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Historical failure datasets for critical assets are rarely available. This makes it difficult to integrate
condition monitoring techniques found in literature into industry, as these techniques are often either
equipment-specific or highly dependent on the availability of a historical failure database. Recent
research in the vibration-based condition monitoring field addressed this problem, by focusing on
using unsupervised latent variable models that require only healthy data for training. By learning the
distribution of the healthy data, faults can be detected and tracked when new data starts to deviate
from the learned healthy distribution.

The complexity of the healthy data distribution drastically increases when machines are operated at
varying rotational speeds, resulting in smearing in the frequency spectrum, amplitude modulation,
and heteroscedastic noise in the data. This makes it more difficult to accurately model the healthy data
distribution. Signal processing methods that incorporate available shaft speed and phase information,
have been applied extensively to vibration data from varying speed conditions, to make it easier to
analyse. Order tracking has been performed to convert the signals to the angle domain, and regression
methods have been applied to normalize the effect of amplitude modulation. This work systematically
investigates to what extent the availability of operating condition information can help to simplify
the learning process for latent variable models in a semi-supervised setting. For a baseline, the
operating conditions are mapped to the vibration data in a supervised setting. This is done to see
how much of the variance in the vibration data can be explained by the operating conditions, and to
highlight the importance of using latent variable models when the data is influenced by generative
factors that cannot easily be measured or extracted from the data. Unsupervised models (that take raw
unprocessed vibration data as inputs) are compared with semi-supervised models that incorporate
operating condition information during data pre-processing (order tracking), and during modelling
(learning distributions conditioned on the associated operating conditions).

Two latent variable frameworks that are often used for anomaly detection are investigated: Principal
Component Analysis (PCA) and Variational Auto-Encoders (VAEs). This work highlights practical
limitations in the PCA and VAE frameworks for condition monitoring in an unsupervised setting. It
is shown that PCA can’t accurately capture the heteroscedastic noise in the data, since it is formulated
by assuming constant variance across the whole dataset. It is proposed that the correct variance
can be learned using linear regression between either the latent space representations (unsupervised)
or the available operating condition information (semi-supervised). Using the available operating
condition information yielded the most robust results. For the VAE framework, it is shown that the
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latent space prior commonly used to facilitate disentanglement in � -VAEs, can in this case lead to
posterior collapse, which leads to poor discrepancy analysis results. This occurs because of circular
structures present in the underlying latent space manifold, caused by the periodic nature of vibration
signals. The isotropic variance Gaussian usually used as a latent space prior is not well suited to
capture these manifolds. This challenge is overcome by conditioning the prior on the associated
operating condition information.

This work also provides clear insights into how linear and nonlinear models capture these distributions
differently with lower and higher dimensional latent spaces, which improves the interpretability of
the latent space and the associated model performance. It is shown how the size of the latent space
affects whether the damage is detected in the latent space or the reconstruction space. In addition, the
latent space representations can successfully be monitored for anomalies when conditioned on the
available operating condition information. The latent variable models’ performances are compared
to traditional signal processing approaches (envelope analysis). The semi-supervised models return
promising results on a dataset that is known to be difficult to analyse with traditional signal processing
methods.
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1 Introduction

1.1 Background

For companies in the power generation, mining or manufacturing industries to remain competitive,
their critical assets must be as reliable as possible. Assets deteriorate over time, and without inter-
vention, this will lead to failures. To get the maximum life and performance out of critical assets,
maintenance must be performed when components start to degrade. To minimize the costs and down-
time caused by failures and maintenance programs, condition-based maintenance (CBM) techniques
can be implemented. CBM cuts on maintenance costs by monitoring the condition of the asset, and
only implementing maintenance when degradation of the asset is detectable (Jardine et al. 2006).

A CBM program can be used to make better maintenance decisions. A maintenance decision ad-
dresses a diagnostic question - 'What should be repaired/replaced?', as well as a prognostic question
- 'How much time before this repair/replacement should take place?'. Diagnostics is focused on
identifying the fault present in the asset, while with prognostics, the aim is to predict the Remaining
Useful Life (RUL) of the asset before it fails. The framework of Prognostics and Health Management
(PHM) combines diagnostics and prognostics (Lee et al. 2014). The aim is to identify and isolate
a fault as early as possible, and then track how the fault develops to continuously update the RUL
estimation, and perform maintenance before some failure threshold is reached.

Three di�erent methods of PHM are often implemented: physics-driven methods, data-driven meth-
ods, and hybrid methods (a combination of physics- and data-driven methods) (Liao & K•ottig 2014).

Physics-driven methods aim to model the failure mechanisms (e.g. crack growth) using mathematical
models that describe some underlying physics. Analytical models are used where possible, but for
most cases, the physics over complex geometries cannot be represented in an elegant closed-form
equation or are only poorly approximated. In these cases, �nite element models allow for accurate
and 
exible results. These models are however computationally expensive, and to get the models to
accurately resemble the failure, the model parameters need to be carefully calibrated to match the
actual material properties of the equipment. The models are equipment-speci�c, and it can be di�cult
to accurately model the physics of machines with many interacting components. In many cases, the
underlying physics of the machine is simply not understood well enough to allow appropriate and
e�ective modelling of the physics.

When the underlying physics cannot be modelled accurately, one can turn to data-driven methods.
Data-driven methods predict the condition of the asset based on condition monitoring signals obtained
through sensors. Di�erent sources of data can be used to gain insight into the condition of a machine.
Vibration signals, temperature signals, acoustic signals, oil debris measurements or any other sensor
measurement that has some correlation with the underlying condition of the machine, can be used
to monitor the condition (Jardine et al. 2006). Vibration-based condition monitoring is however the
most common technique, because of the amount of diagnostic information that is captured in the data.

A data-driven PHM methodology should ideally have the following characteristics for it to be easily
integrated into industry:

1. Little expert domain knowledge required: Many traditional data-driven techniques rely on
extensive domain knowledge to extract informative features from the data from which the
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condition of the machine can be inferred. Most companies do not have the domain knowledge
and resources to do this.

2. Applicable to a range of di�erent assets: Many of the data-driven techniques found in
literature are equipment-speci�c, making it di�cult for companies that want to monitor a wide
range of assets.

3. No asset-speci�c historical failure data required: While there are some labelled failure
datasets available that have been used extensively in literature for investigations, historical
failure datasets are rarely available for the speci�c asset of interest that one wants to monitor.
For the largest part of the life cycle of an asset, the asset operates in the healthy regime, with
the asset only entering the damaged regime near the end of its life cycle. In most cases, the
damaged regime is not recorded until failure, as it is costly to run the asset up to failure. Only
part of the damage regime is available, up to the point where maintenance is applied. This
leads to a large imbalance in the availability of healthy data compared to unhealthy data.

4. Applicable to time-varying operating conditions: Many machines are operated at 
uctuating
speeds and loads, which makes it signi�cantly more challenging to use data-driven methods for
condition monitoring.

Learning-based methods (machine learning and deep learning) can be used to automate fault diagnos-
tics and remove the requirement for expert domain knowledge (Lei et al. 2016, Khan & Yairi 2018,
Zhang et al. 2020). Recent work has focused on developing unsupervised learning-based methods
that do not require failure datasets, where models are trained to capture the distributions of healthy
data, and then detect and track how a fault develops, by monitoring how new data samples deviate
from the healthy distribution (Heyns et al. 2012, Booyse et al. 2020, Balshaw et al. 2022). These
techniques are not tailored to monitor speci�c assets and fault types more accurately than others, and
have been shown to be applicable to time-varying operating conditions. To automatically classify
faults, one still requires labelled failure data to train models. Some research has been done on transfer
learning techniques, where models can be trained on large labelled failure datasets from other assets,
and that knowledge can then be transferred to classify faults on assets where no historical failure
datasets are available (Guo et al. 2019).

This work focuses on using latent variable models (LVMs) to capture the distribution of the healthy
data, in order to automatically detect and track faults. It is explained how this framework can be
integrated with transfer learning techniques to automatically classify faults, but transfer learning tech-
niques are not explored in this dissertation. The complexity of the healthy data distribution drastically
increases when machines are operated at varying rotational speeds. This work systematically inves-
tigates to what extent the availability of shaft speed and phase information can be used to simplify
the learning process for the latent variable models, by integrating the information into the learning
process in a semi-supervised setting.

