in 
Figure 2.1 (a). In Figure 2.1 (b), the mean RUL and the more conservative 95% survival 
RUL are plotted with vertical lines. 

 
(a) 

 
(b) 

Figure 2.1: Visualization of the RUL estimation from buffered data. (a) Drift fit to recent 
degradation data. (b) IG PDF with 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,95%. 

2.4. Adjustment Mechanism 

The adjustment mechanism requires information on the effect of the control signal 𝑢𝑢𝑢𝑢(𝑡𝑡𝑡𝑡) on 
the degradation speed. A simple linear model 

 𝜇̂𝜇𝜇𝜇 ≈ 𝑋𝑋𝑋𝑋𝜷𝜷𝜷𝜷, (21) 

where 𝑋𝑋𝑋𝑋 is the feature matrix and 𝜷𝜷𝜷𝜷 is the fitted coefficients of the model, can be fitted to 
buffered degradation rate estimates 𝜇̂𝜇𝜇𝜇 from the EKF. The fitting can be achieved using ridge 
regression [25]. In this study, the features are chosen as constant, rotational speed, and 
rotational acceleration. The corresponding drift term becomes 𝜇̂𝜇𝜇𝜇(𝑡𝑡𝑡𝑡) ≈ 𝛽𝛽𝛽𝛽0 + 𝛽𝛽𝛽𝛽1𝑢𝑢𝑢𝑢(𝑡𝑡𝑡𝑡) +
𝛽𝛽𝛽𝛽2𝑢̇𝑢𝑢𝑢(𝑡𝑡𝑡𝑡). These features were selected to be consistent with the deterministic degradation 
contributions in later Equations (34) and (35), and because 𝑢𝑢𝑢𝑢(𝑡𝑡𝑡𝑡) is the only variable the 
controller can directly influence, making it the most relevant regressor for analyzing how 
control actions correlate with degradation speed in this framework. 

More generally, degradation can also depend on exogenous and operating-condition 
variables such as pressure, temperature, and contamination level. Such variables can be 
appended as additional columns in 𝑋𝑋𝑋𝑋 when reliable measurements are available. However, 
they are not included here because the present study focuses on a simplified simulation 
setting and isolates the influence of the control action. 

It is assumed that the controlled system can be presented as a SISO discrete time linear state-
space model 
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 𝒙𝒙𝒙𝒙𝑝𝑝𝑝𝑝[𝑘𝑘𝑘𝑘 + 1] = 𝐴𝐴𝐴𝐴𝑑𝑑𝑑𝑑𝒙𝒙𝒙𝒙𝑝𝑝𝑝𝑝[𝑘𝑘𝑘𝑘] + 𝜎𝜎𝜎𝜎𝑑𝑑𝑑𝑑𝑢𝑢𝑢𝑢[𝑘𝑘𝑘𝑘], (22) 

 𝑦𝑦𝑦𝑦[𝑘𝑘𝑘𝑘] = 𝐶𝐶𝐶𝐶𝑑𝑑𝑑𝑑𝒙𝒙𝒙𝒙𝑝𝑝𝑝𝑝[𝑘𝑘𝑘𝑘] + 𝐷𝐷𝐷𝐷𝑑𝑑𝑑𝑑𝑢𝑢𝑢𝑢[𝑘𝑘𝑘𝑘], (23) 

where 𝒙𝒙𝒙𝒙𝑝𝑝𝑝𝑝 is the state vector, 𝐴𝐴𝐴𝐴𝑑𝑑𝑑𝑑 is the dynamics matrix, 𝜎𝜎𝜎𝜎𝑑𝑑𝑑𝑑  is the input matrix, 𝐶𝐶𝐶𝐶𝑑𝑑𝑑𝑑 is the 
output matrix, and 𝐷𝐷𝐷𝐷𝑑𝑑𝑑𝑑 is the feedthrough matrix. The system output 𝑦𝑦𝑦𝑦 is controlled by 
discrete 2DOF-PID controller of the form [26] 

 𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,2[𝑘𝑘𝑘𝑘] = 𝑞𝑞𝑞𝑞1𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,2[𝑘𝑘𝑘𝑘 − 1] + 𝑞𝑞𝑞𝑞2 �(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐[𝑘𝑘𝑘𝑘] − 𝑦𝑦𝑦𝑦[𝑘𝑘𝑘𝑘]) − 𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,1[𝑘𝑘𝑘𝑘 − 1]�, (24) 

 𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,1[𝑘𝑘𝑘𝑘] = 𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,1[𝑘𝑘𝑘𝑘 − 1] + 𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,2[𝑘𝑘𝑘𝑘], (25) 

 𝑢𝑢𝑢𝑢[𝑘𝑘𝑘𝑘] = 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝(𝑏𝑏𝑏𝑏𝑐𝑐𝑐𝑐[𝑘𝑘𝑘𝑘] − 𝑦𝑦𝑦𝑦[𝑘𝑘𝑘𝑘]) + 𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖[𝑘𝑘𝑘𝑘] − 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,2[𝑘𝑘𝑘𝑘], (26) 

 𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖[𝑘𝑘𝑘𝑘 + 1] = 𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖[𝑘𝑘𝑘𝑘] +
𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠
𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖

(𝑐𝑐𝑐𝑐[𝑘𝑘𝑘𝑘] − 𝑦𝑦𝑦𝑦[𝑘𝑘𝑘𝑘]), (27) 

where 𝑐𝑐𝑐𝑐 is the target value for 𝑦𝑦𝑦𝑦, 𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,1 and 𝑥𝑥𝑥𝑥𝑓𝑓𝑓𝑓,2 are the states of a lowpass filter, 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝 is the 
controller gain, 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 is the integral time, 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑 is the derivative time, 𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠 is the sampling time, 𝑏𝑏𝑏𝑏 is 
the proportional reference weight, and 𝑐𝑐𝑐𝑐 is the derivative reference weight. The internal gains 
of the lowpass filter are calculated with 

 𝑞𝑞𝑞𝑞1 =
𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓2

𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓2 + 2𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓 + 2𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠2
, (28) 

 𝑞𝑞𝑞𝑞2 =
2𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠

𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓2 + 2𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓 + 2𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠2
, (29) 

where 𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓 is the filter time constant. 

Finally, the adjustment mechanism can be formulated as 

 min
𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝

𝐽𝐽𝐽𝐽�𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝�  such that 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚 < 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝 < 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑚𝑚𝑚𝑚 , (30) 

where 𝐽𝐽𝐽𝐽�𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝� is the cost function that relates the performance and RUL of the system to the 
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 𝐽𝐽𝐽𝐽�𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝� = 𝜎𝜎𝜎𝜎1 ∙ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼�𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝� + 𝜎𝜎𝜎𝜎2 ∙ 𝐻𝐻𝐻𝐻𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻�𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝�, (31) 

where 𝜎𝜎𝜎𝜎1 and 𝜎𝜎𝜎𝜎2 are weighting factors that balance tracking and health preservation, 
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health constraint is formulated as a soft constraint 

 

𝐻𝐻𝐻𝐻𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻�𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝� = 

�
0 if 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,95%�𝜇̂𝜇𝜇𝜇(𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝)� ≥ 𝑡𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟

106 �𝑡𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟 − 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,95%�𝜇̂𝜇𝜇𝜇(𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝)��
2

otherwise
, (32) 
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where 𝑡𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟 is the remaining mission time, 𝑡̂𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,95%(𝜇̂𝜇𝜇𝜇) is the 95% quantile RUL from 
Equation (20), and 𝜇̂𝜇𝜇𝜇(𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝) is the degradation rate from Equation (21), where the feature 
matrix can be constructed from the simulation. 

The complete framework for the adjustment mechanism is presented in Figure 2.2. The 
extended Kalman filter is utilized to estimate the degradation and degradation rate from the 
rotation speed, generated flow, and port pressures of the pump. From these, a RUL estimate 
can be made. The degradation rate is used in the feature extraction block to estimate how 
the rotational speed affects the degradation speed. Finally, the optimizer employs this 
information to find the best value for the controller gain. 

 
Figure 2.2: PID-controlled EHA with prognostics and health monitoring system connected 

to the adjustment mechanism to schedule the PID parameters. 

