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Geleitwort

Neue technische Entwicklungen entstehen heute immer 6fter an den Grenzen zwischen den
Disziplinen, wo verschiedene Denkweisen sich begegnen und miteinander wechselwirken.
Die Entwicklung neuer mechatronischer oder intelligenter technischer Systeme setzt ein
interdisziplindres Denken und Handeln voraus.

Mechatronische Systeme bestehen aus einer mechanischen Grundstruktur, die durch Inte-
gration von Sensoren und Aktoren sowie durch informationsverarbeitende Komponenten
ein hohes Mafl an Flexibilitdt und Leistungsfahigkeit gewinnt. Die Mechatronik stellt
somit eine interdisziplinare Kombination der Facher Maschinenbau, Elektrotechnik und
Informatik dar.

Der Lehrstuhl fiir Dynamik und Mechatronik gehort der Fakultat fir Maschinenbau der
Universitat Paderborn an. In Forschung und Lehre befassen wir uns mit der Modellie-
rung, Simulation, Zuverlissigkeit, Optimierung, Betrieb, Uberwachung, Diagnose und
Prognose von mechanischen, mechatronischen und intelligenten technischen Systemen.
Die Forschungsschwerpunkte liegen in den Bereichen Mehrkorpersysteme, Reibung, Ver-
schlei}; Condition Monitoring, Predictive Maintenance, KI-unterstiitztes Engineering, Ul-
traschallprozesse und -systeme. Sie spiegeln sich in den Banden dieser Schriftenreihe, in
denen Ergebnisse unserer Forschung veroffentlicht werden. Die Schriftenreihe soll dazu
beitragen, den Wissenstransfer zwischen der Universitdt und der praktischen Anwendung
zu verbessern.

Um eine zuverlassige Fehlererkennung und eine genaue Vorhersage der Restlebensdauer
technischer Systeme unter zeitlich variierenden Betriebsbedingungen zu erméglichen, stellt
Herr Aimiyekagbon in dieser Arbeit ein Framework mit fiinf verschiedenen Losungsansat-
zen vor. Als Anwendungsbeispiele werden von Herrn Aimiyekaghon experimentelle Daten
herangezogen, die jeweils zeitlich variierenden Betriebsbedingungen ausgesetzt sind. Die
Ergebnisse zeigen, dass die Beriicksichtigung der Betriebsbedingungen, entweder durch
Merkmale, die unabhéngig von den Betriebsbedingungen sind, oder durch die Einbindung
der Betriebsbedingungen als zuséatzliche Eingangsdaten in maschinelle Lernverfahren, die
Vorhersagegiite von Fehlererkennungs- und Prognosemethoden verbessert.

Paderborn, den 18. Juni 2026

Prof. Dr.-Ing. habil. Walter Sextro
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Abstract

Time-varying operating conditions can obscure condition monitoring signals, either causing
changes in operating conditions to be misclassified as faults, which leads to false alarms, or caus-
ing actual faults to be unidentifiable due to the influence of operating conditions on the condition
monitoring signals. False alarms typically result in economic losses, while undetected faults can
have serious environmental and human consequences. To enable reliable fault detection and
accurate prediction of the remaining useful life (RUL) for technical systems operating under
time-varying operating conditions, this work provides a comprehensive framework comprising
five distinct strategies to leverage information about such time-varying operating conditions.
The proposed methodology is evaluated using experimental data from accelerated run-to-failure
tests on piezoelectric bending actuators and ball bearings subjected to time-varying operating
conditions. Piezoelectric bending actuators are electromechanical components utilized in nu-
merous household, medical and industrial production applications, whereas ball bearings are
widely used mechanical components within more complex technical systems. The evaluation re-
sults from both application examples demonstrate that incorporating the operating conditions,
for instance either via condition-invariant features or by including the operating conditions as
additional inputs to machine learning models, enhances the effectiveness of fault detection and
prognostics methods. Although evaluated on only two application examples, this study con-
tributes to advancing the field of predictive maintenance, particularly for technical systems
operating under time-varying operating conditions.

Kurzfassung

Zeitlich variierende Betriebsbedingungen kénnen die Genauigkeit der Zustandsiiberwachung be-
eintrichtigen, indem sie entweder zu Fehlklassifikationen von Betriebsbedingungsénderungen
als Fehler fiihren, was Falschalarme zur Folge hat, oder dazu, dass tatsdchliche Fehler nicht
erkannt werden. Falschalarme fiihren typischerweise zu erheblichen wirtschaftlichen Verlusten,
wahrend unerkannte Fehler schwerwiegende Folgen fiir die Umwelt und die Menschen haben
kénnen. Um eine zuverlédssige Fehlererkennung und eine genaue Vorhersage der Restlebensdauer
technischer Systeme unter zeitlich variierenden Betriebsbedingungen zu ermoglichen, stellt diese
Arbeit ein Framework mit fiinf verschiedenen Ansétzen zur Nutzung von Informationen iiber
solche zeitlich variierenden Betriebsbedingungen vor. Als Anwendungsbeispiele werden experi-
mentelle Daten aus beschleunigten Lebensdauertests an piezoelektrischen Biegewandlern sowie
Rillenkugellagern herangezogen, die jeweils zeitlich variierenden Betriebsbedingungen ausgesetzt
sind. Piezoelektrische Biegewandler stellen elektromechanische Komponenten dar, die in vielen
Anwendungen eingesetzt werden, wiahrend Rillenkugellager weitverbreitete mechanische Bautei-
le in komplexeren technischen Systemen sind. Die Ergebnisse zeigen, dass die Beriicksichtigung
der Betriebsbedingungen, entweder durch Merkmale, die unabhéngig von den Betriebsbedin-
gungen sind, oder durch die Einbindung der Betriebsbedingungen als zusétzliche Eingangsdaten
in maschinelle Lernverfahren, die Vorhersagegiite von Fehlererkennungs- und Prognosemetho-
den verbessert. Obwohl nur an zwei Anwendungsbeispielen evaluiert, liefert diese Arbeit einen
Beitrag zur Weiterentwicklung der pradiktiven Instandhaltung, insbesondere fiir technische Sys-
teme, die unter zeitlich variierenden Betriebsbedingungen betrieben werden.
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Nomenclature

For brevity, the following lists include only symbols and abbreviations that appear mul-
tiple times or are of importance.

List of symbols

x
€
arso
Athresh
aRUL
C

Co
Famp
Fayn
Fstat

fr

fs

i(1)

Lo

Nk

pRUL
RUL
Teq
Tk
Tihresh
t
tEoL

73

Permissible error margin

Random measurement noise
Temperature-based modification factor
Vibration-based threshold value
Actual remaining useful life

Basic dynamic radial load rating
Basic static load rating

Dynamic load amplitude

Bearing dynamic load

Bearing static load

Resonance frequency

Sampling frequency

Output current measured over time t
Root mean square value of the output current
Bearing basic rating life

Output speed at the k" measurement
Equivalent dynamic bearing load
Bearing life exponent

Predicted remaining useful life
Remaining useful life at time step k
Equilibrium temperature
Temperature value at time step k
Temperature-based threshold value
Time

Time at end-of-life

Current time step k

xiii



Xiv Nomenclature
u(t) Input voltage measured over time t

u Root mean square value of the input voltage

o(t) Output velocity measured over time t

0 Root mean square value of the output velocity
Abbreviations

BoL Beginning-of-Life

C-MAPSS Commercial Modular Aero-Propulsion System Simulation
CRISP-DM  Cross Industry Standard Process for Data Mining
DAQ Data Acquisition

DMME Data Mining Methodology for Engineering applications
EEG Electroencephalogram

EMG Electromyography

EoL End-of-Life

FMEA Failure Modes and Effects Analysis

GPR Gaussian Process Regression

HCTSA Highly Comparative Time-Series Analysis

KDD Knowledge Discovery in Databases

KDDM Knowledge Discovery and Data Mining

nRMSE Normalized Root Mean Squared Error

PHM Prognostics and Health Management

RMS Root Mean Square

RUL Remaining Useful Life

SEMMA Sample, Explore, Modify, Model, and Assess

SHM Structural and Health Monitoring

SVM Support Vector Machine

wMAPE Weighted Mean Absolute Percentage Error



1 Introduction

According to Isermann and Ballé [1], fault detection is the determination of the impermis-
sible deviation from the standard, usual or acceptable condition of at least a characteristic
feature of a system via condition monitoring signals, while prognostics is defined as the
process of estimating the RUL of a technical system degrading either due to normal op-
eration with no fault symptoms or due to normal operation with a detected fault [2].

Cyber-physical systems autonomously change their behavior to respond to dynamic envi-
ronments through self-adaptation [3]. Mechatronic systems are subjected to time-varying
conditions, such as exemplarily presented in Table 1.1 for an arbitrary condition. Time-
varying conditions can either be set by the operator or can be due to the environment.
The profile of time-varying conditions at a given time instant f; could be constant, pe-
riodic, with a given amplitude and frequency or stochastic as classified in [4], [5]. In
summary, mechatronic and cyber-physical systems are complex systems that can operate
under time-varying conditions. For example, wind turbines are typically subjected to a
combination of varying loads, such as, gravitational load, centrifugal load and wind load
[6]. In an aircraft, flight speed and altitudes vary between takeoff and landing and the
weather conditions could also vary during a flight [7]. Lithium-ion batteries, such as in
electric vehicles and photovoltaic systems, are often subjected to varying environmental
conditions, such as temperature variations [8]. Where different and customized prod-
ucts are produced to meet specific customers’ requirements, computer numerical control
(CNC) machines of a production industry are typically subjected to varying operating
conditions because each product might vary in composition, material and dimension [9].
Such time-varying conditions pose several challenges in fault detection and prognostics,
as a result of two influencing factors. Firstly, sudden jumps in the operating conditions,
such as shocks can expedite fault progression or even lead to sudden failure [10]. Sec-
ondly, because time-varying operating conditions significantly influence the degradation
process and consequently the condition monitoring signals [10], either faults might not be
detected or changes in the operating conditions could be misclassified as faults and conse-
quently result in false alarms [11]. On the one hand, undetected faults diminishes product
quality, faults progressed into failure lead to long-term downtime, huge economic losses,
and devastating human and environmental consequences for safety-critical systems. On
the other hand, false alarms lead to unnecessary maintenance planning and consequently
to increased economic cost. Thus, to accurately predict developing faults or failure before
occurrence or detect developed faults at an early stage, the consideration of the underlying
operating conditions is inevitable.

In the following, the term system is used interchangeably to imply a component, a sub-
system or a system of subsystems. However, this work builds on the assumption that
the failure of a critical non-redundant component leads to the failure of the total system.
Thus, this work focuses on the component-level.
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Table 1.1: Exemplary categories of time-varying conditions adapted from [4], [5]

Category Profile Typical example

Repetitive tasks of a robot
with two or more steps, such
as pick and place.

>

/F E

Stepped cyclic

Non-repetitive tasks with two
or more steps, such as required

Stepped non-cyclic in small batch or one-off

t production.
Monotonic q Machine run-up or run-down;
Flight takeoff or descent.
t
. q4 Short-term events, such as
Transient

F

)

shocks, and surges.

Wind load; Earthquake on

Random qw structures, such as wind
turbines.

1.1 Research objectives

~

Time-varying operating conditions can accelerate the degradation rate and simultane-
ously obscure condition monitoring signals. This may either lead to faults becoming un-
detectable, eventually resulting in system failure, or to variations in operating conditions
being misclassified as faults, causing false alarms. Therefore, understanding the relation-
ship between time-varying operating conditions, the degradation process, and condition
monitoring signals is crucial for improving the accuracy of fault detection and prognostic
models. Enhanced model accuracy helps reduce unplanned downtime, maintain product
quality, and prevent adverse economic, human, and environmental consequences, espe-
cially in safety-critical systems.

In developing fault detection and prognostic models, the extraction and selection of
degradation-relevant features constitute a vital step, as raw condition monitoring signals
often do not directly reveal underlying degradation trends. Moreover, since time-varying
operating conditions, which can mask condition monitoring signals and the features de-
rived thereof, are not always (synchronously) measured or even measurable, it is important
to investigate features that reliably reflect degradation regardless of operating condition
variations.

The effects of time-varying operating conditions can be addressed in multiple ways during
the development of fault detection and prognostic models, each offering different degrees
of effectiveness. It is therefore essential to explore various approaches and identify the
most practical and promising approaches for early fault detection and prognostics under
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these time-varying operating conditions.

The main research objective is to provide a comprehensive framework for reliable fault
detection and prognostics in technical systems subjected to time-varying operating con-
ditions. Thus, from the preceding paragraphs, the specific research objectives can be
summarized as follows:

o Identify possible relationships between the underlying operating conditions, the
degradation process, and the condition monitoring signals.

o Determine suitable features that are more sensitive to degradation than to changes
in operating conditions.

o Investigate methods and assess the benefits of incorporating operating condition
information into fault detection and prognostic tasks.

1.2 Thesis outline

The thesis is organized into six chapters. The introductory chapter begins by defining
fault detection and prognostics, establishing the need for research focused on technical
systems operating under time-varying conditions. Additionally, examples of time-varying
operating conditions are presented, and the chapter concludes with a summary of the
research objectives.

Chapter 2 reviews and compares various knowledge discovery and data mining (KDDM)
processes, with a primary focus on prognostics and health management (PHM). To ad-
dress recent advancements in machine learning, the traditional PHM cycle is extended
by integrating steps derived from engineering and industry-relevant KDDM frameworks.
The phases of the extended PHM cycles, namely, Technical Understanding, Data Under-
standing, Data Preparation, Diagnostics, Prognostics, Evaluation Methods, and Decision
Management, are then described in detail.

Chapter 3 explores multiple approaches to account for time-varying operating conditions,
beginning with approaches applicable prior to data acquisition, particularly during the
technical understanding phase. Following data acquisition, five approaches for incor-
porating time-varying conditions are discussed: specialized signal analysis techniques,
condition-invariant feature engineering, condition-centered feature scaling, condition-
specific feature standardization, and embedding operating conditions within the modeling
phase. The chapter concludes with a flowchart that systematically presents these method-
ologies, forming a framework for fault detection and prognostics under time-varying op-
erating conditions.

Chapters 4 and 5 focus on two application examples to evaluate the proposed methodolo-
gies, namely piezoelectric bending actuators and ball bearings, respectively. Each chapter
starts with an overview of the application. Under the Technical Understanding section,
a failure modes and effects analysis (FMEA), potential monitoring techniques, test rig
development, experimental setup and measurement procedure are described. The Data
Understanding and Preparation section investigates how operating conditions influence the
degradation process and condition monitoring signals. Subsequent sections present fault
detection and prognostic approaches, while examining the five aforementioned approaches
and employing machine learning methods. Both chapters conclude with an evaluation of
the model performances.
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Chapter 6 summarizes the key research findings, reflecting on the original research ob-
jectives. It also discusses potential future research directions aimed at further improving
the accuracy of fault detection and prognostics models, particularly in the context of
time-varying operating conditions.



2 State-of-the-art framework for
diagnostics and prognostics

This chapter offers a theoretical background by describing the key steps in developing
diagnostics and prognostics models. Moreover, it reviews and compares diverse KDDM
methodologies, focusing primarily on PHM.

The workflow that links condition monitoring signals, fault detection and prognostics can
be described under the general KDDM process, which involves the application of data
mining methods to seek knowledge from data via data analysis and pattern extraction
[12]. There exist several KDDM models, such as knowledge discovery in databases (KDD)
[12], [13], sample, explore, modify, model, and assess (SEMMA) [12], cross industry stan-
dard process for data mining (CRISP-DM) and several extensions of CRISP-DM[12], [14],
such as data mining methodology for engineering applications (DMME)[15]. According
to Fayyad et al. [13], the uttermost goal of KDD is to extract high-level knowledge from
low-level data in databases. SEMMA was defined by and incorporated in the commercial
software SAS® Enterprise Miner' " of the SAS Institute [12]. CRISP-DM is an industry-
oriented and application-/tool-neutral model proposed in 1996 by a consortium of four
companies: Daimler-Benz (now Mercedes-Benz Group AG, one of the world’s leading
automotive companies), Integral Solutions Ltd. (now IBM, a commercial data mining
solutions provider), NCR (a database provider), and OHRA (a notable Dutch insurance
company) [12], [14]. DMME is an holistic extension to CRISP-DM incorporating three
new steps for engineering applications, namely technical understanding, technical real-
ization and technical implementation [15]. A detailed literature survey of the KDDM
models, adaptations to CRISP-DM and related process models can be found in [12], [16],
[17].

As opposed to models, which provide a general set of steps for KDDM, the four-part
ISO 13374 standard provides a functional specification for condition monitoring and di-
agnostics [18], [20], [21], [22]. A notable implementation of the ISO 13374 standard is
the MIMOSA open system architecture for condition based monitoring (OSA-CBM) [23].
Finally, in the PHM society, the PHM cycle is established [19], [24]. In Table 2.1, the
different steps of major KDDM models are compared against the ISO 13374 standard and
PHM cycle. As can be deduced from Table 2.1, KDD has the most detailed steps and
begins with understanding the application domain and identifying the goal of the KDDM
process [13]. CRISP-DM is similar to KDD, but is more industry-oriented. Except for
the first step and explicit evaluation step, the other steps of KDD and CRISP-DM can
be found represented in the ISO 13374 standard and PHM cycle. It can be presumed
that the PHM cycle is based on the ISO 13374 standard because of the similarity between
the steps. However, as opposed to the ISO 13374 standard which defines a strict top to
bottom data/information flow, the PHM cycle allows for a feedback loop via the cyclic
nature. Furthermore, depending on the task at hand, diagnostics and/or prognostics can
be performed. Nevertheless, the PHM cycle assumes that a condition monitoring system
is already set and hence begins with data acquisition. Because this is not always the case
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and to allow for more flexibility, the PHM cycle is supplemented with steps from KDDM
models in this thesis, as depicted in Figure 2.1. In the following, each step of Figure 2.1,
except decision management, will be elaborated on, while reviewing relevant literature.
The decision management step is beyond the scope of this thesis, hence it is not further
considered here.

Technical
understanding

Data
understanding

Decision
management

Technical
System

Data
preparation

Evaluation

Prognostics

Modeling

Figure 2.1: PHM cycle [19] extended with steps and inspiration from CRISP-DM [14] and
DMME [15]

2.1 Technical understanding

Before instrumenting a condition monitoring system on a technical system, due to initial
costs, it is important to conduct an in-depth survey of the applicability and potential of
condition monitoring. Thus, the Technical understanding step, which helps to uncover
the benefits of a condition monitoring system is incorporated in the traditional PHM
cycle from DMME [15]. According to Huber et al. [15], this step involves an assessment
of the available system information from different sources, such as expert information
about the system, the process and related parameters. Furthermore, this step entails the
definition of relevant measurable physical parameters and their influence on the system
or process. Concepts for measuring the physical parameters and an experimental plan,
for example, through design of experiments are included in this step. Because structural
and health monitoring (SHM) for structures is closely related to condition monitoring of
technical systems, SHM methods are also applicable here [25]. However, the ISO 17359
[26] provides a general procedure for condition monitoring and diagnostics, therefore it
can also be followed. The parts of the ISO 17359 relevant for this step are represented
in the flowchart as illustrated in Figure 2.2. The ISO 17359 begins with a cost benefit
analysis under consideration of life cycle cost and consequences of unplanned downtime.
It is followed by a survey of the technical system to be monitored, interacting systems
and processes. Furthermore, the input and output parameters and existing monitoring
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system, if available, are evaluated. Subsequently, a reliability and criticality analysis
is performed to identify critical components, possible failure modes and their influence
qualitatively via FMEA or quantitatively via failure mode, effect, and criticality analysis
[26]. If the identified fault/failure modes are measurable via physical parameters, then
the appropriate measurement techniques are selected. Finally, the measurement setup,
including the measurement interval, sampling frequency, sensor placement, measurement
range, sensitivity and applicability of the selected measurement techniques should be
considered.

OVERVIEW DETAIL
Cost benefit analysis Business cost benefit analysis |
A
Equipment audit Identify equipment and function |

A
Access Reliabilty;
Identify failure modes, effects
and criticality (FMEA/FMECA)

Reliability and
criticality audit

Condition-based
Maintenance
(CBM) is not

applicable

Select appropriate
maintenance strategy

Identify measurable parameter(s) |

Select monitoring
method A

Configure measurement setup |

Figure 2.2: Excerpt from the ISO 17359 standard, relevant to the technical understanding
step

2.2 Data understanding

This step is drawn from CRISP-DM and consists majorly of initial data acquisition, data
description, data exploration and data quality verification [14]. Based on the selected mea-
surement techniques and sensor configurations, the measurable input and output physical
parameters are acquired. Other information, such as planned interruption of operation,
system configuration change or component change should also be documented [26]. Ac-
cording to ISO 17359 [26], a baseline data should be acquired typically after a wear-in
period, where the system is in stable and normal state. When the system is operating
under varying operating conditions, it is suggested to acquire baseline data at the distinct
operating conditions. However, it might be impossible to establish baseline data at every
distinct operating condition, where the future operating condition profile is unknown a
priori. Furthermore, a baseline at distinct operating conditions might also be infeasible,
where the transition between two operating conditions is continuous and not easily dis-
tinguishable. After the initial data acquisition, the data is examined if it satisfies relevant
requirements, such as if the data is in the appropriate and required format [14]. Further-
more, an initial criteria for the identification of a fault occurrence can also be set based
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on the initial data [26]. Also relevant in this phase is the data exploration, for example
via different data visualization techniques [14]. The relationship between the measured
parameters and characteristics of the data, such as trends can be uncovered through visu-
alization. Furthermore data quality issues, such as missing values can also be detected via
visualization. According to ISO 17359 [26], poor data quality can result from factors, such
as sensor fault, improper sensor mounting and inappropriate measurement configuration.
A review of different types of sensor faults and sensor fault detection methods can be
found in the article by Li et al. [27]. A notable sensor fault detection method from their
review article is redundancy, that is, either via hardware or analytical redundancy [27].
Hardware redundancy involves the measurement of the same parameter with multiple
sensors, because it is highly unlikely that the multiple sensors would simultaneously be
faulty [27]. Analytical redundancy is a cost- and space-efficient alternative which builds
on the generation of a fault-free sensor estimation, for example through a mathematical
model. A sensor fault is then detected by comparison to the redundant physical sensor(s)
or estimated measurements [27], [28].

2.3 Data preparation

The data processing and feature extraction phases of the classical PHM cycle is replaced
by a generic data preparation phase of CRISP-DM to address developing new trends,
such as the emergence of deep learning methods, where data is employed directly as input
for modeling without prior manual feature extraction. Even in the application of deep
learning methods, the input data has to be prepared in the right format. In general, data
preparation involves data selection, data cleaning, data construction, data integration
and data formatting [14]. From the preceding phase of data understanding, data selection
pertains to the exclusion of specific data, for example if they are redundant or depending
on predetermined exclusion criteria [14]. Data cleaning typically involves outlier removal
and noise filtering. Outlier can generally be detected via clustering-, density-, statistical-,
and distance-based techniques [29]. Noise is often unavoidable in sensor measurements
because of either electrical interference or mechanical induced vibrations. The electro-
magnetic field of the power supply results in the line frequency of 50 Hz and harmonics
thereof. Vibration of neighboring systems, vibration of electronic components and cables
in the measurement path also result in noise. Depending on the amplitude of the noise,
the sensor measurements might be unusable [30]. Thus, noise is generally an unwanted
component of a signal. Although noise might not completely be eliminated, there exists
several techniques to attenuate the noise portion of a signal, while maintaining the wanted
portion of the signal. Some noise filtering techniques are infinite impulse response (IIR)
digital filter, phase space filters, Wiener filters, wavelet denoising, empirical mode de-
composition (EMD) and adaptive noise canceling [30], [31], [32]. After the data cleaning
process, if necessary, the next phase is data construction. As the name implies, data con-
struction involves data transformation as in dimensionality reduction or feature extraction
to derive new informative data [13], [14]. Notable dimensionality reduction techniques are
principal components analysis (PCA), local linear embedding, Sammon mapping and mul-
tilayer autoencoders [33]. Features can typically be extracted in the time-, frequency- and
time-frequency domain. Time domain features include statistical features, time deriva-
tives, or other mathematical operations in the time domain. After transformation in the
frequency domain, for example via the fast Fourier transform (FFT), statistical features
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can also be computed in the frequency domain. Other frequency domain features include
maximum power of the power spectral density (PSD), the amplitude at characteristic
frequency components, such as bearing fault frequencies or gear mesh frequency and sum
of amplitudes within a bandwidth. Time-frequency transformation techniques include
short-time Fourier transform, Wigner-Ville distribution, discrete and continuous wavelet
transform, synchro-extracting transform, synchrosqueezed wavelet transform and Stock-
well transform [34], [35]. Because condition monitoring signals are often time series data,
several toolboxes, such as the highly comparative time-series analysis (HCTSA) [36], [37],
electromyography (EMG) and electroencephalogram (EEG) feature extraction toolbox
[38], [39], time series feature extraction on basis of scalable hypothesis tests (tsfresh) [40],
and flexible time series processing & feature extraction (tsflex) [41] can assist in the fea-
ture extraction process. After feature extraction, a subset of relevant features can be
selected as health indicators either via filter, wrappers or embedded methods [42]. The
final steps in the data preparation process involve integrating the health indicators from
multiple sources and putting the data in the suitable format for the desired models. Here,
an health indicator is a feature that allows the quantification of a system’s degradation
level derived from condition monitoring signals.

2.4 Diagnostics

Fault or failure diagnostics generally involves detection, isolation and identification [1].
According to Isermann and Ballé [1], failure occurs when a system is permanently unable
to perform a required function when subjected to specified operating conditions [1]. From
the preceding definitions, a fault detected early allows for enough lead time before failure.
Furthermore, since failure is apparent, the detection, isolation and identification of fault
will be focused on here. Fault detection involves a binary decision if there is a fault or not.
Fault isolation involves the determination of the location, kind and time of the detected
fault. Fault identification involves the determination of the time-variant behavior and size
of the isolated fault [1]. Depending on the time-dependency of the fault, faults can be
classified as abrupt, intermittent or incipient [43]. An abrupt fault occurs suddenly and
stepwise, an intermittent fault exhibits symptoms at irregular intervals, while an incipient
fault develops slowly with gradual symptoms, resulting in a blurred or fuzzy boundary
between healthy and faulty behavior [43], [44].

Depending on the effect of the fault on the process or system, fault can also be additive
or multiplicative. Additive fault generally influences the sensor output by an offset via
superposition. Contrarily, multiplicative fault influences the internal system parameters,
such as the resistance, stiffness coefficients, damping coefficients or inertia constants [45].
Technical systems and specifically machine elements, such as gears and bearings often
possess microstructural flaws, such as inclusions and asperities inherent of imperfection
in the production process, which is a source of microcracks. Due to the time-dependent
loading situation, especially in the contact zone of rolling or sliding materials, such initial
microcracks gradually propagate into larger cracks as a result high stress in the vicinity of
the microcracks [46]. Such propagated cracks consequently influence the internal material
parameters, such as the damping or stiffness properties. Thus, technical systems are
typically subjected to incipient and multiplicative faults. Based on the articles [47], [48],
[49], [50], [51], [52], [53], methods for fault diagnostics can be broadly classified into
model-based, history-based and hybrid method, as depicted in Figure 2.3.
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Figure 2.3: Classification of fault diagnostics methods based on several articles [47], [48],
[49], [50], [51], [52], [53], [54]

Although some historical data is required in model-based methods, for example to estimate
model parameters, and some model is derived in history-based methods, the fundamental
approaches to fault diagnostics differs between the two. Model-based method typically
builds on founded domain knowledge of the system, while history-based method relies on
measured input/output history of the system. Depending on the proportion of domain
knowledge to process history required in model-based and history-based methods, both
methods can be further classified in quantitative and qualitative methods. The propor-
tion of domain knowledge to process/system history is higher in qualitative methods, as
opposed to quantitative methods, where the reverse is observed. Thus, on the one hand,
qualitative methods are also known as knowledge-based methods. On the other hand,
quantitative history-based methods are often referred to as data-driven methods, while
quantitative model-based methods are often referred to as analytical methods. Although
hybrid methods can also refer to the combination of either quantitative and qualitative
model-based or history-based methods [49], hybrid methods are described here as the
combination of model-based and history-based methods, while exploiting the advantages
of both methods. Based on the level of dependency of the combined methods, hybrid
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methods can broadly be classified in serial and parallel approach. In a serial approach
and according to the modeling details, either the model-based diagnostics model depends
on the outputs of the history-based model or the history-based model is dependent on
the outputs of the model-based model. However, the serial approach, where the output
of the history-based model is fed as input to the model-based model is more likely in
cases where certain dynamics are not accurately described by the model-based model
[54]. As opposed to the serial approach, both models are deployed simultaneously and
their outputs are combined as an ensemble in the parallel approach [54]. In the following
paragraphs, common model-based and history-based methods will be briefly introduced,
because hybrid models builds on both models.

2.4.1 Model-based methods

As depicted in Figure 2.3, model-based methods can broadly be classified in quantita-
tive and qualitative methods. Commonly employed quantitative model-based methods
are state estimation, parameter estimation and parity space. Furthermore, abstraction
hierarchy and causal models are commonly employed qualitative model-based methods.

Observers and Kalman filters are two widely employed methods for deterministic and
stochastic state estimation, respectively. Observers generally generate a set of residuals
for fault diagnostics through the estimation of the system output derived from partial or
complete input/output measurements [47], [55], [56]. Observers are typically modeled as
state-space equations and fault-specific, in the sense that a single observer is developed
per fault mode and therefore is only sensitive to that particular fault mode [47]. Different
from observers that consider estimation error as a residual, Kalman filters and extensions
thereof consider innovation. According to Mehra and Peschon [57], innovation is the
difference between the actual system output and the expected output based on the model
and the previous output data, that is, at time prior to the current time. On the contrary,
residual considers output data up to the current time.

A similar, but simpler approach with comparable results to observers is the parity space
[56]. The parity space method, which is also known as parity equations or parity relations
builds on the parity or consistency comparison of the system model to the measured
system output. In the parity space, a fault is detected if the residual between the system
model and the measured system output exceeds a predetermined threshold [47], [55],
[56]. According to Isermann [56], parity equations are better suited for the detection and
isolation of additive faults, while parameter estimation methods are suitable for detection
of multiplicative faults. Since system parameters often depend on the physical coefficients,
such as stiffness and damping coefficients, parameter estimation methods determine the
fault-induced changes in such parameters via input/output measurements and a dynamic
model of the system [56].

As the name suggests, abstraction hierarchy allows for a general representation of a sys-
tem’s functionality via input/output relationship of subsystems or entities of the system
in an hierarchical manner. Groups of subsystems and their functions are described at
the top of the hierarchy, while individual entities, such as components or subsystems and
their functions are described at the bottom of the hierarchy. Fault is diagnosed top-down,
where a fault at the higher level is traced down to fault of one or more components at
the bottom level [48]. The relationship between cause (fault) and effect (symptoms) can
be modeled in causal relations of the form: fault — events — symptoms. Simply put,
in the case of a fault, possible intermediate events and functional changes are identified
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[49], [56], [58]. Causal models or relations are often represented graphically, such as in
signed directed graphs and fault trees [49], [56], [58]. Signed directed graph or signed
digraph is a graph with nodes and directed positive or negative weighted edges (arcs).
The nodes in the graph represent events, states or variables and the edges represent the
relationship between the nodes. The weighted signs in the edges represent the direction of
change, as in positive or negative influence [49], [56], [58]. As opposed to signed digraphs
that mainly consist of OR logic nodes, different logic nodes, namely OR, AND and XOR
can be used in fault trees [49]. In fault trees, the conditional probability of events and
symptoms are employed to determine the probability of a fault occurring, by modeling
the propagation of a fault to its manifestations (symptoms) via intermediate events [44].
Although, fault tree is widely employed in the analysis of system reliability and safety, it
has limited application to fault diagnostics of technical systems that undergo incipient,
that is, slowing developing faults [44], [49], [56].

