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Abstract

The hydraulic pitch system is one of the critical sub-systems of the wind
turbine for both power regulation and also as part of the safety system by
applying aerodynamic braking during the duration of extreme weather events.
Various studies of wind turbine reliability have revealed that the hydraulic
pitch system is one of the major contributors to the turbine’s downtime.
Therefore, the focus of this study deals with the identification and mapping
of failures in hydraulic pitch systems and the main components based on
state-of-the-art failure mode knowledge and detection methods found in the
literature. In this work, Fault Tree Analysis (FTA) is utilized to evaluate
failures all the way down to root causes of major hydraulic components,
i.e., on-off solenoid valves, proportional valves, hydraulic cylinders, and
sensors used in hydraulic pitch systems. This facilitates a comprehensive
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understanding of failure modes and root causes within these hydraulic com-
ponents. Nevertheless, the focus of this study has hence been to identify the
methods to enhance fault detection and predictive maintenance strategies,
ultimately improving the reliability and efficiency of hydraulic systems across
various applications.

Keywords: Hydraulic pitch system, wind turbine, fault tree analysis, failure
root causes.

1 Introduction

The pitch system in a wind turbine is utilized to regulate the extracted wind
power during variations in the wind speed by changing the blade angle
of rotation. The blade angle rotates from 0◦ to 90◦ around its axis, with
peak power extraction occurring at 0◦ and zero power at 90◦, which is also
referred to as the neutral position. The 90◦ setting is engaged when wind
speeds surpass the turbine’s safe limit or to halt turbine operation to prevent
additional damage during turbine system failures [1]. Hence, the pitch system
acts as both a power regulation device and the safety system of the wind
turbine but is, at the same time, one of the major contributors to the downtime
of wind turbines. Thus, the hydraulic pitch system is a critical sub-system of
wind turbines, and its failure can lead to significant to both economic losses,
safety hazards, and reduced power production.

Several recent studies have focused on analyzing failure rates, repair
processes, and fault detection techniques for hydraulic pitch systems in
wind turbines [2–6]. These studies highlight the importance of understanding
the failure modes, fault detection and diagnostics methods related to major
components such as cylinders, bearings, and loose mounting, which can lead
to poor pitch performance and aerodynamic imbalance.

It has been observed that the hydraulic pitch system accounts for up to
23% of all the downtime and 21% of the total failure rate of wind turbines.
This data was analyzed for a 2 MW nominal power turbine, also known as
R80 configuration [7, 8]. Therefore it’s important to focus on the failure
analysis, condition monitoring, fault detection, and remaining useful life
estimation for the critical hydraulic components used in the pitch system.
However, the study was done in the year 2011 and the data was valid for old
turbines. In relatively newer studies published in the year 2015 by Carroll
et al. [9] for 2-4MW turbines, the hydraulic pitch system contributes 13 %
to the overall failure rate. In the study, the average repair time for the pitch
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system varies from 9 to 25 hours, depending upon the type of replacement.
However, the repair time is calculated as the actual working time by techni-
cians for the replacement of the turbine without considering the lead time,
waiting time, etc. However, it is only these few projects in the past that have
focused on failures in the hydraulic pitch system, although this is one of the
major failure sub-systems of wind turbines.

Furthermore, currently, as per industry experience, the wind turbines
perform pre-start-up test functions conditions to test the condition of the
components used in the pitch system. However, most of these tests are related
to comparing the sensor signals, i.e., time or measured quantity, with some
pre-defined threshold, which may have several limitations. This approach is
often shallow, capable of detecting only faults that exceed simple thresholds,
while subtle or early-stage issues go unnoticed. Additionally, the tests are
sensitive to sensor noise and environmental factors, which can result in false
alarms or missed detections. The reliance on static thresholds further limits
their effectiveness, as these thresholds do not adapt to component aging or
changes in operational conditions. Moreover, these tests are unable to predict
the remaining useful life (RUL) of components or indicate root causes,
providing only basic fault indications without deeper insights.

Hence, the motivation of this article is to provide an overview of state-of-
the-art technologies and innovations for identifying faults in major compo-
nents used in fluid power/hydraulics pitch systems. However, the techniques
studied in this article are also valid for other fluid power/hydraulics appli-
cations. The key components include gear pumps, on-off solenoid valves,
proportional valves, relief valves, hydraulic cylinders, accumulators, hoses,
hydraulic oil, and sensors. For each component, the article utilizes Fault Tree
Analysis (FTA) and discussion up to the root causes of faults or failure modes,
as identified in recent literature, which enables targeted interventions and
enhancing reliability. Additionally, the article critically examines algorithms
developed in the recent past for predicting remaining useful life (RUL) and
fault identification, emphasizing their applicability for real-time implemen-
tation. The algorithms in the literature are compared based on computational
requirements, sampling frequency, and the environmental conditions under
which they are tested. This holistic approach ensures that the algorithms
are not only efficient and adaptable to resource constraints, but also robust
and reliable in real-world scenarios. Such evaluations help identify the most
suitable algorithms for the real application scenario.

The content is structured into two parts based on the duty cycles of the
components, distinguishing between more active and less active components.
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Part I focuses on components such as on-off solenoid valves, proportional
valves, hydraulic cylinders, and sensors, which actively participate in pitch
regulation most of the time. Part II addresses components serving as the
hydraulic power source, including pumps and accumulators, as well as less
active components in pitch regulation, such as relief valves, hydraulic hoses,
and hydraulic oil.

2 System Description

As described in the last Section 1, the system under focus is the wind turbine
pitch system. The pitch system is a very important turbine subsystem that
consists of hydraulics and an electronic control system used for obtaining
the optimum power output from the turbine. The figure of the standard
pitch system is shown as Figure 1. The diagram shown below illustrates
a simplified pitch system, that represents the pitch system under normal
operation (i.e. circuitry for start-up, emergency stopping, etc. is omitted) and
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Figure 1 Hydraulic circuit of pitch system in normal power regulation operation with (a)
cylinder retracting and (b) cylinder extending for each blade.
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Table 1 On-Off Solenoid valves status in terms of electrical power supply during different
operating conditions.

Valve
No.

Start-up
Mode

Power Regulation
Mode

Emergency Shut
Down

Normal Shut
Down

V1 On On Off Off
V2 On On Off On
V3 On On Off On
V4 Off On Off Off
V5 On On Off On

only includes the valves used during normal operation of the turbine, which
is the primary focus of the study.

The diagram is a simplified and generic representation of a pitch system,
derived in combination with leading wind turbine OEMs, pitch system manu-
facturers, and turbine operators, as a good representation of the topology used
by most modern pitch systems. A similar representation is used by several of
the co-authors in other publications Liniger et al. [10], Yang et al. [11].

During normal operation of power regulation, the supply from the ac-
cumulators (A1 & A2) are blocked by valve V2 and energized valve V3.
Hence, the hydraulic power is provided by the pump (P1) with valve V1
in energized condition. The proportional valve V6 controls the position of
the cylinders C1 and C2 through valve V4 in energized condition with the
position feedback loop running on the programmable logic controller (PLC).
The Valve V5 connection is used during emergency shut-down with regen-
eration possibility and fast extension of cylinder and in normal operation
the valve V6 has regeneration spool which is used for regeneration during
extension. Table 1 highlights the status of on-off solenoid valves during
various operating conditions.

3 Fault Tree Analysis of Major Components in Hydraulic
Pitch System

As shown in Figure 1, the major hydraulic components used in the hydraulic
pitch system during operation are the pump, and solenoid valves, which
can be on/off based upon the supervisory control using operating parame-
ters, proportional valve, accumulators, and linear actuators. The mechanical
components of the system are the main bearing for the rotating hub for the
rotation of the blades. The electronic sensors like position, pressure and
temperature are the necessary components, which makes it an example of
a mechatronics system, with dedicated PLC for controlling and monitoring
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Figure 2 Flow chart for development of the FTAs.

the system. Being a multi-component system, the fault-free or fault-tolerant
control operation is important for obtaining satisfactory performance from
the system. However, each of the components degrades with time leading
to its faulty operation or complete shutdown of the turbine based on the
severity of fault. So, for analyzing the faults and root cause failures in the
system, a top-down approach called Fault Tree Analysis (FTA) is described
for each of the components starting from the system level faults. The FTA
is a logic-based technique, constructed using logic elements like OR, etc.,
which requires domain expertise to consider all the possible faulty conditions
in the operations. The specific literature available related to pitch systems is
limited to addressing the faults in the components but nothing much is said
about the root cause of failures in the system [12]. So, in this article, the FTA
is constructed in such a way that addresses the all root causes of failures
from the materials and design perspective of the components based upon
the type of failures and their mechanism shown in the past literature. The
benefit of doing the component level analysis is to enhance the knowledge
about the failures which leads to the improvement in design at the system and
components level. The methodology of the work is explained in Figure 2.

Based upon the general topology of the pitch subsystem, the detailed
FTA for each of the component in discussed in subsequent following sec-
tions. Firstly, the detailed system-level faults are described in the following
subsection 3.1.

3.1 System Level Fault Tree Analysis of Hydraulic Pitch System

The system-level faults are those which occur at top level of the tree which is
due to the failure occuring in the component or next subsystem level. Based
upon the given topology shown in Figure 1. The top-level faults in the pitch
system are described in [10] and also shown in Figure 3.
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Figure 3 FTA of pitch system at system level.

The fourth level in the root cause level in 3 is described in each subsequent
sections starting from Section 4.1 for solenoid valves which constitute V1-V5
in Figure 1, section 4.2 for proportional valve V6 in Figure 1, section 4.3 for
hydraulic cylinder and Section 4.4 for sensors used in hydraulic pitch system.

3.2 Criteria for Algorithm Classification

Classifying algorithms is crucial for determining their applicability and
compatibility with real-time systems and hardware limitations. Therefore,
when considering the various algorithms, they are categorized based on
their computational demands and sampling rates, ensuring an optimal fit for
specific application requirements. This classification approach is applied in
the following sections to evaluate and categorize the algorithms based on
their computational and sampling requirements. Algorithms with high com-
putational complexity are characterized by their substantial computational
demands during real-time execution. The criteria based upon computational
complexity has been defined as follows:

1. High Complexity: This refers to the high computational requirements
for real-time implementation of the algorithm on a standard low
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performance PLC. Algorithms that fall under this category are the
machine learning algorithms with high computational power in real-
time inference, real-time optimization and deep neural networks. These
requires specialized hardware for implementation.

2. Medium Complexity: This refers to the moderate computational require-
ments for real-time implementation of the algorithm on the standard low
performance PLC but may require optimization for real-time execution.
The algorithm falls under this category are for example adaptive con-
trollers, look-up table based machine learning algorithms, or Kalman
Filters. The balance of computational load and real-time constraints is
critical.

3. Low Complexity: This refers to the minimal computational requirements
for real-time implementation of the algorithm on the standard low per-
formance PLC. The algorithm falls under this category are for example,
fixed-gain PID controllers, threshold-based logic, and simple arithmetic
operations which are pre-trained based upon the post-processing of data
gathered by the required sensors.

For the comparison of the algorithms on sampling frequencies, the following
criteria has been used:

1. High Sampling Frequency: This applies to systems which requires
frequent data updates exceeding 1 kHz. Hence, it increases the com-
putational load and limits the complexity of algorithms that can be
implemented. It requires highly optimized algorithms and low-latency
hardware to maintain real-time operation.

2. Medium Sampling Frequency: This applies to systems that require
moderate data updates between 100 Hz to 1 kHz. It can accommodate
medium-complexity algorithms, but the implementation must consider
available processing resources.

3. Low Sampling Frequency: This applies to systems that require infre-
quent data updates, typically below 100 Hz. These are suitable for slow
dynamics such as hydraulic tank level monitoring.

The selection of appropriate sampling time and model complexity is critical
for successful machine learning implementations. This is evident from the
extensive literature on the subject, which highlights these factors as key
considerations in most applications.