1.2 Data-driven fault diagnostics

In the data-driven condition monitoring context, the primary goal is to use the available raw condition
monitoring data samples, denoted here asX 2 Rn� D x , to infer information related to the health
condition of the machine, denoted here ash 2 Rn . The number of samples is denoted byn. From
each samplex 2 RD x , a health conditionh is inferred.x would typically be a time-series vibration
signal, where the signal lengthDx is in
uenced by the sampling frequency and duration. The
information contained byh is dependent on the diagnostic task at hand. Diagnostics can be divided
into three stages: fault detection, fault classi�cation and fault tracking (Cerrada et al. 2018). Before
looking at the three diagnostic stages in detail, we �rst consider the process of feature extraction.
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1.2.1 Feature extraction

In most cases, each raw condition monitoring signalx contains a lot of information that is not related
to the condition of the machine, making it more di�cult to inferh directly from it. In these cases,
features are extracted fromx , denoted here asx � 2 RD x � , to get rid of the information irrelevant
to inferringh, and to amplify the relevant information. When features are extracted manually, one
needs to know how the information of interest (the health condition of the machine) presents itself
in the datax , and then carefully select feature extraction methods to extract these characteristics.
Traditionally, statistical features such as the root-mean-square (RMS) or kurtosis of a signal were
monitored to get indications of damage. These features are however highly sensitive to 
uctuating
operating conditions (Zimroz et al. 2014), and still contain a lot of information irrelevant to the
health conditionh. Advanced signal processing methods have been proposed in literature that focus
on extracting impulsive cyclostationary components from the signals in frequency bands that are
known to contain the fault, using envelope analysis. For a cyclostationary signal, certain statistical
features of the signal vary periodically over time, caused by the energy 
ow in the signal (Antoni
2009). Extracting cyclostationary information from the signals is particularly useful, since bearing
faults manifest as periodic impulses in vibration signals. Envelope analysis is typically done by �rst
bandpass �ltering the signal in a frequency band that is known to contain the impulsive components,
and then demodulating the signal to extract the envelope (Randall & Antoni 2011). The envelope
spectrum can then be analysed to detect fault frequencies, with the squared envelope spectrum (SES)
being the benchmark technique for bearing diagnostics (Abboud et al. 2019). Sparsity measures
have been proposed to automatically identify the most suitable band for demodulation (Antoni 2007).
Wang et al. (2020) showed that popular sparsity measures, such as the spectral kurtosis, spectral
negative entropy, spectral Gini index and spectral smoothness index can all be formulated as the sum
of a weighted normalized square envelope, with the weights being the only di�erence between the
sparsity measures. The work of Abboud et al. (2019) compares some of the state-of-the-art bearing
diagnostics approaches. These techniques are however often tailored to speci�c faults. To completely
remove the requirement of expert knowledge from the feature extraction process and make it appli-
cable to any fault type, automatic feature extraction methods have been proposed using unsupervised
learning techniques (Lei et al. 2016). For unsupervised learning, the goal is to learn the distribution
of the input datap(x ). When the input datax is high dimensional, the models aim to learn the
underlying relationships in the high dimensional input data. The models learn by projecting the
high-dimensional input samplex to a lower-dimensional representation, denoted here asz 2 RD z ,
whereDz << D x , and then try to reconstruct the high-dimensional input data as well as possible
from this lower-dimensional representation. By doing this, the models learn to retain the impor-
tant information aboutx in this lower-dimensional representationz. z can then be used as features
x � . Note thatz is learned automatically using learning-based methods, whilex � is extracted manually.

Feature extraction has been extensively integrated into each diagnostic stage to simplify the process
of inferring h. Wang et al. (2018) provided a thorough literature review of vibration-based features
used as bearing and gear health indicators.

1.2.2 Fault classi�cation

With fault classi�cation, the goal is to identify the source that causes the anomalous behaviour. It is
usually not concerned with estimating the severity of the fault, but only with identifying the particular
failure mode. In this case,h will be some class label ('Healthy', 'Damaged gear tooth', 'Damaged
bearing inner race', etc.), making it a classi�cation task, or the damage severity (tool wear, crack
size, etc.), making it a regression task. To classify faults, the model needs to know what each fault
looks like, and therefore labelled failure data is required. Fault classi�cation occurs in the supervised
learning setting. With supervised learning, the goal is to learn the conditional distributionp(hjx ),
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i.e. given the measured input datax , determine the probability that the outputh is a certain class.
The input data samplex is then assigned to the most probable class, as depicted in Fig. 1(a). To
learnp(hjx ), one needs access to labelled input data, where for each sample inx , the desired output
h is available. An example of supervised learning used for fault classi�cation is the work of Janssens
et al. (2016), where a Convolutional Neural Network (CNN) was trained to classify bearing faults,
taking the Discrete Fourier Transform (DFT) of the vibration signals as input.

(a) Classi�cation (b) Detection and tracking

Figure 1: Automatic fault classi�cation, detection and tracking using learning-based methods

To simplify the learning task,p(hjx � ) can also be learned, since it is easier to learn the relationship
between the low-dimensional featuresx � andh than it is to learn the relationship between the high-
dimensional input datax andh. This is particularly useful when limited labelled data is available.
Supervised and unsupervised learning methods can be combined (referred to as semi-supervised meth-
ods), by automatically extracting a lower-dimensional representationz in an unsupervised manner to
use asx � , and then feedingz into a supervised classi�cation model to learnp(hjz). An example of
semi-supervised learning in the condition monitoring literature includes the work of Jia et al. (2016),
where a deep neural network was trained to classify gearbox faults. The network was pre-trained layer-
wise using Auto-encoders (AEs) in an unsupervised setting, and thereafter �ne-tuned on the available
labelled fault data in a supervised setting. Zhang et al. (2021) showed how semi-supervised methods
can be used to robustly train classi�ers when only a small part of the dataset is labelled, or when the
dataset includes many mislabelled samples. A Variational Auto-encoder (VAE) model was trained to
reconstruct the raw data, with the latent representationsz of the raw data used as inputs to the classi�er.

Learning-based classi�cation techniques generally require large labelled failure datasets to success-
fully train the models. Recent condition monitoring research has focused on developing transfer
learning techniques to address the problem when labelled failure datasets are not available for a
machine (Guo et al. 2019, Wen et al. 2019). These methods focus on using labelled failure datasets
from other machines where it is easy to obtain labelled failure data (referred to as the source domain)
to train classi�cation models, and then transfer the knowledge gained by the models to a target domain
(the machine with no historical failure database). When the knowledge is successfully transferred,
the models can classify faults in machines where it is di�cult to obtain labelled failure data.

In Fig. 1(a), we can see that simply attaching a class label of 'Healthy', 'Failure Mode 1' or 'Failure
Mode 2' to the data does not truly capture the condition of the asset, as it does not take the fault
severity, depicted by the colour bar, into consideration. During normal degradation processes, the
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asset slowly transitions from one state to the other, and there is no clear boundary that indicates that
the condition changed from one state to the other. Most learning-based diagnostics implementations
in literature follow a classi�cation approach, using large historical datasets, where the samples are
labelled as healthy or as a certain damage mode. Classi�ers are then trained on these target labels in
a supervised manner, to create decision boundaries between these classes. The severities of the faults
in the training data are not considered. The data that is recorded during the transition phase (the early
stages of damage) can either be classi�ed as healthy or unhealthy, based on the severity of the faults
that were present in the training data. This approach can give poor predictions if limited labelled
failure data is available, as the models can easily over�t on the fault data, giving poor predictions when
the failure mode is at a slightly di�erent severity as was seen in the training data (Schmidt & Heyns
2019). Classi�cation is important for industrial applications to inform the maintenance personnel
what part should be repaired or replaced, but to truly get value from a CBM program, they also need
to be able to detect a fault as early as possible, and then accurately track how the fault develops.

1.2.3 Fault detection and tracking

The tasks of fault detection and fault tracking are usually addressed simultaneously by monitoring a
health indicator, as depicted in Fig. 1(b). The health indicator values at the start of the asset's life
cycle are used as reference points, since it can be assumed that the asset would normally then be in
a healthy condition. Using these reference health indicator values, a discrepancy threshold can be
set. The health indicator is then continuously monitored, and when the threshold is exceeded, it is
an indication that the condition of the asset has changed, so a fault is detected. The health indicator
can then be further monitored to track the rate at which the fault develops. Accurate prognostic
predictions can be made from historical data if the health indicator rises steadily as the fault develops.
Various metrics have been proposed to evaluate how suitable a health indicator is for prognostic
predictions, such as monotonicity, the health indicator's robustness to noise, and the trendability over
time (Lei et al. 2018). Features extracted directly from the signal, such as statistical features or the
SES, are often used as health indicators (Bartelmus & Zimroz 2009, Smith & Randall 2015), but to
know which features will be sensitive to changes in the health condition of the machine, one needs
to know how the damage presents itself in the data. To remove this requirement, one can also use
unsupervised methods to perform discrepancy analysis.

Discrepancy analysis is a novelty detection approach, that has been successfully applied to bearing
and gear diagnostics (Schmidt et al. 2019a, Heyns et al. 2012). A discrepancy measure is assigned to
each point in a signal, that quanti�es how much the point deviates from a model of the signal under
healthy conditions. The discrepancy scores can then be used as health indicators, since it is expected
that the closer to failure the machine is, the more the condition monitoring signals will di�er from the
signals associated with healthy conditions. The discrepancy analysis framework is similar to residual
signal analysis, where the goal is to remove the deterministic/�rst-order cyclostationary part of the
signal (mostly in
uenced by healthy factors), so that the random/second-order cyclostationary part,
where faults manifest, can be analysed (Randall & Antoni 2011). To perform discrepancy analysis, the
healthy data distributionp(x healthy ) must be modelled. Unsupervised learning can be used to learn
the distribution of the healthy datap(x healthy ) (Heyns et al. 2012, Booyse et al. 2020, Balshaw et al.
2022). To simplify the learning task,p(x �

healthy ) can also be learned, where a fault is then detected
when the extracted features start to di�er from the distribution of the extracted features associated
with the healthy data.

Another interesting approach to unsupervised fault detection is to continuously re-train a model to
capture new data as it becomes available, and then monitor the model parameters for changes, which
will indicate that the data distribution starts to change because of damage. Zimroz et al. (2014)
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continuously re-trained a simple linear regression model to �t the relationship between the vibration
signal features (RMS or peak-to-peak) and the operating conditions, monitoring the linear regres-
sion model's parameters to detect damage. Hou et al. (2022) proposed an optimized SES, where a
hyperplane is �t to optimally separate two groups of normalized square envelope spectra, with one
group obtained from healthy data, and the other from data with an unknown health condition. In this
case, the model parameters are interpretable, as the optimal parameters for the model will capture
the fault frequencies present in the samples from the unknown health condition. The group with the
unknown health condition is continuously updated as new data becomes available, and the model
is then re-trained. The model parameters are monitored to detect any fault frequencies in the new data.

