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Abstract

Nowadays, condition monitoring of rotating machinery is becoming increasingly important
for the industry because it allows reducing accidental damages and improving the machine
performance at the same time. This tool, aso called Condition-based Maintenance relies
on the adequate evaluation of the machine health or state, employing a set of measurements
as mechanical vibration signals. Nevertheless, most of the real-world machinery operates
unique pieces, which are not suitable for inducing faults, making unfeasible to collect use-
ful data on damaged conditions. Furthermore, in many cases, the operating conditions of
the machine are governed by speed or load changes, which makes dif cult the traditional

analysis based on the 1SO standards, and hides relevant information of the machine health.

In that sense, this document present a machine diagnostic methodol ogy, based on the analysis
of non-stationary vibration signals, which includes the detection, isolation, and identi cation
of the possible faults. Particularly, the proposed methodology has the same stages but in an
order different. Firstly, an order tracking (OT) model is proposed to decomposes the signal
into a set of narrow-band spectral components that capture information associated with the
operating conditions. Besides, the OT model providesthe possibility also to extract the refer-
ence shaft speed when that measure is unavailable. Secondly, a novel methodology for fault
detection, called frequency-located fault detection, based on novelty detection techniques
that use one-class classi ers (OCC) to describe the normal m achine performance. Here, the
obtained order components, obtained using the OT model, are used as pseudo-observations
of thevibration signal and aclass cation schemeisapplie d to determineif any new instance
corresponds with an outlier. Therefore, this step makes adecision for each order component,
assigning to each one a label either target or outlier. The advantage in this step is centered
in the fact that allow determining the frequency range where the fault arises, reducing the
search time and giving useful information to the machine operator. Finally, the cyclostation-
ary properties of the order components are analyzed and inspected to identify the type of
faults, which in this case are related with bearing failures. With the proposed methodologies
to machine diagnostic, it is possible detecting effectively that the fault exists, taking into
complex account scenarios where the operating conditions are time-varying.

Severa experiments are discussed, lasting from laboratory test rigs to case studies such as
ship driveline, wind turbine, gearbox and diesel engine, where the proposed OT model was
tested estimating the instantaneous speed. Another signi cant nding isde ned by the cyclic
propertiesthat the order components present because the model may be used as a preprocess-
ing tool that contributes to separate stationary and cyclostationary processes whenever the
operating condition of the machine be constant. In conclusion, the proposed methodology
for machine diagnostic based on the OT model to extract blind components and to detect
outlier behaviorsis apromising tool in condition monitoring.



Xii

Keywords: Order Tracking, Blind Signal Extraction, Novelty Detection, Non-stationary vibra-
tion Signals

Resumen

Hoy en d-a el monitoreo de condicien de maquinaria rotativa ha comenzado a ser un tema
importante para la industria porque permite al mismo tiempo reducir danos accidentales y
mejorar el rendimiento de las mequinas. Esta herramienta, conocida tambien como Manten-
imiento basado en condicien se basa en la evaluacion adecuada de la salud de lamaquinari a,
empleando una serie de mediciones como vibraciones mecanicas. No obstante, la gran
mayor-a de maguinas en ambientes industriales reales uti lizan piezasunicas, por |o cua no
esposibleinducir o simular fallas, haciendo infactible coleccionar datosutiles de lamagquina
bajo condiciones de dano. Ademas, en muchos casos, las condiciones de operacion de la
maguina se rigen depedendiendo de los cambios de lavelocidad o carga, |o cual incrementa
ladi cultad del analisis tradicional basado en normas ISO , y oculta informacion relevante
de la salud de maquina.

Baj 0 esa perspectiva, este documento presentaunametodol og-ade diagnestico de maquinaria
basada en el analisis de senales de vibracion no estacion arias, incluyendo las etapas de de-
teccion, separacion e identi cacion de las posibles fal las. Particularmente, la metodolog-a
propuesta esta compuesta por las mismas etapas que cualquier procedimiento de diagnestico
defallas pero en un orden diferente. Primero, se propone un modelo de seguimiento de orden
(Order Tracking - OT en ingles) para descomponer la senal en un conjunto de comp onentes
espectrales de banda angosta, los cuales capturan la informacien asociada con las condi-

ciones de operacion. En ese sentido, el modelo OT propuesto brindala posibilidad de extraer
tanto la velocidad del ge de referencia cuando esta medida no es disponible. Segundo, se
propone una novedosa metodol og-a para deteccien de fallas, [lamada deteccion de fallas con
localizacien en frecuencia, la cual se basa en tecnicas de deteccion de at-picos ( Novelty De-
tection en ingles) y usa clasi cadores de una clase para describir e | rendimiento normal de
lamaquina. La metodolog-a propuesta utilizalos compone ntes de orden, obtenidos usando
el modelo OT, como nuevas pseudo-observaciones de la sena de vibracien, y se emplea un
esguema de clasi cacien, como etapa posterior, con el nde determinar si cualquieradelos
nuevas observaciones puede ser catalogada como un at-pico. En consecuencia, a cada com-
ponente de orden se | e asigna una etiqueta que puede tomar dos valores normal o at-pico. La
ventgj ade estametodol og-ase centraen el hecho que permite determinar €l rango defrecuen-
ciadonde se encuenta unafalla, reduciendo el tiempo de busqueday brindando informacien
util al personal de mantenimiento, que en muchos casos no ti ene conocimientos especializa-
dos para este tipo de andlisis. Finalmente, se analizan las propiedades cicloestacionarias de
los componentes de orden y, mediante inspeccion visual, se identi can distintostiposdefalla
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relacionados con defectos en rodamientos. Con € uso de la metodol og-a propuesta es posi-
ble detectar de unaformaefectivaquey cualesfalas puede estar experimentado la maquina,
considerando escenarios complgjos donde las condiciones de operacion son cambiantesen a
traves del tiempo.

Varios experimentos son discutidos, desde bancos de prueba de laboratorio hasta estudios
de caso tales como la |-nea de propulsien de un barco, turbi nas de viento, sistemas de en-
granges y motores de combustien interna, donde el modelo OT propuesto fue probado para
estimar la velocidad instantanea. Otro hallazgo signi ca tivo se basa en la de nicien de las
propiedades c-clicas que tienen los componentes de orden, ya que esto abre la posibilidad
de emplear el modelo propuesto como una tecnica de descomposicien para separar Compo-
nentes estacionariasy cicloestacionarios cuando |as condiciones de operacion de lamaguina
son constantes. En conclusien, lametodol og-a propuesta es una herramienta prometedora en
€l area de monitoreo de condicien de maquinas rotativas.

Palabras claves. Seguimiento de orden, Extraccion de senales ocultas, Deteccien de at-picos,
Senales devibracien no estacionarias
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1 Introduction

1.1 Motivation

Technological devel opments had represented a challenge for the industry to improve the ma-
chinery and the productive systems, motivating an increment in their demand from commu-
nity searching a stable economy and a reliable plant. Besides, to decrease the environment
and human risks. Therefore, the importance of maintenance area has increased because it
allows holding the system health and its availability. The continued progress in sensing
capabilities together with the necessity of monitoring processes have changed the indus-
try paradigm, where the companies are migrating from traditional preventive maintenance
strategies to conservative maintenance tasks, and they are incorporating predictive mainte-
nance concepts, which are carried out only when these are required.

In this context, speaking about machine fault diagnostic turns relevant, and it can be de ned
as the procedure of mapping the information obtained from a measurement space to a fea-
ture space. This mapping process is also called Feature extraction. Traditionally, feature
extraction oriented to pattern recognition is done manually with statistic indicators as root
mean square value, or auxiliary graphical tools such as power and phase spectrum graphs,
cepstrum graph, AR spectrum graph, spectrogram, wavelet scalogram, wavel et phase graph,
etc. However, manual pattern recognition requires expertise in the particular area of the
diagnostic application. Thus, highly trained and skilled personnel is needed. Therefore,
automatic pattern recognition is highly desirable, and can be achieved by classi cation of
signals based on the information or features extracted from mechanical vibration signals. It
is worth noting that vibration analysis is attractive in the industry due to its low cost and
the acceptable precision that it can reach using this technical tool, in comparison with tech-
niques as acoustic emission and thermography. In consequence, this work covers only the
issue related to the digital processing of vibration signals.

In Colombia, the industrial sector had seen the necessity of implementing predictive main-
tenance programs, aiming to optimize the performance and the useful lifetime of their ma-
chines. Hence, the vibration analysis as a tool for machine diagnostics has generated al
kind of expectations, because it has a high pro tability w.r .t the cost/benet relationship.
Therefore, the development of a methodology in machine diagnostics allows increasing the
predictive and preventive maintenance in Colombian industry, entailing a major competi-
tively in their products and processes. Furthermore, the Signal Processing and Recognition
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Group focuses its activity on the research and development of stochastic characterization,
training, and recognition systems, which are applied to machine diagnostics using the vi-
bration analysis. Additionally, this doctoral work is framed into the research project titled

Sstema autenomo de monitoreo de vibraciones mecanicas para diagnestico de fallas no
estacionarias en maquinas rotativas , which was endorsed by Colciencias.

1.2 Problem statement

Condition-based monitoring recommends maintenance decisions grounded on the informa-
tion collected from the machine, also called Diagnostics, which deals with fault detection,
isolation, and identi cation whenever it occurs. Fault det ection is atask to indicate whether
something is going wrong in the monitored system; fault isolation locates the component
that isfaulty; fault identi cation determinesthe nature o f the damage whenever it is detected
(Jardine et al., 2006). The most used technique in diagnostics is vibration analysis because
it alowsto nd the different sources, either interna or ex ternal, which excite the machine.
Thereby, it ispossibleto identify the fault source that generates the abnormal state of the ma-
chine. However, several problems involve the identi catio n of the source, especially, when
the machine behavior is dynamic, i.e. there are changes of load and/or speed in the system,
causing non-stationary vibration signals.

Those non-stationary sources are then analyzed by several methods to detect a possible
change in their dynamics, which is re ected in the original m easurements, yet it is tough
to identify that change (Popescu, 2010). For this reason, it is necessary to estimate or mea-
sure the fundamental frequency that governs the dynamic behavior of the machine, giving a
detailed identi cation of speed changes, and analyzing the impact of those changes on the
vibration signals (Barszcz and Randall, 2009). Those effects are known as transients, and
itsanalysis has always been a crucial problem for localized fault detection. In that sense, the
principal aim of transient feature analysisisto identify its model and parameters (frequency,
damping ratio and time index), as well asthetimeinterval or frequency band (i.e. the period
between transients) (Wang et a., 2011a). In practical applications, however, the transient
model and frequency parameter may not be so entirely accurate for identifying the period.
Therefore, the frequency band selection problem is understood as the selection of optimal
center frequency or cyclic frequency and its bandwidth dyad. The practical concern in ma-
chine diagnosticsis that any of these two parametersis hardly known apriori. Furthermore,
in many cases, the sought impul ses are masked by a sharp noise or other signal components
excited during normal operation (Barszcz and Jab onski , 2011).