The performance of machine learning algorithms is typically somewhat
proportional to their complexity, making it essential to evaluate and char-
acterize their complexity. The first stage in defining the complexity of a
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Figure 4 Performance versus complexity for machine learning algorithms.

machine learning algorithm is batch (offline) prediction. In this stage, batches
of historical datasets are post-processed, and predictions are generated at
regular intervals. This approach is well-suited for applications with low
latency requirements.

The next stage involves real-time inference using a pre-trained model on
the batch features, which introduces additional complexity. Here, the model
continues to undergo batch training while performing real-time predictions,
making it more complex than the first stage. Figure 4 shows the complex-
ity versus performance plot highlighting each of the capabilities at each
stage [13].

In the third stage, models are constantly being trained with new data. This
training happens more often than in the second stage. The models then make
predictions in real-time using the features extracted from the current data.

The fourth stage of complexity involves real-time algorithm inference,
where features are computed in real-time alongside the continuous training of
models. Therefore, the comparison of ML algorithms is based on these levels
of complexity. Regarding sampling frequencies, the comparison is aligned
with the sensor sampling rates used to record data for extracting either pre-
existing features or engineered features through feature extraction algorithms
used for the training of the ML algorithm. The overview of ML algorithms
which are applied to identify faults in components explained in following
sections are shown in Figure 5.
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4 Major Components in Fluid Power Pitch Systems,
Failures and Fault Identification Techniques

4.1 On-Off Type Solenoid Valves

The solenoid valves are some of the crucial components used in the hydraulic
pitch system to shift the turbine operation mode from one to another. They
can also be called an ON-OFF valve with either a normally closed and/or
normally open configuration. They are shown in the Figure 1 as V1–V5.
They respond to control signals from the main control system of the turbine,
adjusting the turbine’s functions according to its operating conditions [14–
16], as also explained in Section 2. Hence, the fault prediction of this kind of
valve is very much essential. Researchers have explored various methods for
predicting failure in valves, the recent ones are highlighted in this section. The
pictorial view of the solenoid valve, illustrating its structural and functional
components, is shown in Figure 6.

Ma et al. [17] investigated solenoid valve fault diagnosis based on
analyzing the drive-end current characteristics and its second-order rate
change curve under different solenoid valve conditions. This is due to back-
electromagnetic force which changes due to the spool or poppet motion.
Four different modes, i.e., normal valve spool, broken spring, stuck spool,
and slightly stuck spool, were considered for the analysis. The proposed
method utilized the characteristic curves and applied a three-layer wavelet
packet decomposition (WPD) and Principal Component Analysis (PCA) for
the fusion of both time and frequency domain features. Based upon the
fused feature vectors obtained through WPD and PCA for different fault
conditions, the authors used the C-parameter Support Vector Machine (C-
SVM) with the Radial Basis Function (RBF) method for pattern recognition
for each fault mode. This method achieved a 91.3% accuracy rate for the

Solenoid

Main Poppet

Pilot Poppet Inlet Flow

Outlet Flow

Figure 6 Solenoid valve pictorial view.
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time-frequency analysis. In comparison, the Back-Propagation (BP) neural
network achieved an 84.78% accuracy rate for time-frequency analysis. The
proposed C-SVC method, with RBF and multi-feature fusion using both time-
frequency and time-domain analysis, achieved a 100% accuracy rate, and for
time-frequency analysis, a cross-validation accuracy rate of 92.11%, demon-
strating its capability to classify various solenoid valve states correctly. The
authors themselves in the article discussed the limitations of the work such as
the machine learning algorithms, which are based on applied mathematical
statistics, are not able to diagnose the fault based on root causes due to the
lack of physical interpretation of experimental results.

Lei et al. [18] analyzed hydraulic valve fault diagnosis, namely valve
response characteristics, using inlet and outlet pressure signals measured at
ON and OFF conditions. The authors used the data from an open-source
repository known as the UC Irvine Machine Learning Repository. The data
were collected at the Mechatronics and Automation Technology Center of
Saarbrucken University in Germany [8]. The PCA has been deployed for
dimensionality reduction of the pressure signals data and eXtreme Gra-
dient Boosting (XGBoost) for modeling on cloud platform developed by
HUAWEI, named as Machine Learning Service (MLS), and proposed a
highly effective fault diagnosis method by utilization of pressure signals. The
integrated approach with HUAWEI Cloud MLS has contributed theoretical
and practical insights for remote hydraulic component fault diagnosis and
predictive maintenance. However, the paper is more about using the com-
mercial platform for predictive maintenance developed by HUAWEI and
compares the XGBoost with Classification and Regression Trees (CART)
models and the Random Forests (RF) machine learning algorithms. Also,
the two pressure signals used before and after the solenoid valves for re-
sponse characterization did not consider the pressure dynamics due to other
disturbances in the complex hydraulic circuits, and also, the dependency of
operational condition requirements, which effects the ON-OFF test, are not
considered.

In another work done by Shi et al. [19], the limited sensor information
prompted the authors for the proposal of a two-stage multi-sensor information
fusion method like fault feature fusion and decision-making information
fusion for diagnosing inner faults in hydraulic directional valves. The inner
faults, i.e. wear on the spool, had been created by laser (nanosecond infrared
laser JTL-YLP20W) at three different levels i.e. mild wear, moderate wear,
and severe wear. The EEMD and Teager-Kaiser energy operator (TEO) from
the various (four) acceleration sensors were used to de-noise and obtain the
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fault features. The feature evaluation techniques as feature ranking and subset
selection based on Euclidean distance (FRSSE) and maximum relevance
minimum redundancy (mRMR) were used for feature selection with high
sensitivity and good characterization with the ability to sort and threshold
setting. Based on the feature selections, the CNN classifier was trained for
the classification and identification of a fault. The limitation of machine
learning techniques is that the physical interpretation of experimental results
is not well characterized in the algorithm. The comparison was done for
the single sensor without feature selection and the proposed method, which
used the feature selection method. It was observed that for a single sensor
without feature selection, the results were more accurate than the proposed
method, but the latter was found not to be robust for a single sensor and
also had less redundancy. Hence, multi-sensor data with feature fusion shows
good results with the proposed method by the authors. However, the usage
of multi-vibration sensors for obtaining accurate results makes the solution
cost-intensive for each valve.

Yoo et al. [20] proposed a fault-diagnosis method for Hydraulic Solenoid
Valves (HSVs) based on a Convolutional Auto-Encoder. The HSVs used
in the study are electronic proportional pressure reduction (EPPR) valves,
which are quite different from the standard ON-OFF solenoid valves. The
EPPR valves are used to control the outlet pressure of hydraulic fluid by
varying the input current. The valve was used to control the pressure of 25
bar. The normalized current-flux linkage data were used for the estimation
of the health status of the valve, however, this type of health estimation
technique can also be deployed for ON-OFF solenoid valves. The data were
derived and resampled, and latent feature vectors were extracted through a
one-dimensional CAE. The classification of feature vector data was clustered
using hyperspheres, and fine-tuning the auto-encoder was done using a loss
function for improved prediction accuracy. The experimental test-bed vali-
dated the method, which showed a higher accuracy of CAE for classification
than the prediction. Also, the suggested method allowed real-time valve
diagnosis using current and voltage signals without additional sensors, which
is applicable through a software update to existing HSV controllers. The
proposed fine-tuned CAE results in the decrease of hypersphere radius, which
indicates an increase in accuracy as compared to the conventional AE method.
The limitation of the work can be a non-linear change in flux linkages at
the varying temperature conditions of the coil, which are not considered. A
condition is also typical in the pitch system due to its varying operational
conditions.
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A novel fault detection method for solenoid valves, based on vibration
signal measurement, was proposed by Guo et al. [21]. The valve studied was
an orifice-type solenoid-operated valve used for low-pressure applications.
The six fault modes described in this article are described in Table 2. The
focus of the article was to predict the fault in the plunger, plunger tube, and
contamination of the coil using the vibration data. The experimental data
were obtained by injecting the fault by blocking the orifice, and the vibration
data was collected from the sensor installed at the top of the valve body.
The de-noising of the vibration signal was performed with a Wavelet-based
algorithm, which determines the working state and health index, which was
analyzed using the amplitude level of the vibration signal. Based upon the
feature comparison with the working condition of the valve, the diagnostic
decision was formed for a decision regarding the faulty and healthy valves.
However, the paper does not include the effect of the amount of flow passing
through the valve orifice and how this changes the data of the vibration
signals. Therefore, the trained machine learning algorithm can give wrong
results for different operating conditions of the valve.

An intelligent fault diagnosis approach, proposed by Ji et al. [22], uti-
lizing DS theory, had been designed for detecting internal leakage faults in
hydraulic valves, addressing the absence of specialized methods in previous
research. Three classifiers, RF, LSTM, and CNN, were selected for their
sensitivity to diverse fault data, fused using Dempster-Shafer (DS) theory.
The experimental verification on a hydraulic valve fault testing rig demon-
strated robust performance and achieved a high average diagnosis accuracy
of 98.5% for six common faults, surpassing individual RF, LSTM, and CNN
performances.

Table 2 shows the summary of the fault identification algorithms. The al-
gorithms are compared based on the computational complexity and sampling
frequency according to the criteria explained in Section 3.2. Particularly for
the ML algorithms, the implementation level seen in literature has been also
shown in Table 2.

It has been noted in the ’Implementation’ column of Table 2 that the ML
algorithms are implemented offline. This corresponds to the Stage 1 level of
complexity in the ML domain according to Figure 4, with processing of data
from sensors to evaluate engineering features and train the models followed
by testing of the algorithms. The machine learning algorithms presented
here can be deployed online using pre-trained models, either on a standard
PLC or with an additional layer of high-performance hardware. According
to the author’s recommendations, simpler algorithms are preferred for online
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Table 2 Recent Fault Identification Techniques and Signal Used for Solenoid Valve
Type of Valve
(Signal)

Fault Modes Fault
Identification
Algorithms

Implementation
& Test
Conditions

Computational
Complexity &
Sampling
Frequency

4/3 Directional
Control Valve
(Current Signal)

Spool Stuck and
Spring Break

FE = WPD &
PCA
FDA = C-SVM
Accuracy =
91.3%

Stage 1
Lab experiment
under controlled
environment [17]

High & High

2/2 Directional
Control Valve
(Pressure Signal)

Switching
Characteristic
Degradation

FE = PCA
FDA = XG Boost
on
HUAWEI Cloud
based MLS
Accuracy =
96.7%

Stage 1
Lab experiment
under controlled
environment [18]

High & Medium

Directional
Control Valve
(Vibration Signal)

Spool Wear FE = EEMD &
TEO
FS = FRSSD &
mRMR
FDA = CNN
Accuracy = 99%

Stage 1
Lab experiment
under controlled
environment [19]

High & High

Electric
Proportional
Pressure
Reduction (EPPR)
Valve (Current
Flux Linkage)

Coil Turns Spring
Stiffness and
Spool Stuck

FE = CAE
FDA=
Hypersphere
Based
Classification
Accuracy = 98%

Stage 1
Lab experiment
under controlled
environment [20]

High & High

Solenoid Operated
Valve (SOV)

Plunger not in
action, Leakage,
Pressure Loss and
Magnetic Leakage

FE = Wavelet
FDA = Diagnostic
Decision and
Comparison with
healthy state
Accuracy= Not
Provided

Stage 1
Lab experiment
under controlled
environment [21]

High & Not
Provided

4/3 Pilot Operated
Directional
Solenoid Valve
(Vibration
Signals)

Leakage Fault FDA =
Dempster-Shafer
Fusion Theory
(DSmT)
Accuracy =
98.5%

Stage 1
Lab experiment
under controlled
environment [22]

High & High

Solenoid Valve Solenoid Coil
Fault

FDA = Extended
Kalman Filter
Detection
Probability =
97%

Online Lab
experiment under
controlled
environment [23]

Medium & Not
Provided

(Continued)
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Table 2 Continued
Type of Valve
(Signal)

Fault Modes Fault
Identification
Algorithms

Implementation
& Test
Conditions

Computational
Complexity &
Sampling
Frequency

Proportional
Solenoid Valve
(Voltage and
Current)

Cable
Solenoid Coil
Spring Fault

FDA = Model
Based
Detection
Probability = NM

Online Lab
Experiment under
controlled
environment [24]

Medium & High

ON-OFF Solenoid
Valve (Current
and Temperature)

Coil Burnout
Fault

FDA = Model
Based
Accuracy = 100%

Online Lab
Experiment under
controlled
environment [25]

Low & Not
Provided

4/3 Directional
Solenoid-Valve
(Vibration)

Fatigue and
Leakage Fault

FDA =
Dempster-Shafer
Fusion Theory
(DSmT)
Accuracy =
98.1%

Stage 1 Lab
experiment under
controlled
environment [26]

High & High

Solenoid Valve
(Acceleration and
Pressure)

Spool, Core
Housing Wear
Blocked Spool
and Solenoid
Failure

FE = Different
Methods
Accuracy = 99.72
%

Stage 1 Lab
experiment under
controlled
environment [27]

High & High

*

FE = Feature Extraction, FDA = Fault Detection Algorithm, FS = Feature Selection, NM = Not
Mentioned

implementation and are elloborated more in Table 9 in Section 5. To enhance
algorithm performance, the models can be retrained periodically with new
data. Regarding recommendation for computational complexity and sampling
frequencies, the criteria mentioned in Section 3.2 has been followed.