2.4.2 History-based methods

As the name suggests, history-based methods are established on process history, for exam-
ple in the form of measured input/output parameters, fault/failure logs, which incorporate
fault/failure times and performed maintenance/repair actions. As depicted in Figure 2.3,
history-based methods can broadly be classified in qualitative methods and quantitative
methods. In the following, some commonly employed qualitative and quantitative meth-
ods are briefly described.

Expert systems and fuzzy logic both derive qualitative knowledge from quantitative pro-
cess history. Domain experts have vast knowledge in their field of expertise. Thus, in
expert systems, their knowledge together with other process history information, such
as operational settings, degree of use/aging and fault statistics are collected in so-called
knowledge base [49], [50], [55]. Based on the acquired knowledge, if-then-else rules are
derived and inference procedures for diagnostics are developed. A further component of
expert systems is an interpretation module, which explains the derivation of diagnostic
conclusions and the reason behind the conclusions, such as the cause, type and size of the
fault [49], [55]. Expert systems are typically software applications dedicated for a specific
system and known fault modes [49], [50].

As previously stated, fault in technical systems is incipient and thus the transition from
healthy to faulty is often fuzzy. Instead of a binary decision of 0 (healthy) and 1 (faulty),
fuzzy logic allows values in the range [0, 1] and thus allows some degree of healthiness
and faultiness. Furthermore, fuzzy logic allows the representation of uncertainties and
inaccuracies [59], [60]. Fuzzy logic are often employed as an extension to other knowledge-
based methods, such as in signed digraphs, fault trees and expert systems [44], [48], [49],
[50].

Data-driven techniques such as traditional statistics and machine learning are two fre-
quently employed quantitative history-based methods. A system is subject to random
fluctuations, even under normal operation. When abnormal events, such as a fault oc-
curs, the underlying distributions or parameters thereof might change. Statistical meth-
ods, such as Bayes classifier employed for fault classification, are based on the knowledge
of a priori class distributions. Furthermore, based on the assumption that a process
will remain in a state of statistical control under normal operation, univariate statistical
methods, such as statistical process control charts are also commonly employed in pro-
cess quality control and fault detection [49]. Machine learning is a sub-field of artificial
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intelligence, where knowledge is learned autonomously from data, similar to the human
learning process [61]. As presented in Figure 2.4, machine learning techniques can gener-
ally be classified in supervised, unsupervised, semi-supervised and reinforcement learning.
Furthermore, deep learning can be seen as a sub-field of machine learning for big data.

In supervised learning a relation between a set of known input and labeled output data,
namely a target, is learned in a model. The learned model is then employed to predict
output(s) for new and probably previously unseen input data [61]. Depending on if the
output data is (continuous) quantitative or categorical data [62], supervised learning can
be divided in classification and regression problem. Classification involves categorical
data, where the output is a class membership, that is, which class the input data belongs.
Generally, fault detection can be tackled as a binary-class classification problem, while the
isolation of the faulty component can be tackled as a multi-class classification problem.
Fault identification typically involves the determination of the size of the isolated fault,
therefore it can be considered as a regression problem. As opposed to classification, the
output in regression is quantitative data and hence is discussed under prognostics in
Section 2.5.

In unsupervised learning, the input data is unlabeled, hence the task involves learning
underlying pattern from the input data without a specified target variable. A major
application of unsupervised learning technique in anomaly or fault detection is through
clustering, where the input data is partitioned into two (distinct) clusters of healthy or
unhealthy instances.

Where labeled data is partially available, semi-supervised learning utilizes the available
labeled data to train a model and the unlabeled data to improve the model [61]. In
reinforcement learning, the data is explored to produce a set of decisions, with the goal
of maximizing some notion of reward [61].

Classi- Un- Clus-

S ised
fication BLpERTES supervised tering

Regres-
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Semi- Rein-
supervised forcement

Figure 2.4: Classification of machine learning methods (adapted from Gollapudi [61])
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2.5 Prognostics

Prognostics involves the estimation of the RUL. From the surveyed literature, there are
several classifications of methods for prognostics. For example, most researchers clas-
sify prognostics approaches in data-driven, physics-based and hybrid approach [63], [64],
[65], [66], [67]. Some distinguish prognostics approaches in physics-based, data-driven,
knowledge-based and combination approach [68], [69]. Heng et al. [70] categorized prog-
nostics methods in traditional reliability approach, data-driven, physics-based and inte-
grated approach. Notwithstanding, these different classification attempts of prognostics
methods are represented under the three broad categorization presented in Section 2.4 and
as depicted in Figure 2.3, namely in model-based, history-based and hybrid approach, such
that knowledge-based, traditional reliability and data-driven approaches are represented
under the history-based approach, while combination and integrated approaches can be
considered hybrid approaches. Since an overview of the methods have been presented in
Section 2.4 for diagnostics, the commonly employed methods for prognostics are focused
on here.

2.5.1 Model-based methods

Model-based or often termed physics-based methods relies on physical modeling of a sys-
tem, under consideration of the degradation effects. Mechanistic models, such as Physics
of failure (PoF) models or first principle models in form of differential equations or state-
space models are often considered. Furthermore, Bayesian filtering techniques, such as
the Kalman and particle filter and degradation models, such as the gamma and Wiener
process are often employed to estimate the RUL of technical systems.

According to Gu and Pecht [71], [72], PoF modeling which have roots in reliability pre-
diction typically incorporates loading conditions, failure modes, mechanisms and effects
analysis (FMMEA) and damage models. Hence, when combined with condition monitor-
ing signals, it links diagnostics with prognostics. In cases where the fault/failure modes
are known a priori, monitored signals are employed directly in conjunction with respective
damage models in prognostics. Fatigue models, such as the Coffin-Manson’s strain-based
model, the Basquin’s stress-based model and crack growth models, such as the Paris-
Erdogan equation have been widely employed in prognostics of electronic and mechanical
components [63], [71], [72], [73], [74], [75], [76]. Other damage models for rotating ma-
chinery components and specifically for gears and bearings can be found in the review

article by Cubillo et al. [77].

In general, under consideration of measured data up through time ¢, stochastic filtering
involves the current state-variable estimation, while prediction involves the future state-
variable estimation, that is, the state-variable at time ¢ > t [78], [79]. Bayesian filtering
typically involves the estimation of the current state under consideration of measurements
up through the current time ¢ via the probability density function (PDF) [80], [81]. The
Kalman and particle filter are commonly employed Bayesian filtering techniques for the
prediction of the RUL. On the one hand, the classical Kalman filter provides an exact
solution for the posterior PDF under the assumption of a linear process and Gaussian
white noise, while its variants, such as the extended Kalman and unscented Kalman filters
are employed for non-linear processes. On the other hand, particle filters are employed for
non-linear processes with non-Gaussian white noise [66], [79], [81], [82]. A non-exhaustive
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list of application examples, such as in aircraft actuator system, wind turbine and lithium-
ion batteries can be found in the review article by Jouin et al. [81].

The gamma and Wiener processes are both stochastic degradation modeling approaches
mostly employed in reliability analysis. However, they have also found application in
the prediction of the RUL. The gamma and Wiener processes are categorized under
continuous-time Markov processes with independent increments, where the Markov prop-
erty implies that a process only depends on the current state and therefore is memoryless
[83], [84]. The gamma process is a stochastic process with independent and positive in-
crements that follow the gamma distribution. Thus, it is mostly employed for modeling
incipient monotonic degradation [83], [84]. Contrarily, the Wiener process is applicable
for degradation processes that are not necessarily monotonous, such as resulting from
self-healing or fluctuation in environmental or operating conditions. The Wiener process,
also termed Brownian motion with drift or Gaussian process is a stochastic process with
positive increments and decrements that follow the Gaussian distribution [83], [84]. An
application of the Wiener process for the estimation of the RUL of lithium-ion batteries
can be found in the article by Tang et al. [85] and further applications and adaptations
of the Wiener process can be found in the review article by Zhang et al. [84].

2.5.2 History-based methods

History-based methods build on the process data collected over time to predict possi-
ble future trends and estimate the RUL. Commonly employed methods include trend
extrapolation, time series forecasting methods and machine learning techniques.

Trend extrapolation is one of the simplest methods, where an empirical model is fitted to
historical data. Under the assumption of a similar future trend, the fitted model is then
employed to extrapolate or predict future progression and estimate the RUL. Typically
employed models are polynomial, exponential and power models [86]. For example, Wang
and Xiang [87] employed a gradient descent optimized exponential model to estimate the

RUL of ball bearings.

Since sensor-based condition monitoring signals are time series data, time series fore-
casting methods are applicable in predicting future (fault) paths and consequently in
estimating the RUL [88]. Although autoregressive model, moving average model and ex-
ponential smoothing have mostly found application in PHM-related literature as a data
smoothing technique, other time series forecasting methods such as autoregressive mov-
ing average (ARMA), autoregressive integrated moving average (ARIMA) models and
extensions thereof have also found application in estimating the RUL [86]. As the name
suggests, ARMA is a combination of an autoregressive and moving average model, while
ARIMA is a generalized ARMA model applied to a differenced data [88]. A notable ap-
plication example of time series forecasting methods is in the prediction of the RUL of
electrochemical cells. For example, Long et al. [89] employed a particle swarm optimized
autoregressive model to predict the RUL of lithium-ion batteries. Also to predict the RUL
of lithium-ion batteries, Zhou et al. [90] ultilized an ARIMA model after decomposing
the data by the EMD.

Regression-based methods are the most commonly employed machine learning techniques
in prognostics. In terms of prognostics, the input data are raw condition monitoring sig-
nals or features derived thereof, while the output data is often the RUL. Furthermore,
during model development, diagnostics typically requires discrete intermittent samples of
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data with known health states, while prognostics requires continuous samples of (run-
to-failure) data, where the true health status is often partially known. According to
Fernandez-Delgado et al. [91], regression methods can generally be classified in several
categories, such as the (generalized) linear regression, tree-based methods, such as re-
gression trees, random forests, bagging and boosting, support vector regression, neural
networks, and deep learning. A brief description of the methods, comparative analysis and
implementation details, such as adjustable hyper-parameters can be found in the survey
article by Ferndndez-Delgado et al. [91]. Linear regression is one of the simplest super-
vised machine learning technique, where a linear relationship between input and output
data is assumed. Polynomial regressors are applicable in cases where the relationship
between in- and output data is non-linear [92]. As the name suggests, regression trees are
decision trees for regression problems. The non-leaf or internal nodes of a decision tree
are logical expressions to be evaluated. The outcome of the evaluation results in further
internal nodes or to a terminal (leaf) node. Decision trees typically begin at the top to
bottom [92]. Bagging, random forest and boosting are tree-based ensemble methods which
aims to improve the predictive performance via a combination of trees [92]. Bagging and
random forests build on a random sample of data, where each tree is grown individually.
An average of the individual regression trees is then evaluated for prediction. Boosting
makes predictions based on a weighted sum of trees, which are grown sequentially [92].
Support vector regression is an extension of the support vector machine (SVM) originally
developed by Vapnik et al. for classification tasks, in applications to regression problem
(93], [94]. In general, it involves an optimization task of finding parameters of an hyper-
plane that maximizes the margin between two classes [94]. (Artificial) neural networks
consist of a number of processing elements called neurons. The neurons are intercon-
nected, such that the nodes have an activation function and the edges are weighted. The
weights are adjusted accordingly during training to obtain a relation between the input
and target, while minimizing some cost function [95], [96], [97]. Deep learning can be
seen as an advancement of machine learning, where information and consequently knowl-
edge is discovered from raw data without a priori feature engineering. As opposed to a
conventional shallow neural network that have a single level of representation for small
data, a deep neural network possesses multiple levels of representations for large datasets
[98], [99]. Typical deep learning methods employed for prognostics are autoencoders, long
short-term memory (LSTM), convolutional neural network (CNN), and long short-term
memory (RNN). An overview of the general applications of deep learning methods can be
found in [99] and applications particularly for PHM can be found in the review article by
Zhang et al. [100].
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2.6 Diagnostics and prognostics evaluation methods

Irrespective of a diagnostics and prognostics task, model-based and history-based ap-
proach are applicable. Hence, a side-by-side comparison of model-based and history-based
approach is presented in Table 2.2 to assist in selecting the suitable approach.

Table 2.2: Comparison of model-based and history-based approach, adapted from [64] and

[67]
Criteria Model-based approach History-based approach
Physical . .
understanding Required Beneficial
Physical degradation Required Not required
model
Failure threshold Often required Often not required
Explainability and . . o
Transparency High Typically limited
Quantity of process .
history required Low High
Operating conditions Often required Beneficial
Modeling complexity High Medium

Generality and scope Typically system-specific ~ System-independent

Dependent on Dependent on data quality

A .
ceuracy system/process model and quantity

In the following, commonly employed metrics in the PHM field are briefly elaborated
on, to evaluate the performance of diagnostics and prognostics methods, with the aim of
accessing the quality, that is, the similarity or closeness of the predicted quantities to the
actual quantities.

Metrics for evaluating the performance of diagnostics methods

Depending on the employed approach, fault detection produces hard decisions, that is, a
binary output of 0 (healthy) and 1 (faulty) or soft decisions, meaning values in the range
[0,1], to allow some degree of healthiness and faultiness. Commonly employed metrics for
diagnostics performance evaluation originate from machine learning classification. Since
binary fault detection is considered here, focus is laid on binary-class classification met-
rics for hard decisions. Commonly employed classification metrics for hard decisions are
based on the confusion matrix, also known as contingency table [101], while Brier score,
cross-entropy and the area under the receiver operating characteristic curve (AUC) [102]
are typically employed to evaluate soft classifier decisions. The confusion matrix and
commonly derived evaluation metrics for a binary-class classification problem are exem-
plarily depicted in Figure 2.5. The confusion matrix is a square matrix where the ground
truth, namely actual class instances are typically in the rows, while the predicted class



2.6 Diagnostics and prognostics evaluation methods 19

Predicted Predicted
positive negative
—_ o
g :..E TP FN Sensitivity
<‘E é True positive False negative TP+(TP+FN)
O]
S 2 FP N Specificity
g go False positive True negative TN+(TN+FP)
=
Precision Tegative Accuracy
) Predictive Value (TP+TN) +
TP+(TP+FF) TN+(IN+EN) || (TP+TN+FP+FN)

Figure 2.5: Confusion matrix and commonly derived evaluation metrics for binary-class
classification

instances are typically represented in the columns. Correct predictions are located in the
diagonal of the matrix, while incorrect predictions are in the off-diagonal. Depending on
the location of the elements within the confusion matrix, the elements can be considered
as true positive (TP), true negative (TN), false positive (FP), or false negative (FN). In
diagnostics and specifically in fault detection, these quantities are commonly described as
follows [103]:

o TP implies that a correctly estimated faulty unit is actually faulty,

o TN implies that a correctly estimated healthy unit is actually healthy,

o FP implies that an actually healthy unit is incorrectly estimated faulty and
o FN implies that an actually faulty unit is incorrectly estimated healthy.

FP typically results in costs-related consequences, because it results in false alarms, which
in turn leads to increased economic costs due to unnecessary maintenance planning. Con-
versely, FN typically results in costs- and safety-related consequences, because an unde-
tected fault have devastating human and environmental consequences, when it progresses
into unplanned failure of safety-critical systems.

The following evaluation metrics are derived from the confusion matrix.

Sensitivity is also known as true positive rate (TPR), hit rate or recall [101], [104]. It
is the ratio of the correctly predicted positive samples to the total number of positive
samples. However, the metric does not consider negative samples, that is, neither TN nor
FP [101], [104].

Specificity is also known as true negative rate (TNR) or inverse recall [101]. It is the
ratio of the correctly predicted negative samples to the total number of negative samples.

Similar, but conversely to sensitivity, the metric does not consider positive samples, that
is, neither TP nor FN [101], [104].

On the one hand, as opposed to sensitivity where the sum of actual positives in the row
is considered as the divisor, precision, also known as positive predictive value considers
the sum of the predicted positives in the column as the divisor. On the other hand,
as opposed to specificity where the divisor is the sum of actual negatives in the row,
negative predictive value considers the sum of the predicted negatives.



20 2 State-of-the-art

Accuracy is the proportion of correctly classified samples. Although accuracy is easy
to interpret and considers all observations, it is bias when the classes are imbalance.
Class imbalance occurs when the instances of a class significantly dominate the instances
of other class(es) [101], [105]. The class with larger percentage of instances is termed
majority class, while the class with fewer instances is termed minority class [105]. In case
of class imbalance, the balanced accuracy or balance classification rate (BCR)
can be used. The BCR is the arithmetic mean of the sensitivity and specificity and is
given as in Equation 2.1 [101]. Its value ranges from 0, as in worse to 1, as in perfect
classification.

TP TN 1 TP TN
R+TNR _ ( 2.1)

BCR = 2 ~3\TP+FN " TN+ FP

A further metric that considers both the sensitivity and specificity is the geometric
mean (GM) as defined in Equation 2.2, where a score of 1 indicates a very balanced
performing model. The GM is also applicable in the case of class imbalance.

_ VPR TNR - \/ TP TN |
GM IPR-IRR TP+FN TN+FP (22)
BCR and GM are highlighted here because class imbalance is prevalent in most technical
systems and specifically in safety-critical systems, where the minority class is the positive
class or faulty state and the majority class is the negative class or healthy state. This
imbalance is typically attributed to long operational periods with few or no recorded
faults, leading to datasets dominated by normal behavior [106].

Prognostics performance evaluation metrics

In prognostics, the RUL is typically assigned a unit of time, such as in hours or cycles.
However, it can also be assigned number of instances or measurements. The ground truth
or actual RUL is typically not observable or directly measurable, but estimated, giving the
current time #, and the time at end-of-life (EoL) tg,;. The EoL denotes the fault/failure
threshold, which typically considers some safety margin [19]. The RUL at instance k is
mathematically expressed as:

RULy = tgor — ty, (23)

where k typically begins at beginning-of-life (BoL), but not compulsorily. Generally, the
performance of prognostics methods can be evaluated based on several criteria, such as
algorithm prediction performance, computational performance, cost-benefit and ease of
algorithm certification [107], [108]. Depending on the criteria, several metrics are conceiv-
able, such as error metrics for algorithm prediction performance, the central processing
unit (CPU) time for computational performance or the return on investment (ROI) for
the cost-benefit [107], [108]. Error metrics are considered in the following to evaluate the
performance of prognostics algorithms.

In a search for the best and widely employed metric to evaluate the performance of prog-
nostics algorithms,; a literature review of commonly employed error metrics, namely, the
mean squared error (MSE), root mean squared error (RMSE), mean absolute error (MAE)
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and the mean absolute percentage error (MAPE), was conducted with Google Scholar as
the search engine. With slightly different results, a similar survey was conducted by
Botchkarev [109] under consideration of four review articles between 1982 and 2007. In
the last 30 years, the MSE remain the most commonly reported metric. According to Hyn-
dman et al. [110], the popularity of the MSE and RMSE is attributed to their theoretical
relevance, especially in statistics. Nonetheless, these metrics possess several limitations,
which have led to their adaptation or the proposal of further metrics. For example, MSE
and RMSE are more sensitive to outliers than MAE or MAPE [110]. The MAE is difficult
to compare across datasets with different scales and the MAPE is undefined or infinite if
the actual value is zero or close to zero [110]. Although the adaptation of the presented
metrics, such as the geometric mean or median (relative) absolute error or the symmetric
MAPE have solved some issues of the metrics, other limitations remain or emerge [111].

Specifically for prognostics, Saxena et al. [107], [108] proposed four sequential metrics
to evaluate the performance of RUL predictions, namely prognostic horizon, o« — A per-
formance, relative accuracy and convergence. The algorithm evaluation begins with the
prognostic horizon, which evaluates whether an algorithm prediction is within a specified
accuracy around the actual EoL. Thereafter, the ac—A performance qualitatively evaluates
how well the algorithm performs within a predefined o-error margin at any time instant A.
The relative accuracy then quantifies the «x—A performance. On the premise that the three
previous metrics are satisfied, convergence quantifies how fast the algorithm converges,
as the name suggests. These sequential metrics also possess shortcomings, for example,
the practical evaluation of the prognostic horizon might result in ambiguities, the o« — A
performance is qualitative and hence does not facilitate in comparing different algorithms
over all predictions [112]. The relative accuracy is dependent on a predefined o-error
margin of the o« — A performance and lastly, it is difficult to compare the convergence
across applications [112].

Thus, from the preceding and further literature survey on performance metrics [113],
[114], it can be concluded that there is no single best metric to evaluate the performance
of prognostics algorithms. In the following, the RMSE and the MAPE are considered in
more detail to evaluate the prediction performance.

RMSE is one of the frequently employed metrics in the past 40 years, probably because
it preserves the scale or unit of the predicted quantity and it is easily interpretable [110].
It is mathematically expressed as:

1 n
RMSE = J - Z (aRULy — pRULy)?, (2.4)
k=1

where aRULy and pRULy are the actual and predicted RUL at instant k respectively, and
n is the total number of predictions. Here 1 < k < n indicates the prediction interval, which
necessarily does not always begin at BoLL and end at EoL. To allow for comparison over
several datasets, the RMSE is normalized by the mean of the actual quantities [113]:

WRMSE = — 8 (2.5)

n

13 aRUL
k=1
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The output of normalized RMSE (nRMSE) is non-negative and values close to zero indi-
cate perfect prediction.

MAPE is a commonly employed metric to evaluate the error between the predicted and
actual quantities in companies [109], because it is easy to understand [111], [114] and
its output is dimensionless or scale-independent, which allows comparison over different
datasets [110]. It is mathematically expressed as:

n

1

MAPE = 100 - = Z
n

k=1

aRULk - pRULk
aRULk

(2.6)

From Equation 2.3, aRUL; = 0 at instant k = EoL results in an undefined output of the
MAPE. Thus, the MAE is alternatively normalized by the mean of the actual quantities.
This results in the weighted MAPE (wMAPE) [115] expressed as:

1 n
- Ly — pRUL
nZIaRU ¢ — pPRUL|

WwMAPE = 100 - —=2

— (2.7)
- Z aRUL,
k=1

The output of wMAPE is non-negative and the values close to zero indicate perfect
prediction.



3 Accounting for time-varying
operating conditions in PHM

To address the challenges posed by time-varying conditions in the development of di-
agnostics and prognostics of technical systems, their effects can be taken into account
in the pre-data acquisition phase and in the post-data acquisition phase. The pre-data
acquisition phase involves the technical understanding step of the extended PHM cycle,
that is, before condition monitoring data is available. The post-data acquisition phase
involves the data understanding, data preparation and modeling steps of the extended
PHM cycle. In the following, individual methods within these phases are elaborated on,
while critically surveying scholarly literature.

3.1 Consideration in the pre-data acquisition phase

Before data acquisition, domain experts can help to ascertain if it is feasible to acquire
condition monitoring signals at predetermined constant and fixed operating conditions.
Even if the system under consideration operates at time-varying conditions, the system
might be specifically tunable to that fixed constant operating condition, where condition
monitoring signals can be acquired at regular intervals. Although, this approach reduces
the diagnostics and prognostics task to the case in which the operating condition is deter-
ministic, it has two major limitations. Firstly, the approach is not generalizable, because
the effects of varying operating conditions, such as sudden jumps or run-ups and run-
downs that can lead to a significant change in the health condition or even sudden failure,
are unconsidered. Secondly, the system’s mode of operation might have to be interrupted
for the data acquisition at the predetermined constant operating conditions.

Alternatively, domain experts can also help to uncover parameters of the system or process
that are more sensitive to degradation than the effects of varying conditions. Even if the
parameters of interest are not directly measurable, they might be derivable from directly
measurable parameters, under supervision of domain experts. Dedicated instrumentation
and measurement setup might be necessary for capturing degradation irrespective of vary-
ing conditions. For the diagnostics of bearings, as an example, the shock pulse method
[116] or generally the shock-response spectrum analysis [117] at resonance frequencies of
32kHz or higher either require the shock pulse meter or instrumentation capable of sam-
pling at a frequency of at least two times the frequency of interest, specifically 64 kHz or
higher. The shock pulse method is applicable for the diagnostics of bearings under vary-
ing speed and limitedly in varying load cases [118], [119]. However, the requirement of
dedicated instrumentation and such relatively high sampling frequency, which presents a
challenge in further analysis or data storage, are some of the demerits of such methods.

23
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3.2 Consideration in the post-data acquisition phase

In the post-data phase, time-varying condition can be considered via specialized signal
analysis techniques in the data preparation step, via condition-invariant feature engi-
neering, feature scaling, feature standardization and feature segmentation. Physics-based
models or empirical models, which consider the operating conditions can be employed
in the modeling stage. Furthermore, the operating conditions can be considered as an
additional input to a machine learning model.

3.2.1 Approach A: Signal analysis techniques for time-varying
conditions

Although the involvement of domain experts is always beneficial in any phase of the
diagnostics or prognostics process, the exploitation of expert knowledge at an early stage,
such as in selecting the appropriate signal analysis technique is advantageous even in
the subsequent stages. In the following sections, signal analysis techniques for rotating
machinery are discussed in detail, because more research has been conducted in the field
and given its significance to the present work.

After data acquisition, data exploration in the time-, frequency- or time-frequency do-
mains can be conducted with a special focus on varying conditions. Where the shaft speed
of a rotating machinery varies, order tracking can be employed for diagnostics. That is,
with order tracking, faults are not only detected, but when the kinematics of the com-
ponents under investigation are known, faulty components are correspondingly localized
irrespective of variations in speed [120]. Order tracking is a frequency domain analysis
method, where multiples of shaft rotating speed is the frequency base [121], [122]. Over
the years, depending on if and how the shaft rotating speed is measured, order tracking
methods have evolved from hardware order tracking, through computed order tracking to
tacholess order tracking. As the name implies, in addition to acquiring the shaft speed
and vibration signals, hardware order tracking utilizes a dedicated analog hardware to
synchronize the vibration signal to be sampled at constant shaft increments [121], [122].
Limitations of this method are the hardware cost and its unreliability at rapidly varying
shaft speeds with run-ups or run-downs [121], [122]. As opposed to utilizing a dedicated
hardware, computed order tracking synchronizes the vibration signals with the shaft ro-
tation speed through digital interpolation and re-sampling algorithms [121], [122]. In
situations, where the shaft speed is not acquired or available, for example due to pro-
prietary reasons, the tacholess order tracking method is applicable [123]. In tacholess
order tracking, the shaft rotating speed is not directly measured, but derived from an-
other measured signal, such as an acoustic or vibration signal [123]. Peeters et al. [124]
broadly classifies existing methods for tacholess order tracking in methods based on signal
demodulation and time-frequency representation. In their review article, a comparative
study was provided for the speed estimation for three case studies, namely a wind turbine
gearbox, an aircraft engine, and on a ship’s generator. Although, the presented methods
were generally capable of tracking the speed, a major challenge still remain when the shaft
speeds rapidly varies [124]. Liu et al. [125] proposed an extension of the time-frequency
representation method based on the short-time fractional Fourier transform to success-
fully diagnose a wind turbine gearbox subjected to time-varying speed. An overview of
tacholess order tracking methods for the diagnostics of bearing faults can be found in the
review article by Lu et al. [123]. Generally, shortcomings of the order tracking method
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is that it is only applicable for rotating machinery, the kinematics of the components of
interest are required for diagnostics and the effects of other varying conditions, such as
the load is not directly considered. Furthermore, characteristic frequencies of interest can
be masked as a consequence of smearing by neighboring frequencies, which introduces
difficulties in fault identification and localization [124], [125].

Other commonly employed time-frequency domain analysis techniques are the wavelet and
the Hilbert—Huang transform, which both accommodate the analysis of signals involving
varying speed and load [126], [127]. Although the wavelet transform is one of the widely
employed time-frequency domain techniques, there is no consensus on the optimal mother
wavelet for analysis [126], [127]. Furthermore, the wavelet transform is computationally
expensive and has a poor frequency resolution at high frequencies, thus impairing inter-
pretation and fault identification [126], [127]. As opposed to the wavelet transform, the
empirical mode decomposition of the Hilbert—Huang transform is not as computationally
expensive, therefore it is better suited for signals with high sampling rates [127]. Nev-
ertheless, a major limitation of the empirical mode decomposition is that it introduces
aliasing, which impedes fault identification and interpretation [127]. Although several ex-
tensions or adaptations of the wavelet and Hilbert—Huang transform have been proposed,
they have either increased complexity or decreased interpretability [127].

3.2.2 Approach B: Condition-invariant feature engineering

With a special focus on time-varying operating conditions, condition-invariant feature
engineering involves either the manual or automatic extraction and subsequent selection
of features that are irrespective of the effects of time-varying conditions, but sensitive to
degradation effects. Such condition-invariant features or feature subset obviates the need
for acquiring the operating operations, thus reducing the efforts and costs of such sensors.
To this end, there have been several attempts in research to find possible condition-
invariant features, ranging from time-domain features to deep features. For example,
Hou et al. [128], [129] proposed several features derived from quasi-arithmetic means and
adapted sparsity measures based on adaptive weighted signal preprocessing technique
as alternatives to statistical features, such as the root mean square (RMS), which are
typically susceptible to the influence of operating conditions. Under consideration of ex-
perimental accelerated bearing degradation datasets, the proposed features were proven
to be better health indicators than statistical features. However, their effectiveness under
the influence of time-varying operating conditions was unconsidered. Singh et al. [130]
proposed a confidence value indicator derived from the Jensen-Rényi divergence of an
ensemble EMD, where the Jensen-Rényi divergence is calculated based on the relative
probability distribution of the energies of the intrinsic mode functions. However, the
proposed indicator was only evaluated for cases where the load or speed of a rotating ma-
chinery vary up to 10%. Furthermore, in addition to the shortcomings of the EMD, the «
parameter of the Jensen-Rényi divergence requires expert definition. Schmidt et al. [131],
[132] utilized the time-frequency methods of the instantaneous power spectrum and the
cyclic modulation spectrum to construct features, such as the maximum value of the opti-
mal frequency bands of the kurtogramm, infogram, sparsogram, ICS2gram, log-cycligram
and [FBIygram. Their proposed methodology was evaluated based on experimental data
of gearboxes to detect local and distributed gear faults. However, their methodology re-
quires the prior knowledge of the rotating components. Wang et al. [133] employed a
transfer learning method based on joint dictionary learning matrix factorization to learn
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condition-invariant features from scalogram images derived from the continuous wavelet
transform. However, the proposed transfer learning method was evaluated on the pronos-
tia dataset [134], where the operating condition is constant within each experiment and
only change between different run-to-failure experiments. Rombach et al. [135] employed
the triplet loss of the contrastive learning method to extract deep features. Although the
learned feature representation successfully allowed the classification of known faults and
the clustering of unknown faults, the proposed method was evaluated on the case western
reserve university (CWRU) bearing dataset, where the operating condition only change
between different run-to-failure experiments. Michau and Fink [136] learned deep fea-
tures from the encoder component of an adversarial deep learning method. The learned
features in one operating condition domain were successfully transferred to another oper-
ating condition domain employed to detect faults in an unsupervised manner for several
case studies. However, in addition to the sufficient amount of data required to train deep
models, the operating condition for training and testing was collected under the same
degradation level, which requires that the data covers all possible situations.

On the whole, several attempts have been made to find possible condition-invariant fea-
tures. However, most features derived from time-frequency representation typically re-
quire expert knowledge, while deep features derived from autoencoders typically require
sufficient amount of data. Furthermore, most of the attempts have either increased com-
plexity or decreased interpretability [127]. Since condition monitoring signals are typically
time series data, time series analysis toolboxes can be considered in a further attempt to
find condition-invariant features. The utilization of such time series analysis toolboxes is
expert-independent and does not depend on machine learning algorithms. In the follow-
ing, the major findings of an article [137], which investigates time series analysis toolboxes
for the condition-invariant feature engineering are briefly described.