If there exists a priori knowledge about the cyclic frequency, a set of blind sources could be
separated into cyclostationary, periodic and random sources. However, conventional blind
source separation (BSS) algorithms rely on assumptions, which often do not t into obser-
vationsin reality. Hence, there is an urge to address the robustness issues such as separation
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of sources when the number of sourcesis not known a priori, the sources are not statistically
independent, the mixing system istime varying or non-stationary, and the mixture is nonlin-
ear or convolutive (Antoni, 2005, 2009). For instance, most of the BSS models devel oped
are based on the assumption of a stationary mixing system. But in practice, there are many
circumstances where this assumption is violated, due to non-stationary behavior caused by
load and speed changes (Das et al., 2009, 2010). Thereby, it is necessary to aleviate some
of the dif culties of BSS, such as convolutive mixtures, an i nsuf cient number of collected
mixtures and an unknown number of sources. Therefore, the problem is focused to blind
source extraction, where a blind component is sought assuming the knowledge of the part
of the machine that is going to fail (Jing and Meng, 2009). Nonetheless, those assumptions
cannot be applied to real applications because they require expertisein the particular area of
the diagnostic application. Moreover, a single machine component may represent multiple
signal sources, re ected by multiple faults of different ch aracteristics. Then, using a dedi-
cated sensor and an algorithm for each and every such failure is of course not viable both
technically and economically. Itis, therefore, highly desirableto develop an ef cient method
for smultaneous detection of multiple transient faults and blind signals of a single or multi-
ple neighboring machine components based on a single- or multi-channel signals (Wang and
Liang, 2012).

It is worth noting that distinguishing the different blind signals only gives a partial solution
to the diagnostic problem, because it alows identifying where may be the fault, but it does
not say if the defect exists, especialy, in actual environments, where the faulty cases are
not available. Therefore, it is necessary to render an additional stage for fault detection,
known as novelty detection. In most of the cases, the input dataset holds unbalance of the
faulty/undamaged classes (states of the machine), since the recordings of the damaged ma-
chine are not available and the amount of available data characterizing the different states
of the machine are very low. In consequence, the application of conventional classi cation

techniques can not be considered (McBain and Timusk, 2009; Xiao et al., 2013). Likewise,
to re ect practical constraints; usually, thereisonly asm all available dataset for the learning
task, at the constant regime and with no mechanical model. Indeed, in the eld of large and

complex rotating machines such as turbofans, many defects can not be modeled nor antici-
pated, and recordings of faults are unavailable (Hazan et al., 2012). In the event, however,
that the distribution of available dataamong classesis unbalanced, the ability of conventional
classi cation techniques to distinguish undamaged from an y damage is limited. So, in ma-
chinery monitoring, this unbalance is particularly potent since the data that describe the fault
conditions are often non-existent, and their measurement would require damage equipment,
acostly or wholly unacceptable operational consideration (McBain and Timusk, 2011).
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1.3 A brief literature review

In the eld of machine diagnostic problem, several authors h ad studied different points of
view such as the non-stationary behavior identi cation of t he machine governed by variable
speed and/or load and its associated individual components, usually so called order track-
ing). The extraction of blind components from the vibration signal that characterizes fault
conditions, and the machine health state description when just undamaged recordings are
available (novelty detection). Although each issue looks like separated tasks, every tech-
nique is driven to the same problem, and the works related here were the motivation at the
beginning of this doctoral work.

1.3.1 Order tracking

In this regard, techniques grounded on order tracking (OT) have been devoted to obtaining
the fundamental component features of the reference shaft speed (called basic order) and
capturing the dynamics of the measured vibration signals. The OT technique has shown
to be useful in the analysis of non-stationary vibration signals, condition monitoring, and
fault diagnosis (Bai et a., 2005). Moreover, it allows to identify the rotation speed and their
spectral/order components, being both fundamental to describe the machine state as well as
its conforming mechanisms under changing load and speed regimes, for instance, start-up
and coast-down of the machine (Guo et al., 2006; Pan and Lin, 2006).

OT isused intheliterature for two speci ¢ tasks, on one hand there are the techniquesrelated
with the estimation of the instantaneous angular speed (1AS), where the pattern that governs
the machine dynamic is extracted from the vibration signal. This fact is specialy useful
when the speed is not measured by tachometer or speed sensors. In that regard, the IAS
could be estimated from non-parametric or parametric representations. In the former case, it
could be found approaches based on time-frequency representations such as Gabor transform
(Zhao et al., 2008) and Short-Time Fourier Transform (Guo et a., 2006; Gao et al., 2006;
Zimroz et al., 2011; Leclere et al., 2016), which in many cases tting the extracted IAS

by a least squares method. Another approaches are based on time-scale transformations
such as scale transform (Combet and Zimroz, 2009) and wavelet transform (Gryllias and
Antoniadis, 2013). In the case of parametric representations are found approaches based
on state space models that are mainly solved by recursive algorithms such as the Extended
Kaman Filtering (EKF) (Scalaand Bitmead, 1994; Bittanti and Saravesi, 2000; Zhang et al.,
2008), and the eigenval ue parametric computation (Rodopoul oset al ., 2014). In spite of these
methods achieve satisfactory results, the tting of a param etric model of the vibration signal

could provide more information about the spectral components in the signal, and hence,
similar approaches use the EKF to extract both IAS and order/spectral components (Alves
and Coelho, 2010; Hajimolahoseini et al., 2012).

On the other hand, there are the approaches that use the speed information to extract a sin-
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gular or multiple order components. In that sense, based on a suggested estimation strategy
using Kalman ltering in Bai et al. (2005), its improved version with increased precision,
termed Vold-Kalman lItering (VKF_OT), is employed in Pan and Lin (2006); Pan and Wu
(2007); Stephens and Vold (2014). However, either parametric estimation approach requires
for measuring the shaft speed, which makes the order analysis still complicated since track-
ing performance is subject to the synchronization process between the vibration signal and its
reference speed. Also, the shaft speed measurement impliesinstalling additional equipment
near the machine, which in not al situations may be feasible. Other approaches proposed in
Cardona-Morales et a. (2011) and Wang and Heyns (2011), use a combined model for OT.
In the former case, an oscillatory model is employed together to Extended Kalman Filter and
the latter case uses the VKF-OT together to Empirical Mode Decomposition for separating
the non-stationary and stationary components. However, the estimation of the number of or-
der componentsis still an open issue, because it requires ahuge apriori knowledge about the
machine, moreover, it is sensible enough to the noise environment. Nonetheless, if a priori
information about the machineis available, it is possibleto carry out an order-angle transfor-
mation that compensates the speed uctuations, obtaining a signal map where the maority
of components governed by the reference shaft speed are stationary. The most commonly
used techniques is called computed order tracking (COT) (Fyfe and Munck, 1997), which
performs a resampling of the signal according with the angle information. Nonetheless, an-
other techniques based on resampling are synchronous averaging used in Renaudin et al.
(2010); Borghesani et al. (2012, 2013), and aimproved version termed moving synchronous
averaging approach is presented in Leclere and Hamzaoui (2014). Those approaches have
showed interesting results identifying rolling element bering faults, and its application to
other mechanismsisincreasing.

1.3.2 Novelty detection

One-class classi cation (OCC) technigques have been used, t o determine when the state of
machine ceases to be normal and when the rst symptoms of dama ge appear. For instance,
Tax and Duin (2004) shows a comparison between several standard one-class classi erssuch

as the normal distribution class er, the k-nearest neighbor (k-NN) classi er and an algo-

rithm called support-vector data description (SVDD). Those one-class classi ers are trained

and tested employing vibration signals at different constant speeds using the set of features
extracted with the statistical methods. However, the data description performance is low.
Therefore, several authors have proposed different methodologies oriented to improve the
performance of OCC; for instance, Zhang et al. (2009) suggested the use of weighted SVDD,
McBain and Timusk (2009) employed a characterization using average-moving model, Pan
et a. (2010) used a wavelet packet transform and McBain and Timusk (2011) reduced the
subspace on classi cation using principal component analy sis. Those methodol ogies seg-
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ment the non-stationary vibration signal piecewise and estimate statistical features of each
part. Those approaches reach a high classi cation performa nce but, in some practical cases,
the signal segmentation entails loss of information either in time or frequency (Bartkowiak
and Zimroz, 2011).

Also, for some data set, if the parameters are set inappropriately, the fault positive rates of
SVDD modelswill be too large (Tax and Juszczak, 2002). Hoffmann (2007) introduced the
conventional Kernel Principal Component Analysis (KPCA) into novelty detection. This
method performs well and involves only the linear algebra. But it is not robust to outliersin
the normal samples dueto theinherent properties of L2 norm. When non-uniform distributed
outliers contaminate the undamaged instances, the loading vectors found by the conventional
KPCA will deviate a lot from the real loading vectors, leading to the downgrade of the
performance. Xiao et al. (2013) introduced the L1 norm into KPCA problem, taking the
advantage of the robustness of L1 norm to outliers, to strengthen the immunity of the model
to outliers, and therefore to improve the detection performance. Nonetheless, the L 1-KPCA
algorithm requires to reach the global maximum point and then enable the detection model
to be more accurate. Furthermore, the way of choosing decision thresholds is still an open
issue.

1.3.3 Blind signal extraction - BSE

Inthis eld theissue of inferring the nature of unknown endo genous sources from exogenous
measurements has always been a major concern. The works in this domain have already
proved that BSS provides new solutions for vibration and noise analysis.

Regarding the BSS problem, several methods for instantaneous and convol utive mixtures are
used. Intheformer case, the most popular method isindependent component analysis (ICA),
which assumes a statistical independence between the sources (Hyvarinen and Ojg 2000)
and it is commonly employed in communication and biomedical applications. Especially for
mechanical systems, Yang and Nagarajaiah (2014) and Wang et al. (2011b) have been used
|CA for separating an output that is statistically independent of other sources, both structural
and rolling element bearing damages, respectively. On the contrary, the algorithm Nguyen
Thi-Jutten allows the separation of the contributions of two coupled machine assuming a
convolutive mixture (Gelle et a., 2000; Y pmaet al., 2002). Another method is presented in
Peled et al. (2005), where a kurtosis-based blind deconvol ution separation method is used to
bearing diagnostics. Since the machine environment is noisy, in Serviere and Fabry (2004)
is presented a robust-to-noise technique for the separat ion of rotating machine signals, in
the context of spatially correlated noise. In the concrete case, they use a whitening matrix
computed either by Principal Component Analysis (PCA) or spectral arrays of delayed ob-
servations, to improve the signal-to-noise rate, and then applying the BSS algorithm termed
JADE (Joint Approximate Diagonalization of Eigen-matrices) as also presented in Serviere
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and Fabry (2005). Thisagorithm is aso used in Popescu (2010) to separate the sources and
detect the change in the vibration level for each one, yet the results are not consistent in the
sense that the method depends on an appropriate whitening process.

