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Abstract. Effective condition monitoring is critical for preventing costly machine failures. Vibration analysis is one of the
most widely adopted condition monitoring approaches. It enables early fault detection by capturing subtle dynamic changes
caused by misalignment, imbalance, and bearing wear. Traditional techniques rely on signal processing in the time and fre-
quency domains, and experts manually track individual condition indicators to identify fault trends. The manual tracking
of condition indicators becomes impossible when monitoring large fleets of complex machines, such as wind turbines. This
research proposes a novel approach to consolidate multiple condition indicators into a single high-level health indicator to
simplify the monitoring process. A physics-informed multivariate autoencoder models the machine’s normal behaviour using
vibration-based condition indicators computed from the vibration signal measured during healthy operation. The non-linear
model incorporates operating conditions from vibration condition indicators, without using SCADA as input. It identifies
faults by detecting deviations from the established normal behaviour. The proposed method is validated on NASA’s Intelligent
Maintenance Systems bearing dataset and a multi-year offshore wind farm dataset with confirmed fault cases. Validation on
a wind turbine drivetrain dataset demonstrated that the proposed method detects 100% (19/19) of labelled fault cases. The
model achieves 97% balanced accuracy, and threshold optimisation further reduces false positives to 1 case out of 91 healthy
cases, while maintaining high diagnostic sensitivity with only a single false negative (missed fault alarm). Results demonstrate
that the proposed method reliably accommodates diverse condition indicators, effectively detects faults, and reduces the time

required for condition monitoring analysis.

1 Introduction

The impact of global warming has led to a significant growth in renewable energy sources. The rising interest has directed re-
search to produce cost-efficient renewable energy. Wind energy is considered a sustainable renewable energy source, as wind is
a ubiquitously available resource for energy production. However, operating and maintenance costs are a substantial challenge
for the wind energy industry. The continuous movement of the wind turbine’s drivetrain rotatory components increases the risk
of faults. As a result, these rotating components require constant monitoring.

Vibration analysis is the most commonly used method for monitoring the health of rotating components Peeters et al.

(2019b), as the vibration signal is sensitive enough to detect even minor damage. However, vibration signals are susceptible to
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interference and noise from other mechanical, electrical, and environmental sources. Different mechanical faults, ranging from
bearing wear to gear damage, manifest unique vibration signatures. To identify these potential faults, condition monitoring
techniques are employed to highlight associated patterns with them. These techniques involve signal filtering to enhance the
signal-to-noise ratio and the computation of specialised signal processing indicators to monitor specific faults.

While it is possible to detect faults using signal processing indicators, each indicator is typically sensitive to specific types of
faults; however, no single indicator can detect all kinds of faults. Statistical indicators track changes in the statistical properties
of vibration signals over time. Frequency-domain indicators monitor the appearance of new frequency components introduced
by faults. Time-domain statistical indicators detect faults caused by loose parts by observing changes in the amplitude of the
vibration signal. Impact faults, such as those caused by a broken gear tooth or a bearing cage failure, are detectable in the time
domain. Cavitation in pumps and compressors, introduced by pressure fluctuations, can also be observed through changes in the
time domain. In some cases, bearing faults can cause changes in statistical properties, such as increased kurtosis. Frequency-
domain indicators can detect faults like gear tooth damage, which introduces new frequency components. Frequency-domain
indicators can also detect misalignment patterns in the components. Bearing faults, including ball bearing, roller bearing,
inner race, and outer race, produce characteristic frequencies visible in frequency spectra. Rotor imbalance creates a dominant
frequency component which is easily detectable. Considering the diverse types of faults that can affect rotating components,
relying on a combination of signal-processing indicators is essential for comprehensive monitoring. Various time-domain and
frequency-domain signal processing indicators are used to monitor fault trends.

The most commonly used foundational time-domain statistical indicators include root mean square (RMS), kurtosis, moors
kurtosis, peak-to-peak, peak energy index (PEI), and crest factor Vecer et al. (2005); Peeters et al. (2019c); Mohd Ghazali and
Rahiman (2021); Antoni et al. (2024b). RMS represents the signal energy and amplitude in the time domain Vecer et al. (2005),
with a higher RMS value indicating a greater vibration level due to a progressive fault Igba et al. (2016). Kurtosis measures
the tailedness in the vibration signal’s probability distribution, where high kurtosis suggests the presence of extreme values
caused by, e.g. bearing damage or loose parts Antoni and Randall (2006). Moors kurtosis, similar to standard kurtosis but
based on quantiles Moors (1988), is less sensitive to outliers. Peak-to-peak is the measure of spread in the signal, determined
by calculating the difference between the maximum and minimum amplitude values of the signal Zhu et al. (2014). It detects
faults caused by impacts or transient events resulting in substantial amplitude variations. The PEI measures the energy in the
largest peaks in a vibration signal Peeters et al. (2019c). A high PEI indicates energy is concentrated in these components,
often due to sharp transients from bearing and gear faults, while a low PEI suggests more evenly distributed energy across the
frequency spectrum. The crest factor is the ratio of the maximum peak value to the RMS value Mathew and Alfredson (1984),
indicating the signal’s spikiness caused by transient events or non-linear distortions. Frequency domain indicators monitor
the amplitude of the vibration signal in the frequency spectrum, which allows the detection and diagnosis of mechanical
faults. Frequency domain analysis allows for the observation of several signal characteristics that may not be visible in the time
domain Mohd Ghazali and Rahiman (2021). Rotating components like gears, bearings, and shafts have associated characteristic
frequencies, and tracking them provides critical insights about potential faults. For example, the ball pass frequency of the outer

race (BPFO) and ball pass frequency of the inner race (BPFI) can indicate faults, such as micropitting, in the outer and inner
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races of bearings. Similarly, the ball spin frequency (BSF) and fundamental train frequency (FTF) track faults in the bearing’s
rolling elements and cage Randall and Antoni (2011). The gear damage is detectable by observing characteristic frequencies
such as the mesh frequency, gear rotational frequency, and modulation frequencies Sharma and Parey (2016). Tracking the
harmonics in the autopower and envelope spectra monitors the health of gears and shafts, identifying potential degradation and
damage. The health of gears and shafts can be monitored by observing the autopower and envelope spectra harmonics. Early
detection of these faults is crucial to preventing equipment failures and ensuring the continued reliability and efficiency of the
machinery.