A model-based method was proposed by Liniger et al. [23] to detect early
signs of coil burnout in solenoid valves. The method employed an Extended
Kalman Filter (EKF) using a thermal model by measuring coil current and
voltage signals for the determination of coil resistance degradation without
the need for temperature sensors. The developed technique was also able
to operate at low sampling frequencies. For the simplification of the test
equipment, the mechanical and thermal stresses on the coil were taken as
the damage parameters. The fault in the coil was created by dropping the
coil resistance with the use of a shunting resistance. The CUmulative SUM
(CUSUM) of the coil current residuals was obtained by utilizing measured
and estimated parameters like coil voltage, coil current, ambient temperature,
and fluid temperature that indicate the coil faults. The effectiveness of the
fault identification algorithm was estimated using the statistical distribution
of fault instances and several fault instances before failure based on the
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Weibull distribution and Log-normal distribution functions. Experimental
results demonstrated a high Probability of Detection before Failure (PDF)
for continuous and intermittent valve excitations, validating the method’s
effectiveness in alarming early signs of coil failure besides having the model
inaccuracies. The effectiveness of the proposed method is shown in Table 3
in the event of a third fault instance where the algorithm is most effective.
However, the fault sizes created artificially by using shunting resistance
parallel to the solenoid for validation of the effectiveness of the algorithm
and the fault in a real scenario may differ while measuring the performance
of the algorithm.

In another model-based approach proposed by Moseler and Straky [24]
for detecting faults in proportional solenoid valves used in automotive appli-
cations, voltage and current were recorded when providing a voltage step. It
was done to estimate the resistance of the solenoid coil and the coil induc-
tance for predicting the fault modes, i.e., broken cable, cable short-circuit,
increased friction, and fault of adjusting screw/spring. The mechanical stroke
of the solenoid armature was estimated from the measurements. These esti-
mated measurement signals were used to categorize the fault by comparing
it with the actual values. However, very high sampling rates around 10kHz
were required to estimate the coil inductance.

Jo et al. [25] proposed a model-based method for detecting coil burnout in
a solenoid valve under dynamic thermal loading. The valve considered was a
pneumatic one that was used in railway braking applications. The authors
derived an equivalent circuit model incorporating temperature effects and
introduced a new health indicator for solenoid coil burnout red the health
indicator being the supply current, which was compensated for its reduction
with temperature rise. A case study on real solenoid valves demonstrated the
method’s validity, achieving 100 % fault detection accuracy. The non-invasive
method, without additional sensors, proved robust, compensating for thermal
fluctuations and Joule heating, enabling solenoid coil burnout monitoring
regardless of the operating temperature.

In another work by Ji et al. [26], the authors tried to extract features from
the complex, noisy vibration signals coming out from the surface of the valve.
The valve under investigation was a solenoid-controlled pilot-operated direc-
tional valve. The authors proposed an experimentally validated three-layer
method using a Dezert-Smarandache Theory (DSmT)-based multi-classifier
for feature extraction and fault prediction of multiple types. In the first layer,
the fault groups were characterized into two (solenoid fatigue fault group and
leakage fault group) and classified using the trained classifiers by providing
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personalized data sets. In the second layer, the faults were further subdivided.
In the third layer, the weak features of some of the faults were classified
using trained classifiers again. In a nutshell, the method involves the design
of a layered hybrid model and has simplified diagnosis by breaking it into
sub-tasks with multiple efficient classifiers in each layer. The fault modes
considered in this study are shown in Table 2. The DSmT had acted as
an arbiter for the final decision, ensuring higher accuracy and stability for
each fault. Experimental verification on a hydraulic test rig demonstrated the
method’s effectiveness, yielding significantly improved diagnosis accuracies,
around 98.1 %, as compared to RF, CNN, and LSTM.

The comparison of accuracy levels among various algorithms, as dis-
cussed in the literature mentioned in this section, is presented in Table 3.
The accuracy is as reported as seen in the different articles with the testing
conditions shown in the Table 2.

Table 3 Accuracy of the Different Fault Identification Techniques in Different Works for
Solenoid Valves
Diagnosis Method Diagnosis Accuracy Reference
1. Back Propagation (BP) Neural Networks
2. C-parameter SVM

91.3%
84.78%

Ma et al. [17]

1.PCA-Classification and Regression Trees
(CART)
2.PCA-Random Forests
3.PCA-XG Boost (Huawei MLS)

91.1%
92.7%

96.7 %

Lei et al. [18]

1.The Proposed Method
2.EEMD+CNN+DS
3.TEO+CNN+DS

99%
98.43%

95.56%

Shi et al. [19]

1.Proposed AE
2.Conventional AE

7.5% to 70.5% ↑
proposed

> conventional AE

Yoo et al. [20]

1.Dempster-Shafer (DS) theory
2.Random Forests (RF)
3.Convolutional Neural Network(CNN)
4.Long Short-Term Networks(LSTM)

98.5%
93.2%
90.9 %

93.6 %

Ji et al. [22]

1. Back Propagation (BP) Neural Networks
2. C-parameter SVM

91.3%
84.78%

Ma et al. [17]

1.EKF-Intermittent PDF
2.EKF-Continuous PDF

91.1%
97 %

Liniger et al. [23]

1.Dezert-Smarandache Theory (DSmT)
2.Random Forest (RF)
3.Convolutional Neural Network (CNN)
4.Long Short-term Memory Networks
(LSTM)

98.1%
73.3%
69.9 %

65.5 %

Ji et al. [26]
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A semi-supervised learning (SSL) method based on multi-sensor fusion
and an adaptive threshold had been proposed by Zhong et al. [27] for hy-
draulic directional control valve and water-proof valve fault diagnosis. The
focus here is to discuss the strategy of the hydraulic directional control valve
as far as the hydraulic pitch system is concerned. The wear in the direc-
tional control valve core was created by using laser processing equipment.
For the directional control valve, the fault modes like mild wear (0.015–
0.035 mm), moderate wear (0.035–0.06 mm), severe wear (>0.006 mm),
wear between the valve core and housing, wear of housing, spool blocked,
failure of return spring and solenoid failure were evaluated. Two pressure and
two acceleration sensors were used to monitor the health of the directional
control valve. The fusion algorithm was utilized to fuse the confidence of
different sensor pseudo-labels and design an adaptive threshold model to
select high-quality pseudo-labels. Pseudo-labels were used to expand the
limited labeled data. Five different methods were used and compared with
the proposed method. The proposed method tested hydraulic valve faults in
different engineering fields and obtained an average diagnostic accuracy of
99.72% for the hydraulic directional valves. The obtained results show the
effectiveness, enhancement, and stability of the method, improving fault di-
agnosis performance with less human intervention. However, the application
of two pressures and two vibration sensors, which can even corrupt with
environmental noise, and its dependency on installation location makes the
solution costlier for the pitch system.

A comprehensive multi-physics finite element model of an automobile
transmission solenoid valve, presented by Angadi et al. [28], was constructed
to incorporate electromagnetic, thermodynamic, and solid mechanics effects.
The model predicted susceptibility to a coupled electrical–thermomechanical
failure and found that heat generated by the coil, under realistic conditions,
had caused high compressive stresses and temperatures. Stresses, stem-
ming from thermal expansion, had degraded insulation between coil wires.
The resulting shorting had lowered electrical resistance, leading to even-
tual failure. The finite element model, validating experimentally measured
temperatures, served as a predictive tool for solenoid design, offering insights
into performance, life, and reliability. In continuation of the work explained
in [28], an experimental rig, crafted by Angadi et al. [29], had been used to
subject solenoid valves to rigorous testing, maintaining constant conditions
for voltage, current, duty cycle, and frequency. Within a thermal chamber
emulating automotive transmission temperatures, the critical impact of tem-
perature on the solenoid valve reliability was observed, red which was the
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decrease in coil insulation. Under specific conditions, multiple test samples
consistently failed, reaching temperatures of 200◦C, causing complete break-
down due to insulation degradation. Predicted by a prior finite element model,
this led to shorts, decreased electrical resistance, and temperatures soaring to
300◦C. The obtained results show damage, including discoloration, plastic
melting, and hindered plunger motion, revealing a dominant failure mech-
anism validated by microscale photographs displaying disorganized wire
structures and insulation squeeze. However, the model requires complex FEM
modeling and is also computer-intensive for the prediction of faults, but data
from these types of high-fidelity models can be used for building statistical
models for predicting fault types and understanding the fault behavior for
design improvements based on the operating conditions of the application.

The recent emphasis on detecting solenoid valve faults largely relies on
employing specialized machine learning algorithms. However, the majority
of these algorithms are employed offline, involving post-processing sensor
data through signal processing for feature extraction and subsequent training
to prepare the data for predicting faults. These algorithms undergo rigorous
testing within specific operational settings, some of which might coincide
with the operating conditions experienced by wind turbines. Figures 7, 8 and
9 shows fault trees of the on/off solenoid valve in elaborated way.

4.2 Proportional Directional Control Valve

The hydraulic pitch system in wind turbines uses proportional valves to
control the pitch angle of the rotor blades, ensuring maximum efficiency

OR

OR

OR

Elaborated in
Figure 8

Elaborated in
Figure 9

Figure 7 FTA of solenoid valve.
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Figure 8 FTA extended from 2nd to 5th Level of Root causes for electrical failures in
Solenoid Valve.

regardless of wind speed. Proportional directional valves are a key component
of the hydraulic pitch system, providing accurate and high dynamic control of
the blades’ angle, especially in the presence of high mechanical stress typical
of onshore and offshore wind turbines [30, 31]. These valves independently
change each blade’s angle facing the wind based on incoming signals from
a main controller on the wind turbine, and their performance and lifetime
are affected by weather conditions [32]. The hydraulic pitch system with
proportional valves provides an efficient and reliable way to optimize energy
production from wind turbines [30]. So, these valves are the main crucial
elements of one of the critical subsystems of the turbine i.e. the hydraulic
pitch system. Hence, in this section, the recent research on types of faults,
predicting the faults [33], troubleshooting [34] [35], and the remaining useful
life of these valves are discussed. The pictorial view of the proportional valve,
illustrating its structural and functional components, is shown in Figure 10.
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Figure 9 FTA extended from 2nd to 5th Level of Root causes for mechanical failures in
Solenoid Valve.
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Figure 10 Proportional valve pictorial view.

Raduenz et al. [36], Bhojkar [37] described a method for online fault
detection in hydraulic proportional directional control valves, with a focus on
measuring valve supply current and spool position. The authors talked about
how the internal closed-loop control system of the valve can compensate for
spool position errors caused by various internal malfunctions. Thus, the fault
cannot be identified or predicted by the spool position monitoring alone.
As a result, information about the fault can be obtained from the solenoid
current signal and the spool position. The dependencies of supply pressure
and reference control signal were analyzed to establish thresholds for healthy
valve behavior. A total of five valves were tested out of which three are double
solenoid and spring centered and two are single solenoid and single spring.
The method established required the prior testing for each valve to generate
patterns for healthy conditions. Experimental tests on five different valves
demonstrated the method’s generality and effectiveness in detecting faults i.e.
spring break and spool lock, allowing for early intervention and maintenance
planning. However, the detailed testing and data generation for threshold
comparison of each valve model at different operating conditions needs to
be characterized to that of the real operating conditions due to non-linear
changes in the properties of valve components.