Nonetheless, when BSS is used in mechanical signals, which are typically characterized by
an excessive complexity, it faces some dif culties which se verely hinder its feasibility, such
as a mixture of vibrations of the convolutive type, an unknown number of the individual
sources in the mixture, among others (Antoni, 2005). Therefore, a new concept so-called
Blind Component Extraction or Blind Sgnal Extraction (BSE) was introduced by the same
author to compensate the BSS drawbacks. The major difference between BSE and BSS is
that theformer identi esthe different system responses (c omponents) excited by the different
sources rather than seeking the sources themselves, whereas the latter blindly deconvolutes
the collected signals and identi es the sources. In that sen se, the BSE is focused on sep-
arating the distinct processes present in the vibration signal that exhibits a behavior either
periodic, periodically correlated (cyclostationary) or random. The method proposed by Bon-
nardot et al. (2005) addresses the issue of extracting the pure second-order cyclostationary
part of asignal, exploiting its spectral redundancy. Randall and Antoni (2011) summarizes
some methods, such as an autoregressive model, adaptive noise cancellation, self-adaptive
noise cancellation, discrete separation and time synchronous averaging, that could remove
the periodic components prior to spectral kurtosisanalysis (Antoni, 2006) and cyclic spectral
anaysis (Antoni, 2009), for the non-stationary transient components. In the case of a simu-
lated signal, Tan et a. (2006) illustrates the effectiveness of using an eigenvector algorithm
(EVA) to extract bearing-fault signals from periodic sinusoidal noises. To further explore the
performance of the EVA and its application to a real industrial case, Tse et a. (2007) uses
the EVA and a generalized EVA to recover the bearing fault signal from a signal mixture
containing an eccentric rotor fault and a bearing fault. The same author includes in Wang
and Tse (2012) a second strategy based on Averaged Regression Itering to remove the in-
uence of the periodic components before implementing EVA. Finally, the cyclic spectral
analysisis performed to identify the cyclic frequency (the modulating frequency or bearing
fault characteristic frequency) to diagnose the bearing failure.

1.4 Objectives

1.4.1 General objective

Develop a methodology for machine diagnostics that allows identify, isolate and detect dif-
ferent kind of faults, based on time-varying blind signal extraction and novelty detection
using non-stationary vibration signals.



1.5 Contributions of thiswork

1.4.2 Speci c objectives

Develop an algorithm to estimate the instantaneous angular speed and the order com-
ponents correctly, describing the system dynamic behavior and considering the time-
varying operational conditions of the rotary machines.

Develop a methodology for fault detection using novelty detection techniques taking
into account the insuf cient amount of vibration signals, t he lack of labeled data and
the unbalance of the faulty/undamaged classes.

Design and implement a methodol ogy that allows extracting the blind componentsin
the vibration signal, involving correctly the characteristics of the fault processes that
are embedded in the data.

1.5 Contributions of this work

The present work is done within the framework of data-driven machine diagnostics, includ-
ing the detection, isolation and identi cation of differen t types of faults. In particular, the
analysis of vibration signals that exhibit non-stationary processes generated either by rota-
tional speed changes or non-stationary faults like rolling element bearing failures. In that
sense, we aim to provide some approaches and methodol ogies to diagnose damages in ma-
chines under non-stationary operating conditions, which are focused on the industry sce-
nario where the maintenance operators do not have specialized knowledgein condition-based
monitoring. With thisin mind, the main contributions of the work are described:

An order tracking approach (Cardona-Morales et al., 2014), named sguare root cuba-
ture Kalman Itering - order tracking (SRCKF_OT), is proposed aiming to estimate
simultaneously the instantaneous frequency (IF) associated to the shaft speed, and the
order components related with that IF. The proposed SRCKF_OT introduces an oscil-
latory model the may describe the machine operating conditions and provides a set of
narrow-band spectral components that are governed by the shaft speed. Those com-
ponents could be stationary and cyclostationary giving useful information that allows
identifying the faulty processes generated in the machine. An important characteristic
of the proposed approach isthat it may be implemented on-line because the estimation
of the IF and the order components is based on the Kalman recursion. As a conse-
guence, SRCKF_OT can characterize the vibration signal taking into account that each
spectral component describes the performance of the mechanisms present inside the
machine, therefore, this approach contributesin the fault isolation stage.

We propose a novel methodology for fault detection, called frequency-located fault
detection, based on novelty detection techniques that use one-class classi ers (OCC)
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to describe the normal machine performance. The methodology includes two differ-
ent OCC schemes oriented to provide to the machine operator information about the
machine in two senses. detecting if any fault exists or not (traditional scheme), and
detecting the spectral band where the fault arise (novel scheme). Thisinformation al-
lowsto inferring the type of the fault that it is starting into the machine and to give the
needed elements of judgment to deciding the possible machine repairs. To this end,
the methodology comprises a classical framework of pattern recognition, where it is
performed the vibration signal characterization and the machine health condition clas-
s cation. The contribution consists of utilizing as dynam ic features of the machine
condition, the order components obtained with the proposed SRCKF_OT approach.
Then, the features are fed into the classi cation algorithm s under both OCC schemes,
but in the rst scheme statistical and similarity character istics are computed from the
order components, yet in the novel scheme those narrow-band components comprise a
new set of pseudo-observations. Thisfact alows identifying the order component that
isan outlier and may be considered a potential fault in a speci ¢ part of the machine.

Regarding thefault identi cation, we proposed amethodol ogy based onthe SRCKF_OT
approach, taking advantage of the cyclostationary propertiesthat the order components
could exhibit. In the concrete case, the methodology consists of to compute the enve-
lope of the narrow-band components and to verify if the rolling element bearing faults
arise. The proposed methodology isfocused on the eld of bli nd signal extraction, so,
the obtained order components are Itered versions of the raw signal that inherit the
stationary and cyclostationary properties.



2 Instantaneous frequency
estimation based on order tracking

Vibration analysis of rotating machines is one of the most used techniques for fault diag-
nosis and condition monitoring due to its high performance and low implementation cost.
Nowadays, one of the main challengesin vibration analysisis to track and reduce in uence
of changes during time varying operating conditions and lo ads. In this regard, techniques
grounded on order tracking (OT) had been proposed, which are devoted to obtaining fun-
damental component features of the shaft reference speed (called basic order) and capture
dynamics of measured vibration signals. The OT technique has shown to be useful mostly
within the analysis of non stationary vibration signals, ¢ ondition monitoring, and fault di-
agnosis (Bal et al., 2005). OT allows identifying the rotation speed and the spectral/order
components, being both fundamental to describe the machine state as well as its conform-
ing mechanisms during changing loads and speed regimes (e.g. start and stop of the ma
chine) (Guo et al., 2006; Pan and Lin, 2006).

Mostly, OT is based on estimation of the instantaneous frequency (IF) that in turn can be
extracted from a given time frequency representation ( Guo et al., 2006; Gao et a., 2006).
For instance, the Gabor transform is employed in Zhao et al. (2008), where the shaft speed
reference signal is not required allowing to analyze rotating machines with less quantity of
sensors or when the reference signal is not available at all. Nevertheless, the windowed
Fourier based transforms have limited resolution in both, time and frequency, axes and they
suffer from increased computational burden (Pan and Wu, 2007). To overcome this issue,
OT techniqueis carried out grounded on parametric modeling including adequate estimation
of spectral/order components.

Particularly, an OT approach based on Kalman Itering is sug gested in Bai et al. (2005). Its
improved version with increased precision, termed Vold-Kalman Itering (VKF-OT), ispro-
posed in Pan and Lin (2006); Pan and Wu (2007). Yet, either of them needs for measuring
the shaft speed, which makes the order analysis more complex since tracking performance
must rely on the synchronization process between vibration signal and its reference speed.
Furthermore, shaft speed measurement implies installing additional equipment close to the
machine, which in not all situations may be feasible. To cope with this trouble, indirect
measurement of shaft speed, based just on the instantaneous frequency, is also discussed
in Scala and Bitmead (1994); Bittanti and Saravesi (2000), where a frequency tracker isin-
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troduced using the oscillatory model. Parameters of the model are calculated employing the
Extended Kalman Filtering (EKF), which supplies amplitude, phase, and mainly frequency
of harmonic signal, for de-noising in non-stationary environments. Nonetheless, tuning of
the above approach is heuristic and relies to some degree on expertise. In this regard, better
estimation of amplitude and frequency using a non linear le ast minimum square algorithm
is suggested in Avendano-Vaenciaet a. (2007).

On the other and, an improved version of the EKF frequency tracker for non-stationary har-
monic signals is presented in Hajimolahoseini et a. (2008), where the time-varying ampli-
tude is another state variable included in the oscillatory model, i.e., the standard state space
model of a measured signal takes into consideration amplitude variations of harmonic data,
which can be assumed as time variant or even corrupted. In many real applications, how-
ever, the number of harmonic signals to track can increase remarkably, and consequently
the needed amount of state variables implies more computational cost affecting the on line
tracking task implementation.

This chapter discusses a nonlinear model-based OT approach for condition monitoring of
non-stationary vibration signals that reduces the computational burden by decreasing the
model order. Particularly, time-varying amplitude is estimated assuming the state variables
as the in-phase and quadrature components from the input signal, and then computing the
guadratic mean between those components. As a result, the amount of state variables re-
quired to track the signal becomes lower and hence the model order itself also decreases.
Besides, to avoid numerical precision errors that are implicit during derivative calculation
within the EKF framework (Cardona-Morales et a., 2011), the use of Square-Root Cuba-
ture Kalman Filter is considered (Arasaratham et al., 2010; Arasaratnam and Haykin, 2011).
The proposed scheme, presented in Cardona-Morales et a. (2014) is tested over severa
experiments. rst, a synthetic signal is used aiming to dist inguish between closed-order
components; second, a test rig is employed under two different regimes, steady-state and
non-stationary, to track main order components and extract them; and nally, real-world

case studies are used to validate the approach, including vibration signals acquired on ship
driveline, internal combustion engine, and two international contest using signals from a
wind turbine and gearbox.