Faults in their early stages induce changes in the vibration signal, which are challenging to detect. Experts are required to
monitor the signal processing indicators to identify subtle changes. Observing multiple indicators for each component in a
complex machine, such as a wind turbine operating under non-stationary conditions, presents a significant challenge. In a wind
farm with numerous wind turbines, the number of indicators can reach into the thousands, which makes regular monitoring
impractical. In such cases, machine learning algorithms identify the changes in signal-processing indicators related to faults.
Trend analysis of the indicator changes over time helps detect signs of early-stage degradation. However, a balanced distribution
from all classes is required to train a traditional machine learning model. Fault data is challenging to obtain because machines
operate predominantly in healthy states and are typically shut down for maintenance immediately after a fault occurs. Machines
from the same manufacturer depict different behaviours, which encumbers the use of data from other machines to train the
machine learning model. Therefore, training a machine learning classifier to label the machine’s healthy and faulty states is
not a practical solution. Alternatively, the healthy data of machines is abundantly available after installation to train machine
learning models. Normal behaviour modelling is the most suitable solution for the fault detection application in wind turbines.
The Normal Behaviour Model (NBM) is a machine learning model trained on data collected during the normal operation of
a machine, system, or process. It represents the expected, healthy, or typical behaviour. By learning the normal behaviour,
the model detects potential faults by identifying deviations from the expected behaviour. Chesterman et al. (2023) presents a
comprehensive overview of normal behaviour modelling techniques for SCADA-based condition monitoring in wind turbines.
The NBMs are divided into two categories: statistical NBMs and machine learning NBMs. The statistical NBMs are based on
statistical distribution and assume that the expected behaviour data follows a distribution, such as the Gaussian distribution.
The statistical NMBs are simple and understandable, but cannot capture the complex patterns or non-linear relationships
in data. The literature indicates that statistical Normal Behaviour Models (NBMs), such as Principal Component Analysis
(PCA) Campoverde et al. (2022); Pozo et al. (2018) and Autoregressive Integrated Moving Averages (ARIMA) Chesterman
et al. (2021), are widely applied for condition monitoring based on Supervisory Control and Data Acquisition (SCADA) data.
The machine learning NBMs learn the normal behaviour from data. Machine learning NBMs can learn non-linear relationships
in the data, but they are difficult to interpret and require more computational resources. Examples of machine learning NBMs
include isolation forest, one-class support vector machine, regression models, and autoencoders. The isolation forest Liu et al.
(2008) is a tree-based model that recursively splits data points until each instance is isolated. It operates on the principle that
faults and anomalies are sparse and behave differently compared to healthy and normal operational data, allowing them to be

isolated with fewer partitions. Faults and anomalies are identified based on the predicted shorter path lengths generated by a
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forest of randomly constructed isolation trees. Isolation forest performs better when trained on both healthy and faulty data;
however, it can also detect anomalies when trained solely on healthy data as an NBM. Isolation forest is applied to monitor
the wind turbine pitch system McKinnon et al. (2021) and bearing health Sim et al. (2023), using SCADA and vibration data,
respectively. The one-class support vector machine Scholkopf et al. (2001) model is trained exclusively on normal, healthy data
to define a hypersphere that encloses these points. The data points predicted outside this hypersphere boundary are classified
as anomalies. It is applied to detect wind turbine gearbox bearing faults from vibration signals Saari et al. (2019) and SCADA
data Tutivén et al. (2022). Dao (2022) proposed a multiple linear regression-based NBM for wind turbine gearbox condition
monitoring using SCADA data. The model predicts generator speed based on gearbox and generator bearing temperature;
the Chow test is employed to provide statistical evidence for rejecting the null hypothesis, indicating potential faults in the
wind turbine. Jamil et al. (2025) proposes a regression-based machine learning model to label individual signal-processing
indicators in each operating regime as healthy, warning, or faulty using SCADA and vibration data. The labelled indicators
are then fused to provide a high-level health overview of wind turbine drivetrain components. An autoencoder is a deep-
learning NBM which learns to compress input data into a lower-dimensional representation and then reconstruct the original
input from this compressed representation. The autoencoder is an unsupervised method, and if trained only on healthy data, it
develops a bias to reconstruct healthy data. Consequently, a normal-behaviour autoencoder identifies faults and anomalies by
evaluating the reconstruction error: the model reconstructs faulty input data as healthy due to the learned bias to reconstruct
healthy output, resulting in higher reconstruction errors that signal potential faults. Perez-Sanjines et al. (2023) and Helsen et al.
(2023) proposed a normal-behaviour autoencoder method trained from a spectral coherence map derived from vibration signals
to detect wind turbine gearbox faults. Autoencoders trained on raw vibration signals Miele et al. (2022) and SCADA data Chen
et al. (2021); Renstrom et al. (2020); Zhao et al. (2018) are used for wind turbine condition monitoring. Previous research on
physics-informed multivariate autoencoders employed time-domain statistical Jamil et al. (2023a) and frequency-domain Jamil

et al. (2023b) signal processing indicators for detecting wind turbine gearbox faults.