Reinert et al. [38] analyzed a 4/3 proportional valve with electrical
position feedback, introducing various failures related to solenoids into the
feedback loop. Various fault scenarios on solenoids, mentioned in this pa-
per [38], were triggered on square and ramp reference signals and it was
demonstrated, using the linear control theory, that failures could be detected
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by monitoring the residual signals which were generated by measuring refer-
ence and actual position signals of the spool, i.e., where the preset limit value
of response time was higher than the normal response time of the valve. Also,
the integration of the coil current signals provides information on faults near
the zero position and failures in a closed loop. However, the load dependency
of these signals for predicting the failures in the valve was also discussed as
a future scope in the study.

Pedersen et al. [39] presented a fault detection algorithm for identifying
coil short-circuits that applies to both ON-OFF solenoid and proportional
valves. The temperature-independent method was employed using an ex-
tended Kalman filter (EKF) approach and a windowed dual-cumulative sum
(CUSUM) implementation, surpassing the requirements for high-frequency
measurements and temperature-dependent resistance estimation methods.
The EKF was enhanced to estimate coil resistance, and windowing accom-
modated variations in estimated resistance due to the EKF and temperature
changes. The approach consistently detected resistance changes down to 0.11
and 0.17 Ω for constant and sinusoidal varying input signals, respectively,
accurately identifying all changes amid parameter variations and increased
system noise. However, dependency on a precise flux linkage approximation
in the solenoid affected model precision, and including hysteresis in the flux
description could further enhance results. Experimental results demonstrated
the algorithm’s capability to detect a resistance drop emulating a coil short-
circuit, even with significantly increased noise in the experimental setup due
to the implementation of external resistance to simulate the fault.

Li et al. [40] proposed a novel fault diagnosis method for hydraulic
proportional servo valves, utilizing Grasshopper Optimized Support Vector
Machine (GOA-SVM). The spool movement block and solenoid aging failure
were taken as fault modes in this study. The approach employed wavelet
transform to denoise the spool position, pressure, and current signals, ex-
tracting time-frequency features through time domain, frequency domain,
and energy entropy analyses. GOA-SVM was employed for fault pattern
recognition based on the feature vectors, achieving over 95% accuracy in
experiments. It found the proposed method could overcome challenges in
effective fault diagnosis in practical applications, particularly for hydraulic
proportional servo valves. However, feature extraction can be dependent on
real-working conditions and the robustness of the proposed algorithm was
only demonstrated on the laboratory scale.

Ramos Filho and De Negri [41] model efficiently determines the limits for
an intact valve by estimating solenoid current in a servo-proportional valve.
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An error detection system that is based on rules can be created by utilizing
embedded electrical controller signals and pressure measurements. Various
faults like solenoid faults, spring faults, and faults due to fluid contamination
with effects were discussed in this paper, which provides insightful infor-
mation [42–46]. Even though the model is based on steady-state equations,
in unfavorable circumstances, there is a sizable discrepancy between the
estimated and actual current when accounting for transient pressures. When
estimates from the initial spool acceleration are ignored, the model can be
used for diagnosis in temporary situations. However, the sensitivity depends
on the application tolerance to variations in valve behavior, fluid filtration,
valve balance, and transducer quality. Table 4 The table presents recent
fault identification techniques for proportional directional valves, detailing
fault modes, detection algorithms, and test conditions with the implementa-
tion stage and classification of algorithms-based computational sources and
sampling requirements according to criteria discussed above.

Conti et al. [47], presented a method for valve failure identification for a
hydraulic press application, aiming for a predictive maintenance framework.
The leakage fault was created on the valve with a 0.1 mm incision on the
spool. Coil current and acceleration signals were used for the prediction
of fault. The time and frequency domain features of acceleration signals
and current signals were selected such as RMS and peak for defects. A
case study was conducted using 4/3-way flow directional control valves.
The flow-induced vibrations caused by leakage were seen to be captured
by 20—25 kHz acceleration RMS signals, and temporal signals for current
after 0.1 s of valve actuation were shown to be significant for fault iden-
tification. Furthermore, it was mentioned that the algorithms might not be
able to accurately identify leakage faults with less than 0.1 mm of incision.
Therefore, to detect early failure symptoms, the spectral feature extraction
and data fusion techniques were enhanced. Results from a particular case
study were compared with five machine learning methods, and it was found
that a data fusion process combining vibration and current data with a random
forest (RF) model produced predictions with a Jaccard index that was over
99%. The work was done on an ON/OFF directional control valve, but
proportional valves can also use a similar approach to identify leakage faults.
Table 5 discusses the accuracy of various fault identification techniques used
in different studies for hydraulic proportional directional control valves.

The bond graph method was employed by Athanasatos and Costopoulos
[48] to construct an accurate model of a high-pressure hydraulic system,
focusing on the system’s 4/3 way direction control valve and faults affecting
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Table 4 Recent Fault Identification Techniques and Signal Used for Proportional Directional
Valve
Type of Valve
(Signal)

Fault Modes Fault
Identification
Algorithms

Implementation
& Test
Conditions

Computational
Complexity &
Sampling
Frequency

4/3 Proportional
Directional Valve
(Current and
Spool Position)

Spool Lock and
Spring Break

FDA= Empirical
Regression Model
Accuracy = NM

Online Lab
experiment under
controlled
environment [36]

Low & NM

4/3 Proportional
Directional Valve
(Coil Currents and
Spool Position)

Solenoid Based
Fault

FDA= Controller
Signal Based
Accuracy = NM

Online Lab
experiment under
controlled
conditions [38]

Low & High

4/3 Proportional
Directional Valve
(Coil Currents and
Spool Position)

Solenoid
Short-Circuit

FDA= EKF
Accuracy = 100
%

Online Lab
experiment under
controlled
environment [39]

Medium & NM

Proportional
Servo Valve (Coil
Currents, Pressure
and Spool
Position)

Spool Block and
Solenoid Aging

FE = Wavelet
Transform
FDA= GOA-SVM
Accuracy =
97.29%

Stage 1 Lab
experiment under
controlled
environment [40]

High & Medium

Servo-
Proportional
Valve (Pressure
and Spool
Position)

Solenoid Fault
Spring Fault

FDA=
Model-Based
Accuracy = NM

Online Lab
experiment under
controlled
conditions [41]

Low & NM

Hydraulic
Solenoid Valve
(Current and
Vibration)

Leakage Fault FDA= Random
Forests
Accuracy = 99 %

Stage 1 Lab
experiment under
controlled
environment [47]

High & NM

*

FE = Feature Extraction, FDA = Fault Detection Algorithm, FS = Feature Selection, NM = Not
Mentioned

the valve spool motion profile. Three alternative motion profiles, each indi-
cating a potential problem, were examined to determine how they affected
important output characteristics. The outcomes of the tests showed that
differences in the valve spool travel time and speed had a major influence
on variables including pressure in cylinder chambers, load velocity, and
vertical displacement. The results shed light on how to isolate faults, diagnose
problems, and improve the motion profile of the valve spool for better system
performance. The authors discussed the applicability of validated digital
simulation models for hydraulic systems fault identification. Nevertheless,
there is little discussion of how these models may be applied in various
operating environments.
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Table 5 Accuracy of the Different Fault Identification Techniques in Different Works for
Hydraulic Proportional Directional Control Valve
Diagnosis Method Diagnosis Accuracy Reference
1.Support Vector Machine (SVM)
2.Decision Tree (DT)
3.K-Nearest Neighbor (KNN)
4.Artificial Neural Network (ANN)
5.Grasshopper Optimized Support Vector
Machine (GOA-SVM)

86%
92.6%
95.4 %
96.3 %
97.3 %

Li et al. [40]

1.Random Forests (RF)
2.SVM-rbf
3.SVM-Linear
4.k-Nearest Neighbor (k-NN)

99%
95%
98 %
18 %

Conti et al. [47]
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Elaborated in
Figure 13

Figure 11 FTA of proportional directional control valve.

Before moving towards the FTA of proportional valves which are in-
efficient in operation due to throttling and can lead to high operating
temperatures. For exploring new valves like independent metering valves and
integrated H-bridges, and may be applied in wind turbines in future. However,
the wind turbine industry is generally cautious about directly adopting new
solutions. Therefore, detailed testing of these valves is necessary before they
can be applied to turbines.

Figures 11, 12 and Figure 13 show the FTA for the hydraulic proportional
directional control valve. Most of the FTA is similar to that of the ON-OFF
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Figure 12 FTA extended from 2nd to 5th Level of Root causes for electrical failures in
proportional directional control valve.

solenoid valve except for valve hysteresis. It starts from the component level
failure which is shown as at the (0th) level. Because of the electro-mechanical
linkage in the proportional valve, the failures are classified as mechanical
failure and electrical failure at the (1st) level after the FTA. At (2nd) level,
the effects due to mechanical and electrical failures are shown. Most of these
effects are not directly measurable but can be estimated using high-fidelity
physics-based models or through effects at the system level shown by other
available sensors similar to the solenoid valve explained in 4.1. From (3rd)
level the root causes of the effects are elaborated till (5th) level. It is also
observed that some of the effects have multiple root causes when the FTA is
moved to a deeper-rooted level.
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Figure 13 FTA extended from 2nd to 5th level of root causes for mechanical failures in
proportional directional control valve.



500 Gyan Wrat et al.

4.3 Hydraulic Cylinders

The hydraulic pitch system of wind turbines utilizes hydraulic cylinders as
actuators to control the pitch angle of the turbine blades. Cylinder faults in
hydraulic pitch systems can lead to reduced energy conversion efficiency
and reliability, but just as severely it may affect the up-time of the turbine,
as faults may lead to inability to shut down the turbine because of failure
in aerodynamic braking action provided by blades at pitch angle of 90◦.
Research in fault detection algorithms for wind turbine pitch actuators has
been conducted to address the issues. This section discusses the various
faults occurring in the hydraulic cylinder along with the fault detection and
condition monitoring algorithms that have been considered in the literature.
In the end, the gist of the available literature is used for constructing the
Fault Tree of the cylinder, which is discussed in the later part of this section.
Figure 14 shows the sectional view of the hydraulic cylinder with labeling
of its main parts, the linear position sensor shown here is optional in most
hydraulic cylinders.

Habibi et al. [49] developed a fault-tolerant constrained control solu-
tion for handling arbitrary initial conditions for wind turbine pitch actuator
regulation, aiming to improve energy conversion efficiency and reliability.
The paper addressed how variations in the operating conditions affect the
pitch actuator dynamics [50–52], leading to ineffective power management
while excluding the effect of blade aerodynamic profile change. The article’s
primary effort created fault-tolerant control for pitch systems that had pitch
actuator mechanism faults. Nonetheless, this article’s primary goal is to go
over the effects of pitch actuator defects. Mathematically, the faults in the
pitch actuator dynamics were introduced with the change in damping ratio
and natural eigenfrequency along with the bias and gain for error and loss

Sensor Rod
Sensor Head Rod

Piston

O-Ring Rod SealPiston Seal

Figure 14 Hydraulic cylinder pictorial view.
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in the contol effectiveness of the pitch actuator, which leads to the system
to be uncontrollable by pitch. The reasons for the actuator dynamic response
change discussed in the article are high air content in hydraulic oil, hydraulic
leakage, and pump wear, which leads to a change in dynamic characteristics
of flow and pressure due to leakage in the pumps.

While there has been limited research on cylinder faults in wind turbines,
research on cylinder faults have extended to a long range of other areas.
Therefore in the following, focus will be on methods for identifying hydraulic
faults in other areas and/or in a more general context, including the several
kinds of cylinder failure modes.