In the prognostic setting,h will be the RUL of the asset, making it a supervised regression task,
wherep(hjx ) or p(hjx � ) must be learned. Li et al. (2018) used deep CNNs to predict the RUL of
turbofan engine units. It is not possible to give a good prognostic prediction if only healthy data is
available, as the expected rate of degradation once it reaches a certain degradation state will not be
known. Successful fault tracking can however already add great value to a maintenance program,
as the rate of degradation can be continuously monitored to see when a fault is stable, or when it
develops quickly. Fault tracking can also easily be extended to prognostic predictions when historical
failure data become available, by mapping the health indicators to the RUL values.

Fault classi�cation tasks and fault detection and tracking tasks are often addressed separately. Schmidt
& Heyns (2019) proposed using an open set recognition methodology, where these tasks are combined
to provide a clear framework for how companies can address the problem of not having historical fail-
ure data for classi�cation. Discrepancy analysis is used to detect when the newly observed data starts
to di�er from the healthy data in the feature space, and when it reaches a certain threshold, it is clas-
si�ed as a damage mode. As the fault develops, this new data is added to the set of known conditions,
and the feature space for that particular damage mode starts to become populated. This newly acquired
failure data can then be used in the future to classify similar failure trajectories in the feature space.
If a condition does not match any of the historical data, a novelty is detected, and a new failure class
is populated. Gaussian Mixture Models (GMMs) are used to allow for probabilistic inference, as it is
recognized that during the transition phase between healthy and damaged, many of the classes overlap.

In this work, latent variable models are used to capture the healthy data distribution. Discrepancy
signals are generated from these models, and are used to automatically detect and track faults. While
no classi�cation models are implemented in this work, it is also proposed that discrepancy signals can
be integrated into classi�cation tasks by making use of transfer learning methods, to automatically
classify faults when historical failure data is not available for the monitored asset. The proposed
fault detection and tracking methodology can also easily be extended to an open set recognition
methodology, as proposed by Schmidt & Heyns (2019).

1.3 Condition monitoring under time-varying operating conditions

Condition monitoring under time-varying operating conditions is much more challenging than under
stationary operating conditions. For rotating machinery, the frequencies of the vibrations caused by
faults on shafts, gears and bearings will vary in proportion to the operating speed of the machine.
Fluctuations in the operating speed will cause smearing in the frequency spectrum of the vibration
signal, making it di�cult to identify fault frequencies (Lin & Zhao 2015). In many cases, the clearest
indication of a fault developing and becoming more critical is an increase in the vibration amplitude.
For this reason, many approaches monitor simple statistical features of the vibration signals, with
RMS values being the most widely used health indicator in prognostic tasks (Lei et al. 2018). Time-
varying operating conditions also cause amplitude modulation in vibration signals, making it di�cult
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to distinguish whether changes in the vibration amplitude are caused by the varying operating condi-
tions, or by changes in the health state of the machine (Schmidt & Heyns 2020). The deterministic
and random components of the signal are amplitude modulated, making features such as the RMS
correlated with the operating speed. This modulation also makes the data heteroscedastic, with the
variance of the noise being larger when the machine is operated at higher speeds.

Fig. 2 shows how the correlation between the monitored features and operating speed leads to poor
fault detection and tracking results. When the features are correlated with the operating speeds, the
damage is detected (speci�ed in this case as the sample from where no false negatives are classi�ed
further onward) much later than when the features are not correlated with the operating speeds. The
fault can also be tracked with much more certainty when the features are not correlated with the
operating speeds.

(a) Uncorrelated (b) Correlated

Figure 2: Fault detection and tracking with features (a) uncorrelated to the operating speed vs. (b)
features correlated to the operating speed .

The condition monitoring task, under varying speed conditions, can be signi�cantly simpli�ed by
incorporating the shaft rotational speed and phase information into the analysis. Order tracking (OT)
can be implemented to remove the spectral smearing caused by varying speed conditions. With OT,
the signal is sampled at a rate proportional to the shaft rotational speed. Instead of sampling at
constant time intervals (constant number of samples per second), sampling is done at constant shaft
angular displacement intervals (constant number of samples per shaft revolution). OT can either be
performed using analogue hardware that samples at a rate proportional to the shaft speed, or the signal
can be sampled at constant time intervals, and then be re-sampled afterwards based on shaft speed
measurements. The latter case is known as Computed Order Tracking (COT) (Fyfe & Munck 1997).
For COT, the shaft speed is recorded with a tacho signal. After order tracking, a Fourier Transform
can be applied to get an order spectrum, where the vibration orders caused by a certain fault will line
up in the spectrum, with minimal smearing, making it easier to identify faults. For cases in industry
where the shaft speed is not recorded, tacholess order tracking methods have been proposed, where
the shaft speed and phase are estimated directly from the vibration signal so that order tracking can
still be applied (Schmidt et al. 2018b, Lu et al. 2019).

Another advantage of order tracking the data is that it allows one to perform synchronous averaging
on the input data, or the discrepancy signals. The synchronous average is obtained by point-wise
averaging over several signal segments with the same length. The signal segments are usually chosen
to correspond with one shaft rotation period. By doing this, non-synchronous components, such as
noise, get averaged out, and components synchronous to the shaft rotation remain. Shaft localised
faults, such as gear faults, can be detected in this manner. Heyns et al. (2012) order tracked raw vi-
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bration signals, and �t a GMM to the data. Discrepancy analysis was performed, and the discrepancy
signals were then synchronously averaged to enhance the components caused by the gear faults.

The problem of amplitude modulation can be addressed from di�erent angles. Some approaches
try to learn the relationship between a diagnostic metric, such as the RMS, and the shaft speed,
using a regression model (Bartelmus & Zimroz 2009, Zimroz et al. 2014, Schmidt et al. 2019a).
For a certain shaft speed, the expected value for the diagnostic metric at a healthy condition can be
calculated with the regression model, and then compared to the actual diagnostic metric, to detect
changes in the condition of the machine. These methods e�ectively learn the conditional distribution
p(x �

healthy jc), wherec 2 RD c is the associated operating condition information. Other approaches
remove the e�ect of amplitude modulation by applying normalisation techniques to the signals with
varying operating conditions. Schmidt & Heyns (2020) proposed the Normalisation of the Amplitude
Modulation caused by Varying Operating Conditions (NAMVOC) procedure, where it was shown
that, if this technique is used as a pre-processing step, the RMS can still be used to track fault severity
in prognostic tasks.

In this work, it is investigated to what extent the unsupervised learning task presented to latent
variable models, can be simpli�ed by incorporating operating condition information in the process,
speci�cally the shaft speed and phase information. This can be done during pre-processing, by order
tracking the data, or during modelling, by learning the conditional distributionp(x healthy jc). If the
availability of the shaft speed and phase information signi�cantly improves the models' performances,
a case can be made to invest time into tacholess order tracking methods to extract the shaft speed and
phase information, and then combine the information in a semi-supervised learning setting, rather
than attempting an unsupervised approach.

1.4 Discrepancy analysis from raw signals

1.4.1 Generative factors of a condition monitoring signal

To perform discrepancy analysis, we �rst have to model the healthy data. Consider a vibration signal
x healthy , recorded from a healthy machine. The signal is sampled at 25 kHz, for a time window of 1
second. This makesx healthy a 25000-dimensional vector, meaning thatp(x healthy ) is a distribution
in the high-dimensionalR25000 space, which makes it infeasible to model this distribution. Let's
consider generative factors that could have in
uenced the 25000 values captured:

ˆ Operating speed: The frequencies present in the signal will mostly be harmonics of the shaft
rotational frequency.

ˆ Shaft rotation angle when the recording button was pressed: If the vibration signal was recorded
slightly later, the shaft would have been at a di�erent rotation angle, causing the vibration signal
to di�er by a phase shift from the one we are currently considering.

ˆ Operating load: If the loads on the machine vary signi�cantly, the loads can change the sti�ness
of some parts, changing the natural frequencies of the system and in
uencing the measured
vibrations.

ˆ Environmental conditions: The environmental conditions (e.g temperature, pressure) can cause
some parts to undergo thermal expansion, causing parts to press harder against each other, which
in
uences the measured vibrations.

ˆ Other signi�cant factors that we are not aware of.
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Along with the generative factors, there is also measurement noise present in the 25000 values cap-
tured. The operating and environmental conditions mentioned above are denoted byc. Note that the
physical properties of the machine are not included in this list ofc, as these properties are assumed
to either be constant or to be complex functions of the variables included inc (e.g. the sti�ness of a
material might change with a change in temperature). The operating and environmental conditionsc
can be divided into those that we have measured,cknown , and those that we have not measured or are
not aware of,cunknown .

Considering this short list of generative factors, it is clear that the 25000 values measured are only
in
uenced by a handful of underlying generative factors. It should therefore be possible to model the
vibration signalx healthy with a model taking fewer than 25000 inputs. These generative factors apply
constraints to the observed 25000 variables, constraining them to a small area in theR25000 space. This
assumption, that there exists a set of latent variablesz in a lower dimensional subspace, that captures
all the details of the observed variablesx , is known as the manifold hypothesis (Fe�erman et al. 2016).