2 Multivariate Autoencoder

The proposed method is a physics-informed normal behaviour model designed as an automated pipeline to simplify the con-
dition monitoring process. This approach leverages a multivariate autoencoder capable of processing large volumes of data,
specifically, condition indicators derived from vibration signals, to provide a high-level assessment of the health status of
mechanical systems. The model is trained using healthy data collected during the normal operation of mechanical systems, al-
lowing it to learn the system’s healthy behaviour. Once trained, the model continuously monitors incoming data and identifies
faults by generating alerts whenever it detects deviations from the learned normal behaviour. This high-level condition indicator
replaces the need to individually monitor multiple condition-monitoring indicators and simplifies the decision-making process
for operators. By offering a concise and automated health overview, the method enables operators to plan efficient maintenance

strategies, reducing downtime and improving system productivity. The workflow of the proposed method is divided into key
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steps: data measurement, vibration signal processing, deep learning-based modelling, and fault alarm generation, as illustrated

in Figure 1.

Condition Monitoring
System (CMS)

input
]

Indicators 3

Reconstruction 1 Indicators n

N
SNifly

Al-driven

condition indicator ! ' ' Signal Processing

Figure 1. The hybrid condition monitoring pipeline commences by measuring vibration data from wind turbine components. The data is then
processed to compute physics-based signal processing indicators, which are used as input to the multivariate autoencoder. The autoencoder’s

output is used to predict alarms related to potential faults.

2.1 Data measurement and signal processing

To enable the subsequent monitoring pipeline, an in-house developed data acquisition system is employed that allows for
measuring long-duration, high-sample-rate data, such that the state-of-the-art algorithms can be fully exploited for dealing
with the challenges of slow-rotating machinery like wind turbines.

The signal processing stage of the pipeline consists of multiple steps to deal with the complexity and variability in experi-
mental vibration data Peeters et al. (2016). First off, any new measurement data is checked for its data quality, which can be
application dependent, e.g. certain energy levels should be met, and specific spectral signatures are expected to be present in
the data. Bypassing this data quality check risks unnecessary computational cost. The second step is typically to estimate the
instantaneous angular speed or rotation speed of one of the machine components Peeters et al. (2017); Protopapadakis et al.
(2025); Peeters et al. (2022). This speed is not only necessary to properly calculate frequency-based indicators but is also often
used to resample the time-domain vibration signal into the angular domain to compensate for any speed variations, be it minor
or major ones. After the angular resampling, the signal is separated into stochastic and deterministic signal components. This
is done since these bearing and gear signals produce mainly vibration signals that pertain to one of those two categories, with

the former usually producing stochastic signals and the latter deterministic signals. Given that deterministic signals produce
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discrete frequency peaks in the spectrum, this can be used to enable automated signal separation using techniques such as
discrete-random separation Peeters et al. (2025), self-adaptive noise cancellation Antoni and Randall (2004), cepstral editing
Peeters et al. (2018), linear prediction filtering Peeters et al. (2019a); Kestel et al. (2023); Peeters et al. (2024). After this signal
separation, which essentially doubles the number of signals you measure per sensor, the next step is to filter your signal into
many different frequency bands to enhance the frequency-based sensitivity of the condition indicators computed on the differ-
ent filtered signals. Depending on the use case, different filtering approaches can be chosen. In this work, a filtering approach
similar to the kurtogram Antoni (2007) is chosen. This approach filters the signal according to a binary-ternary filterbank and
results in 24 narrow-band signals that span different frequency bands from 0 Hz to the Nyquist frequency. Finally, a set of
statistics is computed on the resulting pre-processed signals. While it is possible to compute hundreds of different statistics on
a time series signal, most of them are highly correlated and quantify in some way either the energy level, the non-Gaussianity,
or the non-stationarity of the signal Antoni et al. (2024a). Therefore, this work limits the number of computed statistical in-
dicators to seven per pre-processed signal. These eight statistics include: RMS, kurtosis, crest factor, peak energy index, time
negentropy, and spectral negentropy. Computing all these indicators for each pre-processed signal, thus quickly results in a
very large indicator set per sensor and per machine to monitor. Hence, monitoring a large fleet of machines, each with several
sensors installed, quickly leads to several thousand trends to be monitored Helsen et al. (2017); Jamil et al. (2022); Peeters
et al. (2024). Not only is this task highly impractical for any human expert, but it also does not allow for taking into account any
non-linearities that might be present in the indicator trends. This practical issue thus necessitates the use of more automated
methodologies that can deal with such a large indicator set. The next section goes into more concrete detail as to how machine

learning can deal with this issue.
2.2 Deep learning

Deep learning models consist of numerous interconnected computational units, referred to as neurons, organised across mul-
tiple processing layers. This hierarchical architecture enables the models to learn intricate data representations over multiple
levels of abstraction LeCun et al. (2015). The proposed method is a normal behaviour multivariate autoencoder designed to

aggregate multiple input condition indicators into a single high-level health indicator output.
2.2.1 Autoencoder

An autoencoder is a neural network employed for different unsupervised learning tasks such as data compression, dimen-
sionality reduction, feature engineering, anomaly detection, image and audio denoising, image reconstruction, and generative
tasks Berahmand et al. (2024). The autoencoder is designed to reconstruct input data after compressing it into a latent space
representation Rumelhart et al. (1986). This is achieved through a two-step process: encoding the input into a compressed
latent representation and subsequently decoding it back to its original form, as illustrated in Figure 2. It consists of three parts:
an encoder, a latent space, and a decoder. The encoder transforms the input data into a compressed representation, referred to
as the latent space. The latent space is a lower-dimensional, compressed representation of the input data that captures its most

important features. The decoder takes the compressed representation from the latent space and reconstructs an approximation
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of the original input data. The autoencoder architecture learns by gradually reducing the dimensionality of its hidden layers,
emphasising the most significant features to uncover the underlying structure and patterns within the input data. This systematic
compression is essential to establish a meaningful latent space representation to ensure the model avoids a direct one-to-one

mapping between input and output features.

X —> Encoder —> Ié:t::: —> Decoder —>» X

Figure 2. The schematic diagram of the deep autoencoder comprises three key components: the encoder, the latent space, and the decoder. The
input data, X, is passed through the input layer to the encoder, which compresses the input to the latent space, and the decoder reconstructs

the output, X, to closely approximate the input by minimising the reconstruction error.