3. SIMULATION MODEL 
A Simulink model of an EHA system is used to evaluate the effectiveness of the adjustment 
mechanism. The whole simulation model is presented in more detail in a previous 
publication [27]. This section focuses on the main differences in the simulation model to the 
previous usage. The hydraulic diagram of an EHA is shown in Figure 3.1.  

The hydraulic pump is modeled as an external gear pump. The outflow of the pump is 
modeled with Schlösser’s loss coefficient model [28] 

Figure 3.1: EHA hydraulic diagram. 1. Electric motor. 2. Hydraulic pump. 3. 
Accumulator. 4. Check-valves. 5. Pressure-relief valves. 6. Double-acting cylinder. 
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 𝑄𝑄𝑄𝑄𝐴𝐴𝐴𝐴 = 𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝𝑛𝑛𝑛𝑛 − 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒
𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝�𝑝𝑝𝑝𝑝ℎ,𝐴𝐴𝐴𝐴 − 𝑝𝑝𝑝𝑝ℎ,𝐵𝐵𝐵𝐵�

2𝜋𝜋𝜋𝜋𝜋𝜋𝜋𝜋
− 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝

2
3�2�𝑝𝑝𝑝𝑝ℎ,𝐴𝐴𝐴𝐴 − 𝑝𝑝𝑝𝑝ℎ,𝐵𝐵𝐵𝐵�

𝜌𝜌𝜌𝜌
− 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑝𝑝𝑝𝑝ℎ,𝐴𝐴𝐴𝐴, (33) 

where 𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝 is the volumetric displacement, 𝑛𝑛𝑛𝑛 is the rotational speed, 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒 is the laminar slip 
coefficient, 𝑝𝑝𝑝𝑝ℎ,𝐴𝐴𝐴𝐴 and 𝑝𝑝𝑝𝑝ℎ,𝐵𝐵𝐵𝐵 are the hose pressures, 𝜋𝜋𝜋𝜋 is the dynamic viscosity, 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 is the 
turbulent slip coefficient, 𝜌𝜌𝜌𝜌 is the oil density, and 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒 is the external leakage coefficient. 

During the system operation, the performance of the actuator gradually deteriorates. This 
degradation can be represented by certain actuator parameters. In this study, the slip 
coefficients 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒 and 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 are utilized as hidden variables to characterize the degradation of the 
pump. This is motivated by the fact that internal leakage increases over time [29]. This 
choice is illustrative as other parameters could also be used. Based on Equation (1), the 
hidden degradation process is modelled as 

 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒(𝑡𝑡𝑡𝑡) = 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒(0) + � 𝜆𝜆𝜆𝜆1|𝑛𝑛𝑛𝑛(𝜏𝜏𝜏𝜏)| + 𝜆𝜆𝜆𝜆2 �
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑𝜏𝜏𝜏𝜏
𝑛𝑛𝑛𝑛(𝜏𝜏𝜏𝜏)�  𝑑𝑑𝑑𝑑𝜏𝜏𝜏𝜏

𝑡𝑡𝑡𝑡

0
+ 𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎1(𝑡𝑡𝑡𝑡), (34) 

 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡(𝑡𝑡𝑡𝑡) = 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡(0) + � 𝜆𝜆𝜆𝜆1|𝑛𝑛𝑛𝑛(𝜏𝜏𝜏𝜏)| + 𝜆𝜆𝜆𝜆2 �
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑𝜏𝜏𝜏𝜏
𝑛𝑛𝑛𝑛(𝜏𝜏𝜏𝜏)�  𝑑𝑑𝑑𝑑𝜏𝜏𝜏𝜏

𝑡𝑡𝑡𝑡

0
+ 𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎2(𝑡𝑡𝑡𝑡), (35) 

where 𝜆𝜆𝜆𝜆𝑖𝑖𝑖𝑖 is the degradation rate coefficient. Here, it is assumed that both slip coefficients 
increase by the same proportion, but the Brownian motion is different. It is also assumed 
that the amount of degradation per unit of time is proportional to the amplitude of the 
rotational speed and the rotational acceleration. This assumption reflects the fact that stress 
is usage-dependent and increases with higher rotational speed and fast changes between 
operation points. Therefore, increasing controller aggressiveness can increase peak 
acceleration, but may still reduce cumulative degradation if it shortens transients and reduces 
the time spent at elevated rotational speed. The resulting effect is not necessarily monotonic 
in 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝 and depends on the duty cycle and the coefficients of the speed- and acceleration-
dependent terms. 