2.1 Order tracking and instantaneous angular speed
model

Given a machine vibration signal, OT provides estimation of oscillatory modes and corre-
sponding amplitudes. The machine shaft speed is assumed as basic order, while superior
orders are related as shaft speed harmonics. So, shaft speed, = 60f,, isassumed asthe ma-
chine shaft fundamental frequency, where isthe speed, expressed in revolutions per minute
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(rpm), while f, isgivenin Hz

As arule, avibration signal, y(n) 2 R; that is acquired from a rotating machine can be
represented along the discrete-time axis, n; as a superposition of K sinusoidal functions
(termed order components), as follows:

X
Y = an) costkt (M + " (n) (21)
k=1
where notations a(n) and *(n) stand for the amplitude and phase of k-th order component,
respectively; (n) = 2 f,(n) isthe angular frequency of arotational frequency f,(n). Vari-
ables a(n), *«(n); and ¥ (n) are time-varying.
S0, based on a representative mono-component model that is delayed in one time instant, a
version of lagged signal, y(n + 1); can be expressed as (Hajimolahoseini et a., 2012):

y(n+1) =a(n+ 1)cos(¥(n+ L)n+ *(n+ 1)) cos(! (n + 1))
an+1)sin(*(n+L)n+>(n+ 1) sin(¥(n+ 1)): (2.2)

Under the assumption that the amplitude, phase, and frequency have smooth transitions (i.e.,
their speed does not change strongly enough to have discontinue behavior) (Borghesani et al .,
2012), the next approximationshold: a(n+1) a(n), ’(n+1) ~(n);and ¥(n+1) I(n).
Therefore, EQ. (2.2) can be rewritten to get the following simpler decomposition that is given
in terms of sine and cosine components as:

y(n + 1) =a(n) cos(! (n)n + *(n)) cos( ! (n))
a(n)sin((n)n+ ”(n)) sin(¥(n)): (2.3)

On line processing that appraises both, order component es timation and inference of ma-
chine dynamic behavior can be accomplished if Eq. (2.3) is now expressed through the fol -
lowing state space model:

" # "

_cost(n) sin!i(n) 1
X(n+1)_hsin!i(n) cos 1(n) x(n) + 0 (") (243)
y(n)= 1 0 x(n)+v(n) (2.4b)

where variables (n) 2 R? * and v(n) 2 R are the process and measurement noise, respec-
tively; x(n) = [x1(n) X2(n)]” 2 R? ! isthe state variable vector, with vector el ements de ned
as X1(n) = a(n) cos(¥(nN)n + ”(n)) and x(n) = a(n) sin(¥(n)n + *(n)): In this work, ampli-
tude of signal y(n) is computed assuming that state variables, x;(n) and x,(n); are provided,
respectively, as in-phase and quadrature components of the signal. Afterwards, it holds for
amplitudethat a(n) = = x;(N)2 + xo(n)%
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Generally, the singular state space model of Eq. ( 2.4a) can be extended to the multiple sinu-
soidal component model as:

Xi(n+1) M(1:) O 0 x1(n) 1(n)
I £ DR Po+g (2.5)
Xy (n+1) 0 0 M (Tk)" Xk (N) k(n)
where M (1)) 2 R? ? isthe state transition matrix, de ned as follows:
"cos () sint (n)#
1) = "k sk
Mt sin,(n) cos!.(n) (26)
Besides, the model in Eq. (2.5) can be described also in vectorial form as:
XM+ =FMn+1LnXMn+ (n) (2.7)

where X (n) 2 R% ! isthe state variable vector comprising in-phase and quadrature com-
ponent for each order k; vector xy(n) represents the k-th state variable corresponding to k-th
order component; term F (n+ 1; n) 2 R? 2 denotes the state transition matrix de ning the

changes of state variable vector through thetime; (n)  N(O; Q(n)) 2 R 1 is the process
noise, where Q(n) 2 R¥ 2 jsthe covariance matrix of process noise; and diagonal of Q(n)
isde ned asdiag fQ(n)y = [off o Oy O% q;ﬂ], where g?(i = 1;:::; K) denotesamplitude
variance of the order component and qu denotes frequency variance describing the system
dynamics.

At the same time, measurement y(n) in EQ. (2.4a) can be written in a short form as

h | Xll(n)
y(m=h h hg i §+v(n
X ()
= HX (n) + v(n) (2.8)

where h = [1 0] appraises the measurement matrix H 2 R 2<; y(n)  N(O;r(n)) 2 R isthe
measured noise, and r(n) 2 R isthe measured variance.

To estimate the I F that is associated to y(n), an additional state variable should be introduced
a (K + 1)-th position. In this regard, state variable is set based on described oscillatory
model (see Egs. (2.7) and (2.8)), as discussed in Hajimolahoseini et al. (2012). Thusone can
assumethat 1, (n) = xx+1 (n), and therefore the needed state space model takes the form:
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Xy (n+1) M (Xc+1) Xy (n) 1(n)
: _ - f +§ (2.9)
Xk (n+ 1) M (KXg+1) Xk () k (N)
Xk+1(N+1) 1 Xk+1(n) k+1(N)
X1 (n) vi(n)
h i : :
y(n)= h h O ' + ' (2.10)
Xk () Vi (n)
Xk+1(N) Vi+1 (N)
where the remaining terms of the state transition matrix are zero |led.
Lastly, the process equation in EQ. (2.9) can be written in short form as
X(n+1)=#MmX M)+ (n) (2.11)

where# (n; X (n)) isastatetransition nonlinear vectorial function, such that estimation of X
implies a set of nonlinear equations, which can be implemented by using the widely known
nonlinear Kalman ltering.

2.2 Estimation of Model Parameters

2.2.1 K-orders based on maxima frequencies

As regards the value K denoting the order components, it can be de ned using two dif fer-
ent approaches. rstly, the physics-based calculation that requires exact knowledge about
machine mechanisms to choice the interest components (Pan and Lin, 2006). This choice
includes maintenance crew having available information of geometric and physical charac-
teristics of every single machine mechanism; secondly, the data-driven estimation based on
the analysis of measured vibration signal power. Estimation of order components, yield-
ing high amplitude level extracted from time-frequency signal representation, includes the
following steps:

Given asignal signal y(n); compute its time-frequency representation, (i; j), that is
a2-dimensional planewith positions (i; j),beingi =1;:::;n; j =1;:::;1; wherei and
j are the binslocated at the time and frequency domains, respectively.
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Table 2.1: SRCKF agorithm (Part 1).

Initialization:
1. Denetheinput values
Y1N, Ro, Poo = SgoSgp, Qo: Ro
2. Denethe cuanature points io
i= M2 Iom lom

Tracking:
3. forn=1toNdo
Time update

4. Evaluatethe cubature points (i = 1;2;:::; m), wherem= 2K + 1,
i;n jn 1=Sy 1jn 1 i + Ry 1jn 1

5. Evaluate the propagated cubature points (i = 1;2;:::; m)
injn 1~ #  inn1

6. Estimatethe predicted state

P
lanjn 1= 1

m =1 i;nn 1
7. Estimate thenﬁquareroot fal%tor of prediction error covariance
Snjn 1= tria bnjn Fi San

Where bnjn 1 = 'plz bnjn 1

m Lnn 1

i
2njn 1 Rijn 102 mnin 1 Rnjn 1
and Sqj, denotes a square-root factor of Q, 1

Find magnitude value, = argmaxgf (i; j)g, preserving positions (i ; j ); wherei
and j denote time and frequency indexes, respectively, where takes place. Then,
the local maxima are extracted from frequency vector f (i ; j)g. It alowsto build a
set of k frequencies with the greatest vibration power, z(k):

Compute the rate between the rst component of z(k) and the (k 1) remainder com-
ponents, to obtain the different harmonics or spectral components (k), where (k) =

2.2.2 IAS-OT model parameters

Asseenin Egs. (2.9) and (2.10), parameter computation implies a recursive nonlinear analy-
sis alowing to get an approximated solution when Gaussian noise is assumed, but avoiding
calculation of corresponding Jacobians of state variables. To this end, the Square-Root Cu-
bature Kaman Filter (SRCKF), which is based on recursive propagation of state variable
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Table 2.1: SRCKF algorithm - (Part 2).

M easurement Update

8. Evauatethe cubature points(i = 1;2;:::;m)
inn 1= Snn 1 i+ Byn 1

9. Evaluate the propagated cubature points (i = 1;2;:::; m)
inn 1= 0 i 1

10. Estimate the predicted state

Bin 1= i
in 1= m i;nn 1
Mi=1

11. Estimatethe Sﬁhjareroot of t{ge innovation covariance matrix
Syynn 1 = tria Yn,-H 1 Srjn
whereYon 1= %= 1yn1 Bini  2int Bin 1l mon: Bhn s
and Sgj, denotes a square-root factor of Ry,

12. Estimate the cross-covariance matrix
Pyynin 1= Xuin 1Y pin 1
whereXpn 1= #=  1yn1 Bin1  2gn1 Byn 10 mmn1 Bgn i
13. Estimatethe Kalman gain
Wh = Puynin 1:Sy>y;njn 1 “Syynin 1
14. Estimate the updated state
Bojn = Bnjn 1 +Ws Vo Bn 1
15. Estimate t'ﬂﬁ square-root factor of the cl%rrespondi ng error covariance
Sin=ta Xpn1 WhYnn 1 WhSrpn
16. end

moments (mean and variance), is suggested in Arasaratnam et al. (2010), under assumption
that implicated nonlinear function, #; should be reasonably smooth. In this case, a quadratic
function near the prior mean is used assuming that it could properly approximating the given
nonlinear function. To thisend, the error covariance matrix should be symmetric and positive
de niteness to preserve the lter properties on each update cycle, and hence, SRCKF uses
aforced symmetry on the solution of the matrix Ricatti equation improving the numerical
stability of the Kalman Iter ( Grewal and Andrews, 2001), whereas the underlying meaning
of the covariance is embedded in the positive de niteness ( Arasaratnam et al., 2010).

The SRCKF agorithm that is described in Table 2.1 carries out the QR decomposition
(termed triangularization procedure, S = triaf g), where the S is a lower triangular matrix
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and denotes a square-root factor (Arasaratnam et a., 2010).