The EMG feature extraction toolbox and the HCTSA package [36], [37] were investigated
alongside statistical time-domain analysis methods to extract features from vibration data.
The EMG feature extraction toolbox is dedicated for the extraction of features from elec-
tromyograms [38], [39] and thus has its roots in the medical field. An electromyogram
is a time series waveform measured for the diagnostics of muscles. Therefore, since most
condition monitoring signals, such as vibration signal, are also time series waveform, the
EMG feature extraction toolbox was considered to extract 17 features. Furthermore,
some researchers [138], [139] successfully employed EMG features for the fault diagnos-
tics of rotating machinery components, namely gearbox and bearing. Although various
fault types could be successfully diagnosed under varying operating conditions, the op-
erating conditions were kept constant per experiment in their study. The HCTSA is a
comprehensive toolbox not only for the extraction of features from time series, but also
for the visualization and analysis of time series [36], [37]. As opposed to the EMG feature
extraction toolbox that comprises 40 features [140], the HCTSA package comprises 1000
basic operations, which can result to more than 7700 characteristic features [36], [37].
Furthermore, in addition to features from the medical field, the HCTSA package is a col-
lection of features from interdisciplinary fields such as economics and physics. Although
the HCTSA package has found numerous applications in the medical field [37], such as
for classifying heartbeat [141] and stress level [142], it has found limited application for
diagnostics or prognostics task, while considering vibration data [37]. To identify sig-
nificant condition-invariant feature subset from the interdisciplinary extracted features,
the chi-square test and monotonicity were employed for diagnostics and prognostics task,
respectively, because of their independence on machine-learning techniques [42]. The
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Chi-square test is a statistical test of the independence of two statistical variables, where
features that are dependent of the target class are more relevant [138]. Here, the tar-
get class consists of an healthy and an unhealthy class for fault detection problem and
consists “of the faulty classes for fault identification problem. Monotonicity was coined
by Coble and Hines [143] and defined based on the derivatives of time series to imply
an increasing or decreasing trend. As opposed to their definition, the Spearman’s rank
correlation coefficient, which evaluates the general monotonic-relationship is considered,
because it was successfully employed in prognostics [144]. The described methods were
successfully evaluated based on two case studies [137]. One case study considered the
effectiveness of the proposed methods for mapping intermittent samples of vibration data
collected under different time-varying shaft speed profiles and discrete health states to
discrete faults of bearing components. The other case study considered the effectiveness
of the proposed methods for mapping continuous samples of vibration data acquired from
a real-world wind turbine subjected to time-varying wind speed to a continuous health
indicator.

3.2.3 Approach C: Condition-centered data scaling or feature
scaling

In a narrow sense, condition-centered data scaling or feature scaling is the ratio of data
or a feature derived from a condition monitoring signal to data or a feature derived
from an operating condition at a given time instant, with the aim of homogenizing and
factoring out the effects of the operating condition. In a broader sense, it also involves
utilizing baseline measurements, often healthy, acquired at different, but specific operating
conditions of interest to compensate for the influence of the operating condition, for
example through arithmetic operations. In the following, a literature survey from the
PHM and SHM field is presented to identify possible limitations of current research.

Under the assumption that the amplitude or frequency modulation resulting from a fault
is separable from that of load-induced amplitude or frequency modulation, Stander and
Heyns [145] proposed a load demodulation normalization technique to mitigate the ef-
fects of varying loads on vibration data. In summary, the vibration data is scaled by
the filtered modulation signal representing the load effects. The proposed normaliza-
tion technique was successfully employed to diagnose different levels of faults on gears
within an experimental single-stage gearbox subjected to different time-varying load pro-
files. However, shortcomings of the proposed normalization technique is that it requires
an optimization procedure to determine the optimal filter frequency bandwidth for de-
modulation. Furthermore, it attenuates the fault component of the signal and hence
it can even complicate effective diagnostics or prognostics [146]. To avert the attenua-
tion property of the load demodulation normalization technique resulting from the finite
impulse response filter, Schmidt and Heyns [146] proposed the utilization of moving me-
dian windowing procedure. In the SHM of reinforced concrete structures, Chrisp et al.
[147] considered the changes in the electrical conductivity to indicate the deterioration
of the concretes. They considered the normalization of the concrete conductivity mea-
surements through a so-called temperature correction formula to a predetermined refer-
ence temperature, typically between 20°C and 25°C. Jha and Dong [148] also employed
the same temperature correction formula to normalize resistance measurements for the
temperature-compensation in monitoring the degradation of power electronics, such as
metal-oxide-semiconductor field-effect transistors (MOSFETs). However, Chrisp et al.
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[147] found out that a major limitation of the temperature correction formula is that it
is typically valid within +5°C around the reference temperature. Thus, they [147] pro-
posed the Arrhenius relationship to normalize the concrete conductivity. However, this
introduces further parameters, such as the activation energy for the conduction process,
which is concrete-dependent and requires experimental determination [147]. Rigamonti et
al. [149] measured the capacitor equivalent series resistance to monitor the degradation
of aluminum electrolytic capacitors installed in full electric vehicles. To compensate for
the effects of varying operating temperatures, Rigamonti et al. [149] considered the ratio
of the measured capacitor equivalent series resistance at an arbitrary temperature to the
initial capacitor equivalent series resistance at the same temperature. Their approach is
similar to the widely employed optimal baseline selection methodology for temperature
compensation from the SHM community [150], which involves establishing and compar-
ing baseline measurements to subsequent measurements. Furthermore, the approach by
Rigamonti et al. [149] can also be considered a realization of the ISO 17359 [26] guide-
line, wherein it is proposed to acquire baseline at the distinct operating conditions and
compare subsequent measurements to such baselines. However, as previously stated, such
baseline-dependent techniques are only directly applicable in situations where the oper-
ating conditions are distinct and where there is a clear transition between changes in the
operating condition. Furthermore, such baseline databases might be impractical for cases
where the future operating condition profile is not a priori known.

A major limitation identified from the presented literature survey is that condition-
centered data or feature scaling is typically employed to consider the effects of a single
operating condition.

3.2.4 Approach D: Condition-specific feature standardization and
feature segmentation

Most machine learning techniques, such as neural networks, perform better when the input
data is normalized or standardized [151]. Thus, standardization is typically employed to
normalize (input) features as a pre-processing step in the application of machine learning
techniques. In the light of varying operating conditions, features are not globally stan-
dardized for the purpose of applying a specific machine learning, but standardized per
distinct operating condition to compensate the effects of varying operating conditions.

For the first data challenge of the PHM society [152], national aeronautics and space
administration (NASA) provided turbofan engine degradation datasets subjected to time-
varying operating conditions, which were simulated with the commercial modular aero-
propulsion system simulation (C-MAPSS) software. The dataset comprises 218 engine
units, each with 21 sensor measurements and corresponding three operational settings.
Via different visualization techniques, the winning team of the IEEE GOLD category [153]
identified that the three operational settings resulted in six distinct regimes or modes of
operation. Thus, to successfully tackle the task of predicting the RUL of the turbofan
engines, each feature value X; was standardized per operating mode [153], according to
the following equation.

Xp=—+—— Vo, f (3.1)
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where X is the standardized feature at instance k € {1...n}, o € {1...m} is the index
of operating modes, f € {1...p} is the feature index, y denotes the mean, o denotes
the standard deviation, n, m, and p denote the total number of instances, number of
distinct operating modes and number of features, respectively. Alternatively, the overall
winning team [154] segmented selected features into the distinct operating modes, also
identified via data visualization. Thereafter, each feature segment was employed to fit
an individual regression model, yielding a total of six models for the total number of
distinct operating modes. Further approaches have been developed around the previously
described approaches by Peel [153] and Wang et al. [154], also based on the C-MAPSS
dataset. For example, Xu et al. [155] employed k-means clustering algorithm to iden-
tify the operating modes of the C-MAPSS dataset. Subsequently each feature value was
standardized per operating mode, according to equation 3.1 and the resulting standard-
ized features were min-max normalized to the [0, 1] interval. Finally, the standardized
and min-max normalized features were recombined with the operating condition infor-
mation to be fed as inputs to a machine learning model to account for possible future
operating conditions. Javanmardi et al. [156] also clustered the operating modes of the
C-MAPSS dataset with the k-means clustering algorithm, but min-max normalized the
sensor measurements within each operating mode to the [—1,1] interval without prior
standardization. Since the number of operating conditions or resulting operating modes
are typically not known in advance, as required by the k-means clustering algorithm, Bap-
tista et al. [157] utilized a self-organizing map to group the distinct operating modes of
the C-MAPSS dataset into respective clusters without predefining the number of expected
clusters. Furthermore, Baptista et al. [157] proposed a so-called normalizing multi-layer
perceptron neural network to normalize the sensor data. Inputs to the network were
the non-normalized sensor data and the factorized operating mode cluster. Furthermore,
there is no target fed to the network, but the network works in an unsupervised manner to
minimize the square of predictions, while adjusting the network weights [157]. Zhang et al.
[158] employed density peaks clustering algorithm and hierarchical density-based spatial
clustering of applications with noise algorithm to identify the operating modes of the C-
MAPSS dataset without predefining the number of clusters. Zhang et al. [158] proposed
the multi-operational condition-based normalization method, which is actually based on
equation 3.1, to standardize the features. Finally, as performed by Xu et al. [155], the
standardized features were recombined with features from the operating condition. To
derive an health indicator for rolling element bearings subjected to a stepped cyclic speed
and loading profiles, Kim et al. [159] initially clustered the operating conditions with
the k-means clustering algorithm into two modes of operation. Thereafter, statistical fea-
tures derived from vibration data were partitioned and a subset of the derived features
were selected per cluster according to the monotonicity score to construct the health in-
dicator. To account for time-varying conditions of rolling element bearings subjected to
time-varying speed and loading conditions, Sim et al. [11] proposed a derivative-based
approach to partition the conditions into finite number of distinct operating conditions.
The distinct operating condition regions were then employed to manually partition raw
vibration data before extracting features per segment.

The main assumption laid for the condition-specific feature standardization and feature
segmentation by the surveyed literature is that the operating conditions are distinct and
finite or separable in finite number of distinct operating conditions. Furthermore, it is
typically assumed that the operation condition occurred with identical probability at
each cycle [157]. Both assumptions are not always met, for example in cases where the
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time-varying operating condition is random or transient.

3.2.5 Approach E: Embedding in the modeling phase

Embedding in the modeling phase often involves the incorporation of the operating con-
ditions within model-based models or as input variables in machine-learning models to
compensate for the effects of time-varying operating conditions. In the following, literature
considering single and multiple operating conditions and considering different modeling
approaches are surveyed.

Roy et al. [160] developed a physics-based model to compensate for the effects of varying
temperature in SHM applications. Through numerical simulations based on spectral ele-
ment method, the influence of varying temperature on the material properties of piezoelec-
tric transducers was investigated. Based on the identified relationship, the piezoelectric
sensor signal could be reconstructed, which filters out the influence of the varying temper-
ature during fault diagnostics. Xu et al. [8] considered the Arrhenius and Wiener process
model to consider the influence of time-varying temperature conditions on the degradation
of lithium-ion batteries. The model parameters were estimated based on the maximum
likelihood estimation method in combination with genetic algorithm. Subsequently, the
RUL was predicted based on the Bayesian framework. The proposed methodology was
validated with a lithium-ion battery in a temperature chamber subjected to temperature
changes between 25°C and 55°C at 10°C step during charge-discharge cycles.

Under the premise that the degradation rate and the variation of the degradation process
are jointly dependent on the operating conditions, Wang et al. [161] utilized two jointly
dependent functions, namely a state function, described by a Wiener process to model the
degradation process and an observation function that describes the measured degradation
signal. The model parameters were estimated via a combination of the maximum likeli-
hood and least squares estimation, while the RUL was predicted by a Bayesian framework.
The proposed methodology was successfully evaluated on rolling-element bearings, which
were subjected to a constant load amplitude and three-level stepped speed conditions. Li
et al. [162] proposed a so-called two-factor state-space model-based method to predict
the RUL under consideration of time-varying operating conditions. It also involves the
Wiener process as the degradation process model and a measurement function, where the
model parameters were estimated via the maximum likelihood estimation method. The
proposed method is built on the assumption that changes in operating conditions result
in signal jumps, which are considered in the measurement function via a signal trans-
formation algorithm. Li et al. [162] validated their method via accelerated degradation
tests of roller thrust bearings subjected to constant load and varying speeds of 2200 rpm
and 2600 rpm. Yucesan et al. [163] considered a physics-informed neural network based
on the bearing basic rating life and a recurrent neural network to model the degradation
of the main bearing in a wind turbine. They adapted the bearing basic rating life via
the Palmgren-Miner’s rule to characterize incremental damage of a bearing subjected to
varying load and speed at each cycle. Furthermore, the viscosity and contamination level
of the bearing grease were also considered in their model via a multi-layer perceptron
neural network. Their proposed methodology was successfully evaluated on simulated
wind turbines with varying speed profiles. Geurts et al. [164] also considered the basic
life rating of a bearing, which incorporates the bearing load and speed, in their hybrid
model. During the healthy stage of a bearing, the basic life rating is ultilized to estimate
the RUL, while a Bayesian-based method is employed to predict the RUL, when a fault is
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detected. Their methodology was evaluated on accelerated tests of ball bearings subjected
to varying speed of 1000 rpm to 2000 rpm in steps of 100 rpm.

Kayedpour et al. [165] proposed an hybrid health monitoring framework for wind turbines
subjected to time-varying speed conditions. The parameters of the wind turbine, such
as the pitch-generator torque, the electrical power and wind-dependent system response
were physically modeled and integrated into a deep learning surrogate model to learn
the relationship between the system degradation and the effects of operating condition.
Shi et al. [166] proposed a physics-informed LSTM model that integrates a physics-
based calender and cycle aging model within an LSTM network. The physics-based
portion accounts for the degradation under consideration of the operating condition, while
the LSTM considers the time-dependent effect of the health state on the degradation.
The proposed physics-informed LSTM model was evaluated on batteries subjected to
different temperature and load profiles. Long et al. [9] proposed a stochastic hybrid
model, which consists of a Wiener model and a continuous-time Markov chain model, to
model the degradation process under time-varying operating conditions. Furthermore,
they employed the particle filter to predict the RUL. Long et al. [9] evaluated their
methodology on bearings and motorized spindles of CNC machine tools subjected to
varying speed and load under three operational settings.

The shortcomings of embedding time-varying operating conditions in the modeling phase
are inherited from the underlying methodology, that is, it depends on the employed
method. Furthermore, the complexity of the underlying methodology might even be
heightened, such as for machine learning models, where the operating conditions increase
the number of inputs. The increase in model inputs might diminish accuracy when the
inputs are of low quality, it leads to an increase in the number of required training data,
it impedes interpretability and explainability, it leads to an increase in computational
complexity and subsequently to an increase in required resources [167], [168].

3.3 Framework for fault detection and prognostics
under time-varying operating conditions

From the preceding section, most of the existing literature on diagnostics and prognostics
under time-varying operating conditions consider a specific methodology without a general
guideline or framework for considering the effects of time-varying operating conditions.
Furthermore, they either consider the variation of a single variable, such as the shaft
rotating speed during accelerated lifetime tests of rotating machinery components, such
as bearings or gears or they consider a very limited amount of operating modes, as in
the C-MAPSS data with six operating modes. To generalize the consideration of time-
varying operating conditions and address real-world scenarios, a general framework for
considering the effects of time-varying operating conditions is presented in this section,
while a case study considers the random variation of multiple operating conditions in a
subsequent section, to address the research gap. In the following, condition-related data
is used interchangeably with condition monitoring data, which involves data pertaining
to the health state of the monitored system.

Figure 3.1 presents a general procedure for data acquisition and data preparation of op-
erating condition data and condition monitoring data. The prepared operating condition
and condition monitoring data then serve as inputs to the framework presented in Figure
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3.2, which generally considers time-varying operating conditions in diagnostics and prog-
nostics. In Figure 3.2, the model represents an arbitrary fault detector or RUL estimator,
while the target represents the respective model output, as in discrete health state or
continuous RUL value. The presented framework should serve as a guide for novice and
practitioners in the development and application of diagnostics and prognostics algorithms
for technical systems, with a special focus on considering the effects of time-varying op-
erating conditions. The flowchart builds on the availability of condition monitoring data
and where applicable, synchronously acquired operating condition data. In approach A,
specialized signal analysis techniques, such as described in Section 3.2.1 can be employed
to uncover the effects of the the operating conditions under consideration of condition
monitoring data and optionally the operating condition data, before subsequent feature
engineering and the modeling step. In approach B, if the operating condition data is
unknown or not acquirable, due to reasons associated with accessibility or costs, then
the applicability of features that are invariant of the operating condition, as described
in Section 3.2.2, can be investigated, before applying any model-based or history-based
modeling methods. If the operating condition data is available, then features derived from
the condition monitoring data can be scaled, standardized or segmented by the operating
condition, as described in Sections 3.2.3 and 3.2.4, for approaches C and D, respectively.
During feature scaling, standardization or segmentation, it might be necessary to identify
a single operating condition that dominantly influences the acquired condition monitor-
ing signals. Alternatively to approaches C and D, features derived from the operating
conditions can be embedded alongside the condition monitoring features in the modeling
phase, as described in Section 3.2.5 for approach E. Although not represented in Figure
3.2, the proposed approaches can be combined. For example, features derived from spe-
cialized signal analysis techniques, such as the order tracking method or features invariant
to a certain condition, such as the speed, can be combined with other operating condition
monitoring data, such as the load. They can then serve as inputs to machine-learning
techniques to account for the unobserved or unaccounted operating condition.

Data acquisition and data preparation

Operating conditions Technical Condition monitoring
(0@ system (CM) data
. 4 A l
-

Data acquisition Degradation  Noise Data acquisition
v !

Data preparation Data preparation
v !

/ Prepared OC data / / Prepared CM data /

i T
v v

Figure 3.1: General procedure for acquiring and preparing operating condition and con-
dition monitoring data
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Framework for incorporating time-varying operating conditions
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Figure 3.2: Flowchart for considering time-varying operating conditions in diagnostics and
prognostics, adapted from [169]






4 Fault detection and prognostics of
piezoelectric bending actuators

Piezoelectric materials exhibit both direct and converse piezoelectric effects. That is, they
generate an electrical charge or voltage under pressure, when considering the direct piezo-
electric effect, while they mechanically deform or produce strain under an applied electric
field, when considering the converse piezoelectric effect. Thus, piezoelectric materials can
be employed as sensors, actuators or transducers [170]. Furthermore, due to the absence of
mechanical wear parts and other characteristics such as miniaturization capability, piezo-
electric materials are utilized in numerous mechatronic applications, such as in medical
dosing systems, energy harvesting, textile knitting machines, automotive fuel injectors,
wire bonding, welding, and SHM applications [171], [172], [173], [174], [175]. However,
due to the brittleness and typically low fracture toughness of the piezoelectric ceramics,
they are susceptible to fault and subsequently to failure. Furthermore, defects, such as
microcracks, inclusions and pores can arise from geometrical imperfections or material
inhomogeneities, which can further propagate into failure under combined electrical, me-
chanical and/or thermal load [176], [177]. Accordingly, diagnostics and prognostics serve
to mitigate unplanned failure and to enhance the long-term availability and reliability
of piezoelectric materials utilized in sensing, actuation, and transduction applications
[175].

4.1 Technical understanding

In the following, focus is primarily laid on piezoelectric bending actuators, such as shown
in Figure 4.1. They can be found in Braille pads, medical dosing systems, textile knitting
machines, micro-robots, positioning and assembling machines [171], [172], [173], [174],
[175], [178]. Piezoelectric bending actuators typically consist of one or more piezoelectric
layers with or without a bonded passive layer, which undergo bending motion depend-
ing on the applied electric field with respect to the polarization direction [179], [180].
Piezoelectric bending actuators are specifically termed uni-/monomorphs with one piezo-

Piezoelectric ceramics [l Electrode [} Adhesive

Copper overhang [l Protective coating

Figure 4.1: Side view showing the layers of the piezoelectric bending actuator adapted
from [175], [178].
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electric layer and a passive layer, bimorphs with two piezoelectric layers, trimorphs with
two piezoelectric layers and a passive layer and multi-/polymorphs with more than two
piezoelectric and passive layers [179]. The trimorph with two piezoelectric ceramics, four
electrodes, a conductive passive middle layer based on carbon fiber reinforced polymer
(CFRP), adhesive and a copper overhang to electrically contact the inner electrodes,
as shown in Figure 4.1, is considered here. Based on the supporting paper [175], lifetime
tests published in [181] and on reviewed literature [182], [183], [184], [185], [186], [187],
[188], [189], [190], the FMEA of the trimorph layers are listed in Table 4.1.

Because no significant failure mode was recorded in the literature, the copper overhang is
not considered here. As part of the risk analysis [186], failure modes associated with the
piezoelectric ceramics, electrodes, passive middle layer, and adhesive are assessed in terms
of their importance and the likelihood of their occurrence. All failure modes are equally
important, since they negatively impact the actuator’s performance and its overall func-
tionality. However, because leakage current in the piezoelectric ceramics can potentially
compromise safety, for example, by additionally causing damage to the control electronics
due to an electrical short circuit, it is deemed more important than the other failure modes
[175]. Crack development in the piezoelectric ceramics or electrodes is very probable, due
to the brittleness of the piezoelectric ceramics and as described by Ruschmeyer [184].
Although, electrode burns are very probable, according to Denzler’s study [183], they
are not very probable here, because of the significantly lower voltage amplitudes, that is,
approximately 40V alternating current (AC) in the application example described here,
as compared to the 200V applied in Denzler’s experiments. Depolarization is considered
unlikely, provided the actuator is operated correctly. Cracks in the passive middle layer
are also unlikely, due to the relatively higher toughness of the CFRP than the piezoelec-
tric ceramics and the relatively low voltage amplitudes and resulting deflection. Adhesive
delamination is not well-documented in existing literature, hence it is difficult to assess
its probability. Soldering failure and leakage current are not anticipated in the controlled
laboratory environment. In conclusion, cracks in the piezoelectric ceramics and electrode
layers are deemed the most relevant failure modes for the application example [175]. Thus,
focus is laid on diagnosing these failure modes.
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Table 4.1: FMEA of the piezoelectric bending actuator [175]

Failure mode

Failure effect

Failure cause

Piezoelectric ceramics

Reduced stiffness, increased

Crack resistance, consequent crack in ~ Mechanical load
the electrode
: . Operation with an electrical
Decreased piezoelectric .
. voltage opposite to the
characteristics, flatter \ ..
.. actuator’s polarization,
Depolarization resonance peaks, resonance and

anti-resonance frequency
coincide, loss of functionality

mechanical load opposite to the
actuator’s polarization, elevated
temperature

Leakage current

Overload of electronic
components in the
measurement chain, such as the
piezoelectric amplifier, loss of
functionality

Elevated unipolar electric field
strength, electromigration,
contamination, humidity

Electrode

Increased contact resistance,
increased thermal load, reduced

Crack of the piezoelectric

Crack . . . .
rac capacitance, decreased active ceramics, mechanical load
area
Burn Reduced c.apamtance, decrease Thermal load
in the active area
Passive middle layer
Crack Altered damping and stiffness Mechanical load

characteristics

Copper overhang

Soldering failure

Partial or complete loss of

electrical connection and loss of

functionality

Improper soldering, mechanical
vibrations, thermal load

Adhesive

Delamination

Decrease in bending movement,
loss of functionality

Mechanical load
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Condition monitoring parameters for the piezoelectric bending actuator

The input and output parameters of the piezoelectric actuator are considered to select
appropriate measurement techniques for the failure modes deemed most relevant. Ow-
ing to the piezoelectric effect, the piezoelectric bending actuator is an electromechanical
system. Hence, it can be modeled via a four-pole model, which consists of an electrical
and mechanical port [191], [192]. The electrical port encompasses an oscillating voltage
u(t) and current i(t), while the mechanical port encompasses velocity v(t) and force F(t),
as illustrated in Figure 4.2(a). The corresponding lumped-parameter model of a piezo-
electric actuator actuating near its fundamental resonance frequency is shown in Figure
4.2(b). The electrical capacitance and resistance are denoted by C, and R, respectively.
Furthermore, the effective vibrating mass of the actuator is denoted by m,,, the internal
mechanical damping is denoted by d,,, the mechanical stiffness is denoted by ¢, and the
electromechanical coupling factor is denoted by x [175].

i(t) o(t)
: —> —p
i(t) o(t) o T ——{|—==—o
i i O g F(t
u(f) Piezoelectric T u R
( l Actuator () ¢
o— ———o P4 1:x 0
Electrical port Mechanical port Electrical Mechanical
domain domain

(a) (b)

Figure 4.2: (a) Four-pole model adapted from [192] and (b) corresponding
lumped-parameter model of a piezoelectric actuator adapted from [175],
[191] .

The coupling matrix, which describes the relationship between the inputs and the outputs
of a piezoelectric actuator is given in Equation 4.1, such that the input vector consists
of the complex amplitudes of the voltage @ and force E and the output vector consists of
the complex amplitudes of the current i and the velocity . Furthermore, the actuating
angular frequency is denoted by w and the complex amplitude of the harmonic signals is
denoted by the check accent mark [175], [191], [193].

2 1
~ K - + - K - o«
; i m
Ll _ [Jwmmtdm+i " Retsger  J@mmtdmti | | U (4.1)
b K 1 Fl- :
- j-w~mm+dm+]f—ﬁ) j-w-mm+dm+ﬁ—ﬁ) =

For an unloaded piezoelectric actuator, that is, when E = 0, the current is directly pro-
portional to the applied voltage. Therefore, in a healthy actuator, increasing the driving
voltage amplitude leads to a higher current amplitude and a lower resonance frequency,
while decreasing the voltage amplitude results in a lower current amplitude and a higher
resonance frequency. Therefore, any deviation in the current that is not proportionally re-
flected in the voltage indicates a change in the actuator’s internal parameters, potentially
due to a crack [175].

According to the results of the FMEA presented in Table 4.1, the presence of a crack
in the electrodes leads to a decrease in capacitance, while cracks in both the electrodes
and the piezoelectric ceramics cause an increase in resistance. Additionally, a crack in
the piezoelectric ceramics reduces the mechanical stiffness. Capacitance and resistance
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can be derived from the electrical admittance Y, or impedance measurements Z,, whereas
mechanical stiffness can be determined from mechanical admittance Y,, or impedance Z,,
[193], [194]. Electrical impedance is a complex quantity defined as the ratio of the applied
voltage to the resulting current, while the mechanical admittance is a complex quantity
defined as the ratio of the applied force (or applied voltage) to the resulting velocity [172],
[194]. Admittance is the reciprocal of the impedance and is typically measured using an
impedance analyzer across a range of frequencies.

Avvari et al. [195] intermittently measured the impedance of a piezoelectric energy har-
vester to monitor crack propagation. Their experimental results demonstrated that the
resonance frequency decreased as crack progressed, due to stiffness reduction. Hem-
sel et al. [173] also confirm that the presence of a crack in a power transducer leads
to a reduction in stiffness, which in turn causes a decrease in both the resonance and
anti-resonance frequencies of the measured electrical admittance. Kimotho et al. [174]
also intermittently measured the electrical admittance of piezoelectric bending actuators
during lifetime tests, to monitor degradation. Their findings indicated that as degrada-
tion progressed, the maximum absolute value of electrical admittance decreased, while
the equivalent resistance increased. They also pointed out a key limitation of admit-
tance measurements, which is that such measurements generally require interrupting the
actuator’s operation.

General experimental procedure

The test rig developed by Kimotho et al. [174] and Bender et al. [181] is adopted here
to conduct run-to-failure experiments of piezoelectric bending actuators, as exemplarily
shown in Figure 4.3(a). The piezoelectric bending actuators utilized in the experiments
are coated parallel trimorphs with a conductive passive CFRP middle layer, such that the
two piezoelectric layers have their polarization directions aligned. The bending actuators
are manufactured by Johnson Matthey (Typel - 427.0085.11F) and have a length of
50mm, a width of 7.2mm and a thickness of 0.81 mm. Further characteristics of the
bending actuator can be found in the Appendix in Table 1. During the experiments, the
bending actuators are clamped between two aluminum bars to ensure the electrodes on
both piezoelectric ceramics are on the same potential. When clamped as in a cantilever,
the effective length is approximately 38 mm, while the distance between the clamp and
the protective coating on the piezoelectric layers is approximately 1 mm, as depicted in
Figure 4.3(a) and Figure 4.3(b), respectively. In the following, the terminology cantilever
piezoelectric bending actuator or trimorph is referred to as bending actuator, for brevity.

_<Imm _

Clamp | "| Protective coating
/

AN
Piezoelectric ceramic
(a) (b)

Figure 4.3: Piezoelectric bending actuator from Johnson Matthey (a) clamped between
two aluminum bars and (b) zoomed portion of the top view showing probable
region of crack occurrence [175].
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The main purpose of the experiment is to accelerate the degradation of the bending
actuators under time-varying operating conditions, while acquiring condition monitoring
signals. In reference to the FMEA, the most relevant failure modes are cracks in the
piezoelectric ceramics and electrode layers. Furthermore, since a crack in the piezoelectric
layer accordingly implies a crack in the electrode, the goal of the experiment is to accelerate
the development of a crack in at least a piezoelectric layer of the bending actuator. In most
applications, bending actuators are operated near the fundamental resonance frequency,
due to the relatively low excitation voltage required to achieve large tip deflection [174],
[181], [196], [197]. The first bending mode occurs at the fundamental resonance frequency,
such that the peak stress is located near the clamped end of the bending actuator. Thus,
a high potential for crack development is expected around 1 mm between the clamp and
the protective coating on the piezoelectric layers.

Considering the inputs and outputs of the four-pole model for an unloaded bending actu-
ator, the measurement chain for the accelerated lifetime tests is depicted in Figure 4.4.

¢
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Control PC [« analyzer probe 1 amplifier
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actuator i)
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: Piezo PC
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|
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A
v v(f)
Voltage N Laser | || Vibrometer | | u(t)
probe vibrometer Controller

[

Figure 4.4: Measurement chain for the experiment with the bending actuator [175].
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Through the coupling of a control PC and an impedance analyzer (HP 4192A LF), the am-
plitude and frequency of the input sinusoidal voltage can be specified. Since the bending
actuator can theoretically be operated at higher voltages up to 230V and the impedance
analyzer has a maximum output voltage of approximately 2V, a piezo amplifier was em-
ployed to amplify the voltage, as required by the bending actuator. Furthermore, due to
the input voltage limitations of the impedance analyzer and the PC oscilloscope, a differ-
ential voltage probe (Testec TT- SI 9002) was employed to attenuate the amplified input
voltage. During the experiments, the input voltage signal and the output signals, that is,
the velocity at the tip of the bending actuator and the output current, were synchronously
sampled every 10s at a sampling rate of 30 kS/s and a measurement duration of 0.5s.
Specifically, the tip velocity was measured with a laser vibrometer (Polytec OFV 512)
and corresponding controller (Polytec OFV 3000), while the current was acquired via a
Tektronix A6312 current clamp and a corresponding AM 503B current probe amplifier.
As the actuator’s internal properties, such as stiffness and consequently the resonance
frequency, can change over time due to degradation or loading conditions, a phase-locked
loop (PLL) control was employed to track the frequency by monitoring the phase differ-
ence between the current and voltage signals, as described in [198]. In other words, before
each experiment, the initial fundamental resonance frequency was determined with the
impedance analyzer via a frequency sweep at a voltage of approximately 1V. Further-
more, the frequency is adjusted during operation through the bidirectional communication
between the impedance analyzer and the control PC, such that the phase difference be-
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tween the current and voltage signal is constant and remain at the frequency close to the
peak of the electrical admittance’s magnitude [175].