A manifold is a smoothn-dimensional topological space, that locally resembles Euclidean space
near each point on the manifold. The manifold exists in some higher dimensional space. Lower-
dimensional manifolds can be found in a variety of high-dimensional data, such as images and speech
data. These manifolds are formed by the constraints arising from physical laws. Lin et al. (2016)
explain this concept by using the example of classifying images containing cats or dogs, explaining
how all natural images fall on a manifold that covers only a small region in the high-dimensional input
space of an image, which allows models with parameters far less than the dimensionality of the input
space, to successfully classify the images.

Returning to the vibration signal, if it is possible to accurately model vibration signals recorded from
the machine under all possible values forc with a vector-valued functionx healthy = f (c), it would
mean that the vibration signals all fall on aDc-dimensional manifold in theR25000 input space.
Vibration signals from similar conditionsc (e.g. similar shaft speeds) will fall close to one another
on thisDc-dimensional manifold. When the vibration signals start to capture the e�ect of damage in
the machine, the data will fall o� thisDc-dimensional manifold, and the functionx healthy = f (c)
will not be able to accurately generate the data.

1.4.2 Modelling the healthy data using observed variables vs. using latent variables

When performing discrepancy analysis, one asks how likely it is that the measuredx is from a healthy
machine operated at the current set of operating conditionsc, so we are not interested in modelling
a deterministic functionx healthy = f (cknown ; cunknown ), but rather in capturing the distribution
p(x healthy jcknown ; cunknown ). By conditioning oncknown andcunknown , one points to a speci�c
location on the manifold where one expects to �nd healthy data for that speci�c set of operating and
environmental conditions.

If all of the generative factors included incunknown play only a minor role in whatx healthy looks like,
the distributionp(x healthy jcknown ; cunknown ) will resemble the distributionp(x healthy jcknown ). It
will be possible to model the healthy data distribution in a completely supervised manner, by simply
mapping each setcknown to the correspondingx healthy , to learn the distributionp(x healthy jcknown ).
Fig. 3(a) shows a schematic representation of this supervised model, takingcknown as input, and
then learning to reconstructx healthy as accurately as possible by decodingcknown . This model
architecture is referred to in this work as a C-decoder.

If some of the generative factors included incunknown play a major role in determining whatx healthy
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looks like, one will expect that a supervised approach will not work well, sincep(x healthy jcknown )
andp(x healthy jcknown ; cunknown ) will be vastly di�erent. Unsupervised latent variable models can
then be used to model the distributionp(x healthy jcknown ; cunknown ). All the latent variable models
considered in this work have some form of encoder and decoder function, as shown in Fig. 3(b).
The models are trained to project the high-dimensional input datax healthy to a lower-dimensional
latent representationz using the encoder function, and then reconstruct the input data as accurately
as possible by only consideringz, using the decoder function. This forces the model to learn how
to capture only the most important information present inx healthy in the latent space representation
z. The latent representation will be an abstract representation of all the signi�cant generative factors
of x healthy , soz will be a representation ofcknown andcunknown . Latent variable models allow one
to model the healthy data distributionp(x healthy jcknown ; cunknown ), without knowingcunknown , by
approximating it with the densityp(x healthy jz). This is the main reason why we use latent variable
models.

(a) Supervised C-decoder model (b) Unsupervised latent variable model

Figure 3: Schematic representation of the supervised decoder model and the unsupervised latent
variable model.

To illustrate this concept, let's consider the following toy problem: we are interested in monitoring
the condition of a machine operated at constant operating conditions (constant shaft speed and loads),
but under varying environmental temperatures, denoted byT. The sensors used during the task are
an accelerometer that measures the vibrations, and a shaft encoder that records the shaft speed. The
temperatures play a large role in what each vibration samplex looks like, but are not recorded. To
simplify the discussion, we also assume that the temperature is the only signi�cant generative factor
that causes variance inx healthy , since the other notable generative factors such as operating speed
are kept constant. Socknown only includes the constant shaft speed, which is irrelevant to modelling
x healthy , since it is kept constant and therefore does not cause any variance in the vibration samples.
cunknown consists of the environmental temperatureT.

Vibration samples from a healthy machinex healthy are recorded on two di�erent days, where the
environmental temperature di�ers substantially between the two days. The temperatures are denoted
asT1 andT2. To simplify visualization,x is represented as a 2-dimensional vector, but in reality,
it will be a high-dimensional vector that is di�cult to model. Fig. 4 shows the true manifold on
which all healthy data samples lie for di�erent environmental temperature values. Fig. 4(a) shows
the healthy samplesx healthy recorded atT1 andT2 that represent the training data. Healthy samples
x healthy recorded atT3, are also included in Fig. 4(a), which will be part of the discussion later on,
but for now, it is important to understand that only the healthy samples atT1 andT2 are available to
train the models with, and we do not have temperature measurements available. Fig. 4(b) shows how
damage presents itself in the vibration data, moving further from the true manifold as the damage
level increases.

We now consider that a new vibration signal is measured atT1, and we want to determine the likelihood
of the sample being from the healthy data recorded atT1 to determine the current health state of the
machine. The machine is in a healthy state, but we do not know this. The lower the likelihood,
the more likely it is that the machine is damaged. To do this, we have to model the distribution
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p(x healthy jT1; cknown ). Note that becausecknown plays no signi�cant role onx healthy , it can also be
approximated asp(x healthy jT1). Fig. 5 shows the distributionp(x healthy jT1). It can be seen that the
correct likelihood for the new sample would be 1.77.

(a) Healthy data positioned on the manifold (b) Unhealthy data positioned o� the manifold

Figure 4: Healthy data manifold, along with (a) healthy samples atT1, T2 andT3, and (b) unhealthy
samples atT1, T2 andT3 moving o� the manifold as the damage level increases.

Figure 5:p(x healthy jT1), along with the new measured sample.

We are interested in capturing the distributionp(x healthy jT; cknown ), but sinceT was not recorded,
we will have to model the distribution without knowingT. We have four options to approximate
p(x healthy jT; cknown ) with:

1. Using a supervised C-decoder model, we learn the distributionp(x healthy jcknown ). We use a
non-parametric model, such as a kernel density estimator to �t the distribution.

2. Using a supervised C-decoder model, we learn the distributionp(x healthy jcknown ). We use a
parametric model, assuming that the distribution has some parametric form e.g. Gaussian.

3. Using a latent variable model, we can learnp(x healthy jz) in an unsupervised setting.

4. Using a latent variable model, we can learnp(x healthy jz ; cknown ) in a semi-supervised setting.
This can potentially simplify the learning process when the latent representationsz are mostly
abstract representations of generative factors included incknown . Since there is no useful
information recorded incknown in this scenario, this approach is equivalent to Option 3, and is
therefore omitted from the rest of this discussion.

Fig. 6 shows the approximations forp(x healthy jT1; cknown ) learned by the three options. Option
1 returns the distributionp(x healthy jcknown ) (or p(x healthy )), recovering the two modes atT1 and
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T2. The predicted likelihood for the new sample is 0.88 (compared to the correct 1.77). Option 2
performs even worse, by capturing the mean and variance of the training data samples from bothT1

andT2, since the distribution is assumed to be Gaussian. The predicted likelihood for the new sample
is 0.05 (compared to the correct 1.77). Not knowingT, when it plays a large role in whatx healthy

looks like, makes it impossible to modelp(x healthy jT; cknown ) in a supervised manner. This is where
unsupervised latent variable models become useful. Without knowingT, latent variable models can
be used to projectx healthy to a lower dimensional representationz, that encodes all the generative
factors that play a large role in whatx healthy looks like (i.e.T), and then learn to reconstructx healthy

from z. The encoder models the densityp(zjx healthy ), and the decoder the densityp(x healthy jz).
When new data is now recorded atT1, x will be projected to a latent representationz corresponding
to T1, resulting in the correct distribution being learned, shown in Fig. 6(c), giving the new sample
the correct likelihood of 1.77.

(a) Non-parametric density C-decoder (b) Parametric density C-decoder

(c) Latent variable model

Figure 6: Approximated densities forp(x jT1; cknown ), using (a) a non-parametric density supervised
C-decoder model, (b) a parametric density supervised C-decoder model, and (c) an unsupervised
latent variable model.

If the temperatures were recorded in this scenario, the supervised C-decoder models would also
have been able to accurately capture the distributionp(x healthy jT1; cknown ), making latent variable
models redundant for this application. This work explores this concept in detail, to see to what
extent supervised models can be used to map available operating condition informationcknown to the
healthy datax healthy to perform discrepancy analysis. It is also done to identify when it becomes
bene�cial to rather use latent variable models to model the healthy data distribution, and to what
extentcknown can be incorporated into latent variable models in a semi-supervised setting, to simplify
the learning process. We speci�cally investigate the case wherecknown includes the shaft speed and
phase information, as it is expected that these generative factors are responsible for most of the
variance in the healthy data.
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1.4.3 Discrepancies in the reconstruction space vs. in the latent space

Latent variable models with encoder-decoder structures have been applied to a wide range of anomaly
detection applications, operating on the idea that the models will reconstruct out-of-distribution
(OOD) data poorly. OOD samples in this context refer to samples that are not from the same
distribution as the training data samplesx healthy . The encoder and decoder are trained together with
the goal of reconstructingx healthy as accurately as possible. By setting the latent space dimensionality
Dz lower than the input space dimensionalityDx , the latent variable model is forced to learn a lower-
dimensional manifold in the high-dimensional input space, where only samples that fall on the learned
manifold are reconstructed accurately. This concept is illustrated in Fig. 7, still using the example of
the vibration signals recorded atT1 andT2. The latent space is 1-dimensional, so all possible input
data in the 2-dimensional input space cannot be captured in the latent space. Fig. 7(a) shows how
the encoder maps the 2-dimensional input space to a 1-dimensional latent space. Fig. 7(b) shows
how the decoder then maps the 1-dimensional latent representations back to a 2-dimensional space,
which is referred to in this work as the reconstruction space. Fig. 7(c) visualizes the encoder and
decoder functions combined. Input samples that fall close to points where the colour of the encoded
space matches the colour of the decoded space, will be reconstructed well, while input samples that
are positioned further from these points will be reconstructed poorly. This is illustrated in Fig. 7(d),
where a contour map of the reconstruction error (the distance betweenx andx recon ) are shown.
Note how the areas closest to the training data have the lowest reconstruction error. The areas with
reconstruction errors smaller than 1 are highlighted in red, to show the learned manifold. Input data
falling on or close to this manifold will be reconstructed accurately, and less accurate the further away
it is from the manifold.