The proposed normal behaviour multivariate autoencoder method is trained using healthy data collected during the machine’s
expected normal operations. The healthy period is identified by experts based on the mean time between failures, a reliability
specification criterion Engelhardt and Bain (1986), or through monitoring condition indicators trends. The selection of training
data is critical to ensuring the reliability of the normal behaviour model, as a significant presence of outliers or faulty data can
distort the model’s understanding of normal behaviour, potentially causing it to overlook faults. However, the model is robust
enough to tolerate a small percentage of outliers or faulty data during training. After the careful selection of healthy data D,

which is a time series of M observations, denoted as ¢; with¢ =1,..., M.

D={t;li=1,....M} (1)
Each timestamp ¢; within the time series is a set of Ncomputed indicators over an individual vibration signal measurement.
X; ={x1,22,23,...... xn} 2)

The architecture of the proposed method is shown in Figure 3, which provides an overview of the deep autoencoder and
its components. The exact autoencoder architecture varies depending on the number of computed condition indicators used
as input to the model. A feedforward autoencoder using a fully connected linear-layer architecture is employed; however,
combining time-domain statistical indicators with frequency-domain indicators significantly increases the input size, leading
to a substantial number of trainable parameters in the network. A one-dimensional convolutional neural network (1D-CNN)
architecture is utilised to reduce computational complexity, significantly lowering the number of parameters required compared

to a fully connected feedforward neural network. The network architecture consists of three main components: an encoder, a
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Figure 3. The schematic diagram of the multivariate autoencoder architecture. The condition indicators are input to the encoder, which com-
presses the input into a latent space representation. The decoder then reconstructs the output from this latent space by closely approximating

the input while minimising the reconstruction error.

latent space, and a decoder. The encoder, represented by the function g, maps the input X; to a lower-dimensional latent

representation Z;. This transformation is mathematically described by Equation 3:
Zi =g(Xi) 3)

The decoder represented by function f reconstructs the original input X, from the latent representation Z; using the following

equation ??:

Xi=f(Z) “4)
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Where the X; is reconstructed representation of the original input X;:
X; ={&1,82,23,..... 2N} 5)

The autoencoder is trained using backpropagation, an iterative process to adjust the weights of the neural network parameters
to minimise reconstruction error, the difference between the original input and its reconstructed output. It is achieved by
computing the error through a loss function and propagating it backwards through the network layers while updating the
weights using an optimisation algorithm. The mean squared error (MSE) serves as the evaluation metric for the reconstruction

error between the original input X; and the reconstructed output X;:

1 & .
RE = MSE = NZ(Xi—Xq;)Q (©6)

i=1
N represents the number of condition indicators, x; and &; represent a single corresponding condition indicator value from
the input Equation 2 and output Equation 4 vectors, respectively. A regularisation term is added to the loss function to avoid

overfitting.
n

Ly(W)=2) W7 ()
i=1

W represents the set of neural network parameters, n is the total number of neural network parameters, and A is the regu-
larisation parameter to control the effect of regularisation. L2 regularisation, also referred to as weight decay, penalises the
magnitude of the weights by adding the sum of the squared neural network parameters to the loss function. This penalty term
discourages the optimisation algorithm from assigning large values to the weights, which reduces the model’s complexity and
improves generalisation. Adam optimisation algorithm Kingma (2014) is used during the training process to iteratively adjust
the model parameters, aiming to identify optimal values to minimise the loss function. The training continues until the model
achieves minimal reconstruction error, indicating the ability to accurately reconstruct the healthy condition indicator trends

with minimal error:
X:{Jil,l‘g,xg, ...... an}%Xl{.’f?l,i‘Q,.’f,‘g,, ...... JA,‘»,L} (8)

The trained model, exclusively using healthy data, inherently exhibits a bias towards reconstructing healthy behaviour. As a
result, when presented with faulty measurements, it struggles to reconstruct them accurately. In such cases, the reconstruction
error, defined as the difference between the faulty input and its reconstructed output, serves as a high-level indicator of the
machine’s health status. A larger reconstruction error values indicate a higher likelihood of anomalous conditions and potential
faults.

The high-level health indicator is represented as a point in a multidimensional space defined by the condition indicators.
Figure 4 illustrates a simplified three-dimensional representation with three condition indicators, x1, 2, and x3, where the
high-level condition indicator corresponds to a weighted combination of these indicators. While Figure 4 demonstrates the
concept with only three indicators for clarity, in practice, the model incorporates hundreds or even thousands of condition indi-

cators. Additional indicators enable the model to compute a more comprehensive high-level health indicator by leveraging the
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Figure 4. simplified high-level representation of a condition indicator in three dimensions, illustrating an example derived from three signal

processing indicators: x1, x2, and x3.
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Figure 5. The heatmap of time-domain statistical indicators over time. The x-axis represents the measurements over time, while the y-axis

corresponds to the signal processing indicators.
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collective information derived from the complete set of indicators. Figure 5 presents a comprehensive set of scaled time-domain
statistical indicators computed on a publicly available rolling element-bearing dataset from NASA’s Intelligent Maintenance
Systems (IMS) Teubert (2004) using a heatmap. A heatmap visually represents data through varying colour intensities to em-
phasise patterns or anomalies within the dataset. In the figure, the condition indicators for each vibration signal measurement
are displayed over time along horizontal lines. Blue regions indicate stable trends with minimum indicator values, while red

regions highlight fault trends in the indicators.
2.2.2 SCADA free condition monitoring