4.2 Data understanding and preparation

Three set of preliminary experiments are considered to investigate the effects of varying
operating conditions. The first set of preliminary experiments investigate the influence of
different operating voltages on the characteristics of the bending actuators. The second
set of experiments investigate the influence of different operating voltages on the condition
monitoring signals. The last set of preliminary experiments investigate the influence of
time-varying operating voltage in addition to a viscous fluid. With the findings from the
preliminary experiments, several run-to-failure experiments were subsequently conducted
under time-varying voltage amplitudes and a viscous fluid. In most cases, although the
bending actuator is still functional, the EoL or failure of the bending actuator is defined
here as the occurrence of a crack in at least a piezoelectric layer of the actuator, to avoid
unreliable operation. During the experiments, the data acquisition was not automatically
terminated in the event of a crack, such that the number of measurements does not
necessarily indicate the life time of the bending actuators. An overview of the run-to-
failure experiments investigated in the course of this work are listed in Tables 4.2 and 4.3.
The experimental data PT01 through PT04 are collected under constant operating voltage
conditions for the preliminary experiments. The experiments P01 through P08 consider
time-varying voltage amplitudes sampled from a uniform distribution, while experiments
P09 thorugh P11 consider time-varying voltage amplitudes with two or three distinct
voltage levels. Furthermore, experiment P10 und P11 also consider a viscous fluid.

Table 4.2: Overview of the experimental data from preliminary accelerated lifetime tests

DC amplitude  AC amplitude  Effective length

Experiment IV /v / mm No. of
measurements

PTO1 20 20 38 268

PTO02 20 20 39 4007

PT03 30 30 39 108

PT04 40 40 39 783
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Table 4.3: Overview of the experimental data from accelerated lifetime tests

DC amplitude AC amplitude  Effective length

Experiment IV IV / mm No. of
measurements
P01 30 [15, 25] 38 1809
P02 30 [15, 30] 38 2445
P03 30 [15, 30] 38 7573
P04 30 [15, 25] 38 641
P05 30 [15, 25] 38 526
P06 30 [15, 30] 38 1798
pPO7 30 [15, 30] 38 172
P08 30 [15, 30] 38 227
P09 30 {18,20, 30} 38 285
P10 (with 35 {20, 30} 38.5 503
viscous fluid)
P11 (with 35 {20, 30} 38.5 406

viscous fluid)

4.2.1 Influence of the input voltage on the characteristics of the
bending actuator

Bending actuators can be actuated with an higher driving levels to achieve higher deflec-
tions [199]. Thus, the influence of the actuating voltage variation on the characteristics
of a bending actuator is considered here. Specifically, in one experiment, the AC voltage
is varied, while no direct current (DC) bias is applied during the frequency sweep around
the fundamental resonance peak, namely between 180 Hz and 270 Hz. The resulting mag-
nitude and phase of the electrical admittance for three different arbitrary AC voltages,
namely, at approximately 0.7V, 4.4V and 8.4V, are depicted in the top and bottom
sub-figures of Figure 4.5(a), respectively. The top sub-figure of Figure 4.5(a) shows that
the maximum value of the electrical admittance’s magnitude decreases with increasing
AC voltage. The decrease in the maximum value of the electrical admittance’s magni-
tude is also observed by Shaoping et al. [200], Priya et al. [201] and Lee et al. [202],
but not by Uchino et al. [203], where the maximum value of the electrical admittance’s
magnitude contrarily increases. As also shown in the bottom sub-figure of Figure 4.5(a),
the minimum value of the electrical admittance’s phase increases. As can be deduced
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Figure 4.5: Amplitude (top) and phase (bottom) of the electrical admittance, under con-
sideration of (a) different arbitrary AC voltages and without DC bias, and (b)
constant AC voltage, with and without DC bias

from Figure 4.5(a), the resonance frequency also decreases with increasing AC voltage,
as indicated by the circle marker. Although the decrease in resonance frequency could
also result from internal and external characteristics of the bending actuator [174], [188],
[204], the decrease in resonance frequency at higher AC voltage and the two preceding
effects are supported by findings reported in the literature [200], [201], [202], [203], [205],
[206] and are attributable to the softening non-linearity and internal non-linear loss of the
bending actuator.

In the last preliminary experiment, the AC voltage is kept constant at approximately
10V, while the magnitude and phase of the electrical admittance is measured at a DC
bias of approximately 0V and 10V. Figure 4.5(b) shows that the DC bias variation has
a negligible effect on the magnitude and phase of the electrical admittance even at a
relatively high AC voltage, for the considered bending actuators. A close examination of
both sub-figures of Figure 4.5(b) indicates that the admittance curve is further flattened
and widened. Furthermore, the resonance frequency at a phase of 0° does not coincide
with the peak of the electrical admittance’s magnitude, which is achieved at a phase of
approximately 42°. In summary, based on the considered voltage levels, the variation of
the DC bias has a negligible influence on the characteristics of the investigated bending
actuator, as opposed to the variation of the AC voltage that has a significant influence
on the characteristics of the investigated bending actuator.

4.2.2 Influence of the input voltage on the condition monitoring
signals

To investigate the influence of the input voltage amplitude on the measured output current
i and velocity v at the tip of the bending actuator, two sets of run-to-failure experiments
are considered. Specifically, the experiments are run till the current amplitude signifi-
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cantly drops without a concurrent significant change in the voltage amplitude.

In the first set of experiment, the DC bias and the AC voltage amplitude are both kept
constant at approximately 20V during the entire experiment, while the current and ve-
locity at the tip are measured over time for two bending actuators PT01 and PT02. The
measured input voltage, the output current and velocity signals are exemplarily depicted
in Figure 4.6. In the experiments, the frequency was adjusted, such that the respective
phase difference between the current and voltage signal is constant and remain at the fre-
quency close to the peak of the electrical admittance’s magnitude. Furthermore, because
the signals from both experiments are not synchronized, there is a phase shift in the sinu-
soidal waveform of the figures. Nonetheless, as observed in Figure 4.6(a), the signal mean
is approximately 20V, while the signal oscillates approximately between 0V and 40V,
although the peak-to-peak amplitude of experiment PT02 is slightly above experiment
PTO1. This slight increase is also reflected in the measured output current and velocity
signals as can be deduced from Figures 4.6(b) and 4.6(c), respectively. Thus, representing
a direct relationship between the voltage input signal and the output signals. In both
experiments, the maximum output current is approximately 5mA, while the maximum
output velocity is approximately 1 ms.

40 5 1
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Figure 4.6: Comparison of the measured raw signals for two different bending actuators
PTO1 and PTO02 exemplarily at about 3min into the respective experiment:
(a) input voltage signal, (b) output current signal and (c) output velocity
signal

u/ V

For further time-domain analysis, the RMS of the measured input voltage #, consisting
of the AC and DC signal components, the resonance frequency f;, the RMS of the output
current i and the RMS of the output velocity ¢ are depicted in Figure 4.7 for both
experiments PT01 and PT02 over their entire experiment duration. The top sub-figure
of Figure 4.7(a) shows that the voltage RMS is almost constant at approximately 26.5V,
the resonance frequency is constant at about 189 Hz almost over the entire experiment
duration, but decreases significantly with about 4 Hz shortly before the end of experiment
PTO1. Since there is no external influence during the experiment, it can safely be assumed
that an internal change, such as a crack must have occurred in the bending actuator of
experiment PT01. As presented in the bottom sub-figure of Figure 4.7(a), the velocity
RMS is almost constant over the entire experiment duration, but slightly drops almost at
the end of experiment PT01. As also presented in the bottom sub-figure of Figure 4.7(a),
the current RMS slightly decreases over the entire experiment duration, and significantly
drops at almost the end of experiment PTO01, coinciding with the decrease in resonance
frequency. As can be deduced from the top sub-figure of Figure 4.7(b), in experiment
PTO02, the voltage RMS is almost 1V less than the voltage RMS of experiment PTO01,
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Figure 4.7: Comparison of the resonance frequency and RMS of the measured input and
output signals for two bending actuators at a constant DC bias and AC voltage
of approximately 20V, respectively: (a) PT01 and (b) PT02

but the resonance frequency is almost 5 Hz more than experiment PTO01, resulting from
slight difference of the free length or internal characteristics of the bending actuators [207].
The fluctuation in the resonance frequency till about 300 000 cycles is attributed to the
frequency control system. The bottom sub-figure of Figure 4.7(b) shows that the output
velocity RMS is almost constant over the entire experiment duration, while the current
RMS slightly declines over the entire experiment duration and significantly drops near
the end of experiment PT02, similar to experiment PT01. However, although the output
current RMS of both experiments PT01 and PT02 only slightly differ by about 0.1 mA,
their lifetimes differ by a factor of approximately six. In summary, even at approximately
the same input DC bias and AC voltage amplitude, the resonance frequencies and the
lifetimes of two bending actuators can vary significantly. However, the decreasing trend
of the current RMS tends to be consistent with a probable degradation of the bending
actuators.

In the second set of experiment, the effect of an increased DC bias and AC voltage am-
plitude is investigated. Specifically, in experiment PT03, the DC bias is kept constant at
30V and the AC voltage is also kept constant at 30 V during the entire experiment. In
experiment PT04, the DC bias and AC voltage are kept constant at 40 V each, over the en-
tire experiment duration. The top sub-figure of Figure 4.8(a) shows that the voltage RMS
is almost constant at about 37V over the entire measurement duration for experiment
PTO03. The resonance frequency is constant at 187 Hz almost over the entire experiment
duration, but drops significantly to about 183 Hz at 200 000 cycles, as a result of a possible
internal anomaly of the bending actuator. As shown in the bottom sub-figure of Figure
4.8(a), the output velocity RMS fluctuates around a constant value of approximately
0.9ms~! over the entire experiment duration, while the current RMS slightly declines
from approximately 5.4mA to 5.2mA in about 200 000 cycles and thereafter significantly
drops to approximately 5mA coinciding with the decrease in frequency and consistent
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Figure 4.8: Comparison of the measured input and output signals for two different bending
actuators at different constant DC bias and AC voltage: (a) 30V DC bias +
30V AC (PT03) and (b) 40V DC bias + 40V AC (PT04)

with the previous set of experiments PT01 and PT02. In experiment PT04, the voltage
RMS is almost 10V more than in experiment PTO03, while the resonance frequency is
about 13 Hz less than in experiment PT03, as can be deduced from the top sub-figure of
Figure 4.8(b). Thus, it can be inferred that an increased voltage results in a decreased
resonance frequency, which is coherent with the previous investigation in section 4.2.1.
The bottom sub-figure of Figure 4.8(b) shows that the velocity RMS slightly decreases
with about 0.05ms™' and increases to almost its initial value at about 1.4 million cycles.
Contrarily, in experiment PTO01, the velocity RMS simultaneously drops with the decrease
in frequency. Such contradiction is accountable to the fact that the bending actuator is
not completely failed, but anomalous. The bottom sub-figure of Figure of 4.8(b) also
shows that the current RMS is approximately 0.4 mA more than in experiment PT03
resulting from the increased voltage RMS. Furthermore, the decline in the current RMS
over the entire experiment duration is more pronounced than the decline in experiment
PTO03. Similar to the previous experiments, the current RMS significantly drops at about
1.4 million cycles simultaneously with the decrease in frequency.

The resulting images from post-experimental microscopic crack analysis of experiments
PTO01, PT03 and PT04 are exemplarily presented in Figure 4.9, where the arrows indicate
the crack location in the top view, in the region shown in Figure 4.3. Although not
visible from the images, all cracks occurred in the piezoelectric layer through the entire
width in close proximity to the clamped region. The crack width is wider in experiment
PT04 than in experiment PT01 and PTO03, due to the relatively higher voltage RMS.
However, the difference in the crack width between experiments PT01 and PTO03 is not
very pronounced, although the voltage RMS differs by almost 10V.

From the experiments, it can be summarized that an increased voltage results in a de-
creased resonance frequency, an increased velocity and increased current. However, in a
run-to-failure experiment, an increase in voltage of 10V does not necessarily lead to a
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Figure 4.9: Comparison of the crack widths resulting from the experiments with three
bending actuators subjected to different constant DC bias and AC voltage:
(a) 20V DC bias + 20V AC (PT01), (b) 30V DC bias + 30V AC (PT03)
and (c) 40V DC bias + 40V AC (PT04)

crack occurring earlier in the piezoelectric layer of the bending actuator, but the crack
width becomes widened, due to the larger deflection resulting from the increased velocity.
Even at similar operating voltage conditions, the variation in lifetimes of the bending
actuators can be due to manufacturing variability, which might occur during producing
or bonding of the individual materials in the different layers [208]. The velocity signal is
not further considered, due to the inconsistency in relation to a possible anomaly in the
bending actuator.

4.2.3 Influence of time-varying voltage amplitude and a viscous
fluid [175]

A run-to-failure experiment P06 with time-varying voltage amplitude without a viscous
fluid and an experiment P10 with a viscous fluid is exemplarily considered to further
investigate the influence of time-varying operating conditions on the monitored condition
monitoring signals. In experiment P06, the DC bias is constant at 30V, while the AC
voltage is randomly sampled from a uniform distribution within the interval [15, 25]V,
utilizing the setup for the unloaded bending actuator, as previously described. In some
studies [209], [210], [211], [212], it has been shown that damping increases and the reso-
nance frequency of a bending actuator decreases when the actuator is immersed within
viscous fluid. Thus, in experiment P10, the bending actuator is immersed in a viscous
fluid. During the experiment, the bending actuator is unloaded and actuated with a con-
stant DC bias of 25V and a two-level AC voltage of approximately 25V and 35V at the
first resonance frequency to accelerate degradation. To investigate the influence of the
increased damping on the fault detection capability, the actuator is immersed in a glass
beaker with a mixture of several Reely silicone oils with a resulting viscosity between
4Pas and 6Pas at room temperature [175], after the occurrence of a crack and during
operation. The actuator is partially submerged in three different levels to investigate the
influence of different damping levels. In the first level, the resulting depth of actuator
within the viscous fluid is approximately 11 mm, as shown in Figure 4.10(a) and labeled
as position A in Figure 4.10(b). The actuator is then further immersed in the viscous
liquid in two steps, as labeled in positions B and C in Figure 4.10(b). The maximum
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Figure 4.10: Setup for experiment P10 showing the (a) bending actuator immersed in
silicone fluid and (b) different positions, when immersed within silicone fluid
[175].

depth of actuator within the viscous fluid is approximately 15 mm [175].

The time-domain analysis results of experiments P06 and P10 are depicted in Figures
4.11(a) and 4.11(b), respectively. As shown in the top sub-figure of Figure 4.11(a), gen-
erally, an increase in the input voltage amplitude consequently results in a decreased
resonance frequency. However, at about 650 000 cycles, even with no significant increase
in the input voltage RMS, the resonance frequency significantly decreases, possibly due
to a reduced stiffness. Concurrently, the current RMS also slightly decreases at about
650 000 cycles, as shown in the bottom sub-figure of Figure 4.11(a). Contrarily, the veloc-
ity RMS does not show any significant change at about 650 000 cycles.
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Figure 4.11: Resulting analysis results of experiments considering (a) time-varying voltage
amplitude in experiment P06 and (b) additionally considering a viscous fluid
in experiment P10
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However, an increased voltage amplitude generally leads to an increased current and veloc-
ity amplitude, while a decreased voltage amplitude also results in a decreased current and
velocity amplitude, as presented in the bottom sub-figure of Figure 4.11(a). In experiment
P10, an increased voltage amplitude generally leads to a decreased resonance frequency,
an increased current amplitude and an increased velocity amplitude, as shown in Figure
4.11(b). However, as presented in the top sub-figure of Figure 4.11(b), at approximately
360 000 cycles and 440 000 cycles, the frequency significantly decreases, although there is
no concurrent significant increase in the voltage amplitude. The decrease in frequency at
about 360 000 cycles is probably attributable to a change in the internal characteristics of
the bending actuator, such as a decrease in stiffness, while the decrease in frequency at
about 440000 cycles coincides with immersing the actuator in the viscous liquid, which
is known to lead to increased damping and consequently to decreased frequency. Fur-
thermore, as illustrated in the bottom sub-figure of Figure 4.11(b), the current amplitude
further decreases when the bending actuator is further immersed in the viscous fluid,
as indicated by the positions B and C in Figure 4.10(b). The current amplitude further
increases at about 970 000 cycles, because the actuator is lifted out of the viscous liquid.

In summary, a sudden decrease in the current amplitude and a simultaneous decrease in
the resonance frequency suggest a change in the internal or external characteristics of the
bending actuator.

4.3 Fault detection approaches

In the following, different approaches are investigated to detect a fault in the bending
actuator, resulting from the mode of operation and loading situation. Precisely, the fault
is in form of a hairline crack in at least a piezoelectric ceramic layer near the clamped
region. Regarding the conclusions drawn from the preliminary experiments, the current
signals are further considered, but not the velocity signals.

4.3.1 Approach A: Signal analysis techniques [175]

The time-frequency domain analysis method toward fault detection is investigated here.
To this end, the spectrograms of the current signals of experiments P06 and P10 are
exemplarily depicted in Figures 4.12(a) and 4.12(b), respectively. As described in the
previous section, the actuating frequency is not constant, but varies according to the
load. Thus, in both figures, the frequencies on the y-axis are normalized to the actuating
frequency, that is, the first resonance frequency, to reveal the harmonics. As shown in
both figures, the first harmonic, which corresponds to the first resonance frequency, is
dominant over the entire measurement duration. Furthermore, higher harmonics are also
present, exemplarily up to the seventh order. Harmonics up to the seventh order are
considered here, because the effects of harmonics higher than the seventh order were not
significantly relevant for the considered application example and analysis techniques. As
can be inferred from Figure 4.12(a), before approximately 650 000 cycles, the intensity of
the third harmonic is more dominant than the other higher harmonics. However, after
650 000 cycles, even and other odd harmonics are also visible in the spectrogram. Although
not easily discernible from Figure 4.12(b), the intensity of the odd harmonics, that is, the
third, fifth and seventh harmonics are more dominant after approximately 360 000 cycles.
According to Solodov et al. [213], the clapping of crack surfaces typically results in odd
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Figure 4.12: Time-frequency analysis of the current signals for experiments (a) P06 and
(b) P10.

and even harmonics, while predominantly odd harmonics are attributed to friction non-
linearity of the crack surfaces [175]. Thus, the higher intensity of the odd harmonics
after 650000 cycles and 360000 cycles for experiments P06 and P10, respectively, can
be attributed to non-linearity of possible crack surfaces. In general, higher harmonics
result from signal distortion, which can be quantified individually or globally, according
to the DIN EN 50160 standard [214]. Individually, harmonics can be quantified via the
normalized or relative amplitudes of the harmonics, that is, the ratio of a higher harmonic
amplitude to the fundamental amplitude [214], as expressed in equation 4.2.

I =+, (4.2)

e e

where I, is the normalized amplitude value of the nth harmonic current signal, I, is the
amplitude value of the nth harmonic content and I is the amplitude value of the funda-
mental component [175]. Globally, harmonics can be quantified via the total harmonic
distortion (THD), as expressed in equation 4.3 [214], [215].
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The resulting normalized amplitudes up to the seventh harmonic for experiments P06 and
P10 are depicted in Figures 4.13(a) and 4.13(b), respectively. Specifically, the normalized
amplitude values of the even harmonics, that is, harmonics of order 2, 4, and 6 are shown
in the top sub-figures, while the normalized amplitude values of the odd harmonics of order
3, 5, and 7 are shown in the bottom sub-figures. As can be observed from the top sub-
figure of Figure 4.13(a), although the normalized amplitude value of the second harmonic
I, does not show any noticeable trend before 650000 cycles, it increases significantly at
about 650000 cycles and remains almost twice the initial value till the experiment was
terminated. On the other hand, the normalized amplitude value of the fourth harmonic
I only slightly increases at about 650 000 cycles, while the normalized amplitude value of
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Figure 4.13: Normalized amplitudes at even and odd harmonics up to the seventh har-
monic for experiments (a) P06 and (b) P10

the sixth harmonic Is does not show any significant trend over the entire measurement
duration. Similarly for experiment P10, I does not also show any significant trend over
the entire measurement duration, as can be observed from the top sub-figure of Figure
4.13(b). Contrarily to experiment P06, I, and I, slightly decreases at about 360 000 cycles
and do not show any significant trend over the entire measurement duration for experiment
P10. As evident from the bottom sub-figure of Figure 4.13(a), at about 650 000 cycles,
the normalized amplitude value of the third harmonic I3 slightly decreases, while the
normalized amplitude value of the fifth and seventh harmonics, Iy and I; simultaneously
significantly increases. As also observed from the bottom sub-figure of Figure 4.13(b),
I3 also slightly decreases, while I5 and I; simultaneously significantly increases at about
360 000 cycles. As the bending actuator is being immersed in the viscous fluid labeled at
position A at about 430000 cycles, Iy and I; abruptly decreases due to damping, while
I3 remains almost constant. As the actuator is further immersed in positions B and C
at about 580000 cycles and 840 000 cycles, respectively, Is and I; slightly decreases, while
I3 contrarily slightly increases. Finally, at about 970000 cycles, as the actuator is lifted
out of the viscous liquid, Ir significantly increases, I; remains almost constant, while I
concurrently decreases.

In summary, the evaluation of the normalized amplitude values of the odd harmonics I,
I5 and I; presents a possibility to detect an anomaly and isolate a possible crack in the
bending actuator.

For the global quantification of the harmonics, the resulting THD values for both exper-
iments P06 and P10 are depicted in the top sub-figures of Figures 4.14(a) and 4.14(b),
respectively. As shown in the top sub-figure of Figures 4.14(a), the THD value increases
to almost twice its initial value at about 650 000 cycles and slightly decreases towards the
end of the measurement, corresponding to the decreased voltage amplitude. Contrarily,
the THD value does not show any significant trend for experiment P10, as can be ob-
served from the top sub-figure of Figures 4.14(b). Thus, because the THD values are not
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Figure 4.14: Comparison of the THD and normalized amplitudes at odd harmonics up to
the seventh harmonic for experiments (a) P06 and (b) P10

consistent with the degradation of the bending actuators, a crack in the bending actuator
is isolated by considering the interaction between the normalized amplitudes of the odd
harmonics. Specifically, a crack in at least a piezoelectric layer is isolated by evaluating
I; and the sum of I and I;. As shown in the bottom sub-figures of Figure 4.14, the value
of Iy is greater than the sum of I; and Ir, before a crack, while the value of I is less than
the sum of I and I7 after a crack.

The procedure for detecting an anomalous behavior and isolating a crack in a bending
actuator is depicted in Figure 4.15. In summary, an anomaly is detected in the bending
actuator, when the current amplitude i abruptly drops and the resonance frequency f;
simultaneously decreases. However, since such an anomaly could result from external
damping or from the effect of crack, the amplitudes of the odd harmonics are further
evaluated to isolate a crack.

Time domain | Feature Event
feature extraction evaluation detected
Acquire / Fourier Frequency domain
Signals transform feature extraction
i(t),u(t) Fli(®)} (first harmonic)
Detection
Frequency domain Crack
. Feature
feature extraction [ . surfaces
. . evaluation .
Isolation (higher harmonics) clapping

Figure 4.15: Fault detection and isolation of a piezoelectric bending actuator [175].
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4.3.2 Approach B: Condition-invariant feature engineering

Similar to the procedure described in [137], classical time-domain features, features from
the HCTSA package and features from the EMG toolbox are extracted from the acquired
current signals per experiment. Subsequently, the feature selection method, monotonicity
is employed to identify condition-invariant features. Although unique top-ranked feature
that are invariant to the time-varying operating voltage could not be identified per exper-
iment with monotonicity, a eight-element subset of the ranked features could be identified
via explorative analysis. The eight features are from the HCTSA package and allow a
distinct clustering of each experiment into two groups of healthy and faulty instances.
Exemplarily, the DN_OutlierInclude_abs_001.stdrfexpr2 feature is derived from dis-
tributional outliers statistics, while the PP_Compare_resample_ 1 2.kscn_peaksepy is
derived from time-series pre-processing properties [216]. Figure 4.16(a) exemplarily shows
the DN_QutlierInclude_abs_001.stdrfexpr2 for the two experiments P06 and P10.

As observed in the figure, the feature value is noisy over the entire measurement duration
and decreases at about 360000 cycles for experiment P10, but significantly increases for
experiment P06 at about 650 000 cycles, both corresponding to the onset of an anomaly.
However, in combination with the other feature subset, it allows for a clustering into
groups 0 and 1, namely healthy and unhealthy instances, as exemplarily shown for exper-
iment P10 in Figure 4.16(b), where DN_OutlierInclude_abs_001.stdrfexpr2 is plotted
against PP_Compare_resample_1_ 2.kscn_peaksepy.
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Figure 4.16: Comparison of a subset of the selected features for experiments
P06 and P10: (a) DN_OutlierInclude_abs_001.stdrfexpr2 and
(b)  DN_OutlierInclude_abs_001.stdrfexpr2  (Feature 1) and
PP_Compare_resample_1_2.kscn_peaksepy (Feature 2)

4.3.3 Approach C: Condition-centered data or feature scaling

The current signal has been previously identified to reflect the degradation of the bending
actuator. Thus, in the following, features derived from the current signal are scaled by
features from the time-varying voltage signal over the entire duration of the experiment.
Specifically, since the output current signal is directly proportional to the voltage signal,
the ratio of the RMS current signal, i to the RMS voltage signal, @ is calculated. The
resulting electrical admittance Y, for experiment P06 is shown in Figure 4.17(a). As seen
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in the figure, the influence of the time-varying voltage is very dominant, even after scaling
the RMS current signal, i by the RMS voltage signal, 4. Alternatively, the fundamental
signal components are utilized to compute the electrical admittance Y,, that is, the ratio of
I to V1. As can be inferred from Figure 4.17(b), the influence of the time-varying voltage
is almost eliminated for both experiments. However, to detect a fault in the experiments,
an expert-based threshold or further processing is required, because the range of values
for healthy and faulty instances are different in both experiments.

S 0.28 : : o
0.14 } 1 ——P10
] ol e el
0 : n 0.24} : : .
012y n ‘ R | ;
l>~:' | ’>~:' 0.22 ¢t I
| | |
0.1} ' Lo 0.2t |
| | |
; L 0.18 L. L.
0 0.4 0.8 1.2 0 0.4 0.8 1.2
No. of Cycles / 10° No. of Cycles / 10°

(a) (b)

Figure 4.17: Feature scaling based on: (a) RMS values for experiment P06 and (b) fun-
damental signal components for experiments P06 and P10

4.3.4 Approach D: Condition-specific feature standardization and
feature segmentation

Before feature standardization and segmentation, features derived from the input voltage
signal, as the sole operating condition variable, are considered as inputs to the k-means
clustering algorithm to identify distinct operating regimes. Specifically, the RMS, variance
and standard deviation of the input voltage signal are employed as inputs to the k-means
algorithm. Furthermore, the Davies-Bouldin index is employed to derive the optimum
number of clusters. The Davies-Bouldin index evaluates cluster performance via intra-
cluster and inter-cluster distances and results in metric values in the range [0, oo], where
a value close to zero indicates well-separated clusters [217], [218]. The resulting cluster
evaluation with the Davies-Bouldin index for twenty clusters is depicted in the top sub-
figure of Figure 4.18(a), exemplarily for experiment P06. As shown in the figure, the
minimum value of the Davies-Bouldin index is ten, which indicates the optimal number
of clusters. However, the knee point is located at five clusters, as also shown in the top sub-
figure of Figure 4.18(a), which indicates a trade-off between optimality and complexity.
The resulting clusters from the k-means algorithms with five initial clusters and the input
voltage features are exemplarily depicted in the bottom sub-figure of Figure 4.18(a). As
seen in the figure, there is not an abrupt transition between two voltage levels, but
intermediate voltage values occur, which can be considered as outliers. Thus, the five
initial clusters are justified over ten initial clusters, because the outliers do not form
individual clusters. The standardization of the current feature based on the mean and
standard deviation per voltage cluster indices according to Equation 3.1 in Section 3.2.4
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Figure 4.18: Cluster analysis of the input voltage and output current for experiment P06:
(a) cluster evaluation of the input voltage and (b) corresponding clustering of
the output current without (top) and with feature scaling per voltage cluster
(bottom).

did not yield any significant result. Alternatively, the current RMS is segmented per
voltage cluster indices, as illustrated in the top sub-figure of Figure 4.18(b). Furthermore,
each current feature segment is scaled by its maximum value, after outlier removal via
the generalized extreme studentized deviate test [219], [220]. The resulting scaled current
RMS per voltage cluster is shown in the bottom sub-figure of Figure 4.18(b). As can be
inferred from the figure, an anomaly can be detected for the experiment P06, when the
derived feature value crosses a value of 0.97. However, the derived feature value does not
reflect an anomaly in the third cluster segment, even after an anomaly had occurred in the
second cluster segment, because there is no reference value for the third cluster segment
in the healthy state. Hence, this approach is not further considered here.

4.3.5 Approach E: Embedding in the modeling phase

Fault detection in the piezoelectric bending actuator can be formulated as a binary cluster-
ing task involving healthy instances before the occurrence of a crack and faulty instances
with the occurrence of a crack in at least a piezoelectric layer of the bending actuator. To
this end, features derived from the current signal are considered as inputs to the k-means
clustering algorithm. The resulting clusters based on the RMS, variance and standard
deviation of the current signal are shown in the top sub-figure of Figure 4.19(a), exemplar-
ily for experiment P06. As shown in the figure, the clusters do not allow the distinction
between healthy and faulty instances. Even the consideration of the voltage features as
further input to the k-means algorithm does not improve on the clustering results, as
shown in bottom sub-figure of Figure 4.19(a). The Davies-Bouldin index values for 20
clusters is depicted in the top sub-figure of Figure 4.19(b) to determine the optimum
number of clusters, while the resulting clusters based on the optimum number of three
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Figure 4.19: Cluster analysis of the current signal for experiment P06: (a) with features
from the current signal (top) and in addition to the voltage signal (bottom).
(b) Cluster metric evaluation of the current signal and resulting clusters
based on three clusters

clusters is depicted in the bottom sub-figure of Figure 4.19(b).

The bottom sub-figure of Figure 4.19(b) shows that the resulting clusters only allow
a distinction between the current levels of low, medium and high current and not a
distinction between healthy and faulty instances. Alternatively to the binary clustering
task, a regression task can be formulated that involves predicting the fault-free current
signal. To this end, features from the input voltage signal, such as the RMS, variance
and standard deviation can be employed as inputs to an arbitrary regression model, such
as a regression tree to predict the RMS of the fault-free current signal. As shown in
the top sub-figure of Figure 4.20(a) for experiment P06, the training input data, namely
the voltage RMS is exemplarily depicted alongside the fault-free current RMS as the
training target. The model prediction result and the true RMS of the current signal is
shown in the bottom sub-figure of Figure 4.20(a) over the entire measurement duration.
As can be inferred from the figure, the model precisely estimates the true RMS of the
fault-free current signal. However, at about 650 000 cycles onward, the model estimations
significantly deviate from the true current RMS, which indicates a possible faulty state in
the bending actuator. Under consideration of the pre-trained model of experiment P06,
the model estimation results for experiment P10 are represented in Figure 4.20(b). As
shown in the top sub-figure of Figure 4.20(b), the model estimations significantly deviates
from the true current RMS over the entire measurement duration, making it difficult to
discern if the deviation is fault-related or not. However, even in the consideration of a
physics-based model, as investigated by Bender [181], such deviation between the model
and the measured quantity also occurred in the healthy state. Therefore a metric, such
as an error metric or ratio between the true and estimated values must be considered to
determine when the bending actuator becomes faulty. Furthermore, when considering an
error metric between the estimated current RMS value pi and the true current RMS value
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ai, such as the absolute error |pi — ai|, as exemplarily shown in the bottom sub-figure of
Figure 4.20(b), a threshold is necessary for fault detection.
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Figure 4.20: Prediction of the current RMS based on features from the input voltage
signal: (a) voltage RMS and the current RMS before a crack, as part of
the training data and target data, respectively (top) and prediction of the
current RMS for the entire measurement duration (bottom) for experiment
P06. (b) Prediction of the current RMS for the entire measurement duration
for experiment P10 and respective absolute error |pi — ai|, where pf and ai
denote the estimated and the true current RMS values, respectively

4.4 Performance evaluation of the fault detection
approaches

To prevent interrupting the experiments during operation, microscopic crack analysis of
the bending actuators was conducted after the experiments, which revealed an hairline
crack in at least a piezoelectric layer. Furthermore, since it is not known in advance
precisely when and where the hairline crack in the piezoelectric layers will occur, it was
infeasible to automatically obtain a very high-resolution image shortly before the crack.
Therefore, the ground truth is unavailable. Consequently, the evaluation of the presented
fault detection methods by the confusion matrix or metrics derived thereof are not feasible.
However, for the purpose of comparison, the transition points, that is, the measurement
indices at crack and corresponding number of cycles (Cyc.) in million cycles are presented
in Table 4.4 for experiments P01 through P11. The resulting transition points determined
with approach A, and specifically referring to the procedure illustrated in Figure 4.15, are
considered as the reference for comparison. In the following, a binary k-means algorithm
is employed to determine the initial partition point between healthy and faulty instances.
In approach B, the input data to the k-means algorithm are eight condition-invariant
features, as described in Section 4.3.2, while the input data in approach C is the scaled
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fundamental current signal I; with respect to the fundamental voltage signal Vi. In ap-
proach E, the RMS, variance and standard deviation of the voltage signal are considered in
addition to similar features of the current signal as input data to the k-means algorithm.