(a) Encoder:x (2D) toz (1D) (b) Decoderz (1D) tox recon (2D)

(c) Encoder-Decoder combined (d) Reconstruction error map

Figure 7: Visualization of how the encoder and decoder work together to learn a manifold, where all
values ofx on or close to the manifold will have a small reconstruction error. Reconstruction errors
(Euclidean distance) smaller than 1 are highlighted in red to visualize the learned manifold.
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Note that the learned manifold does not necessarily cover the whole true manifold. Only the regions
where the training data samples are from, are guaranteed to be covered by the learned manifold.
Also, note that the learned manifold covers some regions that are not close to the true manifold. The
encoder and decoder have no way to know that healthy samples recorded atT3 for instance should also
be reconstructed accurately, since healthy samples recorded atT3 were not included in the training
data. If samples were now recorded at a di�erent temperatureT3, the signals will be OOD samples.
The encoder will map the data to an unknown location in the latent space, most likely o� from the
learned manifold, and the decoder will then reconstruct the healthy samples atT3 poorly. The same
idea holds for samples recorded from a damaged machine, as these signals will also be OOD samples.

The reconstruction space is used to calculate anomaly scores using measures such as the likelihood
and the Mahalanobis distance. Recent literature has however shown that these models can in some
cases reconstruct certain OOD samples very accurately, making measures such as the likelihood and
the Mahalanobis distance in the reconstruction space unreliable for anomaly detection (Nalisnick
et al. 2018, Xiao et al. 2020).

There are two concerns when monitoring the reconstructions of latent variable models for anomaly
detection:

1. The model may over�t by learning an identity function transformation for some of the data
points in the input samples. The model will then reconstruct these points accurately whether
the samples are OOD or not (Steck 2020, Denouden et al. 2018). The information bottleneck
provided by the encoder-decoder structure is thus not narrow enough to prevent the model from
just memorizing parts of the input data. This concept is visualized in Fig. 8(a), where it is shown
what the encoded and decoded space would look like if the model learns an identity function for
x1. Note that in Fig. 8(a), the model does not learn to store any information inx2 in the latent
space, withx2 not in
uencing the encodedz value. The encoding-decoding transformation
however acts as an identity function transformation forx1, with the transformation fromx1 to z
being completely invertible. If damage presents itself as a sudden spike inx1, these spikes will
be reconstructed perfectly, and the damage associated with the spike inx1 won't be detected.
It becomes more likely for this to happen whenDz is chosen to be close toDx . WhenDz is
equal toDx , the model can potentially learn to memorize all the input data values in the latent
space and reconstruct any input perfectly.

2. The model may learn a latent manifold, where the training data falls on only a small part of
this learned manifold. Any OOD sample that falls close to the regions on the learned manifold
far from the training data, will also be reconstructed accurately (Denouden et al. 2018). This
concept is illustrated in Fig. 8(b), where the reconstructionsx recon are compared withx
recorded from a damaged machine atT2, as was originally depicted in Fig. 4(b). Even though
the damaged samples atT2 are OOD samples, they also fall close to the learned manifold and
are therefore reconstructed fairly accurately, making it di�cult to detect the damage in the
reconstruction space.

In these cases, the OOD samples cannot be reliably detected in the reconstruction space. The latent
space representations of OOD samples at a certain temperatureTi will however di�er from the latent
space representations of the healthy training data atTi , making it possible to detect the OOD samples
in the latent space. Denouden et al. (2018) �tted a Gaussian distribution to the latent representations
of the training data, and used the Mahalanobis distance between this distribution and the latent
representation of new samples as an anomaly score. This will however only work if the training data
latent representations are grouped so that a Gaussian distribution will �t the data well. This will
not work when the training data samples are from multiple classes/operating conditions, as the latent
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space representations for each class will be grouped together, but the latent space representations for
di�erent classes will not necessarily fall close together. Lee et al. (2018) detected OOD samples in
a deep classi�cation model, by using the Mahalanobis distance on latent representations. Gaussian
distributions that were conditioned on the class labels, were �t to low- and high-level features (latent
representations at di�erent layers in the classi�cation network). Because the input data samples were
from di�erent classes, the latent representations between classes would di�er signi�cantly, making it
necessary to �t distributions conditioned on the class labels to the latent representations.

(a) Identity function learned forx1. Any
value ofx1 is reconstructed accurately.

(b) OOD samples (x unhealthy @ T2) falling on
learned manifold are reconstructed accurately.

Figure 8: Concerns when monitoring the reconstruction space of LVMs for anomaly detection.

For the application of condition monitoring, it is thus crucial to not only monitor the reconstruction
space to detect damage, but also the latent space. Balshaw et al. (2022) split the vibration signals
into shorter segments by shifting a window one point at a time to create the input data matrix. By
presenting the segments in this order to the models, it can be tracked how the latent representations
change over time. Metrics were proposed that track the movement in the latent space over time
between these consecutive samples with the idea that damaged data will cause unexpected jumps in
the latent space that can then be detected.

In this work, the latent space is monitored using an approach similar to that proposed by Lee et al.
(2018). When operating condition information is available, it can be used similarly as the class labels
were used by Lee et al. (2018). The latent representations of the healthy training data are �tted with
distributions conditioned on the available operating condition information. For the example discussed
in this section, this will mean that the distributionp(zhealthy jT) is learned, if the temperature mea-
surements were available. If the temperature measurements were available, one would be able to
learn what the expected latent representationz for a healthy sample would be at a given environmental
temperatureTi . The Mahalanobis distance can then be used as a discrepancy metric for new samples.
It is however not possible to monitor the latent space for discrepancies when the generative factorT
that is responsible for the variance in the latent representations is not known.

Fig. 9 shows the reconstructions and latent space representations for the damaged samples atT1, T2

andT3 depicted in Fig. 4(b). For the samples atT1, the damage is easily detected in the reconstruction
space, with the damaged samples falling o� the learned manifold, causing poor reconstructions (Fig.
9(a)). The damaged samples atT2 still fall close or on the learned manifold, resulting in the damaged
samples being reconstructed fairly well (Fig. 9(c)). The reconstruction space is thus not ideal to
detect damage atT2. Fig. 9(d) shows howp(zhealthy jT2) could have been learned if measurements
for T were available. The latent representations move further from thep(zhealthy jT2) probability
mass as the damage increases, so ifp(zhealthy jT2) was learned, discrepancy analysis could have been
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performed on the latent space representations, and damage would have been detected. Fig. 9(e) shows
that because samples atT3 were not included in the training set, the model cannot be used to reliably
detect damage atT3. In this case, the model reconstructs both the healthy and damaged samples at
T3 poorly. The densityp(zhealthy jT3) depicted in Fig. 9(f) can also not be learned accurately, even
when measurements ofT are available, since there were no samples atT3 in the training set.

(a) Reconstruction space:x @ T1 (b) Latent space:x @ T1

(c) Reconstruction space:x @ T2 (d) Latent space:x @ T2

(e) Reconstruction space:x @ T3 (f) Latent space:x @ T3

Figure 9: x @ T1, T2 andT3: Comparison ofx vs. x recon in the reconstruction space (left) andz
vs. p(zhealthy jTi ) (right)

Note that the probability mass forp(zhealthy jT1), p(zhealthy jT2) andp(zhealthy jT3) are in three dif-
ferent regions in the latent space. AtT1, the expectedz for healthy data isz = 11, atT2 it is z = 32,
and atT3 it is z = 41. When the temperature values are not available, one will have no context of
where the latent representation is expected to be at healthy conditions, making it di�cult to monitor
the latent space for OOD samples. Having operating condition information available enables one to
easily monitor the latent space. In this dissertation, it is investigated how e�ectively the latent space
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can be monitored using shaft speed and phase information. If the results are greatly improved by
the availability of the shaft speed and phase information, then it should be considered to integrate
tacholess order tracking methods with the proposed methodology when a tacho signal is not available.

It is also investigated how the latent space dimensionality a�ects where the damage is detected, as it
is expected that a model with a larger latent space is more likely to learn an identity function between
points in the inputs and outputs, which would make damage only detectable in the latent space.

1.5 Scope of Research

Two commonly used latent variable frameworks are implemented to perform discrepancy analysis on
vibration signals: Principal Component Analysis (PCA), and Variational Auto-encoders (VAEs).

This work addresses the following three questions:

1. When the operating conditions (shaft speed and phase information) are known or can
be estimated, is it necessary to use latent variable models to model the healthy data
distribution, or can the operating conditions simply be mapped to the healthy data in a
supervised setting?