In the EKF, a lumped parameter model for internal leakage 

𝑄𝑄𝑄𝑄𝐴𝐴𝐴𝐴 = 𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝𝑛𝑛𝑛𝑛 − 𝜙𝜙𝜙𝜙��𝑝𝑝𝑝𝑝ℎ,𝐴𝐴𝐴𝐴 − 𝑝𝑝𝑝𝑝ℎ,𝐵𝐵𝐵𝐵� − 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒𝑝𝑝𝑝𝑝ℎ,𝐴𝐴𝐴𝐴, (36) 

was utilized as the measurement function in Equation (6). This formulation allows for a 
straightforward definition of the failure threshold based on the operation requirements of the 
cylinder. For the simulations, the failure threshold was set to 𝜙𝜙𝜙𝜙𝑓𝑓𝑓𝑓 = 4 ∙ 10−12  (𝑚𝑚𝑚𝑚3 𝑠𝑠𝑠𝑠⁄ ) 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃⁄ . 
It is assumed that the volumetric displacement and the external leakage coefficient are 
known, while flow, rotational speed, and pressures are measured.  

The simulation model parameters are summarized in  

Table 1. The table presents only the parameters that differ from the previous publication 
[27]. The position reference and load forces are also identical to the previous publication. 
These were repeated until the degradation reached the specified failure threshold in the 
simulation. 
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Table 1: EHA simulation model parameters compared to previous publication [27] 

Parameter Symbol Value 

Pump displacement 𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝 1.2732 ∙ 10−6  𝑚𝑚𝑚𝑚3 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐⁄  

Initial laminar slip coeff. 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒(0) 5 ∙ 10−9 

Initial turbulent slip coeff. 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡(0) 10−11 

External leakage coeff. 𝐶𝐶𝐶𝐶𝑠𝑠𝑠𝑠𝑒𝑒𝑒𝑒 10−13 

Rot. speed degradation rate coeff. 𝜆𝜆𝜆𝜆1 2 ∙ 10−11 

Rot. accel. degradation rate coeff. 𝜆𝜆𝜆𝜆2 8 ∙ 10−12 

Diffusion coefficient 𝜎𝜎𝜎𝜎 10−9 

Dynamic viscosity 𝜋𝜋𝜋𝜋 0.03 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∙ 𝑠𝑠𝑠𝑠 

Bulk modulus (cylinder) 𝛽𝛽𝛽𝛽𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑒𝑒𝑒𝑒  1200 ∙ 106 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 

Bulk modulus (hose) 𝛽𝛽𝛽𝛽ℎ𝑜𝑜𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  400 ∙ 106 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 

The EHA position is controlled by a 2DOF-PID controller. The control signal is calculated 
according to Equations (24)–(27). The parameters of the controller are presented in Table 2. 
The controller gain is adjusted with the previously described adjustment mechanism. The 
parameters of the prognostics and health monitoring system are presented in Table 3. 

Table 2: PID controller parameters 

Parameter Symbol Value 

Nominal gain 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝 4000 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠⁄ ) 𝑚𝑚𝑚𝑚⁄  

Integral time 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 1.6000 𝑠𝑠𝑠𝑠 

Derivative time 𝑡𝑡𝑡𝑡𝑑𝑑𝑑𝑑 0.3750 𝑠𝑠𝑠𝑠 

Filter time constant 𝜏𝜏𝜏𝜏𝑓𝑓𝑓𝑓 0.0250 𝑠𝑠𝑠𝑠 

Proportional reference weight 𝑏𝑏𝑏𝑏 0.5 

Derivative reference weight 𝑐𝑐𝑐𝑐 0 

Controller sampling time 𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠 0.01 𝑠𝑠𝑠𝑠 