Generally, as observed from Table 4.4, the life times of the bending actuators subjected
to similar operating conditions are different, due to material and manufacturing variabil-
ity. For example, although experiments P04 and P05 were subjected to similar operating
conditions, a crack occurred in experiment P05 almost 5.6 x 10° cycles later than in ex-
periment P04. A crack also occurred later in experiment P06 than in experiment POS,
although also subjected to similar operating conditions. As can be inferred from Table
4.4, approach E yielded too early transition points and underperformed, as compared
to the other approaches. The results discussed in section 4.3.5 share light on the poor
performance of approach E, where the resulting clusters only allow the distinguishabil-
ity between the current signal levels and not a distinction between healthy and faulty
instances. Approach C leads to better transition points, as compared to approach E in
most of the experiments. However, it underperforms approach B for experiments P01,
P02, P05, P06, P07, and P08, where approach B provides similar transition points to the
reference approach A. Furthermore, approach B only minimally deviates from approach
A, for the other experiments.

Thus, condition-invariant features derived from the current signals can be considered as
an alternative to approach A in distinguishing between a healthy and unhealthy actuator,
even when operating under time-varying conditions.

Table 4.4: Comparison of the transition times for experiments PO1 through P11 with the
results obtained via approach A as the reference approach

Approach A Approach B Approach C Approach E
Transition point Transition point Transition point Transition point
Experiment | Index /- Cyc. / 10° | Index /- Cyc. / 10° | Index /- Cyc. / 10% | Index /- Cyc. / 10°

P01 325 0.69 325 0.69 1795 3.73 201 0.43
P02 2416 5.16 2416 5.16 2444 5.22 141 0.30
P03 679 1.37 687 1.39 679 1.37 153 0.31
P04 78 0.16 80 0.17 78 0.16 57 0.12
P05 360 0.72 360 0.72 93 0.19 91 0.19
P06 312 0.65 312 0.65 218 0.45 141 0.29
PoO7 115 0.24 116 0.24 114 0.24 88 0.18
P08 81 0.16 80 0.16 94 0.19 76 0.15
P09 276 0.55 170 0.35 170 0.35 169 0.35
P10 168 0.36 159 0.34 200 0.43 150 0.32
P11 200 0.43 143 0.31 195 0.42 143 0.31
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4.5 Prognostics approaches

Several approaches are also considered here to estimate the RUL of the bending actuators
subjected to time-varying voltage amplitudes. As previously stated, the EoL is defined
here as the occurrence of a crack in at least a piezoelectric layer of the actuator to avoid
unreliable operation. Thus, the RUL prediction task here involves estimating the cycle
remaining before the occurrence of a crack in at least a piezoelectric layer of the actuator.
The resulting features derived with approach A, that is signal analysis techniques are not
considered here. Furthermore, condition-specific feature standardization and feature seg-
mentation from approach D, both do not directly represent the monotonic degradation of
the examined bending actuators and hence are not feasible here. Thus, three approaches
of considering the operating condition information are investigated, while employing sev-
eral machine learning methods to map selected features to the RUL. analogous to the
supporting paper [169]. Concretely, approach B solely utilizes features derived from the
current signal as an input to the machine learning methods. Approach C considers the
current signal features scaled by the voltage signal features, while approach E considers
voltage signal features, in addition to the current signal features. The general procedure
in estimating the RUL is illustrated in Figure 4.21.
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Figure 4.21: General procedure towards estimating the RUL of bending actuators sub-
jected to time-varying voltage amplitudes

Depending on the selected approach, the input features are subsequently preprocessed
and passed on to the respective machine learning method, namely an exponential Gaus-
sian process regression (GPR), a Gaussian SVM and a boosted regression tree. During
training, the target is the RUL in million cycles. Furthermore, the leave-one-out strategy
is employed, where all but one experiment is employed for training and the remaining
is employed as test data. For example, the RUL estimation results for experiment P06
is obtained by excluding the experiment P06 during training. The predicted RUL from
the individual algorithms are subsequently combined via averaging to produce an ensem-
ble RUL. In the following, the three approaches are elaborated upon, while exemplarily
considering experiment P06.
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4.5.1 Approach B: Current features as sole inputs to machine
learning regression models

In section 4.3, features extracted from the current signal were found to facilitate the
detection of a crack in the bending actuators, even under time-varying operating voltage
conditions. Although the extracted features are applicable here, the selected features are
not directly applicable, because features for a binary decision, if the bending actuator has
a crack or not, might not be sufficient for a continuous decision of the healthiness of the
bending actuator. Thus, a set of ten features are reselected with monotonicity for the
RUL estimation task. The selected features include the band power delta in the frequency
range [200, 300] Hz computed utilizing the EEG feature extraction toolbox, features from
symbolic transformations and discrete wavelet transform coefficients of the Daubechies
wavelet calculated with the HCTSA toolbox. Due to the time-varying voltage amplitude
conditions and the corresponding abrupt jumps in the feature values, a linear model is fit
to each feature segment, which is demarcated by the change points in the voltage signal,
as depicted by the smoothed solid line in Figure 4.22(a). Under the assumption that the
bending actuator is initially healthy, the feature values are also subsequently scaled by the
initial feature value, as depicted in the right y-axis of Figure 4.22(a). The smoothed and
scaled features are separately employed to train an exponential GPR model, a Gaussian
SVM and a boosted regression tree, each.
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Figure 4.22: Current features as input data and corresponding estimated RUL for ex-
periment P06. (a) Comparison of two feature post-processing steps to the
unprocessed current feature. (b) Comparison of the RUL resulting from the
smoothed and scaled current features

The final RUL obtained by averaging the individual predictions of the three models is
depicted in Figure 4.22(b), exemplarily for experiment P06. Figure 4.22(b) shows that
the mean RUL obtained with the smoothed and scaled feature values both reflect the
effects of the operating condition, such that the abrupt change in the feature values, as
can be observed from Figure 4.22(a) also result in abrupt change in the RUL estimations.
Figure 4.22(b) also shows that the mean RUL obtained with the smoothed feature val-
ues is mostly overestimated. Furthermore, although the estimated RUL remains within
the error-margin till about 113000 cycles, it is almost constant. Contrarily, the mean
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RUL obtained with the scaled feature values linearly decreases, although mostly under-
estimated. Thus, since overestimation can lead to adverse or extreme consequences than
underestimation, only the mean RUL obtained with the scaled feature values are further
considered.

4.5.2 Approach C: Voltage-scaled current features as inputs to
machine learning regression models

In this approach, the current features from section 4.5.1 are scaled by the standard devia-
tion of the voltage signal per experiment, to compensate for the effects of the time-varying
voltage amplitudes. In a further post-processing step, the resulting feature values are then
scaled by the initial feature values per experiment. The feature values before and after
the post-processing step are depicted in Figure 4.23(a), exemplarily for experiment P06.
Figure 4.23(a) shows that the feature trend is intensified via the post-processing step.
Thus, similar to the preceding approach, the post-processed features are then employed
to train an exponential GPR model, a Gaussian SVM and a boosted regression tree. The
final RUL obtained by averaging the individual predictions of the three algorithms is de-
picted in Figure 4.23(b) exemplarily for experiment P06. As depicted in Figure 4.23(b),
the estimated RUL generally outperforms the RUL estimated by the foregoing two ap-
proaches, especially towards the EoL. However, at certain time periods, such as from the
BoL till approximately 166 000 cycles, the estimated RUL outperforms approach E, but
underperforms the approach A, described in sections 4.5.1 and 4.5.3, respectively.
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Figure 4.23: Voltage-scaled current features as input to estimate the RUL for experiment
P06. (a) Comparison of the unprocessed and the scaled feature value and
(b) corresponding RUL based on the scaled feature value
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4.5.3 Approach E: Voltage features in addition to current features
as inputs to machine learning regression models

Since the current signal is directly influenced by the voltage signal, the RMS of the volt-
age signal is considered in addition to the current features from section 4.5.1 as a further
input during the training of the machine learning models, in this approach. The current
features are scaled by the initial feature values, as described in the previous section, while
the voltage RMS is min-max normalized to the [0, 1] interval. The resulting feature values
after the application of the scaling factor is shown alongside the voltage RMS in Figure
4.24(a), exemplarily for experiment P06. As shown in the right y-axis of Figure 4.24(a),
the feature values of the test data lie within the range of the training data. During the
training of the individual models, there was no significant effect of the min-max normal-
ized voltage signal on the implementation of the SVM and GPR models, because the
model predictors are thereafter standardized in both models. However, a positive effect of
the min-max normalization could be observed during the training of the boosted regres-
sion tree. The final RUL obtained by averaging the individual predictions of the three
algorithms is depicted in Figure 4.24(b), exemplarily for experiment P06. As compared
to the mean estimated RUL of the first approach, the prediction accuracy slightly dete-
riorates, such that the mean estimated RUL for this approach is further underestimated
till approximately 300 000 cycles, as shown in Figure 4.24(b). Furthermore, the mean es-
timated RUL is overestimated approximately between 300000 cycles and 450 000 cycles.
Thereafter, although the mean estimated RUL is further overestimated, it outperforms
the model estimation of the approach A till approximately 620 000 cycles.
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Figure 4.24: Voltage feature as an additional input to estimate the RUL for experiment
P06. (a) Comparison of raw and scaled voltage RMS and (b) corresponding
RUL based on the scaled current and voltage features
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4.6 Performance evaluation of the prognostics
approaches

The wMAPE and the nRMSE metrics are employed to evaluate the performance of the
proposed prognostic approaches, because the metrics allow for a quantitative comparison
over several datasets. The resulting wMAPE values for the experiments P01 through P11
are presented in Table 4.5 for the three approaches, while the resulting nRMSE values
are presented in Table 2, in the Appendix, for conciseness. However, the evaluation
results based on the nRMSE support the evaluation results of the wMAPE. In Table 4.5,
approach B represents the ensemble RUL model utilizing solely the features derived from
the current signal. Approach C considers voltage-scaled current features as input data
to estimate the RUL, while approach E incorporates voltage features in addition to the
current features. Approach B is considered as the baseline in the following, because the
same features are utilized in approaches C and E.

As shown in Table 4.5, with the exception of experiments P01, P02, P06, P09, P10,
approach C consistently underperforms approach B. However, it overperforms the other
approaches for experiments P02 and P06. Contrarily, approach E demonstrates superior
performance over approach C in more than 63% of the considered experiments. Further-
more, approach E demonstrates superior performance over or equivalent performance to
approach B in more than 80% of the considered experiments.

From the evaluation results it can be summarized that the incorporation of the voltage
features in addition to condition-invariant features derived from the current signals yield
to improved performance in estimating the RUL of the actuators, even under time-varying
operating conditions.

Table 4.5: Performance evaluation with the wMAPE metric for the three described ap-

proaches
wMAPE
Experiment | Approach B Approach C Approach E
P01 5.81 5.57 4.17
P02 0.92 0.91 0.92
P03 0.63 0.94 1.05
P04 1.88 3.32 3.45
P05 3.82 4.88 1.33
P06 0.87 0.47 0.87
P07 19.29 20.22 11.57
P08 9.29 10.60 8.59
P09 1.22 1.17 0.74
P10 2.22 1.14 1.06
P11 1.49 2.53 1.08







5 Fault detection and prognostics of
ball bearings

This chapter presents experimental data of ball bearings subjected to time-varying loads
and speeds as an application example to demonstrate the effectiveness of the proposed
fault detection and prognostics methodology.

Bearings are components of rotating machinery that allow the relative positioning of
other machine elements, such as the bearing housing and shaft, while providing support
and rotational freedom. Furthermore, bearings help to minimize rotational friction and
to transmit axial and radial load from the rotating component to the supporting struc-
ture [77], [221], [222]. Thus, the stable operation of rotating machinery depends on the
quality and performance of bearings [222]. Bearings are broadly categorized into sliding
and rolling element bearings, depending on the underlying friction between the contact
components [222]. Depending on the load direction, rolling element bearings are further
categorized into axial and thrust bearings. Additionally, rolling element bearings are gen-
erally classified into ball bearings, cylindrical roller bearings, needle roller bearings and
tapered roller bearings, depending on the shape of rolling element [222].

Although this application example focuses on ball bearings, rolling element bearings gen-
erally composes of a cage, an inner ring, an outer ring, rolling elements, and optionally
seals as shown in Figure 5.1(a). The relevant dimensions of the ball bearing considered
in this application example is exemplarily depicted in Figure 5.1(b), where d denotes
the inner diameter, D represents the outer diameter, B implies the width, Dr denotes the
rolling circle diameter and Dy represents the rolling element diameter. Around the world,
approximately 10 billion bearings are manufactured yearly. While 90% of the bearings
remain intact during the lifetime of the machinery, about 9.5% of the bearings are re-
placed before their actual EoL, to prevent failure, and roughly 0.5% of the bearings, that
is, approximately 50 million bearings are replaced due to failure [223]. Approximately
40% to 50% of all motor failures are attributed to such unplanned bearing failure [224],
which can lead to human and economic losses and also to unplanned downtime of the
entire machinery.

According to the ISO 281 standard [226], the life of a rolling element bearing is defined
as the number of revolutions that a bearing can endure, before fatigue initiation in at
least one of the bearing components, such as a spall in the inner raceway, becomes evi-
dent. Under consideration of high quality manufacturing, constant and similar operating
conditions, the ISO 281 standard [226] provides a statistical-based approach to calculate
the life of a rolling element bearing, namely the basic rating life. The basic rating life
or Lip of a bearing is the reliability that 90% of a group of identical bearings subjected
to similar operating conditions will reach or exceed the specified life. The influence of
contamination, lubrication, wear, corrosion and extreme operating conditions are not di-
rectly covered by the basic rating life. However, several modifications have been made to
consider such influences, such as the so-called modified rating life. The modified rating
life allows for the specification of the reliability, for example Lsg for 50% reliability instead

65
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Figure 5.1: Rolling element bearing: (a) typical components of a ball bearing adapted
from SKF [225] and (b) its dimensions

»

of 90%. Furthermore, operational factors, such as contamination levels and lubrication
conditions, are also specifiable. The modified rating life L,,,, in millions of revolutions, is
defined in equation 5.1.

C p
Lym = a1aisoLio = aragso (F) , (5.1)

where a; and ajsp denote the modification factors for reliability and operational factors,
such as the lubrication condition, respectively [226]. C represents the bearing-specific basic
dynamic radial load rating, P represents the dynamic equivalent load and the bearing-
dependent exponent p, p = 3 for ball bearings [226]. Theoretically a bearing can attain
an infinite life, under favorable factors, such as cleanliness, operating conditions and
lubrication. Because such favorable factors are not always attainable in real applications,
where technical systems need to operate under harsh conditions, this work only covers run-
to-failure experiments with a pronounced fault in at least one of the bearing components,
such as on the rolling element, inner ring or outer ring.

Typical bearing failure modes, failure causes and monitoring techniques are presented in
the subsequent section, with a special focus on rolling element bearings. Subsequently,
the fault detection and prognostics methodology are evaluated through the application
example.

5.1 Technical understanding

This section covers typical failure modes of ball bearings, techniques for bearing condition
monitoring, test rig design and experimental setup.
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5.1.1 Ball bearings failure modes

According to the ISO 15243 standard [227], the failure modes and failure mechanisms
or causes of rolling element bearings are not easily distinguishable. Hence, based upon
the features visible on the surfaces of bearing components, bearing failure is primarily
classified in rolling contact fatigue, wear, corrosion, electrical erosion, plastic deformation,
cracking, and fracture, under consideration of bearings with steel rolling elements and
rings [227].

Rolling contact fatigue results from repeated stress changes in the contact zones of the
rolling element and raceways and manifests as visible changes in the microstructure or
macrostructure of rolling element and inner /outer raceways [227]. Microstructural changes
are classified under subsurface initiated fatigue, which occurs around the maximum shear
stress zone underneath the surface and typically results to microcracks initiated beneath
the surface [223]. The depth of the microcracks is dependent on the operating tempera-
ture, applied load, the cleanliness and microstructure of the underlying material and the
material itself [223], [227]. Macrostructural changes are classified under surface initiated
fatigue resulting from plastic deformation of rolling contact surface asperities [223], [227].
Surface initiated fatigue is mostly attributed to inadequate or improper lubrication and
can often result to surface microcracks and microspalls or pitting [223], [227].

Wear is the removal of material from the contact surfaces primarily as a result of hard
particles or primarily as a result of insufficient lubrication, namely abrasive or adhesive
wear, respectively [227]. Abrasive wear is typically attributed to low viscosity of the lubri-
cant, small hard particles in the lubricant, and a combination of inadequate lubrication,
extreme low speeds and high loads [223]. Although dull surfaces is peculiar to abrasive
wear, shining surfaces can also occur resulting from polishing effect of tiny particles [223],
[227]. Adhesive wear is mostly attributed to inadequate lubrication of the surfaces in
contact and is characterized by smearing, which involves the material transfer from one
surface to another [223], [227].

Corrosion occurs on bearing components as a consequence of chemical or electro-chemical
reaction [227]. When the chemical reaction is activated by liquids, such as water or corro-
sive agents, moisture corrosion occurs on the components’ surface, which further leads to
corrosion pits and surface spalls [227]. However, when the chemical reaction is activated
due to friction resulting from relative sliding of contact surfaces, then frictional corrosion
occurs [227]. Frictional corrosion resulting from loose bearing fit is categorized under
fretting corrosion, while frictional corrosion resulting from excessive vibration typically at
standstill is categorized under false brinelling [223], [227].

Electrical erosion is attributed to electric current flow causing material removal or changes
in the microstructure of the contact surfaces [227]. Electrical erosion occurs either as
excessive current erosion, when the electric current passing through the contact surfaces
is excessive, or as current leakage erosion, when the electric current intensity is extremely
low. The material removal or craters in excessive current erosion is more pronounced and
loosely positioned than in current leakage erosion. Furthermore, burns or discoloration
are consequences of electrical erosion [223], [227].

Plastic deformation in form of overload deformation is a consequence of static overload,
while particles-induced deformation occurs as a consequence of foreign particles between
the surfaces in contact [227]. Overload deformation can also be caused by poor handling,
improper mounting or shock loads, which results to true brinneling or flutes, that is,
shallow indentations on bearing raceways, cages or rolling elements. Particles-induced
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deformation occur as indentation on bearing components caused by the over-rolling of
hard or soft particles between the raceways and rolling elements. Such indentation can
lead to surface spalls [223], [227].

Fracture and Cracking occur when the local stress concentration exceeds the tensile
strength of the material of bearing components [223], [227]. Fracture is further classi-
fied in forced fracture and fatigue fracture. Forced fracture is primarily attributed to
local overloading or over-stressing, while fatigue fracture is primarily attributed to re-
peated or cyclic bending often due to improper mounting [223], [227]. Generally, fracture
often occurs in rings and cage of bearing elements. Cracking can also occur on bearing
components as a result of excessive sliding or frictional heat [223], [227].

Although the exact percentages differ, Xu et al. [222] and one of the leading bearing
manufacturers, SKF [228] identify rolling contact fatigue and wear as the most common
failure modes of bearings, as can be deduced from the pie chart in Figure 5.2(a). Further
significant failure modes are cracking and fracture, corrosion and plastic deformation,
but accounting for less than 40% of the total represented failure modes. Electrical ero-
sion is not represented in the pie chart because of its low probability of occurrence in
most applications. Both frequently occurring failure modes are mostly caused by particle
contamination and lubrication-related issues, such as insufficient lubrication, improper lu-
brication, incorrect lubricant, lubrication degradation [228], as depicted in Figure 5.2(b).
Two further significant causes of bearing failures are improper use and incorrect assem-
bly, accounting for 18% and 16%, respectively. Improper use of bearing includes wrong
bearing selection and extreme operating conditions, while improper mounting, wrong fit
and incorrect handling are represented under incorrect assembly [222], [228].
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Corrosion deformation Incorrect 5% — 2%

; 10% 9% assembly N
Cracking and " 16% “
fracture Rolling contact |
fatigue
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18%

Lubrication
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(a) (b)
Figure 5.2: Statistics on (a) typical failure modes [222] and (b) corresponding causes [228]

5.1.2 Bearing monitoring techniques

After the identification of the failure modes, the next step that follows according to the
ISO 17359 standard is the selection of appropriate measurement techniques, if the failure
modes are measurable via physical parameters [26]. According to Moubray [229], different
failure modes can show similar symptoms, such that the exact root cause of a failure is
often exactly not identifiable. Under consideration of a vertical load, a steel ball bearing
subjected to repeated stress can undergo different stages leading to fatigue failure, as
exemplarily depicted in Figure 5.3.

The first stage is predominantly characterized by metal-to-metal contact during the bear-
ing running-in period, where a new bearing stabilizes under the initially applied operating
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Figure 5.3: Development of bearing fatigue failure and some typical parameters, adapted
from [229], [230], [231]

conditions [223]. In the second stage, during the bearing rotation, the outer/inner race
moves microscopically and under cyclic stress, subsurface fatigue cracks initiate [229].
This subsurface cracks migrate to the surface of the race and form surface microcracks in
the third stage producing slight changes in the vibration signature [229]. In the fourth
stage, the microcracks develop into microspalls resulting from the over-rolling of the balls
and peeling-off of metal particles from the raceways. The particles are detectable via oil
analysis, while the microspalls are detectable by vibration analysis, during the over-rolling
of the balls [229]. Stage five is characterized by spalling of the raceways and crack initia-
tion on the balls. The spalls are large enough to emit an audible noise. A few days before
the bearing fails, it ceases to run smooth and the temperature rises in the final failure
stage [229].

Several measurement parameters are listed for different machine types and components in
annex B of the ISO 17359 standard [26]. Typical parameters indicating bearing wear or
damage are vibration, temperature and oil debris. Electric current is a further parameter
specifically for electric motor faults [26], while acoustic emission is another commonly
employed bearing monitoring technique also listed in annex D of the ISO 13379, part 1
standard [232]. In the following, the aforementioned measurement techniques are briefly
described, with a focus on the ball bearing application example.

Vibration monitoring is one of the most frequently employed monitoring technique, be-
cause it provides a reliable and accurate assessment of the system condition [233] even
at an early stage, as can be deduced from Figure 5.3. All system resonate at their res-
onance frequency and generate a certain vibration signature, even in normal state [234].
Deviation from the certain vibration signature in amplitude and/or frequency due to a
fault can then be retraced to the specific system [234]. For bearings, amplitude changes
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at the bearing characteristic frequencies. That is, the frequency related to a bearing
component are often analyzed in the frequency domain to diagnose bearing faults [234].
Displacement, velocity and acceleration are the physical quantities of vibration typically
measurable by different types of sensors for condition monitoring purpose. Further details
on piezoelectric accelerometers, the other quantities and respective required transducers
can be found in [234]. General information on vibration condition monitoring, processing
and analysis can be found in parts 1 and 2 of the ISO 13373 standard [233], [235].

Acoustic emission is related to vibration monitoring, because it also considers waves emit-
ting from a system [236]. However, as opposed to vibration, acoustic emission is related
to transient elastic waves generated when a process, such as crack growth, releases spon-
taneous elastic energy [236]. Furthermore, the frequency range of acoustic emission is
in the range [20, 1000] kHz, which allows an earlier and more reliable detection of faults
[236], [237]. As opposed to vibration monitoring, which allows the detection of faults in
stage three onward, that is, the detection of surface microcracks and pitting, acoustic
emission typically allows the detection of developing faults from stage one onward, mean-
ing it allows the detection of metal-to-metal contact to some extent, the initiation and
further development of subsurface cracks [231]. As opposed to sound pressure technique
that requires microphones to record sound waves in the frequency range up to 20kHz
[237], acoustic emission requires a specialized acoustic emission transducer or sensor. Al-
though acoustic emission has numerous advantages as compared to vibration technique,
the associated disadvantages, such as the high cost of required acquisition system and its
vulnerability to attenuation and surrounding noise, hinders its widespread applicability
[236], [237]. Further information on the application of acoustic emission for condition
monitoring can be found in the ISO 22096 standard [236].

Lubricant, and mostly oil monitoring is mainly carried out for closed-loop lubrication
systems, where the lubricant circulates in the system, such as in geared systems or non
pre-greased bearings [234]. Lubricant monitoring allows the assessment of the state of
the lubricant and the system’s state [238]. To this end, six analysis are mainly con-
ducted, namely viscosity analysis, oxidation analysis, water and acid content analysis,
temperature analysis, particle counting and wear debris analysis [230]. These analysis
are typically categorized under spectrographic oil analysis procedures, chip detectors, and
ferrography. Spectrographic oil analysis procedures mostly encompasses the assessment
of the lubricant’s degradation state, for example via the kinematic viscosity, while chip
detectors and ferrography typically utilize filters and magnetic plugs to separate wear
debris or metal particles peeled-off from the raceways in the fourth stage onward [234].
Unlike vibration or acoustic emission, lubrication and wear debris analysis do not allow
the isolation of the faulty component, because different components can be composed of
the same material [239]. A further limitation is the high costs of the online monitoring
equipment [230]. Most lubricated-for-life bearings are sealed, such that external particles
or chemical contaminants hardly find their way into the bearing raceways [223]. Further-
more, the benefit-cost ratio is relatively low for such an expensive online monitoring of
small bearings, such as utilized in this application example.

Temperature measurement considers the sudden temperature increase or temperature vari-
ation as an indicator of a developed fault [240]. The contact between the rolling element
and raceway, viscous friction between inner ring and cage, friction between the rolling
element and cage pocket and the drag force of the rolling element are the main sources of
heat in rolling element bearings [241]. Since bearings are practically encased in a bearing
housing system, the bearing temperature is often measured at the bearing outer race or
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inferred from the bearing housing system, owing to the heat transfer process between
the bearing and its housing [241], [242], [243]. Resistance temperature detector (RTD),
thermistor and thermocouples are the most frequently employed contact sensors, while
infrared thermography camera is the most commonly employed non-contact measurement
technique [240], [244]. Generally, the bearing temperature is influenced by the viscosity of
the lubricant, its load-carrying capacity, load distribution and power loss [243]. However,
the bearing temperature is also influenced by the operating speed and load [238], [241],
[243]. Further limitations of the temperature measurement are that it typically allows the
detection of faults at the last stages of a bearings’ life and the faulty component cannot
be easily identified [234], [238].

FElectrical measurement involves the acquisition of electrical parameter, such as current,
voltage and torque [240]. Since electric motors also consists of bearings, then at this point
it must be clearly defined that bearings encased within an electric motor are internal bear-
ings and bearings not within the electric motor, such as those in a gearbox are external
bearings [245]. Owing to the probability of failure occurrence and significant consequence
of internal bearing faults, rotor cage winding faults and eccentric air gaps, the rotor and
stator current are mostly monitored in induction electric motors and equipment driven
thereof, such as gearboxes [246]. Motor drives emit a distinct current signature at normal
state, such as in vibration. Thus, in motor current signature analysis, the deviation in fre-
quency or amplitude of the monitored current signal are mostly analyzed in the frequency
spectrum [245], [246]. Current monitoring and corresponding current signature analysis
are mature techniques and have been successfully employed in diagnosing faults of internal
bearings [247], [248], [249]. Several research have been conducted towards current mon-
itoring and the application of current signature analysis in fault diagnostics of external
bearings, because current monitoring is non-invasive, external sensors are not required
and hence it is very cost effective [237], [245]. However, the signature of external bearing
faults are often buried within the dominant supply frequency components, such that ex-
ternal bearing component faults are difficult to detect [237]. Furthermore, the signature
of external faults can be masked as internal faults, which are often indistinguishable [246].
Although current monitoring and corresponding current signature analysis has found lim-
ited application in detecting external bearing faults due to the foregoing shortcomings, it
is still under active research owing to the significant economical advantage.

RTD temperature contact sensors are used in this study to infer the bearing temperature,
due to its low cost and availability. Moreover, stud-mounted piezoelectric accelerometer
is also considered due to its wider dynamic and frequency ranges as compared to displace-
ment and velocity transducers [234]. Considering that the ball bearing in this application
example is grease-lubricated and lubricated-for-life, the lubricant and wear-debris moni-
toring is not taken further into account. The other described techniques are subsequently
omitted, due to their shortcomings, such as high costs and infeasibility in the context of
the considered application example.

5.1.3 Test rig development

A suitable dataset considering time-varying operating conditions, which emulates real-
world situation is required to evaluate the proposed framework. In the light of promoting
research, several open-source datasets have been published by different researchers in the
PHM field. However, some consider a constant operating condition per experiment, such
as pronostia [134], the bearing fault datasets [250] of the machinery failure prevention
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technology (MFPT) and CWRU bearing datasets [251]. Although some datasets con-
sider time-varying operating conditions, they possess several shortcomings. For example,
Huang and Baddour [252] published a ball bearing dataset of different seeded faults, where
vibration data was acquired under time-varying shaft speed. Although, they consider dif-
ferent profiles of time-varying speed per experiment, the dataset is applicable to evaluate
only diagnostics methods, because the experiments are not run-to-failure, but only cap-
ture distinct health states. The same shortcoming applies to the Politecnico di Torino
rolling element bearing dataset considering varying speed and load [253]. Klausen et al.
[254] published a run-to-failure dataset of a ball bearing subjected to constant load and
time-varying speed per experiment. Limitations of the dataset are that only an operating
condition was considered and only one dataset was published, which limits the application
of data-driven methods. A further dataset is a real-world dataset published by Del Campo
Barraza [255], which considers six wind turbines subjected to time-varying speed profiles.
Although the rotating speed vary within each wind turbine data, only one turbine had
a bearing fault, one had an electrical fault, while others remained healthy. Due to the
limited instances and because only one wind turbine had a relevant mechanical fault, an
evaluation utilizing only the dataset might be bias. Furthermore, information pertain-
ing to other operating conditions, such as the load or temperature, which influences the
degradation of bearings was not provided. Thus, there is a need for a test rig to generate
further run-to-failure datasets for evaluating diagnostics and prognostics algorithms under
time-varying operating conditions without the aforementioned shortcomings.

The component under test and hence the main component of the test rig is a ball bearing,
mounted on a shaft. The test rig is designed in accordance with the VDI 2221 Part 1 [256]
under the minimum requirement that suitable actuators allow the operating conditions,
namely the rotating speed and exerted load to be automatically varied during an experi-
ment, while acquiring condition monitoring signals with respective sensors. The function
structure diagram representing the inputs and outputs of a system, as described in Pahl
et al. [257] and Bender et al. [258], is depicted in Figure 5.4 for the bearing test rig.
The main functions are exerting a static (Fyq) and dynamic (Fyy,) load on the bearing,
driving the bearing, monitoring the condition of the bearing and absorbing the reaction
forces and moments. The inputs are the power supply to the actuators and sensors, the
set values of the static load, the dynamic load and the rotating speed.

Apart from the dissipated energy, measured system outputs are the output static load,
output dynamic load, output rotating speed, the bearing temperature and the vibration
of the bearing. The main functions of the bearing test rig are elaborated upon, in the
following.