The hydraulic cylinder failures in hydraulic press machines were studied,
and fault identification techniques using the vibration sensors in existing
machine set-ups were also developed by Zhe et al. [53]. A machine learning-
based failure diagnostic system based on the Gaussian Process Regression
model with its suitability for detecting faults for intermittent hydraulic press
operation was implemented. The decrease in oil pressure in the hydraulic
press due to oil leaks in cylinders was focused on failure. A model based
on standard deviation, crest factor, and maximum signal values for normal
operation was established, utilizing deviations and temporal changes to detect
failures and anomalies. Consequently, the feasibility of predicting failures by
monitoring these variations was demonstrated. However, the results were not
compared quantitatively for each learning method.

A novel method was proposed by Jose et al. [54] to detect and classify
cross-port leakage severity in a hydraulic excavator’s boom actuator, and
the method also applies to similar machines. The pressure and boom angle
sensors were used for the leakage fault prediction and early detection, aimed
to prevent further damage. A total of 27 features were extracted from these
two sensors and were categorized into five categories. The Binary Particle
Swarm Optimization (BPSO) method was implemented to find the most
effective features for fault prediction and for training an SVM classifier.
This achieved a maximum classification accuracy of 97.5 %. However, the
applicability of the algorithm was not verified for the different load profiles
to prove its robustness.

A particle filter-based quantitative fault diagnostics method was proposed
by Zhang et al. [55] for hydraulic cylinders and validated within a stochastic
framework. The authors discussed the common faults in hydraulic cylin-
ders, i.e., excessive friction and internal and external leakage. The main
contributors to the mentioned faults are wear and tear of seals, tempera-
ture fluctuations, and fluid degradation [56–60]. The authors also critically
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commented on the drawbacks of using machine learning algorithms for fault
classification. The authors discussed the accuracy of matching training data
derived from injecting artificial faults with real-world scenarios is a subject
of debate. While physics-based methods are effective in fault detection,
however, they encounter difficulties when it comes to fault diagnosis. To
overcome these challenges, the authors developed a particle filter-based quan-
titative fault diagnostics technique through carefully designed experiments.
The main focus of the work was on the estimation of time-varying parameters,
i.e., friction and internal and external leakage coefficients. These parameters
relate to the degree of health of the cylinder. The particle filter method
shown in the article demonstrated consistent accuracy exceeding 91%, even
under diverse operational conditions for estimation of the time-varying pa-
rameters as discussed. The obtained results provide reliable state-parameter
estimations, positioning the method as highly suitable for condition-based
maintenance of hydraulic cylinders.

In the work done by Wang et al. [61], the hydraulic cylinders used in a
cable pendulum bar in a space launch tower show the internal leakage iden-
tification through wavelet analysis and the back-propagation (BP) algorithm.
The internal leakage fault was emulated using a throttle valve that had been
added parallel to the cylinder inlet and outlet ports. Wavelet analysis was
applied to the segment of the pressure sensor’s signal. The various features
of the inlet pressure signal like mean value, root mean square, skewness, and
kurtosis of the wavelet coefficient served as inputs for an employed BP neural
network, accurately diagnosing non-leakage, small leakage, medium leakage,
and large leakage in the hydraulic cylinder. The experimental results showed
that the proposed method accurately identified the leakage patterns and
provided quantitative results. However, the algorithm is specifically trained
for an application with predetermined load cycles, making it tailored to that
particular use case. Also, the approach of inducing a fault using a throttle
valve appears ineffective in simulating the fault, as the throttle valve exhibits
stable flow characteristics that must be met before a consistent leakage can
be generated.

An overview of current fault detection methods for hydraulic and pneu-
matic cylinders is given in Table 6, which also includes information on the
kind of cylinder, the signal used, fault identification algorithms, methods
of implementation, and online applicability. For more information, see the
references provided for each source. To find internal and external leaks, ex-
cessive friction, and other problems in hydraulic cylinders, researchers have
used a variety of techniques, including vibration analysis, pressure, angle,
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and position monitoring. The accuracy numbers listed in the table are unique
to the corresponding research and could change depending on the settings
and setup of the experiment. A variety of techniques, including Principal
Component Analysis (PCA), Convolutional Neural Network (CNN), Particle
Filter, Wavelet Transform (WT), Principal Component Regression (PCR),
and others, have been used by researchers for efficient fault identification. The
algorithms based upon machine learning first start with the feature extraction
from the standard available sensors in hydraulic systems, and later faults
and their levels are classified using trained Machine Learning (ML)-based
classifiers, which are mostly done in the post-processing stage. However,
once the ML is trained based on all operating scenarios then it can be
deployed on real-time applications.

Table 7 presents the accuracy of various fault identification techniques
employed in different studies for hydraulic cylinders.

A method for diagnosing hydraulic cylinder seal wear and internal leak-
age faults was proposed by Qiu et al. [62] to understand internal leakage
mechanisms. The computational flow dynamics (CFD) simulation was done
to study the flow field inside the internal leakage areas of the cylinder. In re-
sponse to the practical limitations of employing throttle valves for simulating
leakage faults, the authors introduced a more realistic approach by creating
triangular microchannels, with dimensions of 1 mm and 2 mm, to better
emulate the occurrence of leaks. The oil leakage was shown by extracting
energy features like energy variance, and energy entropy from pressure sig-
nals using wavelet packet transform and constructing fused energy statistics
for diagnosis. Comparative evaluations with seven classification algorithms
demonstrated the method’s effectiveness in fault classification, even with
small samples. The results indicated superior fault diagnostic accuracy com-
pared to other algorithms, offering a novel approach for addressing piston seal
wear and internal leakage in hydraulic cylinders. However, the CFD model
developed in the article was used for creating a theoretical background for the
selection of pressure signal features for fault diagnosis, but the model was not
validated with experiments.

Ding et al. [65] examined early weld joint failure in a lightweight loader
hydraulic cylinder design to determine where the structural design expe-
rienced excessive stress. To improve the end cap structure and lower the
amount of stress at the weld seam, finite element methods were applied.
Large spherical inclusions were shown to be the cause of fatigue fractures,
and the study suggested using welding materials with a reduced amount
of carbon and clearing interlayer slag carefully to reduce the production of
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Table 6 Recent Fault Identification Techniques and Signal Used for Hydraulic Cylinder
Type of Cylinder
(Signal)

Type of Fault Fault Identification
Algorithms

Implementation &
Test Conditions

Computational
Complexity &
Sampling
Frequency

Hydraulic
(Vibration)

Internal Leakage FDA= Gaussian
Process Regression
(GPR) FS = Support
Vector Machine
(SVM)

Stage 1 Lab
experiment under
controlled
environment [53]

High & High

Hydraulic
(Pressure & Angle
(Position))

Internal Leakage FE= BPSO
FS = SVM Accuracy
= 97.5%

Stage 1 Lab
experiment under
controlled
environment [54]

High & NM

Hydraulic
(Pressure &
Position from
SimScape Model)

Internal &
External Leakage
Excessive Friction

FDA= Particle Filter
Accuracy = 91 %

Online Lab
experiment under
controlled
environment [55]

Medium & NM

Hydraulic
(Pressure)

Internal Leakage FE = Wavelet
Transform FS= BP
Neural Network

Stage 1 Lab
experiment under
controlled
environment [61]

High & NM

Hydraulic
(Pressure)

Internal Leakage FE= Wavelet
Transform
FDA = Principal
Component Analysis
Accuracy = 99.25 %

Stage 1 Lab
experiment under
controlled
environment [62]

High & High

Hydraulic
(Pressure)

Internal Leakage FE= Wavelet
Transform
FS = SVM
Accuracy = 97.5 %

Stage 1 Lab
experiment under
Real environment
Condition [63]

High & High

Hydraulic
(Multiple Sensors)

Internal Leakage FE& FS= CNN
Accuracy = 99.8 %

Stage 1 Lab
experiment under
controlled
environment [64]

High & Low

Hydraulic
(Acoustic Sensor)

Fracture Failure FE= FEM
Accuracy = NM

Stage 1 Lab
experiment under
controlled
environment [65]

Low & Low

Hydraulic
(Pressure Sensor)

Internal Leakage FE= Wavelet
Transform (WT)
Accuracy = 80 %

Stage 1 Lab
experiment under
controlled
environment [66]

High & Medium

Hydraulic
(Pressure)

Internal Leakage FE= EEMD & DWT
FS= HHT
Accuracy = NM

Stage 1 Lab
experiment under
controlled
environment [67]

High & Medium

Pneumatic
(Flow-rate &
Pressure)

Internal Leakage FE= SAE
FS= SVM
Accuracy = 91-100 %

Stage 1 Lab
experiment under
controlled
environment [68]

High & Low

*

FE = Feature Extraction, FDA = Fault Detection Algorithm, FS = Feature Selection, NM = Not
Mentioned, Multiple Sensor = Refer at the text of particular reference
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Table 7 Accuracy of the Different Fault Identification Techniques in Different Works for
Hydraulic Cylinders

Diagnosis Method Diagnosis Accuracy Reference

Support Vector Machine (SVM) 97.5% Jose et al. [54]

Wavelet packet transform (WPT) 91% Qiu et al. [62]

WPT-SVM 97.5% Ma et al. [63]

Particle Filter 91% Zhang et al. [55]

Back-Propagation Neural Network (BPNN) 89.09% Wang et al. [61]

Convolutional Neural Network (CNN) 99.8% He et al. [64]

carbide. The hydraulic cylinder’s fatigue life was increased by the redesigned
structure, as demonstrated by finite element simulations. The authors of the
paper examined how an engineering defect caused the hydraulic cylinder to
fail and provided a rationale for using FEM to improve the cylinders’ designs
after failure.

The development of a hardware-in-the-loop (HIL) simulator environment
for researching fault-tolerant control and monitoring of conditions in fluid
power actuation systems has been outlined in Karpenko and Sepehri [69].
The common faults such as cylinder piston leakage, changes in the bulk
modulus due to air/water contamination, rod seal leakage, hydraulic pump
leakage, low supply pressure, filter blockage, and increased viscous friction
were discussed [70]. Using a hydraulic test bench, the simulator replicated
common failure modes, facilitating real-time testing under aerospace-like
conditions. The HIL experiments demonstrated the simulator’s functionality
and its relevance for developing and testing fault-tolerant control and condi-
tion monitoring schemes in fluid power actuators, emphasizing the potential
impacts of flight actuator failures on aircraft performance. However, the
paper may not address the integration of the HIL simulator with modern
technologies such as artificial intelligence, machine learning, or advanced
data analytics, which could enhance fault detection and diagnosis capabilities.

An Acoustic Emission (AE) technique was utilized by Zhang et al. [56]
for hydraulic cylinder internal leakage analysis. Original AE signals were
decomposed using complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN), distinguishing leakage levels through the first
intrinsic mode function (IMF1) component analysis. However, the linkage of
the change of leakage values with the pressure is not included in the algorithm
development technique.
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Goharrizi and Sepehri [66] presented the first application of the Wavelet
Transform (WT) method for detecting and quantifying internal leakage faults
in hydraulic actuators. Pressure in one actuator chamber provided a reliable
signal source for diagnosis. Using Daubechies eight wavelet, the method
demonstrated effective detection of internal leakages as low as 0.124 L/min
in average, with corresponding level-two detail coefficients falling below
the threshold value 80 % of the time. The rms values decreased with the
severity of leakage, enabling more readily detection of severe leakages. In
continuation of the work, the authors published another work on leakage fault
identification as [67] introduced the application of the Hilbert-Huang Trans-
form (HHT) to detect internal leakage faults in valve-controlled hydraulic
actuators. The increase in the hydraulic cylinder damping was observed for
the increase in the leakage of the cylinder. This affects the pressure signal
transient response. Hence, the pressure signals were utilized for the extraction
of the Intrinsic Mode Functions (IMFs) using EEMD analysis. After applying
the Hilbert Transform (HT), the instantaneous frequencies and amplitudes
were obtained from the IMFs from the healthy cylinder and the cylinder
with leakage fault. It was also observed that IMF1, which contains the high-
frequency component of the decomposed signal, contains the most noticeable
effect due to leakage in terms of a decrease in the instantaneous amplitude.
Also, the root mean square value of the instantaneous amplitude obtained
from the EEMD and HHT was calculated and it was decreased with the
increase in the leakage. The effectiveness of the algorithm, validated on a
fully instrumented test rig, demonstrated sensitivity to internal leakage as low
as 0.124 L/min. The HHT-based technique and discrete wavelet transform
(DWT), are equally capable of identifying the leakage while the latter was
more computer-intensive. Additionally, the article assessed the effectiveness
of the algorithms for leakage detection in situations of increased friction,
demonstrating that DWT leakage detection was more resistant to variations
in friction qualities than HHT. The work was intended for a flight actuator
application, but for wind turbines, the operating characteristics are different
due to turbulence in the wind. Hence the effectiveness of the algorithms
cannot be generalized.