The proposed multivariate autoencoder is a deep, nonlinear model which is proficient in learning the intricate relationships
among various condition indicators. By training on these numerous indicators, the model can inherently incorporate the effects
of changing operating conditions, since some indicators are strongly correlated with them. It provides a significant advan-
tage, as it allows the model to be trained exclusively on vibration signal-based indicators, eliminating the need for retrieving
operating conditions from SCADA data. It is a key difference from linear normal behaviour models, which rely on operat-
ing conditions from SCADA data to predict the health status of mechanical components Jamil et al. (2025). A correlation
analysis between condition indicators and operating conditions is performed to establish the basis for the proposed method,
motivating the use of a non-linear deep learning model to capture these interdependencies and detect faults without explicitly
relying on operating conditions data. The study employs a dataset from 10 offshore wind turbines, each equipped with 11
accelerometers to capture the vibration signatures of various drivetrain components. To investigate the relationship between
these vibration-based condition indicators and operating conditions, two methods were used. First, a direct correlation com-
putation is performed between the condition indicators of a single sensor and the corresponding operating conditions. Second,
a supervised deep learning model is trained to predict operating conditions from the condition indicators computed from a
single sensor’s vibrational signal. The model’s training data are sourced from the same healthy operational period, mirroring
the dataset used for the training of the multivariate autoencoder. Two operating conditions, active power and rotational speed,
are used to examine the relationship between operating conditions and vibration-based condition indicators. These same two
operating conditions are also employed in the linear normal behaviour fault detection method Jamil et al. (2025). Figure 6a
presents the boxplot of mean absolute correlation, calculated across 10 wind turbines, between the operating conditions and
the condition indicators for each sensor. The results show that particular sensors’ vibration indicators, based on the mounted
location, exhibit stronger correlations. The consistent mean absolute correlation across the 10 wind turbines indicates that the
influence of operating conditions varies depending on the sensor location. Similarly, Figure 6b shows the percentage of vi-
bration indicators that are highly correlated with operating conditions, defined as having a mean absolute correlation greater
than 0.5. The boxplot indicates that sensor vibration signals with strong influence from operating conditions exhibit a higher
percentage of highly correlated indicators. A deep learning regression model is trained on the vibrational condition indicators
to demonstrate the capability of a non-linear model in predicting operating conditions, such as generator speed and active
power. Figure 7 presents the model’s goodness of fit (R?) on the test data for generator speed and active power across 11

sensors, where each value represents the median performance over 10 wind turbines. The R? metric, ranging from 0 to 1,

11
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Figure 6. Boxplots summarising the correlation between vibration indicators and operating conditions across 10 wind turbines, each equipped
with 11 sensors. Subfigure (a) reports the mean absolute correlation values for each sensor, while subfigure (b) reports the percentage of

indicators with a mean absolute correlation greater than 0.5, computed across all turbines.
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0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
R2 Score Rz Score
(a) Generator speed goodness of fit (b) Active power goodness of fit

Figure 7. Regression model goodness of fit (R?) for predicting generator speed and active power using vibration-based condition indicators

across 11 sensors. The results show median values over 10 wind turbines.

quantifies how well the model’s predictions match the actual data. The results show that regression models built on vibration
indicators from highly correlated sensors can more accurately predict operating conditions. Together, the correlation analysis
and the regression model performance confirm that vibration signatures exhibit strong correlation with operating conditions,
with the degree of influence depending on the sensor’s location. These findings demonstrate that the proposed multivariate
autoencoder inherently incorporates the effect of changing operating conditions from the vibration-based condition indicators.

Consequently, SCADA operating conditions data is not required for training the normal-behaviour multivariate autoencoder
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for fault detection, nor is it necessary for predictions, which can be very useful for remote edge computing Verstraeten et al.

(2019).
2.3 Threshold computation and fault alarm generation

Fault alarms are generated using z-scores, a statistical measure that quantifies the deviation from the learned normal behaviour.
The z-score z; at each input measurement is computed as shown in Equation 9.

- g

Zi

€))

Where RE; is the reconstruction error of the respective input, and ;2 and o represent the mean and standard deviation, re-
spectively. These statistical values are computed from the predicted reconstruction errors by the trained normal behaviour

autoencoder model on the healthy training dataset D, as shown in Equation 10 and Equation 11.

1 M
1 M
o= M;(REFW an

Before computing the mean and standard deviation, a normality test is performed on the predicted reconstruction error, and
potential outliers are removed to ensure the data fits a normal distribution. Figure 8a illustrates the normal distribution of the
IMS healthy dataset for the initial 400 measurement predictions. The two outliers identified in Figure 8b are removed using
the interquartile range method Smiti (2020) to achieve a better fit for the data. Two threshold levels, corresponding to z-score
values of 77 = 3 and T» = 5, are used to classify faults into warning and alarm states, respectively. The z-score indicates how
many standard deviations the measured value deviates from the mean normal behaviour. The selection of the threshold can vary
across different applications; therefore, the k-sigma rule can be adopted, where the threshold is defined as K standard deviations
(o) from the mean (1) of the normal behaviour. The trained model evaluates the health status of mechanical components by
continuously analysing live measured data in real-time. The z-score, computed from the reconstruction error (the difference
between the actual and the predicted values), provides a high-level health indicator of the mechanical component’s health status.
During normal mechanical operations, the model predicts the data with a minimum error, resulting in low reconstruction errors
and correspondingly low z-scores. However, in the presence of a fault or anomaly, prediction errors increase, leading to high
z-score values. Each newly acquired data point is categorised based on z-score thresholds: If the z-score is less than 3, the
data point is classified as healthy. If the z-score lies between 3 and 5, it is marked as a warning. If the z-score exceeds 5, the
data point is labelled as an alarm. To reduce false alarms caused by measurement noise or transient anomalies during healthy
periods, a sliding window approach is applied. The window moves across the z-score timeseries, replacing each z-score at a
given timestamp with the median value within the current window. The sliding window only incorporates the current and past

values, ensuring that the method is suitable for real-time deployment.
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(a) The normal distribution fit on the autoencoder predictions of (b) Outlier removal from autoencoder predictions on healthy data

healthy data. to fit the normal distribution.