 

Table 3: Prognostics and health monitoring system parameters 

Parameter Symbol Value 

EKF sampling time 𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠,𝑒𝑒𝑒𝑒𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘  0.05 𝑠𝑠𝑠𝑠 

EKF state covariance Σ𝑤𝑤𝑤𝑤 �0.0006 0.0179
0.0179 0.7170� ∙ 10−16 
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EKF measurement covariance Σ𝑣𝑣𝑣𝑣  2 ∙ 10−5 

Buffer time 𝑡𝑡𝑡𝑡𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑓𝑓𝑓𝑓 200 𝑠𝑠𝑠𝑠 

Adj. mech. evaluation step 𝑡𝑡𝑡𝑡𝑒𝑒𝑒𝑒𝑣𝑣𝑣𝑣𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  400 𝑠𝑠𝑠𝑠 

Controller gain, lower bound 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚  1000 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠⁄ ) 𝑚𝑚𝑚𝑚⁄  

Controller gain, upper bound 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝,𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑚𝑚𝑚𝑚  10000 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠⁄ ) 𝑚𝑚𝑚𝑚⁄  

Cost function tracking weight 𝜎𝜎𝜎𝜎1 1 𝑚𝑚𝑚𝑚2𝑠𝑠𝑠𝑠⁄  

Cost function health weight 𝜎𝜎𝜎𝜎2 1 𝑠𝑠𝑠𝑠2⁄  

4. RESULTS 
The deterioration of the gear pump in an EHA is inevitable but can be delayed by adjusting 
the controller parameters. To illustrate this application of the predicted RUL and adjustment 
mechanism, the proposed method is applied to the EHA position control system. The 
simulations were conducted with MATLAB Simulink in accelerated conditions, i.e., the 
coefficients of Equations (34) and (35) are greatly exaggerated. This leads to the pump 
failing in about 30 minutes rather than thousands of hours. In the simulations the EHA is 
supposed to operate for longer than 𝑡𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟 = 1850 𝑠𝑠𝑠𝑠 with the probability 𝑝𝑝𝑝𝑝 = 95%. The 
adjustment mechanism evaluation times were set 400 𝑠𝑠𝑠𝑠 apart. 

Figure 4.1 shows the degradation evolution for the baseline system and the system with the 
adjustment mechanism enabled. The points where the controller gain is adjusted are 
highlighted with dashed grey lines. After the first adjustment at 𝑡𝑡𝑡𝑡 = 400 𝑠𝑠𝑠𝑠, it is evident that 
the degradation rate slows down compared to the baseline. Although the gain increase can 
raise peak acceleration during reference transitions, the net degradation slows because 
Equations (34) and (35) depend on the integrated rotational speed/acceleration. Under this 
duty cycle the updated gain reduces the duration and average level of the stress terms. In the 
baseline simulation, 𝑡𝑡𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅,𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑟𝑟𝑟𝑟 was broken with 25 seconds. The adjustment mechanism 
successfully extended the RUL of the system by 46 seconds, which fulfilled the operation 
time requirement. 

As an additional reference, a fixed-gain simulation was conducted by setting the 
proportional gain 𝑘𝑘𝑘𝑘𝑝𝑝𝑝𝑝 to 8000 (𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠⁄ ) 𝑚𝑚𝑚𝑚⁄ . This was done to maximize useful life for this 
specific duty cycle and model parameterization. In this case, the achieved useful life 
increased to approximately 2060 𝑠𝑠𝑠𝑠, compared with 1825 𝑠𝑠𝑠𝑠 for the nominal fixed-gain 
baseline and 1871 𝑠𝑠𝑠𝑠 for the gain-updated case. This result should be interpreted as scenario 
specific as the optimal fixed gain depends on the duty cycle, load, and modeling uncertainty, 
and therefore serves as an upper bound rather than a generally applicable tuning. 