We investigate the case where the instantaneous shaft speed and phase information are available
(obtained with a tachometer, or tacholess order tracking methods). Because we expect that the
shaft speed and phase information are the generative factors behind most of the variance in
the healthy data distribution, it is investigated to what extent the healthy data can be modelled
in a supervised manner, mapping the shaft speed and phase information to the corresponding
vibration signals using a C-decoder as explained in Section 1.4.2. In other words, we investigate
how close the target distributionp(x healthy jcknown ; cunknown ) can be modelled by modelling
p(x healthy jcknown ), wherecknown is the shaft speed and phase information. This is done to
get an idea of the complexity of a dataset, to see if there are other generative factors that are
responsible for large amounts of variance in the healthy data distribution.

If the C-decoder performs just as well as latent variable models on the discrepancy analysis
tasks, then it would mean that the variance in the healthy data distribution can be su�ciently
explained with only the shaft speed and phase information. This would make it redundant
to use latent variable models to capture the healthy data distribution when the shaft speed
and phase information are available, since the latent representations will only capture abstract
representations of the shaft speed and phase information that we already know, while also being
di�cult to interpret.

On the other hand, if the latent variable models perform signi�cantly better than the C-decoder
model, it will be a clear indication that the data samples are also in
uenced by other underlying
generative factors that we are not aware of, or that are di�cult to measure or extract. In this
case, latent variable models will be very useful, as the models can learn to capture abstract
representations of these unknown generative factors in the latent space, to successfully capture
the distributionp(x healthy jcknown ; cunknown ), by approximating it withp(x healthy jz).

2. To what extent can the availability of the instantaneous shaft speed and phase information
improve the performance of latent variable models on fault detection and tracking tasks,
when it is used in a semi-supervised setting?

In this work, the shaft speed and phase information are used to improve the performance of the
latent variable models in the following ways:
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ˆ The data is order-tracked to simplify the learning process for latent variable models
during pre-processing. Booyse et al. (2020) assumed that the vibration signals can be
order-tracked before they are presented to the latent variable model. Balshaw et al. (2022)
presented the raw vibration signals to the latent variable models without order tracking.
To the author's knowledge, no one has systematically investigated whether the healthy
data distributions are captured more accurately or not when order tracking is applied.

ˆ The learning process is simpli�ed during modelling by learning distributions conditioned
on the latent variables and the known operating condition information. The instantaneous
shaft speed and phase information are used during modelling in PCA to capture the het-
eroscedastic noise in the data, and for VAEs to get a more informed prior, by conditioning
the prior on the available operating condition information.

ˆ The operating condition information is used to monitor the latent space for discrepancies,
as was explained in Section 1.4.3.

This dissertation systematically compares how the latent variable models perform in an unsu-
pervised setting without order tracking, a semi-supervised setting where the shaft speed and
phase information are used only for order tracking, a semi-supervised setting where the shaft
speed and phase information are used only during modelling, and a semi-supervised setting
where the shaft speed and phase information are used for order tracking and during modelling.

If the availability of the shaft speed and phase information signi�cantly improves the models'
performances, a case can be made to use tacholess order tracking methods to extract the shaft
speed and phase information when it is not readily available, and then combine the information
in a semi-supervised learning setting, rather than attempting an unsupervised approach.

For the cases where the unsupervised models perform much worse than the semi-supervised
models, we try to address why this is the case, which leads to other minor contributions from
this investigation. It is shown how linear and nonlinear latent variable models �t vibration data
di�erently, and why the models �t order-tracked samples more accurately. It is also shown how
the latent space dimensionality a�ects a latent variable model's performance on fault detection
and tracking tasks, and that the latent space dimensionality plays a role in whether damage gets
detected in the latent space or in the reconstruction space. The importance of using models
that can capture the heteroscedastic noise associated with varying operating speeds is also
highlighted.

3. How do the discrepancy analysis methods perform compared to traditional envelope
analysis methods?

The performances of the learning-based methods are compared with traditional signal process-
ing (envelope analysis) approaches, to see if the learning-based methods can perform at the
same level without any domain knowledge being built into them.

The potential bene�ts of combining discrepancy analysis frameworks with fault classi�cation tasks
using transfer learning techniques are also highlighted for future work. No transfer learning methods
or fault classi�cation models are implemented in this work.

The proposed methodology is applied to two datasets in this work. For the �rst dataset, a phe-
nomenological model is used to create a gearbox vibration dataset under varying operating speeds
with bearing inner and outer race faults. A phenomenological model is chosen, as this allows one
to explicitly increase the damage level by known increments between samples, making it easier to
evaluate a model's performance on fault detection and tracking tasks. The noise levels for this dataset
are also chosen to be relatively low, so that the models' abilities to capture large noise distributions
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are not the main focus in this investigation, but rather how well the models capture the generative
factors such as the shaft speed and phase information in the latent space.

For the second dataset, the C-AIM experimental gearbox dataset is used (Schmidt et al. 2018a). The
dataset consists of vibration data from a gearbox operated at varying operating conditions, with and
without a gear-tooth fault. This dataset is chosen, as it is known to be a di�cult dataset to analyse with
latent variable models and traditional signal processing techniques. The vibration samples contain
impulsive non-synchronous components at high frequencies in both the healthy and damaged data,
which makes the healthy distribution di�cult to learn. The di�culty of the learning task is adjusted
by low-pass �ltering the dataset, to get an indication of how much the impulsive components a�ect a
model's performance.

1.6 Document Overview

Chapter 2 presents the proposed fault detection, classi�cation and tracking methodology that is
implemented in this study.Chapter 3 introduces the latent variable models implemented in this
work. Limitations in the PCA and VAE frameworks for unsupervised condition monitoring are
discussed. It is shown how the available operating condition information is used in this work to
overcome these limitations. InChapter 4, a phenomenological model dataset is analysed using
the proposed methodology. InChapter 5, the experimental gearbox dataset is analysed using the
proposed methodology. Conclusions and recommendations for future work are given inChapter 6.
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2 Proposed Methodology

The proposed fault detection, -tracking and -classi�cation framework is discussed in this section.
This framework is used for both the dataset analyses done in this work (documented in Chapters 4
and 5).

2.1 Overview

The proposed methodology can be divided into �ve steps, with Fig. 10 showing how the �ve steps

ow from one to the other:

1. Pre-processing: The input data, consisting of the condition monitoring signals, and the operating
condition information (if available), are processed before it is fed into a model.

2. Modelling: A model is trained to capture the distribution of the pre-processed training data
x healthy . After training, the model can be used for the evaluation of unseen data.

3. Post-processing: Discrepancy signals are calculated and processed. These discrepancy signals
capture how much the unseen input data di�ers from the distributions associated with the
healthy samples. This includes reconstruction space discrepancy signals, as well as latent
space discrepancy signals (when operating condition information is available to monitor the
latent representations).

4. Fault detection and tracking: The processed discrepancy signals are analysed to detect a change
from the healthy condition, and to track how the fault develops.

5. Fault classi�cation: The processed discrepancy signals are analysed to determine the type of
fault present.

Figure 10: Schematic of the proposed methodology

Steps 1 to 4 can all be implemented without any operating condition information available (so in an
unsupervised setting). While the proposed methodology allows one to detect and track faults without
operating condition information available, this study aims to show how much the availability of the
operating condition information can simplify the task, improving robustness and performance. Steps
1 to 4 will therefore also be implemented while making use of the available operating condition
information (so in a semi-supervised setting). The proposed fault classi�cation framework (step 5)
requires that the shaft speed and phase information are known. This step is not implemented in this
work (no classi�cation models are trained), but it is shown how this discrepancy analysis framework
can be useful to classi�cation approaches when no labelled historical failure dataset on that particular
machine is available.
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A simple toy problem is used in this chapter to visualize the �ve steps of the proposed method. To
make it simple, the operating conditions are kept constant. The measured signal consists of three
components:

ˆ A healthy component, represented by a sine wave with frequencyf shaf t , so one shaft rotation
creates one oscillation.f shaf t was chosen as 1.6 Hz.

ˆ A noise component, represented by zero-mean Gaussian noise with a �xed variance.

ˆ A damage component, represented by impulse responses for a viscously under-damped system,
with a natural frequency of 51.2 Hz (32 timesf shaf t ). The impulses occur at a �xed frequency
f damage. Two damage modes are investigated:

{ Mode 1: f damage equalsf shaf t , so each shaft rotation leads to one impulse caused by the
damage. The fault is thus correlated with the rotation angle of the shaft (as would be seen
for a gear-tooth fault). The fault occurs at 270° from the reference shaft rotation position.

{ Mode 2: f damage is not divisible byf shaf t , so the fault is uncorrelated with the rotation
angle of the shaft (as would typically be seen in bearing faults).f damage was chosen to
be equal to 1.8 timesf shaf t .

The signal components are shown in Fig. 11, for three shaft rotations. Each rotation is plotted in a
di�erent colour.

Figure 11: Toy problem: signal components

The measured signals are then generated by scaling the damage component with a factor� between
0 and 1, where 0 represents a healthy signal, and 1 represents the largest damage, and then adding the
components together, as shown in Eq. (2-1):

Measured signal= Healthy component+ Noise component+ � � Damage component
(2-1)

Fig. 12 shows a healthy signal, a signal with a 'rotation angle uncorrelated'-fault (f damage = 1 :8 Hz,
� = 1 ) and a signal with a 'rotation angle correlated'-fault (f damage = 1 Hz, � = 1 ).
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Figure 12: Toy problem: healthy and damaged signals

A dataset was generated consisting of healthy signals, and signals from both damage modes for
di�erent values of� . This dataset was then analysed using the proposed �ve steps.