The Wavelet Packet Transform-Support Vector Machine (WPT-SVM)
method, proposed by Ma et al. [63], diagnoses faults in the wing lifting
and lowering hydraulic system. Validated against an actual Very Large Crude
Carrier (VLCC) hydraulic system. Six leakage fault modes were classified us-
ing an SVM-based multi-classification model to effectively identify leakage
faults. Before the SVM multi-classification, the model of the wing hydraulic
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system was validated, and different fault modes were added to the model.
The simulation involved introducing six different leakage clearances in the
Electro-hydraulic reversing valve to simulate a leakage scenario. The study
then demonstrated how these clearances affected the pressure signals in the
piston side chamber of the hydraulic cylinder. Similarly, the six different
fault modes were simulated by varying the leakage clearance in the hydraulic
cylinder. The internal leakage in the hydraulic cylinder showed the effect
on both the piston and rod side chambers of the hydraulic cylinder. Hence,
pressure signals were selected for feature extraction using the Wavelet Packet
Transform (WPT). The features were sub-band energy levels which were
named wavelet packet energy, packet entropy, and energy variance. As men-
tioned before, the features were tagged and classified using the SVM for both
piston- and rod-side chambers of hydraulic cylinders. The method showed an
effectiveness of 97.5%. However, the system targeted in the study had a well-
defined duty cycle as compared to what was experienced in wind turbines.

Leakage faults in two parallel-installed pneumatic cylinders were de-
tected and diagnosed by Zhu et al. [68] using diverse signals and machine
learning methods. While pneumatic cylinders and hydraulic cylinders differ
in their working pressures and load capacities, algorithms designed for pneu-
matic systems can still be evaluated through testing on hydraulic applications.
Two flow control valves with two flow sensors for each cylinder were used
to simulate and measure the leakage faults. A total of eight fault levels in
leakage, i.e., four in each cylinder, were created. The authors normalized
the pressure signal, flow rate signals, and exergy signals of the compressed
air system taken at the single upstream point. The stacked auto-encoder
(SAC) algorithm was used for feature extraction and dimensional reduction
from the normalized data points. Next, three classifiers namely Gaussian
Process Classifier (GPC), Support Vector Machine (SVM), and k-Nearest
Neighbor (KNN) were utilized to assess their performance on the three
discussed datasets for categorization of faults. The exergy signal, surpass-
ing the sensitivity of flow rate and pressure signals to system conditions,
demonstrated consistent insensitivity, resulting in an average accuracy im-
provement ranging from 0.62% to 33.12%. The research suggested opting for
the SVM classifier in comparable pneumatic system scenarios for effective
and precise fault diagnosis, highlighting its superior performance and lower
computational complexity in comparison to the Gaussian Process Classifier
(GPC) and k-Nearest Neighbor (KNN) classifiers. However, a similar kind
of approach can be adopted for the hydraulic cylinder, as shown here for
pneumatic cylinders.
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Na et al. [71] introduced a real-time hydraulic cylinder internal leakage
fault detection method based on wavelet analysis. The pressure data of
the piston side chamber were used for the development of a fault iden-
tification algorithm. The obtained experimental data revealed that wavelet
analysis, not relying on precise mathematical models, offers a simpler, more
cost-effective implementation, allowing real-time monitoring and performing
post-processing during hydraulic cylinder operation. The experimental veri-
fication demonstrated the feasibility of the approach in practical engineering,
emphasizing its significant value for detecting internal leakage faults in
hydraulic cylinders. However, because of the throttle valve’s minimum flow
requirement and the constant load that was simulated on the cylinders, the
method of creating a fault by adding the throttle valve appears to be far from
the real fault condition. Thus the algorithm’s viability needs to be examined
for changing loading circumstances.

He et al. [64] proposed a method utilizing Convolutional Neural Networks
(CNN) for internal leakage detection in hydraulic cylinders used in the
more efficient Electro-Hydrostatic Actuators (EHA). The multi-scale CNN
was obtained for extracting the features at different scales of the asserted
datasets. However, if more layers in CNN are used, it may lead to gradient
dispersion. This fact is also discussed by the authors. The training of the CNN
involved utilizing a combination of various signals such as pressure, pressure
difference, actuator speed, electric motor speed, and current consumption
as datasets. The Feed-Forward Neural Network (FFNN) was also used for
preparing additional datasets, i.e., pressure difference and linear position of
the actuator-dependent speed of the electric motor and current of the motor,
including pressure differences in the data set which yields more intrinsic in-
formation. Experimental results demonstrated a 99.8 % accuracy in detecting
internal leakage under non-stationary load and velocity conditions.

Referring to Figures 15, 16 and 17, the fault tree of the hydraulic cylinder
is presented. From studying the literature, it has been found that internal
leakage is the most common type of fault that occurs due to seal failure
in the hydraulic cylinder [72–88]. The article published in Machinedesign
magazine [75] explains the reasons for the escalation of seal failure. It was
mentioned that it starts with the hardening of seals due to exposure to high
temperatures, and wear due to insufficient lubrication, improper installations
can cause cuts or dents leading to scarring of the dynamic lip of the seal. Also,
the fluid contamination and chemical erosion of seals leads to wear and leaks
in the system. The seal wear also contributes to the increase in friction, which
further reduces the performance of the actuator. This results in increased heat
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Figure 15 FTA of hydraulic cylinder.
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Also the root cause
of Structural
Failure

Figure 16 FTA extended from 2nd to 5th level of root causes for leakage failures in hydraulic
cylinder.

generation, which further reduces the seal properties and results in a vicious
cycle of root causes resulting in rapid failure. The fluid contamination also
contributes to the root cause of failure.

Sensors such as pressure and cylinder position have played a crucial role
in the hydraulic pitch system of wind turbines, contributing significantly to
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Figure 17 FTA extended from 2nd to 5th level of root causes for structural failures in
hydraulic cylinder.

their performance, safety, and overall output [89–91]. However, the pitch
cylinder position sensor plays a crucial role in regulating the pitch angle accu-
rately for optimal wind energy conversion by applying a closed-loop feedback
control system and also plays a pivotal role in ensuring the efficiency and
reliability of the pitch control system in wind turbines. Various sensors that
monitor and control the pitch angle are central to the efficient functioning
of the system, ensuring safe and effective operation. However, sensor faults
within the hydraulic pitch system can lead to operational disruptions, safety
concerns, and decreased energy output. Understanding the nature, causes, and
consequences of sensor faults is crucial for maintaining the reliability and
performance of wind turbines [92].

4.4 Sensors Used in Hydraulic Pitch System

Halder [93] conducted a simulation study to investigate the detection
of sensor and process faults, characterized as parametric deviations. The
study utilized an Extended Kalman Filter (EKF) in an electro-hydraulic
actuator-driven flex nozzle control system. Multiple EKFs were employed
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to detect faults, including LVDT signal failure, pressure transducer signal
failure, flex-seal stiffness fault, and bulk-modulus faults in electro-hydraulic
actuation systems using OPAL-RT/RT-LAB. The EKF-based estimator ac-
curately estimated states such as position and differential pressure, as well
as physical parameters like flex-seal stiffness and bulk-modulus. The for-
mulation of a Fault Diagnosis Matrix (D-Matrix) utilized the distinct fault
patterns observed during each fault. It was found that the proposed approach
was deemed suitable for continuous health monitoring of electro-hydraulic
actuators in tactical aerospace vehicles, particularly concerning process or
sensor faults. Youssef et al. [94] introduced a novel method for addressing
the design of a Proportional Integral observer to estimate actuator and sensor
faults based on a Takagi–Sugeno fuzzy model with unmeasurable premise
variables. The study utilized a nonlinear model of a three-tank hydraulic
system for simulation analysis. The faults were assumed to be time-varying
signals with bounded kth time derivatives. Simulation results included the
estimation of states, output, and errors for time-varying actuator and sensor
faults using Lyapunov stability theory and L2 performance analysis. The
Proportional Integral observer gains were computed by solving proposed con-
ditions under Linear Matrix Inequalities constraints. The obtained simulation
results demonstrated good simultaneous estimation of states, actuator, and
sensor faults.

Yanqing et al. [95] developed a practical system focused on identifying
faults in solenoid valves, specifically targeting the neutral function and recog-
nizing specific faults such as limit switch and pressure sensor failures. Fault
tests were conducted on a hydraulic drive platform using pressure sensor
chips and limit switches. The tests involved three types of faults: output
signal staying at a fixed value, output signal irregularly hopping, and output
signal being under normal healthy operating conditions; across six sensing
elements of one testing unit comprising nine different valve types, totaling
162 different working conditions. The experimentation aims to extract failure
indications from the test data and establish a reliable fault diagnostic tech-
nique. Experimental results found that an SVM-based classifier achieved a
significant classification accuracy of 95.68% across the testing cases.

Helwig et al. [96] introduced a Condition Monitoring (CM) approach to
cover a wide range of detectable fault types, encompassing continuous faults
related to the hydraulic system and various sensor faults of the installed
sensor network. The proposed approach was developed to identify sensor
faults before they arise, such as noise, signal peak, drift, or constant offset.
The hydraulic experimental setup was used for training data collection of
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faults of components such as the main pump, valve, accumulator, and cooler.
The feature extraction, selection, and supervised learning of obtained data
was conducted utilizing Linear discriminant analysis (LDA) and Artificial
Neural network (ANN). Comparing both both classifications the ANN clas-
sifier showed a 20% higher detection rate as compared to LDC. The sensor
fault-tolerant control (SFTC) technique, as performed by Van Nguyen and Ha
[97], addressed a nonlinear Electro-hydraulic actuator (EHA) system. The
Mini Motion Package (MMP) system was developed, and a mathematical
model for position tracking control was formulated and improved using a
proportional-integral-derivative (PID) controller. To estimate states, distur-
bances, and sensor faults, an unknown input observer (UIO) was constructed,
enabling a stable control error to be obtained through a linear matrix inequal-
ity (LMI) optimization algorithm based on Lyapunov’s stability condition.
In simulations, the SFTC technique demonstrated approximately 93.78%
performance of tracking position reference in the case with a disturbance
and 94.91% in the case without a disturbance. It was observed that the
fault and disturbance nearly canceled out utilizing the SFTC technique. In
experiments with a real MMP system, the average performance obtained
59.82% when employing the SFTC technique. With the SFTC technique,
the average performance increased by 65.51% (from −5.69 % to 59.82%),
which minimizes the faults and disturbances and improves the stability of
the system. Li et al. [98] proposed the Kalman filter, combined with fiber
Bragg grating (FBG) sensors, to detect faults in the hydraulic pipeline system.
By causing pipeline collisions and clamp loosening, real-time experiments
were carried out to validate the suggested method for locating hydraulic
pipeline system problems. For obtaining the pipeline vibration signal, a low-
dimensional autoregressive (AR) model was developed, and the Kalman
filter technique was applied to estimate the state of the pipeline system. The
obtained results showed that FBG sensors, with high precision in detecting
fault vibration signals, outperformed acceleration sensors. The Kalman filter
exhibited strong sensitivity, proving effective for fault detection and mainte-
nance in hydraulic systems. A novel Active Fault-Tolerant Control (AFTC)
was introduced by Mazare et al. [99] for wind turbine pitch angle control.
The faults considered include bias and gain degradation faults of Pitch sensor
faults as well as pump wear, hydraulic leakage, and high air content in the oil
faults of Pitch actuator faults. The approach incorporates time delay estima-
tion (TDE) for fault detection and a combination of back-stepping, terminal
sliding mode (TBSM), and adaptive fractional-order control for increased
robustness. For stability analysis Lyapunov theory was implemented and for
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the effectiveness of proposed method the aero-elastic wind turbine simulator
FAST simulator was used in faulty and healthy conditions. Using AFTC the
obtained effectiveness for rotor speed as measured by the fit function, given
by Equation (1), between estimated and actual rotor speed was 96.34%.