2.2.3 Constrained model state variables

Constraints on states x(n) to be estimated are important model information that is often not
used in state estimation. Typically, such constraints are due to physical limitations on the
states. In Kalman Iter theory, thereisno general way of inc orporating these constraintsinto
estimation problem. However, the constraints can be incorporated in the Iter by projecting
the unconstrained Kalman Iter estimates onto the boundary of the feasible region at each
time step (Simon and Chia, 2002; Ungaralaet a., 2007). The numerical optimization at each
time step may be a challenge in time-critical applications. In this section, a simple method
introduced in Kandepu et a. (2008) is applied to handle state constraintsin the SRCKF.
Assume that the constraints of state variables are represented by box constraints as follow:

xc(n)  x(n)  xu(n) (2.12)

where subindexes L and H denote the lower and upper boundaries, respectively. The method
isillustrated for x(n) 2 R?. In case of a second order system, the feasible region by the
box constraints can be represented by arectangle asin Fig. 2.1. It is showed the illustration
of the steps of constraint handling of the SRCKF agorithm from one time step to the next.
Att = n 1, the true state X, its estimate k&, ; and state covariance are selected. The
constraintsinformation can be incorporated in the SRCKF algorithm in asimple way during
the time-update step (Table 2.1-Part 1). After the propagation of the sigma points (step
5.), the (unconstrained) transformed sigma points which are outside the feasible region can
be projected onto the boundary of the feasible region and continue the further steps. In
Fig. 2.1, a t = n two sigma points which are out-side the feasible region are projected
onto the boundary (right plot in the gure). The mean and cova riance with the constrained
sigma points now represents the a priori state variable (x,5*°KF) and covariance, and they
are further updated in the measurement-update step (Table 2.1-Part 2). The advantage hereis
that the new a priori covariance includes information on the constraints, which should make
the SRCKF estimate more ef cient (accurate) compared to the SRCKF estimate without
constraints. Extension of the proposed method to higher dimension, d, is straightforward.
Alternative linear constraints, e.g., Cx d are easily included by projecting the sigma point
violating the inequality normally onto the boundary of feasible region. It is observed that
the new (constrained) covariance obtained at a time step is lower in size compared to the
unconstrained covariance. If, in case, the estimate after the measurement-update (Table 2.1-
Part 2) is outside the feasible region, the same projection technique can be extended. In a
practical point of view, the boundariesare xed according t o maximum and minimum values
that could take the state variables, it means, in case of the order components L? = miny(n)
and H® = max y(m), whereas the IF constraints depend on the approximated knowledge of
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Initial set up, t=n-1 SRCKF, t=n

6) Q@ :> Covariance
) () e—H ©

%) Transformed sigma points z

Figure 2.1: lllustration of sigma constrained points.

the machine speed range, where L" and Hf are normally xed as zero or idle speed and
maximum speed, respectively.

2.3 Simulation Study

As recommended in Pan and Wu (2007), atesting signal is synthesized to validate perfor-
mance of considered OT schemes in closed-order component identi cation. Particularly, the
synthetic signal comprises the following three order components: 1st, 4th, and 4:2th, for
each one the amplitude is linearly increased from 0 10,0 3;and 0 25, respectively.
Order amplitude level is set as time-varying since it is assumed that most of the machine
mechanisms have different vibration levels. The assumed reference shaft speed has an incre-
ment ranging from O to 1800 rpm (that is, 30 Hz) to reproduce a start-up machine process.
Besides, the synthetic signal lasts 5 seconds going from initial steady stateto nal maximum
speed. A sample frequency of 1 kHzis used through this simulation.

Generally, methods based on Fourier transform face limitations in distinguishing closed-
order components, as seen in Figure 2.2 that shows time-frequency representation of syn-
thetic signal and its corresponding time series. Also, it is worth noting that the amplitude
differences between the rst order and its harmonics make al most insigni cant the low fre-
guency information. If using OT techniques instead, it is possible to capture properly infor-
mation about each order component. Thiswork uses OT two approaches based on parametric
models. VKF_OT and the introduced SRCKF_OT scheme. Both schemes have computation
parameters that are xed as suggested in Pan and Wu (2007); Alves and Coelho (2010).
Parameters that in uence tracking performance the most are theinitial values of process co-
variance matrix, Q; and measurement noise, r: In the proposed SRCKF_OT scheme, Iter
response bandwidth depends on the signal error covariance, g; and in a less extent to the
frequency error covariance, q'; that is, the following condition should hold: gf < g&: For this
reason, when choosing initialization parameters, two aspects should account: the maximum
range of machine speed and the maximum variance of measured vibration signal to preserve
aneeded convergence region of estimation (Ungaralaet a., 2007).

Aforementioned parameter tuning is carried out for each testing. In the case of the synthetic
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Figure 2.2: Simulated synthetic signal with closed-order components. a) in time domain, and b) the
time-frequency representation obtained by STFT (hamming window, 512 frequency samples and 50%
overlap).
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Figure 2.3: 1st order component tracked from the synthetic signal, in time domain (top) and the
time-frequency representation using STFT (bottom), which is calculated using the approaches. a)
SRCKF_OT, b) VKF_OT.

signal, therefore, the following values of initialization parameters are xed for SRCKF _OT
scheme: ¢f = 10 ;" = 10 *; and r = 10 °; while for VKF_OT scheme: g = 10 °; and
r=103%

Figures 2.3, 2.4, and 2.5 show accomplished order components (i.e., 1st, 4th, and 4.2th, re-
spectively) that are estimated from the synthetic signal using the above described models.
Asseenin Figure 2.3, the VKF_OT scheme accomplishes better energy concentration of the
1st order component. Proposed scheme achieves energy concentration of the 1st order com-
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Figure 2.4. 4th order component tracked from the synthetic signal, in time domain (top) and the
time-frequency representation using STFT (bottom), which is calculated using the approaches. a)
SRCKF_OT, b) VKF_OT.
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Figure 2.5: 4.:2th order component tracked from the synthetic signal, in time domain (top) and the
time-frequency representation using STFT (bottom), which is calculated using the approaches. a)
SRCKF_OT, b) VKF_OT.

ponent, but also preserves spectral information associated with other spectral components.
This degradation happens just within the rst second until t he Kalman recursion converges.
A similar situation takes place during tracking of 4th and 4:2th order components (see Fig-
ures 2.4 and 2.5). But in this situation, spectral contamination becomes higher since the
order components are closer. Once the Kalman recursion converges, however, order tracking
improves remarkably. At this point, two aspects must be highlighted: @) both OT schemes
estimate correctly closed-order components (either waveform or amplitude); b) SRCKF_OT
scheme gets higher convergence time, especially, when estimating 4th and 4.2th order com-
ponents.

To determine the estimation accuracy of tracked closed-order components, Table 2.2 shows
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Table 2.2: Estimated RM SE for synthetic signal
Parameters 1st order 4th order  4:2th order

A 0.01 0.01 0.01

VKFOT WR 0.54 0.64 0.56

A 0.09 0.16 0.24

SRCKF_.OT WR 0.07 0.23 0.24
IF 0.29 - -

the root mean squared error (RMSE) of estimated model parameters, namely, amplitude
(noted A), waveform reconstruction (WR), and instantaneous frequency (IF). For IF estima-
tion, only SRCKF_OT is applied since VKF_OT requires areference pattern to track distinct
order components. So, VKF_OT scheme gets the same estimated amplitude error for all
considered order components. While using SRCKF_QOT, the higher the order the higher

the amplitude error. But in the case of WR estimation, the error increases using VKF_OT.
This error augmentation, which is due to a shift-phase between estimated and original com-
ponents, is not perceptible in the Figures 2.3, 2.4, and 2.5. In contrast, SRCKF_OT getsthe
lower RMSE for estimated WR and IF. Thus, proposed approach alows to capture signal
dynamics of the basic order, but it preserves the phase of each component. As a result, pro-
vided above detailed analysis shows that SRCKF_OT scheme gets better performance than
VKF_QOT.

2.4 Experiments on Test Rig: Universidad Nacional
de Colombia data 1

Evaluation is rendered on test rig over xed machine operati ng regimes. steady-state and
non-stationary. In the former regime, performance is relevant because of importance of
machine working analysis under normal operational conditions at given constant speed. In
the latter regime, speed becomes time-varying (i.e., during coast-down maneuvers of the
machine), and it is important to track order components for identifying machine dynamic
behavior.

As shown in Figure 2.6, experimental test rig includes a 2HP electromotor Si enmrens with
1800r pm maximum speed. The motor is connected to shaft by arigid coupling and has two
supports, each one holding a ball bearing SKF- 6005NR and two wheels. Drilling wells
are designed to create either static or dynamic unbalance problems. To measure machine
mechanical vibration, accelerometers are also included, which are located perpendicularly
to the shaft horizontal plane (labeled as accelerometer location). In this experiment, just
the ACC102 accelerometer placed near the machine is employed, which has a measurement
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Figure 2.6: Experimenta set-up for test rig.

rangeof 0 10kHzand 100 mV/g of sensibility. TheNat i onal | nstrunents USB- 6009

data acquisition card acquires vibration recordings at 20 kHz sampling frequency.

2.4.1 Steady-state regime analysis

In this regime, the main goal of provided testing is to compare achieved performance of
amplitude and waveform estimation of both considered OT schemes under different ma-
chine states: bearing fault and undamaged. Used data set are acquired on described above
test rig at xed 1800 rpm speed. 20 vibration recordings are obtained from aforementioned
measurement locations. Besides, according to bearing mechanical characteristics, inner and
outer race frequencies are xed as 6 :3th and 3:7th order of shaft rotation frequency, respec-
tively. Afterwards, input signal is Itered by low-pass It er with 2500 Hz cut frequency to
preserve most of information.

Figure 2.7 shows an example of vibration signal that is acquired on test rig. As seen in
subplot of Figure 2.7(a) for undamaged state, there are severa salient spectral components,
namely: 1st order (30 Hz) component showing the highest constant amplitude and having
a periodic behavior; time-varying 6:3th order component (180 Hz) with amplitude ranging
from 20dBtill 10dB; and both, 13th order (390 Hz) and 14th order (420 Hz), components
having meaningfulness amplitude. For bearing fault case, athough 1st order component
behaves similarly as in undamaged state, amplitude of higher order components changes
differently (see Figure 2.7(b)), asfollows: in case of 6:3th order component, amplitude span
increases in 10 dB and shows an impact at 0:2 seconds; for 13th and 14th order components,
bearing fault frequency harmonics are cyclo-stationary meaning that there are some hidden
changes in the waveform that must be estimated.

So, the proposed procedure in Section 2.2 is carried out supplying the following order com-
ponent set = f1;4,;5;6:3; 8;10; 11; 13; 14g, which regards bearing and shaft frequencies to
be tracked by compared OT schemes. In addition, for this concrete experimental set-up, the
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(b) Bearing inner race fault state in time domain (top) and its time-
frequency representation using STFT (bottom).

Figure 2.7: Exemplary of acquired recordings on the test rig at 1800 rpm. (a) Undamaged machine
state, (b) bearing fault, where displayed recording representations are: time-domain (top) and time-
frequency (bottom). Red rectangles denote regions where a bearing inner race fault is expected.

initial parameters are heuristically set as: ¢ = 10 ¢, " = 10 % r = 10 * for SRCKF_OT,
andq =10 P andr = 1 for VKF_OT. Selected parameter values remain the same for whole
database to test stability and tracking performance of compared OT estimation approaches.
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Figure 2.8: Waveform reconstruction of order component tracked from undamaged (left) and bearing fault
(right) recordings at 1800 rpm

Under assumption that the higher the amplitude the relevan t the component, the following
order setissdected: 1<t, 6:3th, 13th, and 14th. Asseeninthe Figure 2.8, either OT scheme
reaches enough accuracy in all estimated component amplitudes. This fact means that fre-
guency associated with each component keeps proportionally to corresponding harmonic,
i.e., 1st order relates to 30 Hz, 6:3th to 180 Hz, and so on. Nonetheless, each OT scheme
performs differently amplitude and waveform reconstruction, speci caly, in case of 6 :3th,
13th, and 14th order components.