To ensure adequate support of the shaft, two additional bearings for a locating (fixed) /non-
locating (free) bearing arrangement must be integrated into the design [259]. In the fol-
lowing, the term support bearing is introduced for the locating/non-locating bearing and
the term test bearing corresponds to the bearing under test, to avoid ambiguities. To
obtain sufficient run-to-failure data for validating the proposed methodology, the loads
acting on the test bearing are intended to accelerate its degradation. However, to avoid
impairment and falsification of the test bearing monitoring, it is important to also en-
sure that the support bearings are designed to be as fatigue-resistant as possible so that
no signs of degradation occur during the run-to-failure experiments of the test bearing.
Thus, a precise selection of the test bearing can only be made in combination with the
selection of the support bearing. To ensure a uniform load distribution and consequently
symmetrical deflection, the support bearings should be on both sides of the test bearing
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and the design of the shaft between the support bearings should also be symmetrical.
Thus, the two support bearings are arranged at an identical distance from the test bear-
ing, as illustrated in Figure 5.5, such that the force is evenly distributed on each of the two
support bearings. This symmetrical requirement implies that the geometric dimensions
of the support bearings must be identical or be of the same type.

Although spherical roller bearings and self-aligning ball bearings can compensate for un-
avoidable shaft misalignment up to approximately 4°, spherical roller bearings can support
higher radial and axial forces and are therefore more resilient. Thus, they are considered
as support bearings [260]. Deep groove ball bearings with suitable dimensions are con-
sidered as a test bearing, because they are most cost-effective rolling element bearings
with relatively low load ratings and the highest availability [259]. As the load carrying
capacity is roughly proportional to the size of a bearing, the dimensions of the test bear-
ing should be as small as possible in order to keep the required operating loads low and
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Figure 5.4: Function structure diagram of the bearing test rig adapted from [259]
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thus reduce operating costs [259]. The test bearing housing, which encases the bearing is
designed as a split housing to ensure quick replacement. At the same time, the bearing
housing serves as a connecting element for the acting loads, such that the applied forces
are transferred to the test bearing through the bearing housing. Furthermore, because
of the direct inaccessibility of the test bearing, the bearing housing serves as an interface
in monitoring the condition-related signals, such as vibration and temperature. During
operation, vibration signals of the test bearing are transmitted directly to the sensors
through the bearing housing and the bearing temperature can be determined directly in
the vicinity of the test bearing [259]. The test bearing is a deep groove ball bearing of
type 61806-2RS with a bore diameter of 30 mm, an outer diameter 42 mm, a width of
7mm, a basic static load rating Cy of 3.15kN and a dynamic load rating C of 4.0kN, as
also presented in Table 3 in the Appendix. The support bearings are spherical roller bear-
ings of type WS22205-E1-XL-2RSR with a bore diameter of 25 mm, an outer diameter of
52 mm, a bearing width of 23 mm, a basic static load rating Cy of 42.5 kN and a dynamic
load rating C of 48.5kN. Under consideration of the resulting dimension and material of
the shaft, the safe working load of the shaft is 5kN with a fatigue safety factor of 2.13
[259].

The function block acquire signals defines an interface that bundles the measured system
signals in form of the operating conditions and condition-related monitored signals. As
presented in Figure 5.4, although the system operating conditions set values are the inputs
to the system, their actual values are measured by appropriate sensors for control purpose
and for further data processing steps, such as required when considering time-varying
operating conditions. The condition monitoring signals pertaining to the health of the
test bearing are the vibration, temperature and motor current. The measured system
signals are elaborated in the following section.

The function block drive bearing provides the basic functionality of driving the bearing,
which sits on a shaft. To this end, an asynchronous motor is connected to the shaft via
a jaw coupling, as illustrated in Figure 5.5. Electric motors basically consists of a stator
and a rotor. The stator is stationary, while the rotor rotates in the electric motor as a
result of the current flowing through it. The rotor of an asynchronous or induction motor
is typically a short-circuit squirrel cage and the stator is a three-phase coil winding [261].
The rotor rotates when an AC passes through the coil on the stator. During operation,
the asynchronous motor is typically connected to the three-phase AC source and thus
generates a magnetic rotating field in the coil winding of the stator. The rotation of the
magnetic field consequently rotates the rotor. The motor motion depends on the difference
in the rotational speed of the magnetic field in the stator and the rotational speed of the
rotor, that is, the slip [261]. A positive slip, namely, an asynchronous speed between
the rotor speed and the rotational speed of the magnetic field is required to generate
torque and hence for the motor to run. The speed of the asynchronous motor depends
on the frequency of the rotating field [259], [261]. Therefore, frequency converters are
required to control the motor, because they convert a sinusoidal AC supply voltage into
an AC voltage with variable frequency and amplitude. Furthermore, frequency converters
are usually equipped with integrated measurement techniques to measure the resulting
motor current without additional sensors [259], [261]. The asynchronous AC motor of
type DRL80S4 from SEW-EURODRIVE with a speed of 3000 rpm and a torque of 6 Nm
is utilized in the test rig.

The function block absorb energy compensates for the resulting forces and moments of the
test rig. Furthermore, it promotes the stability of the entire test rig and includes a safety
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mechanism to protect the user [259]. This is achieved via a massive base plate, where the
other components of the test rig are mounted, under consideration of the geometry of the
other components. Furthermore, shields are mounted on the base plate to prevent possible
loose parts of rotating components from causing damage to the user or other components
during an experiment. Apart from providing a safety mechanism, the shield also allows
the visual inspection of critical test rig components during experiments [259].

The function block exert dynamic load (F4y,) provides the test rig with the functionality of
exerting time-varying radial load on the bearing under test. Although several principles,
such as hydraulic, pneumatic and electrodynamic drives are conceivable to fulfill the
required functionality, an electrodynamic shaker was selected [259]. The working principle
of an electrodynamic shaker is similar to that of a loudspeaker [262], [263]. A coil of
wire, also known as a voice coil, is surrounded by a constant radially acting magnetic field
within the shaker [262], [263]. When current is passed through the voice coil, an axial force
proportional to the current is generated, which consequently moves the table structure
fixed to the shaker [262], [263]. By reversing the current direction, the direction of the
generated force is also reversed. With a given orthogonality of the current, magnetic field
and force vectors, the Lorentz force generated is proportional to the current strength, the
magnetic flux density and the length of the coil of wire [262], [263], [264]. The connection
between the shaker and the test bearing housing is realized via a stinger. The shaker is
directly connected to the stinger holder, while there is a force sensor between the stinger
and the bottom test bearing housing to directly measure the applied force, as shown in
Figure 5.6(a). Specifically an electrodynamic shaker from Spectral Dynamics of type SD-
2420 is utilized in the test rig. The electrodynamic shaker is specified for a sine peak
force of approximately 10 kN, a usable frequency of approximately 3 kHz and a maximum
peak-to-peak displacement of 51 mm.

The function block ezxert static load (Fgq) provides the test rig with the functionality of
exerting a static pre-load on the bearing under test, while guaranteeing support during
dynamic loading with the electrodynamic shaker. Linear actuators convert rotation into
translation motion for the purpose of displacement or force exertion [265]. Depending on
the type of medium utilized for conveying energy to the actuating system, linear actua-
tors can generally be categorized in hydraulic, pneumatic and electrical actuators [265].

Force sensor Test bearing housing Compression spring Lever structure

Force sensor =

Stinger

Linear actuator

(a) (b)

Figure 5.6: Main bearing test rig components for exerting (a) dynamic load and (b) static
pre-load
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Although hydraulic actuators are mostly used in industry because it delivers high force
at a relatively low cost than electrical actuators, it is more bulky, noisy, requires regular
maintenance and its fluid can pollute the environment [266], [267]. Advantages of an
electrical actuator are its flexibility in control of position, velocity, acceleration or decel-
eration and output force. Furthermore, it only uses as much power as needed at any given
time, thus it is power-efficient [266], [267]. Owing to the aforementioned advantages and
due to the compact design of an electric linear actuator, which allows an uncomplicated
integration into the test rig, a rod style electric linear actuator is further considered. The
linear displacement or stroke of the rod is intended to compress a compression spring
on the path to the bearing, thereby generating a spring force, whose magnitude depends
on the stiffness of the compression spring [259]. The compression spring is mounted on
one end of a lever structure, while the test bearing housing is attached to the other end
of the lever structure, such that the resulting force is exerted on the bearing via a lever
structure, as illustrated in Figure 5.6(b). A CMSMB50 ball screw rod-style electric linear
actuator from SEW-EURODRIVE with a peak feed force of 8kN and a stroke length of
70mm is utilized in the test rig. In summary, the assembled bearing test rig with its
components is depicted in Figure 5.7(a).

As discussed, the shaft is coupled with the driving motor (1) via a jaw coupling (2) and
supported by two spherical roller bearings (8) within their housing. Furthermore, the test
bearing is mounted on a shaft and encased within its housing (3), where accelerometers
(4) and Pt100 sensors are mounted. A static pre-load is exerted on the bearing via a lever
structure (5), which is attached to the upper part of the bearing housing. To this end,

Figure 5.7: (a) Assembled ball bearing test rig with the following components: (1) elec-
tric motor, (2) jaw coupling, (3) test bearing housing, (4) accelerometer, (5)
lever structure, (6) compression spring, (7) electrodynamic shaker, (8) sup-
port bearing housing, (9) stinger connected to a quartz force sensor, and (10)
linear actuator.

(b) Accelerometer placement and temperature position on the test bearing
housing without the shaft, adapted from [169]
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the compression spring (6), mounted on the lever structure, is compressed by the linear
actuator (10). A dynamic load is superimposed on the static pre-load by means of an
electrodynamic shaker (7), which is connected to the test bearing housing via a stinger
(9) [169].

5.1.4 Measurement setup

The measurement setup for the test rig can broadly be categorized in actuator and sensor
measurement setup. Generally, the measurement setup comprises of a data acquisition
(DAQ)-software, a DAQ-hardware, a signal converter, a signal conditioner and an actua-
tor or sensor. The DAQ-software allows the processing, such as a control program or the
storage of data. MATLAB® is used as the programming language with its correspond-
ing DAQ-software package. Although data and signal are used interchangeably, data
is information collected, processed and stored by a computer, while signal is information
transferred by a physical medium, such as a copper wire [268]. The DAQ-hardware implies
the hardware that directly interfaces with the DAQ-software via a dedicated communi-
cation channel, here. A National Instruments (NI) CompactDAQ ¢DAQ-9189 ethernet
chassis is utilized here as the DAQ-hardware. It controls the timing, synchronization,
and data transfer between specific input or output modules and the DAQ-software over
the ethernet network [269]. The signal converter can be a digital-to-analog converter
(DAC) or a analog-to-digital converter (ADC), depending on if the input signal or re-
quired output signal is digital or analog, respectively. The utilized signal converters are
listed in the subsequent paragraphs. Signal conditioning includes external voltage or cur-
rent excitation, amplification and filtering [270]. The actuators are the electric motor, the
electrodynamic shaker and the linear actuator, while the sensors that measure the actual
speed, the actual forces, the vibration, the temperature and motor current are elaborated
on, in the following.

A general measurement chain for the employed actuators, as depicted in Figure 5.8 are
briefly described, in the following.

digital digital conditioned
set value set value analog analog

" DAO- AQ- (data) ‘ D AQ (signal) ‘ ) signal [ Signal | signal f
Software Hardware Conditioning ; J

Actuator
Figure 5.8: Typical measurement chain for actuators

Under consideration of the speed limits of the components of the test rig, the set value of
the rotating speed as well as the rotating direction of the electric motor are defined in the
DAQ-software, MATLAB® and passed on to the DAQ-hardware, cDAQ-9189. The set
rotating speed signal is then transmitted to a NI-9263 DAC module, which converts the
input signal to a voltage output, while the rotating direction signal is transmitted to a NI-
9472 digital output module. The resulting output signals are consequently transmitted to
the DIO11B input /output board of the frequency converter and then to the electric motor,
which rotates ideally at the specified speed and direction. The measurement chain for the
linear actuator is similar to that of the electric motor. However, the major difference is
that the inputs are a set static force alongside the up/down direction, as opposed to the
set speed and left/right direction of the electric motor. Under consideration of the static
force, the bearing load and the load limits of other test rig components, the set dynamic
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force is defined in MATLAB® and passed on to the cDAQ-9189. The set dynamic force
signal is consequently transmitted to a NI-9263 module, which converts the input signal
to a voltage output. The resulting output signal is then transmitted to the DA-10 power
amplifier from Spectral Dynamics, which amplifies the output signal before it is finally
been passed on to the electrodynamic shaker.

Similar to the measurement chain for the actuators, the measurement chain for the sensors
is depicted in Figure 5.9 and is described in the following.

conditioned
analog analog dlgltal digital

) signal Slgnal ) signal [ signal D AQ data DAQ )
‘ Sensor }—> Condltlomng 1 ADC  Hardware | Software |

Figure 5.9: Typical measurement chain for sensors

The electric motor has an internal encoder of type ES7S, which measures the output
speed of the motor. The sensed signal is transmitted to the frequency converter for signal
conditioning and then transmitted consequently to the ADC NI-9221 analog input mod-
ule, which converts the analog input signal to a digital signal. The digital voltage signal
is transmitted to the ¢cDAQ-9189 DAQ-hardware and finally transferred to MATLAB®,
where the signal is converted to speed. The output static load is measured by a U2B
force sensor from Hottinger Briiel & Kjer GmbH (HBK), formerly Hottinger Baldwin
Messtechnik GmbH (HBM), with a nominal (rated) force of 2kN. The sensed signal
is amplified by an HBM MC55 and then transmitted to the ADC NI-9221 analog in-
put module. Consequently, the digital voltage signal is transmitted to the ¢cDAQ-9189
DAQ-hardware and then to the MATLAB® DAQ-software. The output dynamic load is
measured by a quartz force link sensor of type 9321B from Kistler, with a force range
of +10kN and amplified by a respective Kistler amplifier of type 5011. The subsequent
steps in the measurement chain, namely, the NI-9221, the ¢cDAQ-9189 and MATLAB®
is similar to the measurement of the output static load. The three phase, namely the
U-, V- and W-phase currents between the frequency converter and the electric motor are
measured by current transducers of type LTS 25-NP from LEM with a primary nominal
RMS current of £25 A and a nominal output voltage of 2.5 +0.625 V. The sensed analog
signal is digitized by the ADC NI-9221 and consequently transmitted to the cDAQ-9189
DAQ-hardware and respective DAQ-software.

The test bearing temperature is inferred from the bearing housing temperature. To this
end, two 3-wire, 100 Q RTD sensors, also known as Pt100 sensors are placed in through
bores at the bottom part of the bearing housing in close proximity to the outer ring of
the test bearing, as depicted in Figure 5.7(b). Furthermore, the ambient temperature
is also measured with two additional Pt100 sensors. The measured analog temperature
signal is transmitted to the NI-9216 temperature input module, where the analog signal
is conditioned, such as excited with an electric current and amplified. Furthermore, the
conditioned signal is also converted to a digital signal with the integrated ADC within
the NI-9216 temperature input module. The digitized signal is consequently transmit-
ted to the cDAQ-9189 DAQ-hardware and then to the MATLAB® DAQ-software at a
sampling frequency of 10 Hz. The Pt100 sensors are of type MC 745691-02 from Mea-
surement Computing with a temperature measurement range of [-50, 204] °C. Three
single axis accelerometers are stud-mounted on the test rig for vibration monitoring of
the test bearing. One is mounted on lever structure to measure the vibration vertically,
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one is mounted horizontally on the upper part of the bearing housing, the other is also
horizontally mounted, but on the bottom part of the bearing housing, as shown in Fig-
ure 5.7(b). The accelerometer placement in the horizontal and vertical direction is as
suggested by the ISO 13373 standard [233]. The necessary current source to power the
integrated circuit piezoelectric (ICP®) accelerometers is provided with the Kistler power
supply/coupler of type 5134B. The conditioned vibration signal is digitized with the NI-
9223 input module and consequently transmitted to the cDAQ-9189 DAQ-hardware and
then to the MATLAB® DAQ-software. To facilitate high frequency analysis, the vibra-
tion signals are sampled at a frequency of 128 kHz for some experiments and due to data
storage issues at 64 kHz for other experiments. The accelerometers are low-cost industrial
ICP® accelerometers from PCB® Piezotronics of model type 603C01 with a frequency
range of [0.5, 10000] Hz and a measurement range of +50g.

During experiments, a measurement is acquired at a sampling duration of 1.6s and at
an interval of approximately 12s between measurements. With the exception of the
temperature and vibration signals, the other sensor signals are connected to the same NI-
9221 module. Hence, the sensor signals are sampled at the same frequency of 10 kHz.

5.1.5 General experimental procedure

The goal of the following experiment is to generate run-to-failure condition monitoring
data of ball bearings subjected to time-varying speed and load profiles for the validation
of the proposed methodology. The basic idea of implementing time-varying operating con-
dition during the run-to-failure experiments is to set a random speed and load amplitude
from a predefined distribution under consideration of predefined speed and load limits,
similar to the profiles described by Villa et al. [271]. During the experiment planning
phase, the popular pronostia dataset is taken into consideration because it also considers
run-to-failure experiments of deep groove ball bearings, but of type NSK 6804DD with a
basic dynamic load rating C of 4kN and a limiting speed of 13000 rpm [134], [272]. To
achieve an accelerated degradation of the ball bearings, the maximum load considered
in the pronostia dataset is 5 kN, which results in a C/P, that is, a ratio of dynamic load
rating to equivalent dynamic load capacity of 0.8 and an overload of 1kN. Furthermore,
the pronostia dataset considers about 12% of the limiting speed as the minimum speed.
Thus, owing to the safe working load of the shaft and similar bearing characteristics of this
application example to the pronostia test bearing, the maximum load is limited to 5 kN
during the experiments. Furthermore, to achieve a reasonable duration of a run-to-failure
experiment and consequently achieve a minimum cost of conducting the experiments, the
minimum load is set to 3kN. During the experiments, the maximum speed is limited by
the speed of the support bearings and the nominal speed of the motor to 3000 rpm and the
minimum speed is set to 1500 rpm, which is also approximately 12% of the limiting speed
of the test bearing. Specifically, the speed is relatively constant during a measurement k,
as defined in equation 5.2.

nk(tl) = Nger g + gspeed,k(tl)a (52)

where ny is the output speed at the k' measurement, sampled with a sampling frequency
of f speed and measured with a total measurement duration of My, x. The I*" time sam-
ple is denoted by t;, I € [1;S¢], Sk := f; speedk - Maurk is the total number of samples, and
Espeed k 1S @ Tandom measurement noise. However, the set speed ngx is randomly sampled
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from a stationary uniform distribution within the interval [1500, 3000] rpm between mea-
surement intervals. Additionally, the total load on the bearing during a measurement k is
a superimposition of a relatively constant static pre-load Fyqx and a dynamic load Faynk
component. Random and sinusoidal dynamic loads are considered as exemplarily shown
in Figure 5.10, to meet random or cyclic real-world loading situations.
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Figure 5.10: Representative dynamic load exerted during the experiments: (a) sinusoidal
load and (b) Gaussian load, adapted from [169].

Between measurement intervals, the set static pre-load Fgg serx and the set dynamic
load amplitude Fypmp etk are also randomly sampled from stationary uniform distributions
within intervals [1500, 4500] N and [50, 1500] N, respectively. Furthermore, the total load
amplitude on the bearing, that is, Fsar setk + Famp_serk lies within the defined load limits
of [3, 5] kN. The static pre-load at the k" measurement is defined in equation 5.3.

Fstat,k(tl) = Fstatﬁset,k + £‘:stat,k(tl)» (53>

where the output static pre-load Fg,x is sampled with a sampling frequency of f; gark
and measured with a total measurement duration of My, k. t; denotes the I*" time sam-
ple, and é&gq:x is a random measurement noise. The sinusoidal dynamic load at the kth
measurement is defined in equation 5.4.

den,k(tl) = Fampiset,k sin (Zﬂﬁiyntl) + Edyn,k(tl)a (54)

where the output sinusoidal dynamic load Fyyn is sampled with a sampling frequency
of fi aynk and measured with a total measurement duration of Mg,k The constant
frequency of the sinusoidal load is fg,, := 2Hz and &gy,x is a random measurement noise.
A random dynamic load cannot be easily described as a function of time, because the
value of the dynamic load Fgynk(#;) is not predetermined at a given time t; [4]. However,
the random dynamic load can be described via its probability density function (PDF). The
random dynamic load is Gaussian, truncated at the lower and upper truncation points,
Yit = —Famp serk and yyr = +Famp serk, respectively. The PDF of a truncated Gaussian
random variable Y, with mean p and variance o is expressed as in equation 5.5 [273],
[274):

AN Uit < yp <y
Yut t ut
ADE St P (i) dy ’ (5.5)

0 otherwise
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where

oL ey
= e 2 . 5.6
fYk (yk) W ( )
A run-to-failure experiment is conducted under the described time-varying operating con-
ditions until a predetermined failure threshold is exceeded. The failure threshold is defined
under consideration of two aspects. Firstly, such that a permissible fault level of the test
bearing is not exceeded under laboratory conditions and lastly, such that the failure of
other components of the test rig, except the test bearing, is avoided [169]. The failure
threshold is an inclusive disjunction of a vibration-based and temperature-based threshold
criteria. The threshold recommendations in the withdrawn DIN ISO 10816-3 standard
[275] is not directly applicable because of its validity for machines fault types in the fre-
quency range of [10, 1000] Hz under stationary conditions [275], [276]. Furthermore, it
builds on vibration displacement or velocity measurements and not on vibration accelera-
tion, as measurable in the experiments. The stopping criteria for the pronostia [134] and
XJTU-SY [277] bearing run-to-failure experiments is set to 20 g and it is solely based on
the vibration acceleration data for both experimental datasets. Such a constant vibration
acceleration threshold value is not feasible over all experiments, because the operating
conditions vary over time in this application example. Thus, a factor-based vibration
acceleration threshold, considering the steady state of an healthy bearing is employed
as the vibration-based criteria. It builds on the equivalent energy content of vibration
acceleration measurements and is formulated as [169]:

1 m
Athresh = O - - Z RMS (ak(t1), ..., ar(ts,,)) (5.7)
s}

where A;presn denotes the vibration-based threshold value, O = 8 is a predetermined con-
stant factor obtained via a systematic study to avoid failure of neighboring components,
m is the number of vibration measurements considered in the steady healthy state, and
ar(t;) represents the i time index of a vibration signal sampled with a sampling fre-
quency of f; ,, measured with a total measurement duration of Mg, and with a total
number of Syx = fi gk - Mgurk samples. The vibration-based threshold value lies ap-
proximately between 3g and 10g in the experiments. The second failure criterion of
the test bearing builds on the bearing temperature, because insufficient lubrication of
the bearing raceway leads to increased friction and then to increased temperature of the
bearing [169]. Furthermore, the bearing temperature also rapidly increases during the
last stages of bearing failure. Thus, to additionally monitor the degradation of the test
bearing and to avoid melting of the nitrile butadiene rubber (NBR) seal of the test bear-
ing, the temperature-based threshold value T;pyeqp is set as 110 °C under consideration of
the temperature measured at the bearing housing [169].
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5.2 Data understanding and preparation

Three sets of experiments are considered to investigate the effects of the operating condi-
tions. The first set of experiments consider the influence of the operating conditions on
the condition monitoring signals. The second set of experiments consider the influence of
the operating conditions on the failure mode. Lastly, the influence of the operating con-
ditions on the degradation curve is also considered. The set of experiments are described
in the following subsections.

5.2.1 Influence of the operating conditions on the condition
monitoring signals

Two preliminary run-to-failure experiments were conducted to investigate the influence
of the operating conditions on the condition monitoring signals. In the first experiment
BS01, the rotating speed varies over time, while the amplitudes of the static and dynamic
loads are constant over the run-to-failure experiment. In the second experiment BS02,
the rotating speed and dynamic load amplitude are constant, while the static pre-load
varies over time. Furthermore, in the following, the acquired data from both experiments
are analyzed in the time-domain.

Preliminary experiment BS01: varying speed, constant static pre-load and
constant dynamic load amplitude

The set rotating speed nger of the single run-to-failure experiment BSO1 is uniformly
sampled from six distinct values, such that ny € {200-i :i € N,7 < i < 14}rpm. Each
measured distinct output speed is depicted in Figure 5.11(a) in different colors to easily
identify the six distinct speed values. As presented in Figure 5.11(a), the measured mean
output speed is approximately the set speed values for experiment BSO1. The set static
pre-load is constant at approximately 3000 N, while the set dynamic load is sinusoidal
with a constant amplitude of approximately 1000 N and a constant frequency of 2 Hz over
the run-to-failure experiment. As shown in Figure 5.11(b), the measured mean static load
increases slightly during the bearing run-in period and approximately takes the set value
afterwards. As opposed to the measured mean static load, the measured peak dynamic
load is noisy, but also approximately assumes the set dynamic load value, as illustrated
in Figure 5.11(c). The corresponding measured condition monitoring signals are depicted
in Figures 5.12 and 5.13.
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Figure 5.11: Measured operating conditions of the experiment BS01: (a) varying speed,
(b) constant static pre-load and (c¢) constant dynamic load amplitude
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Figure 5.12: Vibration measurements of the run-to-failure experiment BS01: (a) hori-
zontal accelerometer A, (b) horizontal accelerometer C, and the (c) vertical
accelerometer B. The different colors correlate to the six distinct speed levels

The RMS of the vibration signals measured with the horizontal accelerometers A and C
are shown respectively in Figures 5.12(a) and 5.12(b), while the vertical accelerometer B
is shown in Figure 5.12(c). As can be seen in the figures, the variation in speed is reflected
in the RMS of the measured vibration data, where the six different colors of the distinct
speed values are mapped to the vibration data. As also can be seen in the figures, the
vibration RMS is almost constant in each speed regime till about 8.5h. Thereafter, the
vibration RMS then abruptly increases till the end of experiment, where the predetermined
vibration threshold value A;pyesn is exceeded. The increase in the vibration RMS value
with speed supports the findings of Williams et al. [278]. Although the ground truth
degradation state is not directly measured, it can be inferred from the monitored signals,
where the almost constant phase up to approximately 8.5h can be considered an healthy
state followed by a faulty state till the bearing EoL is reached. The degradation curve with
an almost constant phase and a subsequent abrupt increase in the measured vibration
signal is common to accelerated life tests of rolling element bearings, because of the
increased contact stress in the rolling element contact zone due to the extreme operating
conditions [134], [278], [279], [280], [281]. Furthermore, in the work of Kotzalas and
Harris [282], spall progression on rolling element bearings was related to the vibration
acceleration acquired with accelerometers, where two regions of the degradation curve
were also evident. The RMS value of the vibration signal measured with the horizontal
accelerometer C significantly increases in the faulty state monotonically, which represents
the progression of bearing fault in the different speed levels. Conversely, in the faulty
state, the RMS values does not monotonically increase in some speed regimes for the
other horizontal accelerometer A and in all speed levels for the vertical accelerometer B.
Furthermore, the vertical accelerometer B is placed on the lever structure, where the static
force is exerted and hence is farther away from the test bearing and more susceptible to
signal interference, due to the longer signal transmission path. Thus, the vibration signal
measured with the vertical accelerometer B is not further considered in the following
subsections.

The bearing temperature is inferred from the bearing housing temperature measured at
locations T1 and T2. Both measured absolute temperatures and corresponding relative
temperatures under consideration of the ambient temperature are depicted in Figures
5.13(a) and 5.13(b), respectively for the run-to-failure experiment. As can be seen in
both figures, the temperature trend and values are similar at both sensor locations, with
a mean temperature difference of approximately 0.5 °C for the run-to-failure experiment.
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Figure 5.13: Temperature and motor current measurements of the run-to-failure experi-
ment BS01: (a) absolute temperatures (b) and corresponding relative tem-
peratures at sensor positions T1 and T2. (c) Motor current, where the dif-
ferent colors correlate to the six distinct speed levels.

In the following, only the temperature measured at the position T2 is further discussed,
because the mean temperature difference at both locations is negligible. As can be inferred
from Figure 5.13(a), the temperature curve can be partitioned in three distinct regions
[283]. The first region is characterized by an initial temperature rise, where the absolute
temperature T2 rises from the ambient temperature of approximately 23 °C to the bearing
operating temperature of approximately 63 °C, from the onset of the experiment. In the
second region, also known as saturation or steady-state region [238], [284], the temperature
fluctuates slightly around the bearing operating temperature over a long period of time. In
the third region, which is typically characterized by a progressive increase in temperature
[283], the measured temperature slightly increases from 63 °C to approximately 67 °C at
the end of the experiment. As can be deduced from Figure 5.13(b), the slight increase
towards the end of experiment is attributed to the bearing temperature due to a fault
and not due to the ambient temperature. In the findings of Dong et al. [285], the bearing
temperature increased by approximately 2°C for every 2000 rpm increment in rotating
speed, applied in four steps from 2000rpm to 8000rpm. Contrarily, the temperature
fluctuation is less than 1°C in the considered run-to-failure, with a maximum speed
variation of 1000 rpm.

The raw signal of the measured U-, V-, and W-phase motor currents from the same supply
source are sinusoidal with a phase of 120° apart [286], [287]. Thus, only the U-phase is
further considered here. As can be inferred from Figure 5.13(c), the RMS of the motor
current can also be partitioned in two regions as in the temperature signal. However, in
the first region, the RMS of the motor current decreases in the bearing wear-in period
and stabilizes thereafter. Similar to the vibration signal, the RMS of the motor current
increases with speed. However, different from the temperature and vibration signals, the
RMS current value does not show any significant change pertaining to fault development
or failure of the bearing, even at the end of experiment.

Preliminary experiment BS02: constant speed, varying static pre-load and
constant dynamic load amplitude

The second preliminary experiment involves a run-to-failure experiment with a constant
rotating speed of 2700 rpm, a varying static pre-load between 1500 N and 4500 N and a
random dynamic load with a constant peak of 1500 N. Figure 5.14(a) indicates that the
mean speed is approximately the set value of 2700 rpm over the entire duration of the
experiment. The mean static pre-load varies randomly between [1500, 2500] N from the
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Figure 5.14: Operating conditions of the run-to-failure experiment BS02: (a) constant
speed, (b) varying static pre-load and (c) constant random dynamic load
amplitude

beginning of experiment till approximately the sixth hour and is then kept constant at
about 4500 N to expedite the bearing degradation till the experiment ended, as shown
in Figure 5.14(b). Additionally, the mean static pre-load is visually indicated by three
colors to ease further analysis. The measured peak dynamic load deviates from the set
dynamic peak load and represents the dynamic nature of the random load, as shown in
Figure 5.14(c). The measured condition monitoring signals, namely the vibration signal
measured with the horizontal accelerometer C, the temperature signal measured at the
position T2 and the U-phase motor current signal are exemplarily depicted in Figure 5.15.
As observed from Figure 5.15(a), the vibration RMS is almost constant from the onset of
the experiment till about 2.7 h, where it then gradually increases. Approximately about
7.3 h, the vibration RMS exponentially increases till the end of experiment, but with a
slight decrease at about 7.6h. According to Williams et al. [278] the decrease in the
vibration RMS is attributed to smoothing of the rough fault surface area as the rolling
element roll over it, while the subsequent increase in the vibration RMS is attributed to
further broadening of the fault area. As also seen in Figure 5.15(a), the RMS value of the
vibration signal is not directly influenced by the varying static pre-load.