fit ≡ 100

(
1−

√∑
(ωest − ω)2√∑
(ωest − ω∗

r )
2

)
(1)

The proposed method shows advantages such as easy TDE-based Fault
Detection (FD) implementation, fast finite-time convergence, and precision
with the super-twisting algorithm. It furthermore exhibited fault and uncer-
tainty compensation, along with independence from prior fault knowledge.
Phan and Ahn [100] introduced advanced fault tolerant control (FTC) to
the electro-hydraulic servo system (EHSS) dynamics model, effectively
overcoming negative influences like disturbance, uncertainties, and multi-
ple sensor faults. Three Nonlinear Unknown Input Observers (NUIO) were
deployed for simultaneous detection and estimation of sensor faults, suc-
cessfully identifying and isolating position, velocity, or load pressure sensor
faults. The advanced FTC scheme, comprising Dynamic surface control
(DSC), NUIO, and Extended State Observers (ESO), provided continuous
tracking control regardless of sensor faults and disturbances, with stability
and asymptotic tracking convergence verified by the Lyapunov theory. The
simulation studied performed the proposed method using MATLAB to evalu-
ate performance under the influence of sensor fault and lumped uncertainties.
The Simulation results obtained from comparison studies demonstrated the
effectiveness of the proposed algorithm. Table 8 summarizes recent fault
identification techniques for hydraulic sensors in various components.

Deep learning-based condition monitoring was also applied by König
and Helmi [101] to a multi-sensor dataset of a hydraulic installation. 1D
convolutional neural networks (CNN) were designed to capture the tempo-
ral evolution of the sensor signal without explicit feature engineering. In
this work, the general hydraulic test bench was considered for creating the
dataset by emulating the faults in the major components using the auxiliary
components. Various faults like internal pump leakage, pressure drop in the
accumulator, valve delay, and reduced cooler efficiency has been studied for
monitoring the fault effects on the components. The study focused on key
components of the hydraulic circuit, including the pump, accumulator, elec-
tric motor, unloading solenoid valve, pressure relief valve, check valve, and a
flow control valve with an on-off solenoid. Additionally, four accumulators,
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Table 8 Recent Fault Identification Techniques and Signal Used for Hydraulic Sensor
Experimented
Componenet

Sensors Type Fault Identification
Algorithms

Implementation
& Test
Conditions

Computational
Complexity &
Sampling
Frequency

Solenoid Valve Limit Switch
Pressure Sensor

FE = average change
value FS = Support
Vector Machine
(SVM)
Accuracy = 95.68%

Stage 1
Lab experiment
under controlled
environment [95]

High & High

Hydraulic
Cylinder

Linear variable
differential
transformer
(LVDT)

FDA=Unknown Input
Observer (UIO)
Accuracy = NA

Stage 1
Lab experiment
under controlled
environment [97]

Medium & Not
Provided

Hydraulic
Pipeline

FBG sensors
accelerometer

FDA = Kalman Filter
(KF) Fiber Bragg
Grating (FBG)
Accuracy = NA

Stage 1
Lab experiment
under controlled
environment [98]

Medium & High

*

FE = Feature Extraction, FDA = Fault Detection Algorithm, FS = Feature Selection, NM=Not Mentioned

each charged at different pre-charge pressures and equipped with on-off
solenoid valves, were analyzed. Sensor components were used to monitor
system performance, while potential hydraulic system faults considered in-
cluded cooler efficiency degradation, valve switching degradation, internal
pump leakage, and gas leakage in the hydraulic accumulator.

The system demonstrated high accuracy in proper fault characterization,
and a misclassification analysis was conducted. The study focused on CNN
model interpretability, optimizing the number of sensors through attribution
analysis and reducing the feature set without compromising accuracy. After
experimentation, the cooler variable achieved an overall classification accu-
racy of 99.6 % and a Mathews Correlation Coefficient (MCC) of 0.992. To
clarify the difference between classification accuracy and Mathews Corre-
lation Coefficient (MCC), the later is a more robust and balanced metric
when it comes to the imbalanced datasets than the former. Accuracy only
considers the total correct predictions, so it can be inflated by the majority
class, while MCC considers the balance between true and false predictions
for both classes, giving a more nuanced and reliable evaluation of the model’s
performance. So for more awareness among the readers, the benefit of writ-
ing about MCC in binary classification problems can be useful. The valve
variable achieved an accuracy of one and an MCC of one, while the internal
pump leakage variable achieved an accuracy of 97% and an MCC of 0.91.
Additionally, the hydraulic accumulator obtained an accuracy of 98.2% and
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an MCC of 0.947. The obtained results show the potential of attribution
analysis for feature selection in designing condition monitoring systems. A
two-staged Fault Detection and Diagnosis (FDD) approach was proposed
by Mallak and Fathi [102] utilizing a Long Short-Term Memory (LSTM)
autoencoder for fault detection and a subsequent classification process for
fault diagnosis. The proposed method was applied in experiments involving
different fault types, sensor faults, and component faults. After experimen-
tation, the sensor fault detection found 62% signal difference accuracy, and
applying LSTM autoencoder, the accuracy was observed as 71%, where the
signal difference accuracy was calculated by taking the amplitude of the
difference of two time series.

For the component fault detection signal difference accuracy observed as
69% and using proposed as 71%. In another experiment, the time-domain
extracted features along with CART and LSTM classifiers for sensor fault
were found with diagnosis accuracies of 99.51% and 96.84%. Finally, for
the components fault with all multi-variant features, Feature Importance
(FI) combined with an all ML classifier showed extremely high accuracies
exceeding 98%. The obtained experimental data demonstrated superior detec-
tion accuracy and highlighted the significance of tailored feature engineering
in the diagnosis phase. The obtained results indicated a reduction in time and
computational complexities. [103] describes a knowledge-based system de-
signed to detect and mitigate sensor faults in a ball-screw electro-mechanical
actuator system connected mechanically to a hydraulic load cylinder for load-
ing. The system employs an expert system approach to model and diagnose
sensor faults such as bias, drift, scaling, and dropout, as well as system
faults. Sensor value correction is utilized to compensate for faulty sensors,
with control and data acquisition performed by real-time software running
on a dSPACE platform. Vibration in the Z-direction is measured using an ac-
celerometer, temperature is measured by a T-type thermocouple, and LVDT,
load cell, and current transducers are also employed for fault diagnosis. The
obtained results using KB approaches demonstrate comparable performance
with a deployed Neural Network-based system but with expanded capabil-
ities and flexibility for handling different fault scenarios. A Sensor Fault
Estimation (FE) scheme developed by Djordjevic et al. [104] for uncertain
Lipschitz nonlinear systems addresses hydraulic servo actuators. The scheme
involves transforming the original system into two subsystems, effectively
addressing system uncertainties and sensor faults separately. A Sliding Mode
Observer (SMO) approach utilized to rationalize the FE and make the system
more robust. The impact of system uncertainties on the estimation errors
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of states and faults is minimized by integrating an H∞ uncertainty attenu-
ation level into the observer’s linear matrix inequality (LMI) optimization.
The obtained simulation results confirm the scheme’s effectiveness in the
presence of uncertainties, demonstrating its applicability and feasibility for
hydraulic systems. A fault diagnosis method for detecting sensor faults in
electro-hydraulic actuators proposed by Li et al. [105]. The method utilizes
quantum particle swarm optimization (QPSO) and least square support vec-
tor regression (LSSVR) algorithm to forecast sensor output and indicate
faults based on residual calculation. QPSO is employed to optimize hyper-
parameters for improved prediction accuracy. Simulation experiments show
that QPSO-LSSVR outperforms PSO-LSSVR in terms of prediction error and
convergence rate. The method is effective in detecting typical sensor faults in
actuator systems. The obtained simulation results demonstrated the feasibility
and improved performance of the proposed sensor fault diagnosis method.

An extensive literature review indicates that cylinder position and pres-
sure transducers are predominantly utilized, thereby contributing to a higher
rate of failure. Moreover, temperature sensors, accelerometers, load cells, and
current transducers are also employed to assess the functionality of hydraulic
systems. The fault tree for the hydraulic sensors employed in the hydraulic
pitch system is illustrated in Figures 18 and 19. This presents a general
overview of the failure that can occur in the sensors used in hydraulic systems.
It provides a comprehensive overview of the primary root causes and the
impact of these factors on the failure of hydraulic sensors.
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Figure 19

Figure 18 FTA of sensors used in hydraulic pitch system.
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Figure 19 FTA for hydraulic sensors from 2nd to 5th level.

5 Discussion

This article focuses on fault tree analysis of four key components of the
hydraulic pitch system, with the primary objective of identifying the major
faults that occur within these components. However, the study goes beyond
the identification of faults by delving into their root causes at a deeper level.
This approach provides stakeholders with a detailed understanding of the is-
sues and allows them to address the failure in the components systematically.
In addition to examining faults in components, the literature also emphasizes
the algorithms used to identify these faults, specifically at the component
level as shown in Tables 2, 4, 6 and 8.

Most of the literature studied shows that the machine learning algorithms
applied to historical data-sets are used to develop pre-trained models. Data for
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training for machine learning models have been collected by inducing faults
in components to speed up the data collection process at different failure
modes. Most of the data gathered are done at laboratory scale experiments
with known load profiles. Various types of sensors such as vibration, acoustic,
current, voltage and temperature, which are not currently used in standard
pitch systems, were used at high sampling frequencies that may either not
be possible with the current standard PLCs used in hydraulic pitch system.
However, it has not been evident that feature extraction algorithms will not
identify critical features based on low sampling frequency as used by current
PLC systems for data processing and logging. More focus on advanced
feature extraction algorithms that may work with lower sampling frequencies
may, therefore, be of interest. This could e.g. relate to faults like wear
inside components leading to internal fluid leakage, as these are slower in
development and therefore may be monitored with slow sampling frequency
signals captured by the data logging sampling in hand.

Table 9 shows the complexities of various ML algorithms are represented
using Big O notation to provide some rational about implementing these
algorithms for fault-detection in soft or hard real-time. However, its very
difficult to analyze ML algorithms using Big O notation alone due to its
non-deterministic nature, data dependency and algorithm variants. Based
upon computational complexity the algorithms, such as, SVM and Random
Forests can be deployed in real-time after training, provided the standard
PLC hardware is upgraded to PC-level capabilities. However, the inference
of these ML algorithms also requires higher computational resources due
to the complexity of feature extraction and processing. On the other hand,
model-based approaches like the Extended Kalman Filter (EKF) and Particle
Filter can be implemented online the existing system using a known model
of the system. However, these methods may require control loops with higher
sampling frequencies, around 1 kHz, which could exceed the capabilities of
standard PLC systems.