In case of fault identi cation, Figure 2.8 shows that 6:3th order amplitude, estimated by
SRCKF_OT scheme, clearly increases from 0:2 to 0:5, while VKF_OT based estimation does
not capture any amplitude change. But that change should be xed whenever a bearing
fault appears. Also, SRCKF_OT based waveform reconstruction of 13th and 14th order
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Figure 2.9: Example of an acquired signal in the test rig under coast-down operating condition:
(@ in time domain, (b) time-frequency representation using STFT, and (¢) estimated instantaneous
frequency using SRCKF_OT.

components shows remarkabl e cyclo-stationary behavior asaresult of short impacts, instead,
the VKF_OT scheme does not show any information on that regard.

2.4.2 Non-stationary Regime Analysis

A set of signals is acquired to analyze order component estimation under non-stationary
regime induced by speed changes, particularly, in the case of coast-down operating condi-
tions. The dataset comprises 20 recordings that are acquired under coast-down operating
condition in the test rig displayed in Figure 2.6. The data are measured within 10-seconds
interval; this time interval is enough to register three different operating moments: i) maxi-
mum speed (1800 rpm), ii) once again, 5-seconds deceleration, and iii) total stop. In all 20
recordings, the beginning of the deceleration is not synchronized, i.e., the time instant when
the machine is turned-off is different in each recording. Figure 2.9 displays an exemplary of
an acquired signal during machine coast-down operation.

It must be noted that the order components present constant amplitude while the machineis
working at maximum speed. But when decel eration occurs, the amplitude of each component
monotonically decays until reaching the frequency minimum value, as seen in Figure 2.9(b).
The frequency minimum value is the estimated |F by SRCKF_OT (see Figure 2.9(c)) as the
base frequency that does not reach the zero level, yet preserving a frequency minimum with
such avaluethat can be attributed to the structural resonance of thetest rig. Nonetheless, the
estimated |F allows identifying machine dynamic behavior, which is associated to the rst

order component. The IF supplies useful information about mechanical functionality in the
proximity of the shaft.

For order component estimation, the set of initial parameters is the same as in the steady-
state regime analysis (Section 2.4.1). However, the order components to be tracked, , are
only the rst ten, since they contain most of information abo ut machine behavior, including
the main bearing frequencies. Particularly, Figures 2.10, 2.11, and 2.12 show rst three or-
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Figure 2.10: 1st order component tracked from the coast-down signal, in time domain (top) and the

time-frequency representation using STFT (bottom), which is calculated using the approaches: @)
SRCKF_OT, b) VKF_OT.
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Figure 2.11: 2nd order component tracked from the coast-down signal, in time domain (top) and

the time-frequency representation using STFT (bottom), which is calculated using the approaches: @)
SRCKF_OT, b) VKF_OT.
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time-frequency representation using STFT (bottom), which is calculated using the approaches. @)
SRCKF_OT, b) VKF_QOT.



28

2 Instantaneous frequency estimation based on order tracking

der components, respectively, that are estimated using SRCKF_OT and VKF_OT. Although
in the former case, each amplitude gets non-zero value at the minimum frequency, ampli-
tude estimation and posterior waveform reconstruction are close to the original. For latter
approach, in contrast, each amplitude reaches zero value. But the order components are con-
taminated with noise since reference speed forces the model to get zero value, and hence
the estimated amplitude differs from the one of the original components. After waveform
reconstruction, however, each order component gets cyclo-stationary nature; that behaviour
does not correspond to real one. Mostly, VKF_OT is very sensitive to synchronization be-
tween vibration and reference speed signals, particularly, when there are changes among the
different operating moments. Instead, SRCKF_OT does not present that issue.

2.5 Order tracking case studies

2.5.1 Case study 1: Ship Driveline

The proposed methodology is also tested on the ship starboard driveline appraising a diesel
engine Cat er pi | | ar 3412C, 12 valves in Vege, 4 strokes-cycle. The engine that pro-
vides 2100 rpm maximum speed is directly coupled by a gearbox MG 520. The database
isrecorded using a ACC102 accelerometer with a spectral range of 0 8 kHz and 10 mV/g
sensibility. NI 9234 acquisition card isemployed at a 25:6 kHz sampling frequency. The ac-
celerometer islocated between the gearbox output and the vessel axel, but perpendicularly to
the shaft horizontal plane. The recordings, each one lasting one second, are captured under
the forward-running operating condition. Since it is not possible to measure the reference
shaft speed that is required by VKF_OT, only SRCKF_OT is used, for which the following
free parameters are heuristically xedas, ¢ =10 2,q" =10 ®andr = 10 *

Figure 2.13 shows a time-frequency representation of the measured signal and the estimated

Figure 2.13: Example of an acquired signal from ship driveline under the forward running conditions:
(@) in time domain, (b) time-frequency representation using STFT, and (¢) estimated instantaneous
frequency using SRCKF_OT.
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Figure 2.14: Examples of estimated 1st (subplot a), 6th (b), 19th (c), and 25th (d) order components,
for forward running condition, tracked from ship driveline signal using SRCKF_OT in time domain
(top) and its corresponding time-frequency representation using STFT (bottom). The red rectangles
show the region of interest in the time-frequency map.

IF using the proposed SRCKF_OT scheme. As seen, the machine speed decreases slowly
despite the ship is running forward; that means that the load on the vessel axle is chang-
ing. Since the largest the spectral component the more info rmation they have, only order
components with bigger amplitude are extracted. In the concrete case, stronger components
relate to the gearbox (e.g. gear-mesh, bearings) and the shaft. As a result, using the above
explained procedure in Section 2.2, the estimated and tracked order components for the an-
alyzed signd are = f1, 6, 8, 10, 11, 13.6, 15, 16.6, 19, 20, 22, 23.4, 25, 26.2, 28.5, 29.6,
30.6, 36, 37.6, 89.4g. Time domain (top) and the time-frequency representation (bottom) of
the 4 components holding highest amplitudes are shown in Figure 2.14, namely: (a) 1st, (b)
6th, (c) 19th, and (d) 25th.

As seen in Figures 2.14(a) and 2.14(b), the most representative components are 1st and
6th, since they describe the dynamic behavior of the shaft and the output gearbox bearing,
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respectively. The rst order component shows short impacts associated to the exerted |oad for
a sea movement. An increment in 1st component can supply information about an eventual
propeller crash into an object, which might generate unbalance or misalignment in the axle.
In turn, the 6th order component shows a concentrated energy within short time instants; that
accumulation distinguishesthe output gearbox bearing. Therefore, we hypothesizethat xed

amplitude change of the 6th order component can supply discriminating information about
an eventual fault.

Regarding the 19th and 25th order components, as seen in Figures 2.14(c) and 2.14(d), they
present the highest spectral amplitudes and are derived from the gear-mesh since those com-
ponents are in constant friction. It must be noted that as the ship speed decreases, the com-
ponent amplitudes also diminish since there isless friction.

2.5.2 Case study 2: Internal Combustion Engine

In this experiment, the IF is estimated from an 1C engine and compared with the tachometer
reference to demonstrate that the proposed method can extract the non-stationary behavior
associated to variabl e speed even when the interest component presents alow amplitude. The
anayzed mechanical system consists of a 2L diesel engine with 4 cylindersin line. The ac-
celerometer recording (provided by Vibration and Acoustic Laboratory from INSA-Lyon) is
located on the motor support distribution sideinthe axial plane, and acquired using 32768Hz
of sampling frequency lasting 80 seconds approximately. The Fig. 2.15 shows the analyzed
signal, where Fig. 2.15(a) depicts in the top part the complete vibration recording and the
bottom part the signal downsampled 32 times, reaching 1024Hz of sampling frequency. The
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Figure 2.15: Signal acquired in the IC engine from INSA-LVA laboratory: (@) Signal in time domain
complete (top) and a downsampled version 32 times (bottom), and (b) the time-frequency represen-
tation of downsampled version.
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Figure 2.16: IF estimated by IAS-OT model from INSA-LVA IC engine signa: (@) time-frequency
representation highlighting the estimation with blue line, and (b) a comparison with the tachometer
reference (top) and its relative error (bottom).

preprocessing applied to the signal is required because the complete signal exhibit a time-
varying cyclic behavior that breaks the imposed oscillatory model. However, the downsam-
pled version present a clear harmonic behavior that preserves the continuity condition to
estimate the order component amplitude. Fig. 2.15(b) display the time-frequency represen-
tation of downsampled version computed by the spectrogram with a 4096 frequency bins,
50% overlapping and a Hamming window of 512 samples. It is worth noting that highest
order corresponds with 4 harmonic signal that represents the crankshaft by the number of
pistons, and hence, the expected IF has a very low amplitude. Although, the IF extraction
by the maxima bins in the spectrogram works successfully taking into account the scalable
relationship between the rst and forth orders, the propose d approach is applied to obtain
multiple order components even when the signal of interest has alow SNR.

Taking into account that the 4th order has a biggest amplitude, the harmonic agorithm ex-
plained in Section 2.2.1 could not be able of correctly estimating the order components to
be tracked. Therefore, the amount of ordersis xed suchas =1f1,2,3,4,5,6,7,8,9
10, 11, 12,13, 14, 15g, and the SRCKF covariancesare xedto g2 = 10 °, g = 10 * and
r = 10 12 As aresult, the IF estimated is displayed in Fig. 2.16(a), and the relative error
compared with the tachometer reference (Fig. 2.16(b)) allowsto observe that the estimation
is closer to measured crankshaft speed, startingin 6% and decreasing to reach error levels
under 2%. The high error at the beginning corresponds to the time that the algorithm takes
to stabilize the order and I F estimation.

In Fig. 2.17 could be observed the time-frequency representation of the order components
lasting from 1st to 6th in logarithmic scale. It could be appreciated that all order components
include information about the 4th order due to the model is driven by the spectral component
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Figure 2.17: Time-frequency representation of six order components estimated from INSA-LVA IC
engine signal using the IAS-OT model.

amplitudes. In addition, the spectral information related with orders beyond from 15th is
distributed into the all estimated components since the model does not separate noise from
signal part. However, it is worth noting that the component with highest amplitude on each
order corresponds with the estimated component, and its amplitude is much more represen-
tative than in the complete signal (see Fig. 2.15(b)). The error introduced by the amount of
estimated order components may be reduced if the harmonics set is increased, but the com-
putational cost is increased also. Since the 4th order component has the highest amplitude,
it is perfectly extracted from the signal, which implies that spectral components with high
energy could be estimate with high precision, and the proposed approach is sensitive to the
SNR in the sense that between higher isthe desired order amplitude, higher isthe estimation
accuracy.
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Figure 2.18: Gearbox schematic from CMMNO2014 contest (CMMNO, 2014)

Table 2.3: Amount of each gear teeth presented in Fig. 2.18.