Figure 8. Outlier removal from autoencoder predictions on healthy data before computing mean and standard deviation.

3 Experiments

The proposed method is validated using NASA’s intelligent maintenance systems (IMS) bearing fault dataset provided by the
University of Cincinnati Teubert (2004). This dataset is widely recognised for benchmarking the research in bearing fault
detection, condition monitoring, and predictive maintenance, as it contains healthy and faulty data collected under controlled

and well-documented experimental conditions Sacerdoti et al. (2023); Gousseau et al. (2016). The experimental setup consists

Experiment | Recorded Signal
Dataset | Measurements | Channels Announced Damages

Duration (min) | Duration (min)

Bearing 3: Inner race

1 2,156 8 49,680 36 Bearing 4: Rolling
element

2 984 4 9,840 16 Bearing 1: Outer race

3 4,448 4 44,480 74 Bearing 3: Outer race

Table 1. IMS dataset description.

of a test rig with four Rexnord ZA-2115 double-row bearings installed on a rotating shaft. The shaft’s rotational speed is
maintained at a constant 2000 RPM using an AC motor coupled to the shaft via rubber belts. A radial load of 6000 Ibs is applied
to the shaft and bearings through a spring mechanism, and all bearings are force-lubricated. PCB 353B33 high-sensitivity quartz

14
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ICP accelerometers are mounted on the bearing housings to capture the vibration signals. The data is sampled at a rate of 20
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Figure 9. IMS experimental setup for bearing fault dataset.

kHz for one second every ten minutes. The description of the dataset is provided in Table 1, for dataset 1, two accelerometers
per bearing are used to measure vibrations along the x and y axes, while for datasets 2 and 3, only one accelerometer per bearing
is mounted, as illustrated in Figure 9. The dataset includes three additional datasets, each measured during independent test-to-
failure experiments. Dataset 1 features inner race faults in Bearing 3 and roller element faults in Bearing 4. Dataset 2 contains an
outer race fault in Bearing 1, while Dataset 3 features an outer race fault in Bearing 3. This dataset provides a robust foundation
for evaluating the effectiveness of the proposed method. In addition to benchmarking on the publicly available IMS dataset,
the proposed method is also validated using real-world data from an offshore wind farm. Due to confidentiality agreements,
specific details about the wind turbines cannot be disclosed. The wind farm consists of numerous multi-megawatt turbines,
with vibration signals recorded from various components using accelerometers mounted on the gearbox housings. Ten-second
vibration signals were captured at intervals of two to three days over several years, providing a comprehensive dataset for
analysis. Additionally, multiple fault cases are labelled based on the existing monitoring methods Jamil et al. (2025), with each

fault subsequently verified by on-site technicians, ensuring reliable ground truth for evaluation.
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4 Results

The proposed multivariate autoencoder method is validated using two distinct datasets. The open-source public IMS dataset is
employed to benchmark and validate the method, while the offshore wind farm dataset demonstrates the real-life application.
The results are presented in Figure 10, Figure 11, Figure 12, and Figure 13. The green overlay indicates the healthy training
period, while the solid red vertical line marks the measurement at which the fault is detected. The dashed yellow and red
horizontal lines represent the warning and alarm thresholds, respectively. Measurements are classified as green, yellow, or red
based on these thresholds, corresponding to healthy, warning, and alarm states. During the healthy state of the component, the
predicted high-level health indicator remains below the warning threshold, and the measurements are labelled green, indicating
the normal behaviour. In the presence of a fault, the high-level health indicator deviates from normal behaviour. If it exceeds
the warning but remains below the alarm threshold, the measurements are labelled yellow, indicating a warning state. As fault
severity increases, the high-level health indicator surpasses the alarm threshold, and measurements are labelled red, indicating
an alarm state and a fault in the respective component. False alarms, caused by measurement errors or noise in the data, are
labelled healthy despite exceeding threshold levels. These false alarms are mitigated by applying a sliding window, as described

in the methodology to filter out the outliers.

Healthy period
Warning threshold
——————— Alarm threshold

.
11— Fault detected . .AQ
103 ;

102

10°

10!

High-level health indicator

B
- - ¢
N Ny MWD A

0 200 400 537 600 800 1000
Measurements over time

Figure 10. The IMS dataset bearing outer race fault trend prediction. The x-axis represents the measurements over time, and the y-axis
corresponds to the log scale of the high-level health indicator. The green overlay represents the healthy data used to train the model. The

colours green, yellow, and red indicate the healthy, warning, and alarm states, respectively.

4.1 IMS bearing fault dataset results

The second IMS dataset is used to validate the proposed method. It contains an outer race fault in Bearing 1 and comprises 984

measurements of 1 second at a 20 kHz sampling rate, recorded at 10-minute intervals. Since the fault is located in bearing 1,
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channel 1 measurements are used to compute signal processing indicators. As shown in the histogram of indicators in Figure 5,
the initial 400 measurements represent the healthy period and are used to train the multivariate autoencoder. The trained model
is then applied to predict the health of bearing 1 in all 984 measurements. The fault is detected at the 537th measurement
and remains consistently identified until the bearing fails, as illustrated in Figure 10. The green overlay indicates the healthy
training period, while the solid red vertical line marks the measurement at which the fault is detected. The dashed yellow and
red horizontal lines represent the warning and alarm thresholds, respectively. Measurements are classified as green, yellow, or

red on the basis of the thresholds, corresponding to healthy, warning, and alarm states.
4.2 Wind farm drivetrain dataset results

The proposed method is evaluated on data from an offshore wind farm with more than 50 wind turbines. Due to confidentiality
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Measurements over time

Figure 11. The wind turbine generator channel fault trend prediction. The x-axis represents the measurements over time, and the y-axis
corresponds to the high-level health indicator. The green overlay represents the healthy data used to train the model. The colours green,

yellow, and red indicate the healthy, warning, and alarm states, respectively.