The machine learning models discussed in this article are initially trained
offline due to their high computational demands. However, some of these al-
gorithms are capable of running online and suggested algorithms are reported
in the tables formulated in each section related to the component type. These
algorithms can potentially be modified and tested at first place according to
the requirements of pitch system. With the evaluation of performance of these
algorithms the hardware can be upgrade. Upgrading the PC-based hardware
capabilities may increase the cost allocation for the pitch system. However,
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Table 9 Algorithms and Recommendations for Online Implementation
Algorithm Why It Is Suitable Big O Notation

(Complexity)[106]
Recommendation

Solenoid Valve
FE = WPD &
PCA, FDA =
C-SVM

Robust for classification
with small to
medium-sized datasets;
High training overhead, but
lightweight for inference
after training [17]

FE = O(n)
FDA
Training = O(n2)
Inference = O(n)

Use SVMs if pre-trained
offline; load the model for
real-time predictions

FE = PCA, FDA =
XG Boost

Robust for classification
with small to
medium-sized datasets;
High training overhead, but
lightweight for inference
after training [18]

FE = O(nf2) m: no. of
features
FDA
Training = O(T .n.f .logm)
Inference = O(T .logn)
T : no. of trees
n: no. of training samples
f : no. of features

Use SVMs if pre-trained
offline; load the model for
real-time predictions

FE = EEMD &
TEO
FS = FRSSD &
mRMR
FDA = CNN

Decomposes complex
signals into intrinsic mode
functions; Adept at
capturing instantaneous
energy variations in
signals; Selects features
that maximize class
separability [19]

FE = O(S.n.logn) for
EEMD
O(n) for TEO
S: no. of ensemble size
FS = O(n2)
FDA Training =
O(e.n.f .k2) Inference =
O(n.f .k2)

For online implementation
requires significant
computational resources
and efficient algorithms to
process data in real-time.

FDA= CAE
Hypersphere
Based
Classification

Classification offers a
robust framework for fault
diagnosis in hydraulic
solenoid valves effectively
handling both known and
unknown fault types [20]

Training =
O(e.n.f .k2+n.L)
Inference = O(f .k2+C.L)

Heavily relies on
high-quality labeled data
for training; For
Implementing online
computational efficiency
must be optimized

FE = Wavelet
FDA = Diagnostic
Decision and
Comparison with
healthy state

Effectively captures
non-stationary signal
features, identifies
deviations from normal
operation, and enables
real-time monitoring [21]

FE = O(n.d)
FDA = O(f .m)

Online implementation is
preferable for immediate
fault diagnosis, while
offline use can support
in-depth failure analysis

FDA =
Dempster-Shafer
Fusion Theory
(DSmT)

Robust, reliable fault
diagnosis by fusing
uncertain and noisy data
from multiple sources in
real-time [22]

Training =
O(s.(t.L.f2)+dc.f .k2

+T .f .d+m2)
Inference =
O(t.L.f2+dc.f .k2

+T .f .d+m2)

Handle noisy or uncertain
data makes it suitable for
online deployment in
industrial environments,
where real-time
decision-making is critical

Proportional Valve
FE = Wavelet
Transform
FDA= GOA-SVM

Complementary strengths
in analyzing complex
signals and Optimizing
classification
performance [40]

FE = O(n.f )
FDA
Training = O(p.g.n2)
Inference = O(n.f )

Can be computationally
intensive, potentially
limiting real-time
application feasibility;
Overfitting Risk
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Table 10 Algorithms and Recommendations for Online Implementation
Algorithm Why It Is Suitable Big O Notation

(Complexity)
Comparison

Recommendation

FDA = Random
Forests

Handle both classification and
regression tasks; Robustness
against overfitting, and Ability to
handle complex data [47]

FDA Training =
O(n.f+n.T .d)
Inference =
O(f+T .d)

Need high computational
resources for model
training and once trained
the model can be
implemented for online
inference.

Hydraulic Cylinder
FDA= Gaussian
Process Regression
(GPR)
FS = Support Vector
Machine (SVM)

Captures uncertainty and
variability in signals; Resistant
to overfitting, especially in
high-dimensional spaces.[53]

FDA Training =
O(n3.m)
FS Training =
O(n3)
Inference =
O(n.f+n2)

Needs a well-labeled,
diverse dataset for training.

FE= BPSO
FS = SVM

High detection accuracy; robust
to various operating conditions;
effectively optimizes the feature
selection process and enhancing
the performance [54]

FE = O(k.np.n2.f )
FS Training =
O(n2.f )
Inference = O(n) +
O(f )

For online use, ensure
strong computing power
and a stable network. For
offline use, focus on
reliable data storage and
management.

FE= Wavelet
Transform
FS = BPNN

Highly effective in decomposing
signals into different frequency
components; improving
performance over time as more
data becomes available[61]

FE = O(n)
FS Training =
O(e.n2

i .l)
Inference = O(n2

i .l)

Can be used online if
optimized, but better suited
for offline analysis;
Consider lightweight ML
models or simpler
transforms for real-time
applications

FE & FS= CNN Effectively reduce noise and
fully extract features [64]

FE Training =
O(e.n.l.k2.f )
Inference =
O(n.l.k2.f )

Risk of overfitting;
requiring powerful
hardware and significant
time

FE= EEMD &
DWT
FS= HHT

Decomposes complex signals
into simpler components IMFs;
reduce noise; provides
instantaneous frequency
information [67]

O(imf .n2) EEMD may struggle with
very short signals;HHT
may require significant
processing power for
real-time applications

Hydraulic Sensor
FS = Support Vector
Machine (SVM)

High Accuracy; Effective
Hyperparameter Tuning;
Robustness to Overfitting
;Avoidance of Additional Testing
Equipment [95]

FE = O(n)
FDA
Training = O(n2)
Inference = O(n)

Continuously optimize
hyperparameters; Enhance
feature extraction process;
Periodically retrain model;
Integration with
Monitoring Systems

*

n = no. of training samples, T = no. of trees, f = no. of features, S = no. of ensemble size, e = no. of
epochs, k = no. of kernels, l = length of kernel, C = no. of channels, m = no. of fault types, d = depth of
the wavelet transform , t = sequence length for LSTM, L = no. of layers, dc = No. of convolutional
layers, p = Population size in swarm, g = no. of generation, ni = no. of Neurons in the layer
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this can be offset by integrating it with other subsystems of the turbine,
potentially reducing the overall cost share for the pitch system.

As mentioned earlier, the algorithms are tested under controlled labora-
tory conditions and trained on historical data sets which may lead to the false
alarms or warnings if implemented on the real environment conditions. To
cater this challenge, the modification in the test runs procedure during start-up
operation and recording of signals can be done and algorithms can run offline
to predict faults in the system or component level. These strategies while
keeping in mind holistic approach helps the system engineers to enhance
reliability and schedule maintenance of systems.

Regarding FTAs, the process was carried out in close collaboration with
wind turbine stakeholders to ensure its relevance and accuracy. The FTA has
been specifically developed for critical components used in wind turbines,
considering their unique operational conditions and failure modes. Addi-
tionally, the construction of the FTA is grounded in an extensive review of
existing literature on faults and failures associated with these components.
Regarding failure rate occurrence, some analysis have been made in this
regard, but the data is bound by confidentiality and can therefore not be
disclosed. The failure modes in the FTA do, however, represent failure modes
seen in data, although the occurrence rate is not reflected.

6 Conclusion

The focus of the current study has been to identify and map the failures in
hydraulic pitch systems and the main components based on state-of-the-art
failure mode knowledge and detection methods. The current paper is the first
part of this study and addresses four major component groups within the
hydraulic pitch system, being: hydraulic cylinders, on-off solenoid valves,
proportional valves, and sensors. These components are specifically targeted
for analysis, emphasizing their critical roles in system operation and failure
potential.

Hydraulic cylinders serve as an integrated part of the pitch system, al-
lowing the adjustment of the blade angles to optimize the performance of the
turbine. On-off solenoid valves control the flow of hydraulic fluid, regulating
the operation of various system functions. Proportional valves offer precise
control over fluid flow rates, enabling fine adjustments to blade positions
based on changing environmental conditions. Additionally, sensors provide
essential feedback on system parameters such as pressure, temperature, and
position, facilitating monitoring and control.
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By focusing on these key components, the study aims to provide a
comprehensive understanding of failure modes and root causes within the
hydraulic pitch system. Through Fault Tree Analysis (FTA), Failure Mode
Effect Analysis (FMEA) methods, and other analytical techniques, mainte-
nance and design teams can identify critical fault factors and develop effective
mitigation strategies. Furthermore, the study has shown that incorporating
approaches like machine and artificial intelligence techniques has been shown
to be able to enhance the fault identification process for a range of com-
ponents. This is done by analyzing operational data collected from sensors
and monitoring devices, machine learning algorithms can detect anomalies
and deviations indicative of potential failures. This proactive approach en-
ables maintenance teams to address issues before they escalate, minimizing
downtime and optimizing system performance.

However, it is worth noting that many algorithms are tested in literature
are designed based on predefined load cycles, presenting a limitation in their
general applicability. Therefore, the effectiveness of these algorithms often
varies depending on the specific application context. Despite this limitation,
there is potential for deploying these algorithms in real-time applications
such as wind turbines. Moreover, there is an opportunity to explore these
algorithms for a wide range of potential applications beyond their current
scope. By adapting and fine-tuning these algorithms to suit different opera-
tional conditions and environments, they could prove valuable in enhancing
the reliability and performance of various systems beyond wind turbines. This
exploration could lead to innovative solutions and advancements in predictive
maintenance across diverse industries.

In summary, the inclusion of hydraulic cylinders, on-off solenoid valves,
proportional valves, and sensors in the analysis underscores their significance
in the overall operation of the hydraulic pitch system. Through a combination
of analytical methods and advanced technologies, the focus of this study has
hence been to identify the methods to enhance fault detection and predictive
maintenance strategies, ultimately improving the reliability and efficiency of
hydraulic systems across various applications.

Abbreviations

ABC Adaboost Classifier
ADLSSVM Adaptive Dynamic Least Squares SVM
ALT Acceleration Lifetime Testing
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ANFIS Adaptive Network-Based Fuzzy Inference System
AFTC Active Fault-Tolerant Control
BPNN Back-Propagation Neural Network
BPSO Binary Particle Swarm Optimization
BP Backpropagation
CAE Convolutional Auto-Encoder
C-SVM C-Parameter Support Vector Machine
CART Classification and Regression Trees
CFD Computational Flow Dynamics
CNN Convolutional Neural Networks
DSmT Dezert-Smarandache Theory
DRSN Deep Residual Shrinkage Network
DT Decision Tree
ECA Efficient Channel Attention
EEMD Ensemble Empirical Mode Decomposition
EKF Extended Kalman Filter
EHT Elastic Weight Consolidation
EHA Electro-Hydrostatic Actuators
EMD Empirical Mode Decomposition
EPPR Electronic Proportional Pressure Reduction
EWC Elastic Weight Consolidation
EWT Empirical Wavelet Transform
FDA Fault Detection Algorithm
FE Feature Extraction
FEM Finite Element Method
FMEA Failure Mode and Effects Analysis
FS Feature Selection
FTA Fault Tree Analysis
GBC Gradient Boosting Classifier
GPC Gaussian Process Classifier
GPR Gaussian Process Regression
GOA-SVM Grasshopper Optimized Support Vector Machine
HHT Hilbert-Huang Transform
HIL Hardware-in-the-loop
HSVs Hydraulic Solenoid Valves
IMF Intrinsic Mode Functions
K-NN K-nearest Neighbor
LDA Linear Discriminant Analysis
LDT Linear Displacement Transducer
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LSSVM Least Squares SVM
LSTM Long Short-Term Memory
LR Logistic Regression
LVDT Linear Variable Differential Transformer
MCC Matthews Correlation Coefficient
ML Machine Learning
MLS Machine Learning Service
MLP Multi-Layer Perceptron
MMP Mini Motion Package
NM Not Mentioned
PCA Principal Component Analysis
PCR Principal Component Regression
QDA Quadratic Discriminant Analysis
RBF Radial Basis Function
RBFNN Radial Basis Function Neural Network
RF Random Forest
RMS Root Mean Square
RUL Remaining Useful Life
SAE Stacked Auto-Encoders
SAEKF State Augmented Extended Kalman Filter
SEWT Sparsity Empirical Wavelet Transform
SFTC Sensor Fault-Tolerant Control
SSL Semi-Supervised Learning
SVM Support Vector Machine
SVM-Lin Linear SVM
SVM–RBF Radial-Basis Function SVM
TEO Teager-Kaiser Energy Operator
UIO Unknown Input Observer
VMD Variational Mode Decomposition
VLCC Very Large Crude Carrier
WPD Wavelet Packet Decomposition
WT Wavelet Transformations
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