No. Gear 01 O2(3planets) 03 U4 O5 O 97 O8 Uo Qo Our
No. Gear teeth 123 50 21 93 22 120 29 63 23 10 13

2.5.3 Case study 3: Wind Turbine - CMMNO2014 contest

Thisexperiment consisted of estimating the instantaneous speed in rpm, or instantaneousfre-
guency in Hz, from awind turbine operating under non-stationary conditions. The informa-
tion given hereafter, aswell as the signal, have been kindly provided by M ama Eolis to solve
the contest in the framework of the International conference on Condition Monitoring of
Machinery in Non-stationary Operations (CMMNO), December 15-16, 2014 Lyon-France'.
The provided signal comes from an accelerometer located on the rotor side of the gearbox
(high speed shaft) casing in theradial direction, and the speed of the main shaft (also called
low speed shaft) is between 13 and 15 rpm during the recording. The sampling frequency is
20 kHz and the acquisition time is 547 seconds approx. Aiming to understand the planetary
gearbox from wind turbine, a kinematic scheme is presented Fig. 2.18. The whole gearbox
has three stages: one planetary (pairs 1-2 and 2-3) and two helical parallel stages (pairs 4-5
and 6-7), neglecting the gear pairs 8-9 that are related with the oil bump. Table 2.3 lists
the gear parameters of the planetary gear and the xed-shaft gears. Regarding with the IAS
estimation, the red shaft is used as the input shaft (low speed shaft) and the yellow shaft is
regarded as high speed shaft. When the input speed of the red shaft is given at any time, it
is possible calculating the characteristic frequencies of the planetary gearbox by using the
equationslisted in Table 2.4, which are deduced from the con guration of planetary and pa r-
allel gearboxes. Asregardsto high speed shaft estimation, fy, using the expressionslistedin

1Contest ruleslink:
http://cmmno2014.sci encesconf.org/conf erence/cmmno2014/pages'cmmno2014 contest_V 2.pdf
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Table 2.4: Characteristic frequencies of planetary gearbox

Characteristic frequency

Expression

Meshing frequency of gear pairs 1-2 and 2-3
Rotational frequency of blue shaft

fmo = frz =01
fi, = 91+93 f,

Meshing frequency of gear pair 4-5 frus =954 fh=gs &2 f
Rotational frequency of grey shaft fg=% fo=g glg;ggs fr
Rotational frequency of yellow shaft fy=% fp=% 3 2B
Meshing frequency of gear pair 6-7 o7 =07 fy=gr g %gE

where f; isthe rotational frequency of the low speed shaft.
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Figure 2.19: Signal provided by CMMNQOZ2014 contest in: (&) time domain, (b) frequency domain,
and (c) time-frequency domain.

Table 2.4 are de ned the boundaries[ L; H] from the desired IF, obtaining that the reference
frequency is between 25:99Hz and 29:98Hz. However, when thetesting is carried out, it was
found that the minimum boundary must be xed at 15 Hz. In Fig. 2.19, it is shown the pro-
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Figure 2.20: IF estimated by IAS-OT mode from CMMNO2014 contest wind turbine signal: (a)
time-frequency representation highlighting the estimation with blue line, and (b) a comparison with
the tachometer reference and the common (top) and its relative error (bottom).

vided signal, where it is possibleto observe the signal in time, frequency and time-frequency
domain ((a), (b) and (c) part, respectively). In frequency domain, the harmonics obtained
using the harmonic algorithm are marked and showed in the Fourier transform computation
from 20 seconds signal segment (see Fig. 2.19(b)). Here, the harmonic 26:2Hzisused as rst

order, obtaining in total aset of 26 orders. In addition, the SRCKF parameters associated
to process and measurement covariances are xed as ¢@ = 10 3,q" =10 ¥ andr = 10 ™
On the time-frequency representation, it is possible to observe that there are two different
dynamic behavior in the signal, which are dominated by two different rotating systems, it
means that there are harmonics synchronized with the low and high speed shafts, yet there
are other harmonics that do not match 1. As a result, Fig. 2.20 displays the IF estimated
using the proposed IAS-OT model. Obtained IF is highlighted with blue line on the time-
frequency representation Fig. 2.20(a), where it is possible to see that the estimation match
with the high speed shaft, ranging from 20Hz to 30Hz, which con rms the boundaries xed

into the IAS-OT model. A comparison with the tacho reference is shown in Fig. 2.20(b),
and besides, the IF estimation (red line) using atraditional method based on time-frequency
representation (noted as STFT), which consists in tracking the maxima values in the STFT
(Urbanek et a., 2013). It isworth noting that using the af orementioned method was achieved
the fth place in the contest. In that sense, the proposed IAS -OT model alows to improve
the result obtained using the based-STFT method, reaching a relative error under 3% de-
spitethefact that theintervals[220 250] and [320 350] secondsthere are adelay between
the reference and the estimated IF. Also, it is important to highlight that the IF estimated

1Contest results link:

http://cmmno2014.sci encesconf.org/conf erence/cmmno2014/pages/ PresentationCM M NOcontestwopi cts.pdf
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Figure 2.21: Time-frequency representation of nine order components estimated from CMMNQO2014
contest wind turbine signal using the IAS-OT model.

by STFT does not match with the reference shaft speed because the maxima tracking was
obtained at frequency interval [500; 750]Hz and the scaling factor was not enough accurate.
Finally, a time-frequency representation of nine order componentsis displayed in Fig. 2.21,
where it isimportant to notice that each plot is presented in logarithmic scale, therefore, the
Itering provided by the proposed method allows to extract t he non-stationary components,
even if the order components are not integer multiple from 1st order. Similar to case study
presented in Section 2.5.2, there are components that comprise noise around the tracked or-
der component, nonethel ess, the fact that the order amplitude holds during all signal length,
improving the Itering precision of the proposed IAS-OT mod €l.
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Figure 2.22: Gearbox schematic from SAFRAN contest (SAFRAN, 2015).

2.5.4 Case study 4. Gearbox - SAFRAN SURVEILLANCE 8
contest

This experiment consisted of estimating the instantaneous speed in rpm, or instantaneous
frequency in Hz, from a gearbox operating under non-stationary conditions. The informa-
tion given hereafter, as well as the signal, have been kindly provided by SAFRAN to solve
the contest in the framework of the International conference Surveillance 8, October 20-21,
2015, Roanne-France 2.

The contest includes two independent exercises, the signal on each exercise is under non-
stationary conditions, i.e. coast-down and start-up operating conditions (exercise 1 and 2
respectively). In this case study just the rst exercise was solved using the IAS-OT model,
and the results are presented here. The provided vibration signal has a 50kHz of sampling
frequency and 3:4 minutes of time acquisition. Fig. 2.22 shows the kinematic scheme of the
gearbox, where it is possible identifying the transmission lines (L1  L11), and the number
of gear teeth, aswell as the relationship between different linesin order and frequency terms
(Fig. 2.23). For sake of simplicity, the signal exhibitsavisible harmonics from HP shaft, and
the objectiveisto recover the non-stationary rotation speed of HP shaft (N2) from avibration
signal mounted on the gearbox casing. A visual inspection of vibration signal is presented
in Fig. 2.24, where it is displayed the gearbox signal under coast-down operating condition
both in time, frequency and time-frequency domains. When the signal is decimated to 25kHz
(Fig. 2.24(c)), two different dynamics that cross between them could be distinguished, yet
the signal is downsampled 25 times obtaining a clear harmonic patterns that are related to
required shaft speed. Nonetheless, there is no a spectral component around 166:67Hz (i.e.
10000r pm) that presents a visible harmonics. Therefore, in spite of the information included

2Contest ruleslink:
http://surveillance8.sciencesconf.org/resource/page/id/17
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Figure 2.23: Characteristic frequencies referenced to HP shaft rotating speed (N2) (SAFRAN, 2015).
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Figure2.24: Provided gearbox signal by SAFRAN contest in: (&) time domain, (b) frequency domain,
and time-frequency domain from downsampled signal (c) 2 and (d) 25 times.

inFig. 2.23 alowsto infer that expected HP shaft component must appears around 166:67Hz
(1st order), inspecting the tacho signal measured on line 4, and given for solving the exercise
2, shows that the L4 rotational speed ranging from 181Hz to 243Hz. Therefore, taking into
account that the relationship between L4 and L1 (HP shaft speed) is 1:014, it is assumed that
the desired shaft speed isaround 183Hz and 246Hz. Then, the IAS-OT model boundaries are
xed LT =180and H' = 250, and it is not relevant if the operating condition is start-up of
coast-down, due to the required useful informationisto de ne an approximated range where
the expected |F is changing. The orders to be tracked into the proposed model are estimated



2.6 Discussion

39

300

—— OT-SRCKF
—— STFT

N

[ea)

o
T

Frequency [Hz]

N

o

(=)
T

1505—20 40 60 80 _100 120 140 160 180 200
Time [sec]

Figure 2.25: Time-frequency of SAFRAN contest gearbox signal (exercise 1) and the estimated IF
using the IAS-OT mode (blue line).

using the harmonic algorithm (Section 2.2.1) from a 20 seconds signal segment, obtaining
the harmonics showed in Fig. 2.24(b). Asregardsto properly X the rst order component,
ahigh-pass FIR lter is applied, because there is a componen t around 100Hz that is a sub-
harmonic of desired component, and the proposed model requires that the rst component
in the signal corresponds with the rst order. In that sense, atotal of 6 order components are
needed to estimating the |F associated to HP shaft speed. As aresult, adjusting the SRCKF
parametersto o = 10 7, " = 10 * and r = 10 2, it is obtained the IF showed in Fig. 2.25.
The blue line indicates the IF estimated by the proposed method, and green line corresponds
to estimation using the based-STFT method ((Urbanek et a., 2013)). It is possible to see
that IF extracted with SRCKF_OT method is centered with respect to spectral component
(red band), whereas the based-STFT method obtains a shifted IF which could be generated
by a bias introduced when the interpolation of the estimated IF is carried out. Nonetheless,
it is worth noting that both methods extracting correctly the IF structure, but the proposed
scheme is more accurate, taking into account that the scaling factor in the maxima tracking
must be xed. Other aspect to highlight is that the estimated |F allows us achieve the third
place in the contest, yet including the exercise 2 answer. Fig. 2.26 shows the time-frequency
representation of the six extracted order components in logarithmic scale. It isimportant to
highlight that rst order is extracted perfectly, it means, without spurious noise, whereas the
other components are contaminated with low power noise.