agreements, specific details of the wind turbines are not disclosed, and the results are presented with anonymised axes. Multiple
accelerometers are installed on the wind turbine drivetrain to capture the vibration signatures of the components. A single mul-
tivariate autoencoder is trained on the computed condition indicators derived from the vibration signature of a specific channel.
The trained model is then used to monitor the health of the component on which the accelerometer is mounted. The model is
trained using two years of healthy data and is subsequently used to monitor the health of wind turbine drivetrain components,
including the generator, high-speed stage, intermediate stage, planetary stage, and main bearing, over several years. Examples
of fault detection cases from the offshore wind farm dataset are presented in Figure 11, Figure 12, and Figure 13. Furthermore,

the faults predicted by the proposed method are confirmed through manual borescope inspections.
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Figure 12. The wind turbine planetary stage gear fault trend prediction. The x-axis represents the measurements over time, and the y-axis
corresponds to the high-level health indicator. The green overlay represents the healthy data used to train the model. The colours green,

yellow, and red indicate the healthy, warning, and alarm states, respectively.

The fault in the wind turbine generator is depicted in Figure 11. The model predictions remain in a healthy state after the
training period but begin to deviate from the normal behaviour after the introduction of a fault, and the model prediction
gradually increases with the severity of the fault. The planetary stage gear fault is critical due to its high potential to develop
into severe damage. Early detection of such faults is essential. However, in most cases, the condition indicators exhibit a steep
rise in fault trends, making early detection more challenging. A planetary stage gear fault is illustrated in Figure 12; the model is
trained on condition indicators computed from the planetary stage channel’s vibration signature. The trained model can predict
a steep rise in the alarm trend as a result of the fault. The proposed method combines numerous condition indicators to produce
a single high-level artificial intelligence-based indicator, addressing the varying sensitivities of different condition indicators
to specific fault types. A planetary stage gear fault case, shown in Figure 13, illustrates a scenario where the planetary stage
gear’s fault is evident in the frequency domain but not in the time domain. As depicted in Figure 13a, a model relying only on
time-domain statistical indicators fails to predict the fault. However, by integrating both time-domain and frequency-domain
condition indicators, the model successfully detects the fault as shown in Figure 13b. Moreover, certain condition indicators
can detect specific faults at an early stage, while others identify them only after the faults have progressed. However, the
proposed method is capable of detecting such faults early by leveraging the condition indicators that exhibit early fault trends.

This further validates the model’s capability to identify faults even when only a subset of indicators captures the fault trend.
4.3 Performance analysis

The performance of the proposed fault detection method is validated using data from 10 wind turbines, each equipped with 11

vibration sensors mounted on various drivetrain components. Manual inspections confirmed faults in 19 drivetrain components
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(b) Time and frequency domain indicators.
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Figure 13. The wind turbine planetary stage gear fault trend prediction, comparing fault detection using time-domain statistical indicators

with the combination of both time-domain and frequency-domain indicators. The x-axis represents the measurements over time, and the

y-axis corresponds to the high-level health indicator. The green overlay represents the healthy data used to train the model. The colours

green, yellow, and red indicate the healthy, warning, and alarm states, respectively.

across 8 of these turbines. Vibration signatures from a single faulty component can propagate through the drivetrain and be

detected by sensors on adjacent components; therefore, the false alarm analysis is restricted to the two remaining healthy

wind turbines. The confusion matrix is used to evaluate the performance of the model, using the following definitions for true

380 positives (TPs), true negatives (TNs), false positives (FPs), and false negatives (FNs):

— TP: the model correctly identifies a manually confirmed fault as faulty.
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— TN: the model correctly classifies a healthy case as healthy.
— FP (false alarm): the model incorrectly classifies a healthy case as faulty.
— FN (missed fault detection): the model fails to detect a fault, incorrectly classifying it as healthy.

To evaluate the model’s sensitivity and specificity, two sets of threshold levels are applied. The first (lower) threshold uses
z-score values of 3 for warnings and 5 for alarms. In contrast, the second (higher) threshold increases these values to 5 and 10,

respectively, providing a more conservative fault classification. The confusion matrix derived from the lower threshold level,

Predicted Predicted
Faulty Healthy Faulty Healthy
2 2
S TP=19 FN=0 S TP=18 FN=1
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© ©
> >
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(a) Confusion Matrix with low threshold. (b) Confusion Matrix with high threshold.

Figure 14. Confusion matrices for low (LT) and high (HT) threshold levels, derived from 10 offshore wind turbines, each equipped with 11

vibration sensors.

as shown in Figure 14a, shows 19 TPs, 0 FN (missed fault detection), 6 FPs (false alarms), and 85 TNs. The lower threshold
prioritises early fault detection by enhancing the model’s sensitivity to confirmed fault cases. While the model successfully
identifies all 19 faults confirmed through manual inspection, it also incorrectly classifies 6 healthy cases as faulty, leading
to reduced specificity. The higher threshold level improves the model’s specificity. As depicted in Figure 14b, the resulting
confusion matrix reports 18 TPs, 1 FN (missed fault detection), 1 FPs (false alarms), and 90 TNs. The validation dataset
has 19 manually confirmed fault cases, while the remaining 91 cases are considered healthy. Due to this class imbalance,
standard performance metrics such as precision, recall, and F1-score cannot provide an accurate assessment of the model’s
performance. Therefore, weighted precision Equation 12, recall Equation 13, and F1-score Equation 14 are calculated to

provide a comparative assessment of the model’s performance.

(Ny x Precisiony) 4 (Np, x Precisiony,) (12)

Weighted Precision =
£ Nf + Np,
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Ny x Recall Njp, x Recall
Weighted Recall — (s > Reca ]\f;i i Svhh x Recalln) (13)
Ny x Fl Ny, x Fl1
Weighted F1-Score = (N x Fly) + (No x Fln) (14)

NerNh

Where Ny and Nj, are the number of actual faulty and healthy cases, respectively. Similarly, Precisiony, Recally, and F'1
represent the precision, recall, and F1-score for the faulty label, respectively. On the other hand, Precisiony, Recally, and

F'1;, represent the precision, recall, and F1-score for the healthy label, respectively.