The �ve steps are discussed in detail in the following subsections, except for the modelling step (step
2), which is only discussed brie
y. The latent variable models implemented in this work are presented
in Chapter 3. This allows the reader to get a full overview of the proposed methodology, before looking
at the more technical formulations of the latent variable models. For each step, it is shown how it can
be implemented in a completely unsupervised setting, as well as in a semi-supervised setting (except
for the fault classi�cation step, which requires operating condition information).

2.2 Pre-processing: input data

The input data fed into the model consists of the condition monitoring signals (vibration signals) and
the operating condition information (if available). Data that are known to be from healthy machine
conditions are used to train the model, and thereafter data from unknown machine conditions can be
fed into the model for evaluation. Before the dataset is fed into the model, it is processed as follows:

ˆ The healthy dataset is split into a training-, validation-, and test set, each having di�erent roles
during the training of the model.

ˆ The condition monitoring signals are order tracked (if the shaft speed and phase information
are available) and split into shorter windows with the same length (referred to as partitioning).

ˆ All the data are normalized or centred, depending on the type of model used, using the mean
and standard deviation of the training data.

ˆ The training and validation sets are balanced based on operating conditions so that all operating
conditions are equally represented in the training data. This is only done if the operating
conditions are known.

2.2.1 Train-, validation- and test set split

The healthy dataset is split into a training-, validation-, and test set. The training set is used to train
the model parameters, and also to set the normalizing parameters for the data. The validation set
is used to prevent the model from over�tting on the training data. The test set is never used during
training of the model. It is used to calculate the expected discrepancy signals of unseen healthy data,
from which discrepancy thresholds can then be set. In this work, the Mahalanobis distance is used as
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a discrepancy score. If discrepancy scores pass the threshold, the samples are classi�ed to be from a
damaged machine.

2.2.2 Partitioning: Section Only, Order Tracking, Order Tracking and Aligning

Condition monitoring signals such as vibration signals are sampled at very high frequencies. It is not
feasible to use the whole signal as input to the models, as the inputs would have very large dimension-
alities. For this reason, the common approach when using raw signals as inputs to a machine learning
method is to use a direct partitioning scheme, where the input signal is split into several segments
of the same lengthL w . This is either done by randomly moving a window with lengthL w over the
signal or shifting the window a certain number of points at a time to obtain segments with a certain
percentage of overlap (Baggerohr 2019, Booyse et al. 2020).

Balshaw (2020) proposed that one should partition and store the data in such a way that the information
of time is preserved in between consecutive segments, by using a continuous time-analysis approach. It
was shown that making this small change to the data preparation step, leads to many new possibilities,
such as utilizing movements in the latent representations to detect damage. Balshaw et al. (2022)
partitioned and stored each raw measurementx i from X in a Hankel matrix in the following manner:

H (x i ) =

2

6
6
6
6
6
4

x i (0) x i (1) : : : x i (L w)
x i (L sf t ) x i (L sf t + 1) : : : x i (L sf t + L w)

x i (2 � L sf t ) x i (2 � L sf t + 1) : : : x i (2 � L sf t + L w)
...

... : : :
...

x i (Nw � L sf t ) x i (Nw � L sf t + 1) : : : x i (Nw � L sf t + L w)

3

7
7
7
7
7
5

(2-2)

where L w determines the window length, andL sf t is a shifting parameter that determines the
number of sample points that overlap between windows.Nw is the number ofL sf t jumps that �t
into (Np � L w), whereNp is the number of points in the measurementx i . Note that whenL sf t

is chosen to be equal toL w , no overlap between consecutive windows occurs. Di�erent lengths
of L w are investigated in this work, andL sf t is chosen based on the size of the dataset. If only a
few samples are available for training,L sf t can be decreased to increase the size of the training dataset.

The Hankel matrices for all the measurements are then concatenated to form the input data matrix for
the condition monitoring signalsX data :

X data =

2

6
6
6
4

H (x 1)
H (x 2)

...
H (x n )

3

7
7
7
5

(2-3)

whereX data 2 RN tw � L w , andN tw refers to the total number of signal window segments included in
X data . This approach of partitioning the raw signal is referred to in this work as Section Only (SO)
pre-processing. Two other pre-processing approaches are proposed, that can be implemented when
order tracking can be implemented (so when shaft speed and phase information are available). By
order tracking the raw signal before feeding it into the model, the model will no longer have to capture
the changes in frequency in the data, but only the amplitude modulation associated with varying speed
conditions. The order-tracked signal can then be partitioned in the same manner as shown in Eq.
(2-2). This approach is referred to as Order Tracking (OT) pre-processing. While this OT approach
removes the varying frequencies from the measured data, the model will still need to learn to capture
the phase shift between signal segments, which is caused by moving the partitioning window by
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L sf t . To remove this phase shift from the data, a third pre-processing approach is proposed, referred
to as Order Tracking and Aligning (OTA) pre-processing. This is done by aligning all the points
corresponding to a certain shaft angle with each other.

(a) Partitioned raw vibration signal (b) Partitioned order tracked vibration signal

(c) SO: segments array (d) OT: segments array (e) OTA: segments array

(f) SO: phase of segments (g) OT: phase of segments (h) OTA: phase of segments

Figure 13: Di�erences between SO, OT and OTA pre-processing approaches

The di�erences between the three approaches are shown visually in Fig. 13, using the toy problem. A
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raw, healthy signal shown in Fig. 13(a) was sampled at 1600 Hz, and order-tracked at 1000 samples
per revolution, in Fig. 13(b).L w is chosen as 1000 points (so the length of one rotation of the order
tracked signal), andL sf t as 250 points. The �rst 9 segments from the raw signal and order tracked
signal are taken, and stacked on top of one another, as was done in Eq. (2-2), using each of the
three pre-processing techniques. The resulting arrays are shown visually in Fig. 13(c) for SO, Fig.
13(d) for OT, and Fig. 13(e) for OTA. The phase of the segments for each of the three approaches
are shown in Fig.13(f)-(h), by plotting the sine and cosine of the phase on the x- and y-axis respectively.

The advantage of using OT or OTA can be seen in these phase plots. Because the shaft frequency
in the toy problem is kept constant, each signal segment can be described with only the phase in-
formation. To learn the distribution of the healthy data, the model needs to learn a mapping from
the signal segments to a latent representation of the phase information. To do this, the model must
be presented with signal segments from all possible phase values, and ideally, the di�erent phase
values should be equally represented in the training data, as the model will otherwise be biased to
capture data from certain phase values better than others. When implementing SO, the values for
L w and L sf t are chosen blindly, without a clear understanding of what the phase of each signal
segment will be. The phases of the segments are scattered around the circle in Fig.13(f), and many
more raw signals will have to be processed before phase information all around the circle is present
in the processed data. There is also no way of knowing what phase values are more present in the
data. The safest approach would be to makeL sf t as small as possible, as this would ensure that
there are data for all the phase values around the circle. The disadvantage of doing this is that the
number of segments in the input data increases drastically, so training and evaluation of models will
take much longer. The mapping from the signal segments, to a latent representation of the phase in-
formation, will also be highly nonlinear, so linear models might not accurately capture the phase shifts.

When using OT or OTA, and choosingL sf t so thatL w is divisible byL sf t , this problem is avoided.
For OT, L w

L sf t
phase values will be present in all the data, so the model needs to only learn a map-

ping from the signal segments to theseL w
L sf t

phase values. For OTA, the points in the segments
are aligned based on the shaft angle, so the model needs to only learn a mapping from the signal
segments to one phase value. This is a much simpler mapping between the data space and the
latent space and might be easily captured by simple linear models such as PCA.L sf t can be chosen
based on the amount of training data available. If limited training data is available,L sf t can be
chosen to be smaller, but if healthy training data is freely available,L sf t can be chosen to be equal
to L w , which will speed up training and evaluation, without decreasing model performance. Note
that whenL sf t is chosen to be equal toL w , the OT and OTA methods return the same signal segments.

Keep in mind that this toy problem is for constant shaft speed. If one then considers a problem with
varying shaft frequency, one can easily imagine how much the complexity of the mapping from the
signal segments to a latent representation of the phase and frequency information, will increase when
using the SO method. When using the OT or OTA method, the mapping will only have to account
for the amplitude modulation caused by varying speed conditions.

In the example shown, the window lengthsL w for the order-tracked approaches were chosen to be
equal to one shaft rotation, so that the shaft rotations are aligned by the OTA approach, causing the
signal segments to look relatively the same, without a lot of variance between them. For machinery
containing gears or sprockets, the largest deterministic component in the signal is usually caused by
the gear teeth meshing, with the component being periodic at orderN teeth , whereN teeth is the number
of teeth on the gear or sprocket. In these cases, it might also make sense to use shorter window lengths
associated with the period of one gear tooth completing a meshing cycle, and then align these shorter
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windows, since the vibrations associated with each tooth will look relatively the same at healthy
operating conditions. Heyns et al. (2012) followed a similar approach for gear diagnostics, where the
window lengths were chosen to correspond with one pinion-gear meshing period, instead of a whole
shaft rotation. Both these approaches are investigated in Chapters 4 and 5.

2.2.3 Normalization/ centering of data

For all the models, except for the PCA models, the condition monitoring signal data are normalized
using the mean and standard deviation of the training set:

X data =
X data � � x ;train

� x ;train
(2-4)

where� x ;train and� x ;train are the mean and standard deviation of the whole training set. Note that
the normalization is not done per input dimension in theRL w input space, as this would bias the
model to reconstruct more accurately on the input dimensions that have the smallest variance. When
the inputs are normalized, the neural network-based models converge faster during training and are
less likely to get stuck at local minima. For the PCA models, the condition monitoring signal sections
are centred per input dimension, as will be discussed in Section 3.2.