2.6 Discussion

The developed experiments allow formulating several ndin gs about the considered OT
schemes. So, the following advantages and drawbacks of the proposed scheme are high-
lighted:



2 Instantaneous frequency estimation based on order tracking

1000 1000 1000
Order 1 Order 1.3 Order 2
— a0 — 00 — a0
L L L
2 600 > 600 > 600
5 5 5
S 400 S 400 S 400
o o o
1 o <
L 200 L 200 L 200
0 0 0
0 100 200 0 100 200 0 100 200
Time [sec] Time [sec] Time [sec]
1000 1000 1000
Order 2.7 Order 3 Order 3.3
— 800 — a0 — 800
L L =
> 600 > 600 > 600
[&] (8] [&)
5 5 5
S 400 S 400 S 400
o o o
L 200 LL 200 L 200
0 0 0
0 100 200 0 100 200 0 100 200
Time [sec] Time [sec] Time [sec]

Figure 2.26: Time-frequency representation of six order components estimated from SAFRAN con-
test gearbox signal using the IAS-OT mode!.

The proposed nonlinear model for solving the OT problem can handlevibration signals
with multiple oscillatory components represented through several order components.
Yet, the approach has a trade-off between the model order (2K +1, being K the number
of components to be tracked) and the computational cost associated with parameter
estimation. Moreover, as K increases the precision also improves, but at the same
time, the computing burden grows since the amount of iterations becomes bigger. In
the concrete case, K can over exceed hundred components. To cope with this Kalman

Itering issue, estimation is carried out just over the most relevant order components.
S0, the proposed methodology downsizes to the needed variable amount (more less
than K) such that it provides enough precision of the respective reconstructed order
components.

However, the proposed OT scheme represents both the signal and noise energy as state
variables, and therefore the estimation performance decreases inasmuch as obtained
order components from vibration signal are corrupted. To achieve the needed estima-
tion accuracy, particularly, ten order components are used in test rig experiment, as
seen in Figures 2.10, 2.11, and 2.12. Likewise, since the noise level is higher, the
amount of order components increases to 20 in the ship driveline application (Fig-
ure 2.14). Besides, the IF estimation also depends on the amount of spectral compo-
nents to be tracked, but the noise in uence is more focused on amplitude estimation
according to the selected model covariance, Q: Here, it isworth noting that the tracked
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order components could be estimated using the algorithm explained in Section 2.2.1,
but when the signal comprises an order components with considerable amplitude, as
in the case studies related with both contest.

Since the IAS-OT modé is solved by Kalman ltering, the pro cess and measure-
ment covariances are parameters that strongly affect the estimation accuracy, there-
fore, it is suggested to utilize a grid of parameters comprising the following values:
i) @@ 2 [10 3;10 6], ii) g 2 [10 6;10 11], and iii) r = qf 10 1. Starting with
those parameter values reduce the possibility to nd a corre ct estimation both order
componentsand IF.

In addition, comparison between SRCKF_OT and VKF_OT brings the following observa-
tions:

In terms of the achieved estimation performance, compared models turn to be ade-
guate for all considered databases. Therefore, the obtained outcomes in simulated
experiment (see Table 2.2) dlow inferring that the waveform reconstruction using
SRCKF_OT gets alower error, which is reduced to half in average, for each estimated
order component. Error reduction can be explained since the proposed scheme does
not require any synchronization between vibration and tacho signals, while VKF_OT
scheme does. In contrast, amplitude estimation of each order component shows that
VKF_OT supplies better approximation to the original components because it modu-
lates each component using the amplitude parameter, whilethe proposed schemeisjust
based on the frequency parameter. Yet, when experimental data are used, the achieved
performance has no meaningful differences between compared approaches, i.e., both
schemes are satisfactory. Therefore, comparison must be rendered in a graphical way.
Generally, the VKF_OT scheme needs a reference signa coming from the rotation
speed of the machine. Instead, the SRCKF_OT does not require any synchronization
and is able to estimate the frequency associated with the rst component as well as
other components that might not be integer multiples of the rotation speed, such as
resonances (Figure 2.9).

AsseeninFigures 2.3, 2.4, and 2.5 (theoretical experiment), aswell asin Figures 2.10,
2.11, and 2.12 (test rig experiment), the VKF_OT approach performs as an amplitude
modulation scheme, carrying out a cumulative integration of the angular velocity to
get the forming signal phase of each component (Pan and Lin, 2006), and hence, this
approach presents a high estimation error when reference signal vanishes at al. In
contrast, in the proposed scheme, each component is estimated from its own waveform
and then the amplitude is calculated from each in-phase and quadrature component;
this allows to track more complex dynamic systems.
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Asshown in Table 2.2, the proposed scheme requires larger component amount K to

perform more precise estimation of each component. Instead, the VKF_OT can es-
timate the desired component, provided the reference speed signal. However, to get
similar accuracy, the latter scheme requires ne synchroni zation of the vibration sig-
nal aong with the reference. In the case of the closed-order component estimation,
VKF_OT ismore accurate in determining the amplitude, but the waveform reconstruc-
tion error is worse when the order component is estimated since there is a phase delay
between the base signal and the modulation performed. The same behavior can be
seen in Figures 2.10, 2.11, and 2.12. On the other hand, SRCKF_OT performs more
precise estimation because it preserves the waveform and amplitude at current time,
despite the noise in uence; thisfact is an advantage in real -world applications.

From the carried out test rig analysis two aspects are to be e mphasized: rst, the
proposed scheme performs suitable estimation, mainly, since it does not require any
reference shaft speed measurement. Rather, there are three parameters associated to
Kaman lIter recursion that must be tuned. In case of the VKF _OT, there are only two
parameters to be xed. Second, the estimation stability in S RCKF_OT is better than
in the VKF_OT case since for each recording a reference shaft speed measurement is
needed.



3 Fault identi cation by novelty
detection

Nowadays, condition monitoring of rotating machinery is becoming increasingly important
for the industry because it allows reducing accidental damages and improving the machine
performance at the same time. Thistool mainly relies on the adequate evaluation of the ma-
chine health or state, employing a set of measurements (called Condition-based Maintenance
CBM). Nevertheless, most of the real-world machinery oper ate unique pieces, which are
not suitable for inducing faults, making unfeasible to collect useful data from undamaged
machine conditions. Therefore, training datasets are unbalanced, presenting enough infor-
mation just about normal class. Regarding this matter, the novelty detection techniques had
been developed that aim at inferring or modeling the undiscovered or missing data.
According to the extensive review in Pimentel et a. (2014), the novelty detection methods
(also termed one-class classi ers OCC) can be constructed u sing generative or discrimina-
tive models. In either case, non-normal classes can be built based on several representations:
Distance-based, Probabilistic, heuristic, subspace-based, or based on information-theoretic
learning. Nonetheless, extraction of a representative feature set must be carried out accu-
rately to provide robust performance on test data. To this end, feature extraction achieves a
trade-off that maximizes the exclusion of novel samples while minimizes the exclusion of
known samples.
For training of CBM systems, data can be measured by several principles: vibration, acoustic
emission, and temperature signals, among others. However, the vibration principle is more
frequently used because of its low cost and high performance usually provided (Randall,
2011). Furthermore, a set of statistical features has been already proposed for extracting a
set of discriminating features from vibration signals (Lei et al., 2010; Villaet al., 2012; Lei
et a., 2012; Wang, 2016). However, several machine operations often lead to non-stationary
signals due to the dynamic behavior of the machinery excitations, resulting in time-varying
operating conditions. Therefore, the development of signal analysis methods suited to ex-
tracting the time-varying features from non-stationary signals has become increasingly rele-
vant for machinery fault diagnosis (Feng et al., 2013). To obtain valuable information from
non-stationary signals, several principles of feature extraction have been suggested for diag-
nosis of machinery health conditions (Worden et a., 2011; Goyal and Pabla, 2015). Where
itispossibleto nd stochastic modelsfor time series (like regressive models (Langoneet al.,
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2015, Markov models Zhou et al, 2015), linear time-varying decompositions (harmonic
analysis Cardona-Morales et al2014 Heo and joon Kim 2015, time-frequency analy-
sis (Wang et al. 2015, time-scale analysisdhen et al.2016) , non-linear time-varying
decompositions (empirical mode analydisi et al, 2015, complex analysisGaesarendra
et al, 2015), among others.

Although the implicit trade-off between the time and frence resolution of the analysis
may degrade the performance of time-frequency represent@FR), its use remains very
desirable for machinery diagnostics. The major advantad$R are its fast implemen-
tation and the provided physically meaningful interprietatas suggested iBejdic et al.
(2009, where different TFR methods are discussed to discriraitedt rig faults. Never-
theless, one aspect that may jeopardize the use of linearvarying decompositions for
condition monitoring is the high dimension of the extradiature set, extremely increasing
the computational load of the CBM as a whole notal@gidona Morales et a013.

In this chapter, a CBM methodology for non-stationary opegaconditions is introduced
that relies on a set of the time-varying narrow-band featas¢racted from order tracking ap-
proach presented in Chap®raiming to encode the non-stationary behavior of the aeduir
vibration signals. The key point here is conceiving the omenponents like dynamic fea-
tures, and then, estimating several statistical parasietar those features to carry out the
dimension reduction of the input training set as discuseediiet al.(2015. Another ap-
proach to properly characterize each narrow-band compasmemploying similarity mea-
sures as is presented $terra-Alonso et al(2014). Particularly, the multi-dimensional out-
lier detection problem is solved using two different dataatgtion classi ers, including the
Support Vector Data DescriptiofsVDD) as OCC method that is assumed to accomplish a
spherical boundary around the data set by avoiding the astimof the data densityTéx
and Duin 2004 Cha et al.2014). The other data description classi er is based on the estim
tion of the probability distribution function, assumingthlhe boundary can be modeled by a
Gaussian distribution, so-call&hussian Distribution One-Class Classi €6DOCC) (Tax,
201D).

The proposed CBM methodology comprises two different OCRestes under different
points of view (SectiorB8.3). Firstly, a traditional scheme, similar @ing et al.(2015);
Lei et al. (2015, where one class encloses the all undamaged data, andeamtdks is
compounded from different types of machine faults, eithd@ralance and misalignment or
bearing faults. Moreover, secondly, a novel scheme basddirmhlabel assignment where
the dynamic features (i.e. order components) are dealpbkeido-observations taking into
account that each order component inherits the propertifseaccomplete signal. Then, a
feature set is built with all undamaged order componentsdio the classi er algorithms,
and the order components estimated from faulty signals ssesaed to identify a spectral
region where the abnormal condition appears. In order tolatd the proposed methodol-
ogy, several experiments are shown in Secti®dsand 3.5 using three different datasets.
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