Precision LT | Recall LT | Fl-score LT | Precision HT | Recall HT | F1-score HT
Faulty 0.76 1.00 0.86 0.95 0.95 0.95
Healthy 1.00 0.93 0.97 0.99 0.99 0.99
Weighted | 0.96 0.95 0.95 0.98 0.98 0.98

Table 2. Weighted precision, recall, and F1-score for low (LT) and high (HT) threshold levels.

The low threshold level achieves a perfect recall of 1.00 for faulty cases, indicating that all confirmed fault instances are
successfully detected. However, the high sensitivity results in a lower precision of 0.76 due to false alarm cases. In contrast, the
high threshold level improves the overall accuracy to 98%, compared to the 95% achieved with the low threshold. Despite this
increase in overall accuracy, the balanced accuracy, as defined in Equation 15, which accounts for the class imbalance, remains
consistent at 97% for both levels. This suggests that while the low threshold level is optimal for incipient fault detection, the

high threshold level reduces the false positives.

1 TP
Balanced Accuracy = — (

+ TN (15)
2\TP+FN TN+FP

The high threshold provides a more reliable detection strategy by significantly reducing false alarms. However, it also tends
to delay fault detection, as alarms are triggered later in the fault progression. This limitation can restrain early-stage fault
detection. Consequently, there is a trade-off between early detection achieved through the low threshold and more accurate

fault confirmation by the high threshold.

5 Discussion

The research presents a physics-informed deep learning normal behaviour model to facilitate condition monitoring of mechan-
ical components. This approach employs a multivariate autoencoder that fuses multiple signal-processing condition indicators
into a single high-level health indicator to provide a comprehensive overview of the health of mechanical components. By

incorporating numerous condition indicators into one unified indicator, the method significantly reduces the time and resources
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required for condition monitoring. The model is trained on healthy vibration data to learn the normal behaviour of mechanical
components and detect deviations from normal behaviour when faults occur. A correlation analysis on 10 wind turbines shows
that certain vibration-based condition indicators are highly correlated with operating conditions. Furthermore, a multivariate
deep learning regression model trained on these indicators explains a high percentage of the variance in operating conditions,
depending on sensor sensitivity to operational variations. The proposed non-linear deep learning method leverages the cor-
relation to incorporate the effect of changing operating conditions by capturing the intricate relationships among vibrational
condition indicators. As a result, the model can be trained exclusively on vibration data, without relying on operating conditions
data, to monitor the health of complex machines under changing operating conditions, such as wind turbines. The proposed
method is validated using two datasets: the publicly available IMS dataset, which ensures the reproducibility of results, and
an offshore wind farm dataset, which demonstrates the real-life application of the method. The results indicate that different
indicators are effective at identifying various types of faults, and the proposed method’s ability to fuse numerous condition
indicators enables the detection of the majority of fault types. As illustrated in Figure 13, the model successfully detected fault
trends when frequency-domain indicators were combined with time-domain statistical indicators as input. This increases the
model’s input size but improves its capability to detect most faults. The proposed method provides an alternative to traditional
condition monitoring approaches, which rely on manually tracking individual indicators and become inadequate for managing
large fleets of complex machines. By using condition indicators as input to the model, a single high-level indicator can be
derived to streamline the monitoring. The proposed method depends on condition indicators to detect faults. If a fault trend is
not visible in any input condition indicator, the model predicts healthy behaviour, as shown in Figure 13a. In this case, the fault
is not present in the time domain, and a model trained only on time-domain statistical indicators fails to predict the fault trend.
However, incorporating a diverse set of condition indicators mitigates this issue. The proposed method is evaluated using a
dataset from 10 wind turbines, each equipped with 11 vibration sensors, comprising a total of 110 sensors and 19 manually
confirmed fault cases. The method’s sensitivity and specificity are assessed under two threshold levels. At the lower threshold,
the model achieves the highest sensitivity at the cost of low specificity by detecting all 19 confirmed fault cases, including
6 false alarms. In contrast, the higher threshold improves specificity by reducing false alarms to 1; however, it misses one
confirmed fault and delays detection. Overall, the high threshold achieves an accuracy of 98%, compared to 95% for the low
threshold; however, the balanced accuracy is 97% for both levels. These results suggest the threshold level can be adapted to

application requirements, while considering the sensitivity—specificity trade-off.

6 Conclusion

This study presented a novel data-driven condition-monitoring method to enhance the efficiency of health monitoring and
maintenance for large fleets of complex machines. The proposed method incorporated numerous condition indicators, including
time-domain statistical and frequency-domain indicators, to derive a comprehensive high-level health indicator. The method
was validated on two datasets: NASA’s IMS bearing fault dataset, ensuring the reproducibility of results, and an offshore wind

farm dataset, demonstrating the application in real-world scenarios. The findings indicated that by integrating a diverse range of
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condition indicators, the method effectively detected the majority of faults. Additionally, it simplified the condition-monitoring
process by significantly reducing the time required for analysis, making it particularly suitable for large fleets, such as wind
farms. The proposed method, evaluated on a dataset of 10 wind turbines, achieved up to 97% balanced accuracy for fault
detection. The results showed that threshold levels could be adapted to application requirements, depending on the preferred
balance between sensitivity and specificity. Future work could focus on improving the interpretability of the approach by

incorporating explainable Al techniques, further improving its practicality and adoption in industrial settings.

Data availability. The datasets used in this study include both proprietary and public sources. The vibration and operational data from
offshore wind farms are proprietary to industrial partners and were obtained under a non-disclosure agreement; therefore, they cannot be
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