The operating condition information corresponding to each of theN tw signal segments stored in
X data , is stored in an arrayC 2 RN tw � D c whereDc is the number of operating conditions known.
In the investigations performed in this work, only the shaft speed and phase information are available.
The sine and cosine of the shaft phase� are fed into models so that the models can learn that there is
not a discontinuity in the input space at� = 0 and� = 2 � , but that these values represent the same
phase. Along with the shaft speed, this givesc a dimensionalityDc = 3 :

ci =
�
f shaf t;i sin(� i ) cos(� i )

�
(2-5)

The operating condition arrayC is normalized per input dimension in theRD C input space, before
being fed into the models:

C =
C � � c;train

� c;train
(2-6)

where� c;train 2 RD c and� c;train 2 RD c is the per dimension mean and standard deviation of the
training set.

If the operating conditions are known, the training and validation sets can be chosen so that the
di�erent possible operating condition combinations are all presented relatively equally in the training
data. If this is not done, the model will be biased to reconstruct data from certain operating conditions
better.

2.3 Modelling: Training and Evaluation

After pre-processing, the healthy input data are used to train the models. The models can be cate-
gorized as unsupervised or semi-supervised (where operating condition information is used during
training).

The distributions that the models learn that can be used to generate discrepancy signals are now
listed. The unsupervised models all return the reconstruction distributionp(x healthy jz), the semi-
supervised models return reconstruction distributions of the formp(x healthy jz ; c) and the C-decoder

26



Proposed Methodology

model returnsp(x healthy jc). These distributions can be used to get reconstruction space discrepancy
signals. The semi-supervised latent variable models also learn the distributionp(zhealthy jc), which
is used to get latent space discrepancy signals. For the unsupervised latent variable models, the latent
space is not monitored in this work.

All the distributions listed are modelled with Gaussian distributions with diagonal covariance matri-
ces. Each Gaussian is thus parameterized by a mean vector� and a diagonal variance vector� 2.
Balshaw et al. (2022) highlighted that Gaussian distributions will be less e�ective when the healthy
signals include impulsive components. In these cases the data distributions will be heavy-tailed, and
Balshaw et al. (2022) proposed that implicit density estimation techniques can be used to overcome
this challenge. This work however only considers the explicit density estimation technique where all
distributions are assumed to be Gaussian. A dataset that includes impulsive components is investi-
gated in Chapter 5, to see how this Gaussian assumption holds.

After training, new data from unknown health conditions can be fed into the model, with the models
then returning sets of� i and� 2

i vectors that represent the above-mentioned distributions, for each
input signalx i . The intricacies of how the models learn to capture the above-mentioned distributions
are not presented in this section so that the reader can �rst get an overview of the whole discrepancy
analysis framework. The model formulations and implementations are documented in detail in
Chapter 3.

2.4 Post-processing: discrepancy signals

2.4.1 Discrepancy signals from the reconstruction space

To get discrepancy signals from the reconstruction space, it is evaluated how likely it is that a sample
x i is from one of the reconstruction distributionsp(x healthy jz), p(x healthy jz ; c) or p(x healthy jc).
With the model only being trained on healthy data, the idea is that the reconstruction ofx i will be
accurate whenx i is recorded from a healthy machine, and less accurate ifx i is from a damaged
machine. The Mahalanobis distance works well as a discrepancy measure in this case, as it captures
how many standard deviations the point is from the mean. This ensures that the discrepancy score
is not correlated with the size of the reconstruction variance� 2

i , as is the case if one uses the mean
squared error (MSE) or likelihood as a discrepancy measure. Balshaw et al. (2022) calculated the
Mahalanobis distance for the whole signal segmentx i , viewing the reconstruction mean and variance
as forming a multivariate distribution. While this makes discrepancy scores less sensitive to noise,
the downside is that the resolution of the discrepancy signal is in
uenced by the lengths chosen for
L w andL sf t . In this work, it is proposed that a point-wise discrepancy signal forx i is calculated
from the reconstructed vectors� i and� 2

i , giving a discrepancy signaldrecon;i . Each point in the
discrepancy signal can be calculated as:

drecon;i;j =
x i;j � � i;j

� i;j
(2-7)

with j 2 [1; 2; :::; L w ]. Note that the sign of the di�erence between the predicted mean and the
sample is kept (taking the absolute value of Eq. (2-7) will give the Mahalanobis distance). This
is done so that the frequency information of the discrepancy is captured. Since most faults cause
cyclo-stationary impulses in the measured signal, it is common in signal processing approaches to take
the absolute value of the Hilbert transform of the signal as an envelope analysis technique (Randall
& Antoni 2011, Hou et al. 2022), so that the fault frequencies can be extracted from the signal, not
the high natural frequencies of the structure that vibrate because of these impulses. Using Eq. (2-7)
to calculate discrepancy signals, will also result in the high natural frequencies of the structure to be
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captured in the signal. By then taking the absolute value of the Hilbert transform of the discrepancy
signaldrecon;i , the fault frequencies can be identi�ed in the discrepancy signal. Fig. 14 shows why
the sign of the di�erence between the predicted mean and the sample is kept when calculating the
point-wise discrepancy, as this results in the Hilbert transform capturing the fault frequencies more
cleanly during the enveloping process.

(a) Mahalanobis distance (b) Proposed discrepancy measure

Figure 14: Di�erence in the envelope of the reconstruction space discrepancy signal when using the
Mahalanobis distance vs. the proposed discrepancy measure

2.4.2 Discrepancy signals from the latent space

To get discrepancy signals from the latent space, it is evaluated how likely it is that the latent
representationz i of a samplex i is from the distributionp(zhealthy jc). The Mahalanobis distance
is again used to calculate a discrepancy score, however this time it doesn't make sense to calculate
the discrepancy point-wise, as it is not known which latent variables describe a speci�c point in the
signal segment. The e�ect of time over the signal segmentx i is lost in the latent representationz i .
Every point in the discrepancy signald latent;i for that speci�c segmentx i has the same value:

dlatent;i;j =
L wX

j

(x i;j � � i;j )2

� 2
i;j

(2-8)

which is the squared Mahalanobis distance for that signal segment. The resolution in a latent space
discrepancy signal is thus lower than for the reconstruction space discrepancy signal. It also does
not make sense to take the Hilbert transform ofd latent;i , since the Mahalanobis distance is always
positive, and already acts as an enveloping technique on the calculated discrepancy signal.

2.4.3 Combining discrepancy signals from consecutive signal segments

After calculating a discrepancy signal of lengthL w for each input signal segment, the discrepancy
signals are combined to form one long discrepancy signal that corresponds with the original raw
signal before it was partitioned. The advantage of doing this is simply that working with longer
discrepancy signals will make any statistical features extracted from these signals more robust to the
presence of noise. Fig. 15 shows how consecutive discrepancy signals are combined, using the toy
problem. The discrepancy signal points corresponding with a speci�c point in the raw signal are
simply averaged. After averaging, the Hilbert transform is applied to the reconstruction space dis-

28



Proposed Methodology

crepancy signals. Note that the Hilbert transform is not applied to the latent space discrepancy signals.

For illustration purposes, the damage impulses in the raw signal were scaled, with the second impulse
being smaller, and the third impulse larger. Note how the resolution of the reconstruction space
discrepancy signal is much higher than for the latent space discrepancy signal.

(a) Raw signal from damaged state

(b) Recon space (c) Latent space

Figure 15: Combining discrepancy signals from consecutive signal segments (reconstruction space
and latent space discrepancy signals)

2.5 Fault classi�cation

After post-processing of the discrepancy signals, one has point-wise discrepancy signals correspond-
ing to each of the raw condition monitoring signals before partitioning, which can now be used to
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perform fault detection, -tracking and classi�cation tasks. Fault classi�cation is not an easy task in
the time domain, as the signals are noisy, and it is di�cult to see what fault frequencies are present. It
is also di�cult to classify faults in the frequency domain under varying shaft speeds, as the frequency
spectra get smeared when the signals are not order-tracked. Therefore, it is necessary to order track
the discrepancy signals to be able to classify faults, so the shaft speed and phase information are
required.

With the OTA and OT pre-processing methods, these discrepancy signals will already be order-
tracked. With the SO pre-processing method, the discrepancy signals can be order-tracked as a
post-processing step, as was done by Balshaw et al. (2022).

By plotting the order spectra and synchronous averages of the discrepancy signals, as they develop
over time, one can clearly see which signals are from a machine with a 'rotation angle correlated'-
fault (at 1 Hz/f shaf t ), and which are from a machine with a 'rotation angle uncorrelated'-fault (at
1.8 Hz/f shaf t ). Fig. 16 shows how the order spectra of the discrepancy signals for both fault types
develop as the damage level increases. The fault frequencies and their harmonics can be clearly
seen. To con�rm that the order spectra content at 1 order is for a localized fault relative to the shaft
angle, one can look at the synchronous average of the discrepancy signal. Fig. 17 shows how the
synchronous averages of the discrepancy signals for both fault types develop as the damage level
increases. For the fault at 1 Hz/f shaf t , one can clearly identify the fault at3�

2 radians. For the fault
at 1.8 Hz/f shaf t , the noise level in the synchronous average only increases, showing that there is no
fault present that is synchronous with the shaft rotation.

(a) 1 Hz/f shaf t (b) 1.8 Hz/f shaf t

Figure 16: Order spectra of the reconstruction space discrepancy signals at increasing damage levels
for faults at 1 Hz/f shaf t and 1.8 Hz/f shaf t
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