In Figure 4.2, the adjusted controller gain of the PID controller is shown with the constant 
gain of the baseline simulation. The effect of changing the controller gain to the squared 
control error is illustrated in Figure 4.3. At the first adjustment time, there is a small increase 
in the control error caused by the sudden change of controller gain. Figure 4.3 also shows 
that the peaks of the control error increase over time. This is caused by the deterioration of 
the pump, which causes it to produce less flow and in turn makes it more difficult to follow 
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the changing reference points. The error peaks of the adjusted controller are slightly smaller, 
caused by the cost function (31) including the ISE in the optimization. 

 
Figure 4.1: Evolution of estimated degradation in accelerated simulation conditions. 

    

 
Figure 4.2: Proportional gain in the baseline test and under the adjustment mechanism. 

 
Figure 4.3: Squared control error for the two scenarios with zoomed in section of the first 

adjustment time. 
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From Figure 4.2, it is evident that after the first adjustment, there is no need for the 
subsequent adjustments. This is mostly due to the assumption of linear degradation evolution 
holding very well for the whole simulation, which is caused by two main factors. Firstly, the 
cyclic nature of the position reference and load signals utilized in the simulation cause the 
degradation to increase almost the same amount per cycle. This is somewhat offset by the 
increased leakage flow for which the controller must compensate by increasing the rotational 
speed, which in turn accelerates the degradation towards the end of the simulation. Secondly, 
the chosen degradation models, i.e., Equations (34) and (35), increase the degradation speed 
independently from the age/degradation of the component. In real systems this might not be 
true, as the degradation speed of the component can be considerably faster near the end of 
its life. 

5. CONCLUSION 
This paper introduced a degradation-aware adjustment method for a PID-controller in an 
EHA system. An extended Kalman filter-based degradation estimator was combined with 
an inverse-Gaussian RUL formulation and a simple ridge model linking the control effort to 
the degradation rate. These were used in a cost function that trades tracking performance 
against a soft health constraint. The approach targets systems where maintenance is 
challenging and controller retrofits are preferred over a full health-aware control redesign. 

Simulations with an EHA model under accelerated degradation showed that the proposed 
mechanism met the mission-time requirement at the specified survival-probability level. The 
nominal fixed-gain baseline achieved a useful life of 1825 𝑠𝑠𝑠𝑠, whereas the system with the 
proposed adjustment mechanism increased the useful life to 1871 𝑠𝑠𝑠𝑠 with only a modest 
transient increase in control error. As an additional benchmark, selecting the near scenario 
optimal fixed gain increased the useful life to approximately 2060 𝑠𝑠𝑠𝑠. This gap indicates that, 
for a static and known duty cycle, offline tuning can outperform delayed online adjustment. 
Accordingly, the proposed mechanism is primarily aimed at settings where the best tuning 
is not known beforehand and/or operating conditions evolve over time. 

The practical implication is that existing PID-controlled electro-hydraulic installations can 
gain significant life-extension potential with minimal architectural change. The method can 
be implemented as a supervisory layer (potentially cloud-based) that periodically re-tunes a 
small set of controller parameters using rotational speed, flow, and pressure data. While 
speed feedback and pressure are commonly available, direct flow sensing typically is not 
and may require added instrumentation or a validated virtual-sensing alternative. For 
practitioners, this provides a low-intrusion pathway to improve availability and maintenance 
planning by aligning controller aggressiveness with the remaining mission time, provided 
the required measurements are available. 

This study has limitations worth noting. The results are based on simulations with 
accelerated degradation and simplified Wiener-type models whose parameters and threshold 
selection impact RUL accuracy. The controller adjustment tuned only the controller gain, 
and other PID parameters were kept fixed. The simulated duty cycle was cyclic, which 
favored near-linear degradation over the horizon, and may not generalize to all duty cycles 
or late-life behaviors where degradation can accelerate. 
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Future work should include experimental validation on hardware and the identification of 
more detailed degradation mechanisms and thresholds to improve model fidelity. In 
addition, the supervisory strategy should be evaluated under dynamic duty cycles, including 
varying loads and reference trajectories, to quantify robustness and to determine when online 
supervision provides a clear advantage over a priori fixed-gain tuning. Robust estimation 
under changing operating conditions, adaptive evaluation schedules, and integration with 
maintenance planning tools are also recommended to broaden applicability and reliability. 
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