As shown in Figure 5.15(b), in the bearing wear-in period, the absolute temperature in-
creases from the ambient temperature of approximately 18 °C to the bearing operating

oo

o0
~ © 150 150 O < 2.2 .
n —~ ~ 1.65 “
6 . ~—
E 2100 100 £ g2 2 “ ;
g4 & S = 1.6 !
= 2 50 50 @ 518 3 4
3 2 = = 5] l
H 3 + 5 . et
20 Z 0 0 ~ o
10 0 2 4 6 8 10 0 2 4 6 8 10
Time / h Time / h Time / h
(a) (b) (c)

Figure 5.15: Condition monitoring signals of the run-to-failure experiment BS02: (a) vi-
bration, (b) temperature and (c¢) motor current. The three colors in the
vibration and motor current figures correlate to the three described load lev-
els.
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temperature of approximately 57 °C, from the onset of the experiment till about 2.7 h.
Thereafter, the temperature fluctuates significantly around the bearing operating temper-
ature till approximately 6 h, where the temperature noticeably increases to 82 °C, due to
the increase in the static pre-load. The temperature further stabilizes until approximately
about 7.3h. Following that, the temperature slightly increases and then significantly in-
creases up to 125°C at the end of the experiment, where the temperature-based threshold
value Typresp, Was exceeded. Additionally, as presented in Figure 5.15(b), the trend of the
relative temperature suggests that the described effects on the absolute temperature is
not as a result of the ambient temperature, but due to the variation in load amplitude
and also attributed to degradation. Figure 5.15(c) shows that the RMS of the motor cur-
rent decreases from approximately 1.8 A to 1.6 A in the bearing wear-in period, conversely
to the temperature. Thereafter, the motor current remains almost constant at 1.6 A till
approximately 6 h, subsequently the RMS of the motor current increases to 1.7 A due to
the significant increase in static pre-load. Afterward, the motor current then fluctuates
around the attained value of approximately 1.7 A till the third region is reached. Finally,
the motor current progressively increases till approximately 2.2 A, when the experiment

ended.

It can be summarized from the results of both preliminary experiments, that the vibration
signal is directly influenced by the variation in the rotating speed, but not directly by the
variation in static pre-load. Furthermore, the effects of the varying speed and moderate
static pre-load are not significant in the temperature signal. However, an abrupt change
in static pre-load of approximately 1500 N influences the temperature signal. The motor
current signal is directly influenced by the variation in the rotating speed and static
pre-load. Additionally, because the motor current signal does not show any consistent
trend, as presented in the preceding preliminary analysis results, only the vibration and
temperature signal are further considered in the following sections.

5.2.2 Influence of the operating conditions on the failure mode

The influence of the operating conditions on the failure mode is investigated via two ex-
periments, namely experiment B02 and B03, subjected to similar distribution of varying
operating conditions. Generally, in both experiments, the set rotating speed is randomly
sampled from a stationary uniform distribution approximately within the interval [2400,
3000] rpm between measurement intervals. The set static pre-load and the set amplitude
of the sinusoidal dynamic load are also randomly sampled from stationary uniform dis-
tributions within intervals [3300, 3800] N and [500, 1400] N, respectively. Additionally,
in the experiment B02, a so-called warm-up phase of constant operating conditions is
conducted for about 15min before applying varying operating conditions. Specifically,
the set rotating speed is 750 rpm, the set static pre-load is 2500 N and no dynamic load
is exerted in the warm-up phase. A comparison of the distributions of the different op-
erating conditions using violin plots is shown in Figure 5.16. As presented in the figure,
both experiments have similar characteristics, such that the shapes and central tendency
are similar. Particularly, the speed distribution resembles a uniform distribution and
lies in the set values as previously described, as shown in Figure 5.16(a). Furthermore,
the mean and median of experiment B03 are almost equal at approximately 2700 rpm,
while the mean and median of experiment B02 are approximately 2600 rpm and 2700 rpm,
respectively.

Figure 5.16(b) shows that the static load distribution resembles a normal distribution, al-
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Figure 5.16: Comparison of operating condition distributions of: (a) varying speed, (b)
varying static pre-load and (c¢) varying amplitude of a sinusoidal dynamic
load for experiments B02 and B03

though it was sampled from a uniform distribution. This is attributed to the typical noisy
nature of raw data and also to the central limit theorem. However, the values of the static
pre-load lies within the range of set values, as can be inferred from Figure 5.16(b). Fur-
thermore, the distributions of experiments B02 and B03 are almost similar with roughly
symmetrical distributions, where the mode, mean and median are approximately 3500 N,
as presented in Figure 5.16(b). As shown in Figure 5.16(c), although also sampled from a
uniform distribution, the dynamic load distribution resembles a multi modal distribution
and further reflects the dynamic nature of the raw signal. The similar distributions of
both experiments are seen in Figure 5.16(c). Furthermore, they have similar local modes,
mean and median of approximately 1000 N.

The acquired vibration and temperature signals relating to the conditions of the test
bearings in both experiments are depicted in Figures 5.17(a) and 5.17(b), respectively.
As shown in Figure 5.17(a) the vibration RMS of bearing B02 is about 0.2 g in the warm-
up phase and increases abruptly to a mean of about 0.5g at approximately 15min into
the experiment, as a result of a significant increase in the operating condition values.
The vibration RMS varies around the mean value of approximately 0.5 g in the relatively
long constant phase till about the fourth hour, where the transition in the faulty phase
occurs. In the faulty phase, the intensity of the vibration reaches a peak of about 4.0 g and
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Figure 5.17: Comparison for experiments B02 and B03, considering the: (a) vibration
RMS and (b) relative temperature.
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decreases to about 1.7g during almost one hour, due to initial spalling and subsequent
smoothening of the sharp spall edges on the raceways during rolling of the balls on the
raceway surfaces. Thereafter, as a result of continued bearing degradation, the vibration
RMS further increases up to roughly 5.3 g, where the vibration-based threshold value is
exceeded and the experiment ends.

Contrarily, for the experiment B03, there is no warm-up phase. Hence, the vibration
RMS begins at approximately 0.5g and fluctuates around this mean value up to about
2.9h, where the vibration RMS then abruptly increases to about 4g. The vibration
RMS does not significantly increase further, but fluctuates around 2.7 g till the experi-
ment ends. Figure 5.17(b) illustrates that the relative temperature of experiment B02
begins at approximately 5°C and rises to approximately 11°C. At about 15min into
the experiment, where the operating conditions are significantly increased, the slope of
the bearing temperature also significantly changes and rises thereafter progressively up to
about 40°C from the temperature-rise phase to the steady-state operating temperature
of the bearing. The relative temperature subsequently rises slightly about 7°C more,
after approximately four hours. It then slightly drops from 47 °C to about 35°C at about
4.3 h, because the experiment was interrupted by the operator. After the experiment was
resumed, the bearing temperature increases to the steady-state operating temperature of
about 46 °C. Even at the end of experiment, due to increased bearing vibration, the bear-
ing temperature does not significantly increase. Contrarily, for experiment B03, the three
phases of the temperature curve can be inferred from Figure 5.17(b). In the first phase,
the relative temperature increases from 3 °C to about 60 °C after approximately 15 min.
In the second phase, the relative temperature fluctuates around the bearing operating
temperature of approximately 78°C. In the third phase from about 3.2h, the relative
temperature progressively increases till about 87°C, where the temperature threshold
limit is exceeded.

Figure 5.18 shows that the failure mode is spalling in the inner raceway of the test bearings
after dismantling, in both experiments B02 and B03. Despite the width of the spall is
similar for both bearings, the length of the spall is almost twice as large for the experiment
B02 as for B03. However, as presented in Figure 5.17(a), the vibration RMS of the
experiment B02 does not clearly reflect this severity, because its value is not twice as large
as for experiment B03. Furthermore, Figure 5.17(b) shows that the steady-state relative
temperature of experiment B03 is almost twice as large as the relative temperature of

= m,m\\\\\\\\w
(b)

Figure 5.18: Spalling on the inner raceways of the test bearing after the experiment: (a)
B02 and (b) B03
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experiment B02, which is contrary to the difference in fault extent. Although the similar
operating conditions in both experiments resulted in inner race faults of different extents,
it cannot be generalized that such operating conditions as described here always lead to
solely inner race faults.

Although inner race faults are more frequent in rolling element bearings [288], outer race
faults or a combination of inner race, outer race and rolling element faults can also occur.
Specifically, under ideally pure radial loading on the bearing with a stationary outer ring
and rotating inner ring, it is expected that faults occur concurrently in both the inner
and outer race [223].

5.2.3 Influence of the operating conditions on the degradation
curve

To actively counteract abrupt fault development, which predominantly occurred in the
previous experiments, the operating conditions were substantially decreased during the
onset of the faulty phase in experiments BD0O1 and BD02. The aim of the experiments is
to shift the abrupt degradation to an incipient and gradual degradation, which is reflected
in the condition monitoring signals and hence achieve at least a balanced split of healthy
and unhealthy phase. In both experiments, the set rotating speed ny is uniformly sampled
from six distinct values, such that ny € {200-i:i € N,8 < i < 13}rpm. The set static
pre-load is constant at 3.4kN and 3kN in experiments BD01 and BDO02, respectively.
Furthermore, the dynamic load is sinusoidal with a constant set amplitude of 1.1 kN and
1.5 kN in experiments BDO1 and BD02, respectively. During the onset of the faulty phase,
which is inferred from the measured vibration signal, the set rotating speed is decreased,
such that ng € {100 -i : i € N,15 < i < 20}rpm in both experiments. Furthermore,
the set static pre-load is decreased by approximately 20% in both experiments, while the
set dynamic load amplitude is decreased by approximately 33% and 45% in experiments
BDO01 and BDO02, respectively.

The vibration RMS of the horizontal accelerometer C and relative temperature at the
position T2 are depicted in Figure 5.19 for both experiments. As presented in Figure
5.19(a), the vibration RMS begins at an average of approximately 0.4g and increases
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Figure 5.19: Comparison for experiments BD0O1 and BD02, considering the: (a) vibration
RMS and (b) relative temperature
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slightly to an average of approximately 0.6g for experiment BDO1. Furthermore, the
vibration RMS fluctuates around the mean of approximately 0.6 g almost over entire the
experiment till about 26.5 h, where it increases to a vibration RMS level of approximately
2.5g, as depicted in the enlarged portion of the figure. Subsequently, the vibration RMS
slightly decreases, as a result of the decrease in the operating conditions so as to promote
incipient degradation. After about four subsequent measurements, the vibration RMS
further increases up to 7.7g due to progressive degradation, as shown in Figure 5.19(a).
The experiment ended shortly thereafter, because the vibration-based threshold value
was exceeded. Contrarily, Figure 5.19(b) illustrates that the relative temperature does not
show any significant increase in the faulty phase for the experiment. After the experiment,
the dismantled test bearing revealed a ball fault on a single rolling element.

Figure 5.19(a) shows that the vibration RMS fluctuates significantly around a mean of
approximately 0.6g till about 11.7h for experiment BD02. Furthermore, the vibration
RMS subsequently increases to a maximum of approximately 4.2 g followed by a short
period of decrease and increase in the vibration RMS, due to smoothening and further
degradation. As shown in Figure 5.19(a), at about the twelfth hour into the experiment,
the vibration RMS decreases to approximately 1g, due to the degradation-related signif-
icant decrease in the operating condition. For further eight hours, the vibration RMS
stabilizes at approximately 1g and gradually increases at about the 22h. The vibration
RMS further gradually increases till approximately 5g, when the experiment ended at
about 30.7h. As presented in Figure 5.19(b), although the temperature does not signifi-
cantly increase at the end of the experiment, it gradually increases by 5°C at about the
22h onward. Furthermore, it also reflects the decrease in the operating condition value,
via a decrease in the temperature value by approximately 7°C at about the twelfth hour.
In this experiment, the fault mode of the test bearing is a multi-fault mode, that is, a
combined ball, inner race and outer race spalling.

In summary, in the case of a ball fault, a significant reduction of the operating condition
did not significantly influence the degradation curve, due to the strong impulse emanating
from the ball contact on the inner ring, outer ring and cage [289]. Contrarily, inner and
outer race fault tend to develop gradationally. Hence, a modification of the operating
condition towards influencing the degradation curve tends to be effective. In any case,
the resulting fault mode is not predetermined a priori, but initiate during the run-to-failure
experiment. Thus, leading to additional challenge and accompanied uncertainty.

5.2.4 Overview of experiments

In the following, the experimental dataset acquired and published [290] in the course of
this work is further investigated upon. An overview of the operating condition set values
for the 17 experiments are presented in Table 5.1, while further information pertaining to
the dataset, such as the threshold criteria and number of measurements per dataset can be
found in Table 5, in the Appendix. In some experiments, the three operating conditions,
namely, the rotating speed, the static pre-load and the dynamic load amplitude are varied
within the specified intervals. In other experiments, two of the three operating conditions
are kept constant and one is varied. Furthermore, the failure modes are diverse, such that
single faults, such as inner race faults and multi-mode fault in several bearing components,
occurred in the run-to-failure experiments.
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5.3 Fault detection approaches

In the following, the described methodology is elaborated based on the bearing run-to-
failure datasets.

5.3.1 Approach A: Signal analysis techniques

In this section, the time-frequency domain analysis method toward fault detection is in-
vestigated. Furthermore, since the rotating speed is synchronously measured with the
vibration signal, the order analysis of the horizontal accelerometer C is considered. The
experiment B02, previously analyzed in Section 5.2.2 is exemplarily analyzed here. The
resulting spectrogram of the order analysis is shown in Figure 5.20(a). It can be parti-
tioned vertically in three zones characterized by the amplitude intensity. The first zone,
with relatively low amplitudes, correlates with the warm-up phase and ends approxi-
mately at about 15min. The second zone, with most of the bearing life time, is mostly
characterized by whole multiples of the shaft rotating frequency and also by the ball pass
frequency outer (BPFO). Although the BPFO is said to correspond to a faulty outer
race, this frequency component also typically occurs for a healthy bearing due to the
loading situation and bearing clearance [291], [292], [293]. Furthermore, the bearing can
be considered to be in an healthy state in the second zone, because till approximately the
fourth hour side-bands are not present. Moreover, in the third zone, where the bearing
significantly degrades, whole multiples of the ball pass frequency inner (BPFI) and side
bands are visible. Furthermore, the amplitude intensity also significantly increases.

After the experiment, the dismantled bearing revealed an inner race fault. The maximum
amplitude considering up to the 25" order is depicted in Figure 5.20(b), over the entire
measurement time. The three zones as previously described are also seen in Figure 5.20(b),
that is, the first zone with almost 0 g, the second zone that fluctuates approximately about
[0.1, 0.6] g and the third zone with a maximum peak amplitude of almost 6.6g. The
entire trend is similar to the vibration RMS, but different in the third zone, because the
maximum peak occurs here almost about an hour before bearing failure, as opposed to the
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Figure 5.20: Time-frequency analysis of B02 via (a) order analysis up to 25" order and
(b) corresponding maximum amplitude
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vibration RMS, where the maximum peak occurs shortly before the end of the experiment.
Although the order analysis normalizes the frequencies to the rotating frequency, the
effects of loading situation still dominantly influences the analysis, as exemplarily seen in
the warm-up phase.

A further analysis is the spectrogram analysis in the high frequency region above 10 kHz.
For some experiments with harmonic dynamic load, amplitude peaks where found to
depict characteristic trends at about 15kHz, 35 kHz and 55 kHz, such that the frequency
is decreased over time. Furthermore, the trend is almost mirrored at about 20kHz,
40kHz and 60 kHz. An excerpt of the spectrogram in the frequency range [40, 64] kHz
is depicted in Figure 5.21(a). Although the characteristic peaks might be related to the
resonance frequencies of the bearing components or the bearing clearance, it could not be
validated, because the experimental determination of the bearing components’ resonance
frequencies and clearance was not feasible, due to the dimension and composition of the
test bearing. The corresponding frequency at maximum amplitude in the range [50,
55] kHz is exemplarily depicted in Figure 5.21(b). The frequency decreases rapidly from
about 54 kHz with approximately 700 Hz in the first hour, as shown in Figure 5.21(b).
Although the frequency further decreases, the slope becomes shallow at about 1.6h and
shallower at about 4.3 h onward. Due to the dynamic nature of the random dynamic load
and the relative low amplitude in the high frequency region, the peaks are buried in noise,
in the experiments with random dynamic load. Thus, similar decreasing trend in the
frequency domain could not be extracted. A further drawback is that, to detect a fault, a
domain expert is required for analysis or a threshold needs to be set, under consideration
of sufficient data of similar trends.
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Figure 5.21: Time-frequency analysis of B02 via (a) spectrogram in the frequency range
[40, 64] kHz and (b) corresponding frequency at maximum amplitude in the
range [50, 55] kHz
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5.3.2 Approach B: Condition-invariant feature engineering

The previously described feature engineering techniques are exemplarily employed here
on the vibration data acquired with the horizontal accelerometers A and C. Specifically,
several classical time-domain features, features from the HCTSA package and features
from the EMG toolbox are extracted, as described in [137]. Furthermore, the filter-based
feature selection technique, namely monotonicity, is subsequently employed to identify a
subset of features, that at best indicate the continuous degradation of the bearings, irre-
spective of the time-varying operating conditions. However, the application of the feature
engineering techniques per experiment yielded distinct top features for the different exper-
iments, which limits the transferability of a set of features over all experiments. Hence, to
find a set of best features over all experiments, a subset of 100 features per horizontal ac-
celerometers A and C, including top features from the individual experiments are further
investigated. The first top-ranked feature identified is the so-called MD_pNN_raw.pnn70
feature extracted from the horizontal accelerometer A with the HCTSA package [216].
The MD_pNN_raw.pnn70 feature derived from the proportion of normal-to-normal heart
beats (pNN) is one of the mostly employed time-domain statistic from the biomedical
domain to measure heart rate variability [294]. It is the mean number of consecutive
difference that a signal exceeds a predefined threshold value [294]. Figure 5.22 exemplar-
ily depicts the MD_pNN_raw.pnn70 feature extracted for three experiments, considering
different influences of the operating conditions.

Experiment BSO1 is the preliminary experiment described in section 5.2.1, which con-
siders the effect of varying speed, while the static pre-load and sinusoidal dynamic load
amplitudes are constant. Experiment B02 considers varying speed, varying amplitudes of
the static pre-load and sinusoidal dynamic load amplitude, while experiment B17 consid-
ers constant speed, varying static pre-load and random dynamic load amplitude. Figure
5.22 demonstrates that the feature allows at least a clear distinction between healthy and
unhealthy instances. For all three experiments, the feature value is almost zero in the
healthy state and although it distinctively increases in the faulty state, the trends are
not comparable. Notwithstanding, two possibilities have been identified to partition the
instances in the healthy and unhealthy instances. The partition point, which is typically
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Figure 5.22: MD_pNN_raw.pnn70 feature ex-
emplarily extracted for three ex-
periments, while considering an
expert-defined threshold
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referred to as transition time [169], can be derived via an expert-defined threshold value
or via a binary cluster algorithm. Based on sensitivity analysis, the threshold value is set
to 0.05. As shown in Figure 5.22, the threshold value is conservative and for experiment
BS01 that took approximately nine hours, maybe too conservative. However, this is due
to the signal that does not depict a continuous degradation trend in the faulty state, but
depict a series of fluctuations, which is also common to other experiments.

K-means clustering algorithm with two clusters is also employed to partition each experi-
ment in healthy and faulty instances. The transition point is then defined as the partition
time instance, where the cluster value deviates from its initial value [169]. As presented
in Table 5.2, although the clustering method tends to provide a later transition time than
the expert-defined threshold method, it is an unsupervised method that does not require
any domain knowledge. Furthermore, the difference between both estimated transition
times might be insignificant in some applications.

5.3.3 Approach C: Condition-centered data or feature scaling

Scaling condition monitoring data or derived features thereof requires the operating con-
dition information. In this section, the RMS feature extracted from the horizontal ac-
celerometer C is exemplarily considered for two experiments subjected to different profiles
of varying operating conditions. One of the experiments, namely the preliminary exper-
iment BSO01, considers varying speed, constant static pre-load and constant sinusoidal
dynamic load amplitude. Thus, feature scaling is performed with respect to the speed.
The other experiment, namely experiment B02, considers varying speed, varying static
pre-load and varying sinusoidal dynamic load amplitudes. Therefore, the RMS feature ex-
tracted from the horizontal accelerometer C is scaled independently to the three operating
condition variables.

Figure 5.23 presents the results of the feature scaling for both experiments in comparison
to the RMS values without scaling. In the figure, the RMS values are scaled with respect
to the mean speed 71, with respect to the mean static pre-load Fyq and with respect to
the mean sinusoidal dynamic load amplitude Famp. Due to the higher range of values of
the operating conditions as compared to RMS feature values, the resulting scaled values
are typically very small. As shown in the top sub-figure of Figure 5.23(a), the effects
of the speed are significant in the RMS feature values, as represented by the different
horizontal regions in the zoomed portion. In the bottom sub-figure of Figure 5.23(a),
where the RMS feature values are scaled to the mean speed, the entire curve seems less
noisy. Furthermore, the effects of the speed is minimized, even if not completely removed,
as better seen in the enlarged portion of the figure. As presented in the top sub-figure of
Figure 5.23(b), the RMS feature values clearly reflect the effects of the warm-up phase till
approximately 15 min into the experiment, where the operating conditions are significantly
increased. As shown in the bottom sub-figure of Figure 5.23(b), the speed-scaling of the
RMS feature values considerably minimizes the effects of the warm-up phase. However,
the degradation part is not noticeably influenced by the speed-scaling. As opposed to
the speed-scaling, the scaling with respect to the static pre-load has a negligible effect
on the RMS feature values, while the scaling with respect to the sinusoidal dynamic load
amplitude has an inverse effect in the warm-up phase and a rather negative effect in the
faulty state. The inverse effect in the warm-up phase is attributed to the division by a
relative small values as compared to the large values of the dynamic load after the warm-
up phase. Furthermore, the negative effect in the faulty state is attributed to local peaks
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Figure 5.23: Feature scaling based on: (a) varying speed of experiment BS01, (b) varying
speed of experiment B02, and corresponding (c) varying static pre-load and
varying sinusoidal dynamic load amplitude

in the RMS feature intensified by the dynamic load amplitude.

The results obtained from scaling the features with respect to the operating conditions
correspond with the findings obtained in Section 5.2.1, where the vibration signal is di-
rectly influenced by the variation in the rotating speed, but to some extent not directly
influenced by the variation in the load amplitudes. Thus, as described in Section 5.3.2,
an expert-based threshold or a cluster algorithm can then be employed to detect a fault,
based on the speed-scaled feature values.

5.3.4 Approach D: Condition-specific feature standardization and
feature segmentation

Based on the assumption that the operating condition or resulting modes of operation
are discrete with a moderate number of clusters, then the condition monitoring data
can be standardized or segmented according to each discrete operating condition profile.
The three operating conditions of the ball bearing application example are randomly
sampled from a stationary uniform distribution within specified operating ranges between
measurement intervals. Hence, the operating conditions are not discrete, but bounded.
However, to investigate if the resulting modes of operation are discrete with moderate
number of clusters, a pairwise scatter diagram of the three operating conditions and the
RMS of the vibration data measured with the horizontal accelerometer C are regarded
exemplarily. Specifically during the analysis of experiment B02, the warm-up phase is
excluded, for better visualization. The resulting pairwise scatter diagram is depicted
in Figure 5.24, where the three groups designated by different markers are arbitrarily
clustered around the static pre-load to facilitate data exploration.

As depicted in Figure 5.24, the rotating speed and the sinusoidal dynamic load amplitude
do not form distinguishable clusters. In contrast, because the data has been clustered
around the static pre-load, three distinguishable clusters of low, medium and high load
regions can be seen in Figure 5.24. As also can be inferred from the third row of Figure
5.24, the combination of both the sinusoidal dynamic load amplitude and static pre-
load have a lower bound at approximately 4.3kN and an upper bound at approximately
4.9kN. Furthermore, the sinusoidal dynamic load amplitude and static pre-load possess
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Figure 5.24: Pairwise scatter diagram involving the operating conditions and the vibration
RMS

a linear relationship, such that an increase in the sinusoidal dynamic load amplitude is
generally accompanied by a decrease in the static pre-load, and inversely, to maintain the
fixed bounds at [4.3, 4.9] kN. As can be inferred from the last row of Figure 5.24, for this
experiment, a direct relationship does not appear to exist between the vibration RMS and
the load amplitudes. Contrarily, as can be inferred from the first column of the last row,
the vibration RMS slightly tends to increase with the speed in the healthy state, that is,
for vibration RMS values approximately less than 0.8 g and significantly increases with the
speed in the faulty state, where the vibration RMS values is approximately greater than
1g. However, because the resulting clusters are also not distinctively separable, feature
standardization per mode of operation does not counter for influence of the operating
condition and feature segmentation is not feasible.

5.3.5 Approach E: Embedding in the modeling phase

In fault detection, the measured operating condition information can be incorporated
during model development to consider the influence of time-varying operating condition.
Binary clustering of the vibration data measured with the horizontal accelerometer C
for the experiment B02 is exemplarily considered here to investigate the influence of
embedding the measured operating condition information. In particular, four levels of
integrating the three operation condition information are considered. In all cases, the
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k-means clustering algorithm with two clusters is considered. In the first level, the vibra-
tion RMS is employed as input to the k-means model, but not the operating condition
information. The resulting cluster is shown in the top sub-figure of Figure 5.25(a). In
this case, the transition time is approximately 4.13 h, irrespective of the warm-up phase
and the time-varying operating condition.

Alternatively, in addition to the vibration RMS, the mean speed, the static pre-load
and sinusoidal load amplitude are employed as input, in the second case. As shown in
the bottom sub-figure of Figure 5.25(a), the transition time is defined by the warm-up
phase and approximately about 15min. Contrary to the expectation, incorporating the
three operating condition information did not compensate their influence, although the
resulting cluster was not entirely stable. With the knowledge that the vibration RMS is
significantly influenced by the mean speed, only the speed information is considered in the
third case. As presented in the top sub-figure of Figure 5.25(b), incorporating only the
speed information leads to a later transition time at approximately about five hours into
the experiment, than incorporating all available operating condition information. How-
ever, the lead time before failure is shorter in comparison to the derived transition time
considering only the vibration RMS. As shown in the bottom sub-figure of Figure 5.25(b),
exemplarily incorporating only the sinusoidal dynamic load amplitude does not lead to
two distinct partitions of healthy and unhealthy instances, because a direct relationship
does not exist between the vibration RMS and the load amplitudes.
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Figure 5.25: Binary clustering of the vibration RMS with different levels of additional
input information (a) top: without the operating condition; bottom: with
all operating condition (b) top: with the speed; bottom: with the dynamic
load
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5.4 Performance evaluation of the fault detection
approaches

As discussed in Section 2.6, the evaluation of a diagnostic or prognostic method requires
some knowledge about the ground truth. In the considered application example, the
ground truth health state of the bearings is not directly observed over the lifetime, but
inferred from the measured condition monitoring signals. Furthermore, the declaration
of a hard boundary between healthy and faulty depends on the signal evaluation and
expert intuition. Thus, the fault detection methods cannot be evaluated by the confusion
matrix or metrics derived thereof. Nonetheless, the transition points and corresponding
transition times are provided in Table 5.3 in comparison to a similar study by Javanmardi
et al. [169], where different feature sets and number of features were considered to train
a binary k-means algorithm.

In Table 5.3, approach J is the reference approach by Javanmardi et al. [169]. Approach
B solely utilizes the MD_pNN_raw.pnn70 feature extracted from the vibration signal ob-
tained with the horizontal accelerometer A, as presented in Section 5.3.2. In approach C,
the vibration RMS of the horizontal accelerometer A is scaled with respect to the mean
speed, while the mean speed is incorporated alongside the vibration RMS of the hori-

Table 5.3: Comparison of the transition times with the results obtained with approach J
[169] as a reference approach

Approach J Approach B Approach C Approach E
Transition point Transition point Transition point Transition point
Bearing | Index /- Time / h | Index /- Time / h | Index /- Time / h | Index /- Time / h

B01 208 1.09 212 1.11 62 0.32 51 0.27
B02 998 4.74 870 4.13 870 4.13 51 0.24
B03 562 2.96 556 2.92 556 2.92 3 0.02
B04 452 2.25 452 2.25 444 2.21 50 0.25
B05 560 2.78 556 2.76 547 2.71 49 0.24
B06 12853 63.56 12838 63.48 9878 48.85 219 1.08
BO7 6205 36.95 6204 36.94 52 0.31 50 0.30
BO8 1219 7.13 1213 7.09 1213 7.09 50 0.29
B09 253 1.77 313 2.19 256 1.79 50 0.35
B10 2679 117.29 2679 117.29 2679 117.29 52 2.28
B11 931 4.61 719 3.56 978 4.84 3 0.01
B12 154 0.51 67 0.22 60 0.20 3 0.01
B13 18022 99.89 17705 58.84 17705 58.8 3 0.01
B14 12050 40.10 11956 39.79 11959 39.80 9209 30.65
B15 21051 70.06 21051 70.06 21611 71.92 647 2.15
B16 5400 17.95 5409 17.98 5414 18.00 5890 19.58
B17 2323 12.60 2202 11.95 2189 11.88 224 1.22
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zontal accelerometer A to train a binary k-means algorithm, in approach E. Approaches
A and D are not considered here due to their shortcomings. As can be inferred from
Table 5.3, the transition points are similar for approach J and approach B in most of
the bearings, except for bearings B11 and B13 with significant deviations of at least an
hour. Except for bearings B14 and B16, approach E substantially deviates from the other
approaches, such that it mostly underestimates the transition points. Thus, approach E
predominantly underperforms the other approaches. However, approach C slightly un-
derperforms approaches J and B, because it provides comparable transition points for
most of the bearings, except for bearings BO1, B06 and B0O7. To visualize the transition
points, the vibration RMS of the horizontal accelerometer C of bearings B10 and B11
are exemplarily depicted in Figures 5.26(a) and 5.26(b), respectively. As shown in Figure
5.26(a) for the bearing B10, the transition time estimated by approach E is within the
healthy state, and specifically shortly after the warm-up phase. Contrarily, the transition
times estimated by the other approaches are equal and denote the onset of the faulty
state, based on the underlying vibration signal. As shown in Figure 5.26(b) for the bear-
ing B11, the transition time estimated by approach E is also within the healthy state,
shortly after the experiment began. However, the transition times estimated by the other
models are within the faulty state, because up to approximately 3.6 h and beyond, the
operating condition distribution was not changed and specifically there was no warm-up
phase for bearing B11. However, the transition time estimated by approach B can be
considered the onset of the faulty state as opposed to approaches J and C that estimate
a later transition time, based on the underlying vibration signal.

Considering the presented results for the transition time estimation and consequently
the fault detection methods, it can be summarized that approach B, namely the binary
clustering method based on at least a condition-invariant feature is capable of reliably
discriminating between an healthy and unhealthy state, even under time-varying operating
conditions. Contrarily, incorporating the speed information as an additional information
in the modeling phase can result in an adverse effect, as in approach E. Scaling of the RMS
feature value with respect to the speed, as in approach C provides comparable transition
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Figure 5.26: Comparison of the transition times estimated via approaches B, C and E as
compared to approach J [169], while considering the vibration RMS of the
horizontal accelerometer A of (a) bearing B10 and (b) bearing B11
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points for most of the bearings, while the reference approach J does not primarily consider
the operating condition, but requires many features.

5.5 Prognostics approaches

This section focuses on the possibilities of considering time-varying operating conditions
during point estimation of the RUL of ball bearings. A first approach utilizes the empirical
bearing basic rating life Lo, which directly incorporates the dynamic bearing load and the
rotating speed, while a second approach utilizes machine learning technique to learn the
underlying relationship between the condition monitoring data, the operating conditions
and the RUL, based on the bearing run-to-failure datasets. For a fair comparison over
all datasets, approach A and specifically the features derived from the time-frequency
spectrum in the frequency range [50, 55| kHz is not further considered here, because as
discussed in Section 5.3.1, the features were characteristically significant only for the
first six experiments with sinusoidal dynamic load excitation. The other approaches of
considering time-varying conditions, namely, condition-invariant features (approach B),
feature scaling (approach C) and feature standardization (approach D) are separately
investigated as possible input to a machine learning model. Furthermore, in approach E,
the operating conditions are also investigated as an additional input to a machine learning
model, similar to the work of Javanmardi et al. [169].

5.5.1 RUL estimation based on an empirical formula

The modified rating life, as defined in equation 5.1 can directly be employed here, because
the operating condition information are available and although the operating conditions
vary over the entire life time, they are almost constant per measurement. Furthermore,
the basic dynamic radial load rating C of the test bearing is available from the bearing
data sheet, namely, 4 kN. The dynamic equivalent load P per measurement is the sum of
the average static pre-load and dynamic load amplitude and the exponent p is three for
ball bearings. Based on the hypothesis that the RUL linearly decreases over the entire
life time, the RUL in hours at instance k can be formulated as in Equation 5.8.

106
60 - ny

RULy = |aik - aisok - Liok - — I, (5.8)
where a;; and ajsox denote the modification factors for reliability and condition-related
factors, respectively, Ljgx denotes the basic rating life, ni is the rotating speed and
denotes the elapsed time in hours at instance k. The dynamic equivalent load P and the
rotating speed n are depicted in Figure 5.27(a) exemplarily for the experiment B02. As
can be seen in Figure 5.27(a), in the warm-up phase, the equivalent dynamic load is ap-
proximately 2.5kN and the rotating speed is approximately 750 rpm. After the warm-up
phase, the equivalent dynamic load and the rotating speed are not constant, but vary
within a specified interval. Under consideration of the equivalent dynamic load and the
rotating speed, but while neglecting the modification factors, namely, for a; = 1 and
for ajso = 1, the estimated RUL based on Equation 5.8 is depicted in Figure 5.27(b).
As can be inferred from Figure 5.27(b), in the warm-up phase, the RUL is significantly
overestimated. The overestimation of the RUL is mainly attributed to the fact that the
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Figure 5.27: (a) Dynamic equivalent load P and rotating speed n for the experiment B02
and (b) corresponding RUL based on the rating life for a; = ajs0 =1

theoretical basic rating life primarily considers the current operating conditions at in-
stance k to estimate the current RUL. Furthermore, it is attributed to the relatively low
load of about 40% less than the dynamic load rating of the test bearing and a rotating
speed of approximately 95% less than the bearing limiting speed. After the warm-up
phase, where the operating conditions are significantly increased to accelerate the degra-
dation of the bearing, the estimated RUL reflects a significant decrease in the bearing
life. However, the RUL is mostly underestimated and possess a large variance, due to
the nature of the operating conditions. Moreover, the underestimation after the warm-up
phase is attributed to the fact that as opposed to this experiment with a pronounced fault
distributed over the surface of inner raceway, the theoretical basic rating life is valid up to
fatigue initiation, where a spall becomes evident in at least one of the bearing components.
According to the ISO 281 standard [226], the ajso modification factor considers the lubri-
cation and contamination levels of bearings to improve on the accuracy of the estimated
bearing life. Since the test bearings are grease-lubricated, lubricated-for-life and sealed,
the raceway are deemed free from contaminants. However, since the lubrication level
could not be precisely determined, a modification factor ajsp is derived from the bearing
temperature. The relative temperature T2 is depicted in Figure 5.28(a) exemplarily for
six representative experiments over the entire lifetime.

Although the temperature curves possess similar trends, the bearings possess wide vari-
ability in their lifetimes. Furthermore, as can be seen in Figure 5.28(a), bearings B13
and B15 with an operating temperature under 40 °C tend to possess a longer lifetime as
opposed to bearings BO1 and B03 with an operating temperature above 60 °C, which have
relatively low lifetimes. Thus, based on the temperature measurements, the modification
factor ajso is derived according to the pseudo code in Algorithm 1. Specifically, dajso = 1
in the first temperature region, where the bearing temperature rises from the ambient
temperature to the operating temperature or an equilibrium temperature T,q. During the
experiments, the equilibrium temperature T4 is reached after approximately an hour into
the experiment.
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Figure 5.28: (a) Temperature measurements over the entire lifetime for some experiments
(b) RUL for experiment B02 based on the modified rating life considering
the temperature measurements in the ajso modification factor

The modification factor ajsp is between five and seven, where the the temperature lies
between 30°C and 37°C, to account for bearings with longer lifetimes. Furthermore,
to account for bearings with an operating temperature above 60°C and comparative
shorter lifetimes, the modification factor ajsp is between 0.3 and 0.5. For bearings that lie
between both extremes and with an operating temperature between 37 °C and 60 °C, arso
is between 1 and 1.3. Under consideration of the temperature-derived modification factor
arso, the estimated RUL is depicted in Figure 5.28(b), exemplarily for experiment B02.
Particularly for the experiment B02, the lifetime is modified by the factor 1 < ajso < 1.3,
such that the estimated RUL is generally minimally improved, as shown in Figure 5.28(b).
However, as also shown in Figure 5.28(b), the estimated RUL is significantly overestimated
around about 4.5 h, due to the considerable decline in the bearing temperature. Although
such decline in temperature could be as a result of improved lubrication of the raceways,
it resulted from interruption of the experiment in this case.

Algorithm 1 Derivation of lifetime modification factor ajso based on temperature mea-

surements
if (T < Lq) V (Tx < 30°C) then

arsox = 1;
else if (30° C < Ty < 37°C) then
arsox = [5,71;

else if (37° C < T < 60°C) then
arsoj = [1,1.3];

else if (T > 60°C) then
d]so,k = [0.3, 0.5];

Although the bearing rating life L1 provides a theoretical estimation of the RUL, it lacks
the possibility of directly considering the monitored condition monitoring signals, such as
the vibration signals. Furthermore, although the modified rating life via the consideration
of the temperature measurement provides some improvements to the RUL estimation, it



104 5 Ball bearing application example

does not converge towards the true EoL.

5.5.2 RUL estimation via machine learning regression

In the following, a supervised machine learning model for regression task, that is, for
estimating the RUL as a continuous variable, is considered. As argued in the supporting
publication [169], any machine learning model for regression task is applicable. However,
different than the gradient boosting and random forest that have been considered in the
supporting publication [169], the GPR model is exemplarily utilized here. Furthermore,
several possibilities of considering time-varying operating conditions are investigated in-
volving the operating condition information and the monitored condition-related signals.
During the model development, the leave-one-out method is employed, such that sixteen
out of the seventeen experimental data are employed for training, while the seventeenth
previously unseen data is employed for testing.

Approach B: Condition-invariant features as inputs to a machine learning
regression model

The first possibility investigated is utilizing the condition-invariant features derived from
the monitored vibration signals, which was introduced in Section 5.3.2, as inputs to the
GPR model. The number of inputs not only influences the accuracy of a machine learning
model, but also the computational time required for training. Furthermore, some machine
learning models perform better with scaled data. Thus, although a detailed investigation
of these aspects is beyond the scope of this work, the number of input features and
data scaling or min-max normalization were considered during the model development.
Specifically, the influence of scaling the target variable, namely the RUL is considered
here. To this end, the default parameters of an exponential GPR model is utilized,
while ten top-ranked monotonic features, mostly from the HCTSA package are selected
as input data and scaled to the [0, 1] interval, during the investigations. The estimated
RUL under consideration of the influence of scaling the RUL during training is shown in
Figure 5.29(a). Both sub-figures of Figure 5.29(a) can generally be categorized in three
segments. The first segment till about 15 min corresponds to the warm-up phase. The
second segment from about 15 min till about 4.1 h corresponds to the healthy state after
the warm-up phase and before the transition time, while the third segment is characterized
by the faulty state. As presented in the top figure of Figure 5.29(a), although the RUL is
significantly overestimated in the healthy state region, it declines towards the true RUL in
the first segment, it possesses a constant trend with a large variation in the second segment
and tends to the true RUL with a small variation in the third segment. Contrarily, as
shown in the bottom figure of Figure 5.29(a), although the scaled estimated RUL is close
to the true value in the first segment, it significantly fluctuates at an average in the second
segment, thereafter it fluctuates with a significant deviation from the true RUL. Where the
information of the true time at EoL is unknown, which is typical in online testing scenario,
the estimated min-max normalized RUL cannot be easily transformed to the original
units, typically the time or cycles remaining before the EoL. Thus, although the min-max
normalization of the target RUL provides information about the degree of healthiness of a
system, it lacks the information of the time or cycles remaining for maintenance decision
making. Furthermore, especially for the experiment B02 exemplarily considered, it does
not converge to the true RUL towards the end EoL, as can be seen in the bottom figure
of Figure 5.29(a). Therefore, the target RUL is not min-max normalized in the following.
To investigate the influence of considering more information during model training, the
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Figure 5.29: Estimated RUL for experiment B02 based on an exponential GPR model,
under consideration of (a) the influence of target scaling and (b) top: twenty
condition-invariant features as input; bottom: temperature data as further
input

number of input features is doubled and the temperature information is also considered.
As shown in the top figure of Figure 5.29(b), doubling the number of input features
did not yield significant improvements for the considered experiment B02. Although it
cannot be generalized, including redundant and non-trending features typically require
more training time and often diminishes model accuracy. Thus, the top ten monotonic
features are further considered. In some experiments, the temperature signal shows some
significant increasing trend towards the EolL, thus the mean relative temperature T2 is
considered as a further input to the exponential GPR model. The resulting estimated
RUL is shown in the bottom figure of Figure 5.29(b). In comparison to the estimation
without the temperature information, the fluctuation is minimized and the estimated RUL
is closer to the true RUL towards the EoL, as can be inferred from the bottom figure of
Figure 5.29(b).

Approach C: Condition-centered data or scaled features as inputs to a machine
learning regression model

Since the operating conditions, namely the rotating speed and bearing loads are simulta-
neously measured alongside the vibration signals, the features derived from the vibration
signals can be scaled by the operating conditions. However, as discovered in Section
5.3.3, the speed-scaled vibration RMS has a more significant effect than the load-scaled
vibration RMS. Furthermore, since the load-scaling could have an adverse effect on the
resulting feature, as also discussed in Section 5.3.3, only the speed-scaling is considered
here. Specifically, ten speed-scaled top-ranked classical time-domain features, including
the vibration RMS, are utilized as inputs to train an exponential GPR model. For compar-
ison, ten speed-scaled top-ranked condition-invariant features, mostly from the HCTSA
package are also employed as inputs to train an exponential GPR model. The result-
ing estimated RUL for experiment B02 is exemplarily depicted in Figures 5.30(a) and
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Figure 5.30: Estimated RUL for experiment B02 based on an exponential GPR model
with ten speed-scaled inputs, namely (a) top-ranked classical time-domain
features and (b) top-ranked condition-invariant features

5.30(b), under consideration of the speed-scaled classical features and the speed-scaled
condition-invariant features, respectively. As shown in Figure 5.30(a), the estimated RUL
lies approximately between [30, 60] h in the warm-up phase. Although the true EoL is
about five hours, the overestimation during the warm-up phase is realistic, owing to the
relatively low operating conditions compared to operating conditions after the warm-up
phase. The second portion of the figure, spanning from about 15min to about 4h, is
characterized by a constant trend with large deviation from the true RUL. Furthermore,
there is a slight decline in the estimated RUL at about 2.3h and onward suggesting an
increased degradation. However, in the faulty state, namely, at about 4.1 h and onward,
the RUL is mostly overestimated and does not converge to the true RUL. In contrast,
the estimations with the speed-scaled condition-invariant features tend to be closer to the
true RUL in the faulty state. However, in the second portion of the figure, that is, from
about 15 min to about 4 h, the estimation possesses an almost constant trend with a large
variation.

Approach E: Embedding the operating conditions as further inputs to a ma-
chine learning regression model

The focus here is to investigate if incorporating the operating condition as further inputs
to a machine learning regression model generally leads to a better model performance.
To this end, the ten top-ranked condition-invariant features, are employed as inputs to
train an exponential GPR model in addition to the operating condition information. The
case where all available operating condition information is considered is compared against
the case where only a significant operating condition is considered. Specifically, in the
first case, the speed, static pre-load and dynamic load information are all considered as
additional inputs to the model, similar to the already published work [169]. In the second
case, only the speed information is considered as further information, because it was
found to be more significant in Section 5.3.5. In both cases, all input data are min-max
normalized, that is, scaled in the range [0, 1], while the target is not min-max normalized.
The resulting estimated RUL exemplarily for experiment B02 is shown in Figure 5.31(a),
while considering all available operating condition information and in Figure 5.31(b), while
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Figure 5.31: Estimated RUL for experiment B02 based on an exponential GPR model
with ten condition-invariant features inputs in addition to (a) all available
operating condition information and (b) only speed information

considering only the speed information. Both figures can also be partitioned into three
segments, as previously described. The difference between both cases is more pronounced
in the second portion, spanning from about 15min to about 4h, where incorporating
all operating condition information introduces a large variation, as opposed to the case
where only the speed information is considered. The large variation in Figure 5.31(a)
is attributed to the nature of the dynamic load, which also possesses a large variation.
Although the estimations from both models are close to the true RUL in the third region,
that is, in the faulty state, the model with only the speed information is slightly better,
because the model is more conservative, with lower variation.

5.5.3 Ensemble method

On the one hand, the modified bearing rating life did not incorporate the vibration fea-
tures, but provided a theoretical RUL estimation close to the true RUL in the healthy
segment, for some experiments. However, the RUL estimates fail to converge towards the
bearing’s EoL. On the other hand, the machine learning regression model incorporated the
vibration features as inputs. The RUL estimation with the model was mostly significantly
overestimated in the healthy segment, but close to the true RUL towards the bearing’s
EoL, because of the typically long non-trending healthy segment and short trending faulty
segment of the features. Thus, an ensemble method that utilizes the modified bearing
rating life to estimate the RUL in the healthy segment, but utilizes the exponential GPR
model to estimate the RUL in the faulty segment, as depicted in Figure 5.32, is proposed
here. The binary decision, if the system is in an healthy state or not, can be made via an
expert-tailored threshold, or via machine learning methods, such as a binary clustering or
classification method, as described in section 5.3. The transition point between healthy
and faulty instance as determined by the clustering method with a condition-invariant
feature, is exemplarily considered here. Furthermore, although different combinations of
both models are conceivable, the model with the modified rating life under consideration
of the temperature data is combined with the exponential GPR model with ten condition-
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Figure 5.32: Ensemble method for estimating the RUL, considering non-trending healthy
segment and short trending faulty segment of the vibration features

invariant features inputs in addition to the speed information. Specifically, on the one
hand, the exponential GPR model is utilized to estimate the RUL after the transition
time at about 4.13h, as exemplarily seen in Figure 5.33(a). On the other hand, the 30th
percentile of both the modified rating life and the exponential GPR model is exemplarily
considered after the transition time to estimate the RUL, as exemplarily seen in Figure
5.33(b).

As can be deduced from both figures, the model performance is inherited from the corre-
sponding model. Before the transition time, the model performance of the modified rating
life is inherited in particular. However, after the transition time, the performance of the
exponential GPR model is inherited, on the one hand, such that the estimation is heavily
overestimated shortly after the transition time, but converges towards the true RUL, as
can be inferred from Figure 5.33(a). On the other hand, the performance of both methods
are regarded, such that the large variation of the modified rating life is generally reduced
by the exponential GPR model, as can be observed from Figure 5.33(b). Furthermore,
the overestimation of the exponential GPR model shortly after the transition time is also
counteracted.
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Figure 5.33: Estimated RUL for experiment B02 based on an ensemble model compris-
ing of the modified rating life and (a) an exponential GPR model with ten
condition-invariant features inputs in addition to the temperature informa-
tion (b) an exponential GPR model with ten condition-invariant features
inputs in addition to the speed information

5.6 Performance evaluation of the prognostics
approaches

As previously stated, the ground truth discrete health state or continuous health index is
inferred from the measured condition monitoring signals. Furthermore, since new bearings
are installed during the run-to-failure experiments, the health index at the Bol. assumes
the value 1 and 0 at the EoL. As previously stated, the degradation is assumed to linearly
accumulate. Thus, with time, the RUL is assumed to descend linearly from the BoL till
the EoL. In this regard, a pseudo ground truth RUL with values in the [0, 1] interval is
derived as a basis for comparing the prognostics approaches. The RUL estimated by the
considered models does not lie within the specified accuracy cone bounded at 20%, over
the entire life time of the bearings and particularly did not remain within the bounds
towards the EoL of the bearings. This results from the large variations and consequently
significant uncertainty inherent of time-varying operations. For brevity, the comparative
results based on the wMAPE is considered here for selected approaches, in the following.
However, in the Appendix, Table 7 presents the evaluation results based on the nRMSE,
while Table 6 presents the extended evaluation results based on the wMAPE.

In Table 5.4, approach LT considers the bearing rating life model with temperature-
dependent modification factor. Approaches B, C and E utilize the exponential GPR
model with ten condition-invariant features, while considering different levels of operating
condition information. Approach B does not consider any further information, approach
C considers speed-scaled features, while approach E considers the speed information, in
addition to the condition invariant features. Furthermore, the best performing approach
per bearing is highlighted via bold text. As presented in Table 5.4, approach LT out-
performs the other presented approaches for most of the bearings, owing to the linear
decrease of the RUL towards the end of life and the incorporation of the temperature-
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dependent modification factor. However, for bearings B06, B07, B10 and B12, approach
B outperforms the other approaches. Furthermore, approach B provides similar results
to approach LT, for bearings B09 and B15. Approach C and approach E both lead to
better performance than approach B for bearings BO1, B05, B08, B13 and B16. How-
ever, approach E outperforms the other approaches only for bearings BO1 and B08, while
approach C outperforms the other approaches only for bearing B17.

In summary, approach LT, that is, the bearing rating life model with temperature-
dependent modification factor, outperformed the other presented approaches, in most
of the bearings. The next-best approach towards estimating the RUL of the considered
ball bearings is the exponential GPR model trained with condition-invariant features en-
gineered from the vibration signals (approach B). Although underperforming than the
approach LT, scaling the features with respect to the speed (approach C) and the in-
corporation of the speed information as additional input to a machine learning model
(approach E) provide some benefit towards estimating the RUL of ball bearings under
time-varying operating conditions, particularly considering machine learning regression
models.
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Table 5.4: Performance evaluation with the wMAPE metric exemplarily for selected ap-

proaches

Bearing | Approach LT Approach B Approach C Approach E
Bo1 1.54 4.05 3.96 1.28
B02 0.28 2.78 3.92 3.77
B03 0.33 11.57 9.91 11.85
Bo4 0.87 2.71 4.93 2.84
B05 1.05 15.05 9.06 8.31
B06 1.61 0.69 0.80 0.82
BO7 1.59 0.53 0.84 0.83
B0O8 1.40 1.76 1.20 0.94
B09 1.04 1.04 1.29 1.33
B10 1.82 0.80 0.94 0.88
B11 0.33 0.54 1.61 0.79
B12 5.00 1.98 3.10 3.21
B13 0.56 0.84 0.68 0.68
B14 0.57 1.04 0.94 1.39
B15 0.64 0.64 0.68 0.71
B16 1.08 11.05 2.53 2.05
B17 4.53 2.57 1.74 2.58







6 Conclusion and Outlook

This concluding chapter will review the key research findings and examine their benefits
and limitations, thereby laying the groundwork for future research opportunities.

Mechatronic and cyber-physical systems are subject to various changing environmental
conditions and operate under time-varying operating conditions to fulfill specific goals.
However, these time-varying conditions often have a negative impact on the degradation
process and obscure condition monitoring signals, making it difficult to detect potential
faults. This can result in significant economic losses and severe consequences for hu-
man safety and the environment, particularly in safety-critical systems. To address this
challenge, three research objectives have been established to develop a comprehensive
framework for reliable fault detection and prognostics in technical systems subjected to
time-varying operating conditions.

The first objective was to investigate the interrelationship between the degradation pro-
cess, the underlying operating conditions, and the condition monitoring signals. This
study contributes to existing knowledge by demonstrating that while time-varying oper-
ating conditions, such as set by the operator or usage patterns, have a significant impact
on both the degradation rate and the measured condition monitoring signals, these are
not the sole contributing factors. The findings in this study underscore that other sources
of variability, particularly those arising from material properties and manufacturing pro-
cesses, also play a considerable role in influencing the degradation behavior. The interplay
between these factors highlights the complexity of accurately detecting faults and predict-
ing the RUL of technical systems.

The second objective aimed to identify features extracted from condition monitoring data
that are more sensitive to degradation itself, rather than to variations in operating con-
ditions. In practical terms, this means discovering features that reliably indicate fault
progression, irrespective of (abrupt) jumps resulting from time-varying operating con-
ditions. Through the application of advanced time-series analysis toolboxes, including
HCTSA, EMG, and EEG feature extraction toolboxes, the study identifies a set of fea-
tures that predominantly reflect the underlying degradation, even under changes in the
operating conditions. These condition-invariant features provide a robust basis for fault
detection and prognostics, even in the presence of time-varying operating conditions.
The third objective explored the methodologies and potential benefits associated with
incorporating the operating conditions into fault detection and prognostics tasks. To ad-
dress this, the research presents a comprehensive flowchart that systematizes five distinct
approaches for leveraging information about time-varying operating conditions:

A) Specialized signal analysis techniques: Adapting signal processing techniques
to isolate or compensate for effects of specific operating conditions.

B) Condition-invariant feature engineering: Extracting and selecting features that
capture degradation independently of the underlying operating condition.

C) Condition-centered data or feature scaling: Normalizing or scaling condition
monitoring data or features derived thereof based on the current operating condition
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to factor out its influence.

D) Condition-specific feature standardization and segmentation: Segmenting
and standardizing feature sets within distinct operating conditions to compensate
the effects of varying operating conditions.

E) Embedding operating conditions in the modeling phase: Directly including
operating parameters as inputs in the model development phase, for example as a
further input in machine learning models, thereby improving predictive accuracy.

By systematically integrating these approaches, the study demonstrates how models can
more effectively account for the challenges posed by time-varying operating conditions,
ultimately leading to reliable fault detection and prognostics.

In summary, the research not only highlights the diverse factors that affect system degra-
dation under time-varying conditions, but also provides practical pathways for extracting
meaningful degradation features and building robust fault detection and prognostics mod-
els. These contributions collectively advance the field of condition-based and predictive
maintenance, especially for systems operating under time-varying conditions.

Although this study has provided practical pathways for addressing time-varying operat-
ing conditions, the following research opportunities have been identified to further enhance
the accuracy of fault detection and prognostics models.

Firstly, in developing models to estimate the RUL of technical systems, where obtaining
the true ground truth is challenging, the current state of the art often relies on a pseudo
ground truth RUL based on assumptions from degradation models, such as a (piecewise)
linear model. To improve performance evaluation, particularly for safety-critical systems,
a promising research direction involves developing experimental procedures to validate
the pseudo ground truth RUL or to leverage knowledge transfer from systems where the
ground truth RUL can be directly measured.

Secondly, to better account for previously unseen operating conditions that can signifi-
cantly affect the accuracy of fault detection and prognostics models, a valuable research di-
rection is to extend the current study by incorporating a prediction of future time-varying
operating conditions, along with an assessment of the associated prediction uncertainty.

Lastly, the current study focused on a limited failure mode observed under controlled ex-
perimental conditions. However, in real-world applications, certain fault or failure modes
may not occur in some systems, while multiple fault or failure modes and mechanisms
may occur simultaneously and interact with one another, particularly under time-varying
operating conditions. Therefore, a key research direction is to extend the current study
to address data imbalance issues, where fault or failure conditions represent the minority
class. Additionally, further research should explore the use of transfer learning or on-
line learning approaches to transfer or adapt existing models for handling multiple, new,
and previously unseen fault or failure modes, as well as for application to other related
technical systems.
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Appendix

A Characteristics and further results of the piezoelectric
bending actuators

Piezoelectric ceramics [l Electrode [l Adhesive
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Figure .1: Side view showing the dimensions of the piezoelectric bending actuator adapted
from [175], [178].

Table 1: Characteristics of the piezoelectric bending actuator from Johnson Matthey
(Typel - 427.0085.11F)

Attribute Value

Length L 50.00mm + 0.3 mm
Length of coating L¢ 38.20mm + 1.00 mm
Length of ceramic Lp 45.00 mm + 0.50 mm
Width W 7.20mm + 0.05mm
Thickness, coated Te 0.81mm =+ 0.04 mm
Thickness CFRP 0.28mm =+ 0.1 mm
(inclusive Copper overhang) Ty

Total deflection 1.70mm + 0.40 mm
(at 230V and 38 mm free length)

Capacitance per ceramic layer 45nF + 20%

(at 1kHz and 1V)

A.1 Performance evaluation of the prognostics approaches

The resulting nRMSE values for the experiments P01 through P11 are presented in Table
2 for the three approaches described in Section 4.5. In Table 2, approach B represents

137



138 Appendix

the ensemble RUL model utilizing solely the features derived from the current signal.
Approach C considers voltage-scaled current features as input data to estimate the RUL,
while approach E incorporates voltage features in addition to the current features.

As shown in Table 2, with the exception of experiment P06, approach C underperforms
compared to the other approaches. Approach E demonstrates superior performance over
both approaches B and C in more than 70% of the experiments. The evaluation results
based on the nRMSE support the preceding observation based on the wMAPE that ap-
proach E, where the voltage features are utilized in the addition to the current features,
achieves improved performance.

Table 2: Performance evaluation with nRMSE metric for the three described approaches

nRMSE
Experiment | Approach B Approach C Approach E
PO1 10.29 10.40 7.30
P02 1.85 1.86 1.88
P03 1.24 2.33 2.35
P04 4.18 5.99 7.19
P05 7.74 9.62 3.22
P06 2.90 0.90 1.70
P07 37.33 38.82 22.65
P08 16.83 18.72 15.56
P09 2.41 2.16 1.61
P10 6.44 4.00 3.30
P11 2.83 5.66 2.52
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B Characteristics and further results of the ball bearings

B.1 Dimensions of test ball bearing and support spherical roller

bearing
Dy 7B
- —— - A
A A =\
A
Dr d — - — - — d>» | Dy
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Figure .2: Bearing dimensions: (a) test ball bearing and (b) support spherical roller bear-
ing

Table 3: Characteristics of the test bearing of type 61806-2RS

Attribute Value
Bore diameter d 30 mm
Outer diameter D 42 mm
Width B 7mm
Rolling circle diameter Dr 35.5 mm
Rolling element diameter Dy 3.18 mm
Number of balls z 19

Seal NBR+-08
Basic static load rating Cy 3.15kN
Basic dynamic load rating C 4.00 kN
Limiting speed 12000 rpm
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Table 4: Characteristics of the support bearings of type WS22205-E1-XL-2RS

Attribute Value
Bore diameter d 25 mm
Outer diameter D 52 mm
Width B 23 mm
Outer ring bore diameter Dy 46.1 mm
Inner ring raceway diameter do 29.8 mm
Basic static load rating Cy 42.5kN
Basic dynamic load rating C 48.5 kN
Limiting speed 3600 rpm

B.2 Further performance evaluation results of the prognostics
approaches

In Tables 6 and 7, approach L represents the bearing rating life model without consid-
ering the modification factor, while approach LT considers the bearing rating life model
with temperature-dependent modification factor. Approaches B, BT, C and E utilize the
exponential GPR model with ten condition-invariant features, while considering different
levels of operating condition information, as described in Section 5.5. Approach B does
not consider any further information, approach BT additionally considers the bearing
relative temperature, approach C considers speed-scaled features, approach E considers
the speed information in addition to the condition invariant features, while approach
LT E combines the benefits of approach LT and approach E via a 30th percentile of both
approaches.

As presented in Tables 6 and 7 for the wMAPE and nRMSE, respectively, there is no
one approach that outperforms the others in all the considered bearings, owing to several
factors, such as the large lifetime variations and the non-negligible effects of the time-
varying operating conditions. However, even without additional information, approach
B produces satisfactory results. Furthermore, approach LT E. that is, the ensemble of
approach LT and approach E stands out, while considering both metrics. On a closer look
at both tables, it is obvious that the metric score of Model approach LT E is similar to
that of approach LT, because the estimation with approach LT begins at the BoLL onward
and has a significant impact, as opposed to approach E, where the RUL is estimated
after the transition time. Nonetheless, from the preceding results, it can be preliminarily
concluded that although no single model outperforms the other models in all bearings, the
incorporation of significant operating condition information, the bearing temperature and
condition-invariant features engineered from the vibration signals provide some benefit
towards detecting faults and estimating the RUL of ball bearings.
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Table 5: Data Set Characteristics [290]

Experiment  Approx. Number of Threshold Defect
Duration / h  Measurements Criterion

BO1 2 377 - IR, OR, B
B02 6 1116 ET vibration IR

B03 3 614 ETtemperature IR

B04 6 1114 ET vibration IR, B

B05 3 572 - B

B06 67 12965 ET vibration IR, B

B07 37 6393 ET temperature IR

B08 11 1827 ETtemperature IR, B

B09 13 1813 Etvibration OR, B
B10 19 3224 ET vibration OR, B
B11 8 1953 ETvibration IR, OR, B
B12 3 767 ET ibration IR, B

B13 66 19417 ET vibration IR, B

B14 41 12317 ET vibration B

B15 76 22567 ET temperature IR, B

B16 20 5891 - IR, OR, B
B17 17 2733 ET vibration B

Where Etgyipration and ET temperature denote the vibration and threshold
value, respectively. IR denotes inner race defect(s), OR denotes outer
race defect(s) and B denotes rolling element defect(s).
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Table 6: Performance evaluation with the wMAPE metric exemplarily for seven models

Bearing | Approach L. Approach LT Approach B Approach BT Approach C  Approach E  Approach LT _E
Bo01 1.98 1.54 4.05 4.00 3.96 1.28 1.16
B02 0.37 0.28 2.78 3.98 3.92 3.77 0.28
B03 0.60 0.33 11.57 0.43 9.91 11.85 0.32
B04 0.52 0.87 2.71 2.87 4.93 2.84 0.74
B05 2.21 1.05 15.05 2.95 9.06 8.31 1.05
B06 1.89 1.61 0.69 0.80 0.80 0.82 1.61
BO7 1.65 1.59 0.53 0.77 0.84 0.83 1.58
B08 0.91 1.40 1.76 1.12 1.20 0.94 1.32
B09 1.04 1.04 1.04 1.47 1.29 1.33 1.03
B10 1.85 1.82 0.80 0.92 0.94 0.88 1.79
B11 0.39 0.33 0.54 2.72 1.61 0.79 0.39
B12 3.95 5.00 1.98 2.58 3.10 3.21 2.80
B13 1.75 0.56 0.84 0.64 0.68 0.68 0.54
Bl4 1.58 0.57 1.04 0.74 0.94 1.39 0.55
B15 1.77 0.64 0.64 0.52 0.68 0.71 0.63
B16 1.23 1.08 11.05 3.96 2.53 2.05 1.07
B17 0.73 4.53 2.57 1.86 1.74 2.58 4.52

Table 7: Performance evaluation with the nRMSE metric exemplarily for seven models

Bearing | Approach L. Approach LT Approach B Approach BT Approach C Approach E  Approach LT _E
BO1 4.72 3.77 18.31 14.93 13.80 4.99 3.41
B02 0.84 0.87 6.40 8.74 9.54 8.52 0.71
B03 141 0.89 25.71 1.10 21.98 26.52 0.93
B04 1.28 4.37 8.25 8.94 13.00 7.93 4.31
B05 5.22 3.02 34.71 11.97 22.31 21.21 3.05
B06 3.30 2.85 1.47 1.66 1.63 1.68 2.84
BO7 2.92 2.81 1.24 1.83 1.76 1.77 2.76
B08 1.75 2.64 4.51 2.62 2.51 2.06 2.15
B09 1.97 1.97 3.33 5.49 3.49 4.63 1.62
B10 3.30 3.25 1.74 1.89 1.95 1.87 3.06
B11 0.82 0.75 1.59 8.00 4.24 1.80 0.72
B12 8.09 10.33 5.22 7.60 8.67 8.68 8.66
B13 3.04 1.23 1.82 1.40 1.46 1.46 0.96
B14 2.76 1.28 1.93 1.44 1.80 2.82 1.23
B15 3.08 1.35 1.39 1.10 1.46 1.51 1.16
B16 2.18 1.92 20.43 7.59 4.81 3.81 1.84
B17 1.43 9.97 5.23 4.08 3.70 5.24 9.96
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