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ABSTRACT
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Jyväskylä: University of Jyväskylä, 2019, 76 p. (+included articles)
(JYU Dissertations
ISSN 2489-9003; 151)
ISBN 978-951-39-7936-2 (PDF)
This thesis focuses on the research and development of the data-driven methods used to diagnose rolling element bearings (REBs) and evaluates the software
architectural design of these data-driven methods. REBs are vulnerable components in machinery. Vibration-based condition monitoring is a very popular
methodology for monitoring the health of REBs.
This research started with the development of methods to analyze and detect incipient local faults of REBs using vibration measurements. The main goal
was to ﬁnd weak vibration signatures generated by local faults in REBs. As a
result, a ﬂexible simulator was developed to analyze the vibrations of bearing
faults and to evaluate vibration analysis methods, and a spline wavelet-based
algorithm were introduced for fault detection.
An incipient bearing fault will become enlarged if a machine is run and the
faulty bearing has not been replaced. The identiﬁcation of different lifetime stages
of wear evolution is part of the input data for bearing diagnostics and prognostics. A method to detect different lifetime stages of REBs according to their vibration signals was proposed based on an unsupervised learning method. The
result of the unsupervised method was exploited in early fault detection utilizing
supervised methods.
It is important to estimate the severity of a fault, and size is probably the
best proxy for severity. Estimating the fault size of defective REBs is one of the
top challenges in bearing diagnostics, especially when vibration measurements
are used to determine the state of health. A novel method for feature ranking to
estimate fault sizes for REBs was presented. Black-box classiﬁers were applied to
detect non-linear relations between features, and it was concluded that the best
metrics for basic diagnostics are not necessarily the best qualities for fault size
estimation.
The ﬁnal part of this research focuses on design at system-level. Software
framework designs encapsulate fault detection and remaining useful life (RUL)
estimation methods. As part of the tribotronic system, the object-oriented framework considers bearing applications and potentially extends them to other mechanical applications.
Keywords: Rolling element bearing, Bearing diagnostics, Vibration analysis, Feature extraction, Machine learning, Tribological system, Software framework

TIIVISTELMÄ (ABSTRACT IN FINNISH)
Kansanaho, Jarno
Tieto-ohjautuvia menetelmiä laakerien vikadiagnostiikkaan
Jyväskylä: University of Jyväskylä, 2019, 76 s. (+artikkelit)
(JYU Dissertations
ISSN 2489-9003; 151)
ISBN 978-951-39-7936-2 (PDF)
Väitöskirjatyöni käsittelee vierintälaakerien kunnonvalvonnassa käytettäviä vikadiagnostiikka-algoritmeja sekä ohjelmistoarkkitehtuurisuunnittelua kyseisten tietoohjautuvien menetelmien näkökulmasta.
Tutkimus aloitettiin kehittämällä menetelmiä, joilla analysoidaan ja voidaan
havaita vierintälaakerien alkavat paikalliset viat värähtelymittauksia hyödyntämällä. Päätavoitteena oli löytää vierintälaakerien paikallisten vikojen aiheuttamat heikot värähtelyt. Konkreettisena tutkimustuloksena syntyi joustava simulaattori laakerivikojen värähtelyanalyysille ja värähtelyanalyysimenetelmien arviointiin sekä spline-väreitä hyödyntävä algoritmi vierintälaakerivian havaitsemiseen.
Vierintälaakerin vaurio suurenee, jos konetta käytetään edelleen, eikä laakeria ei vaihdeta. Vierintälaakerin vaurion etenemisen vaiheiden tunnistaminen
on hyödyllistä vian vakavuuden arvioinnissa ja jäljellä olevan käyttöiän ennustamisessa. Tutkimuksessa sovellettiin valvomatonta oppimismenetelmää vierintälaakerin elinkaaren vaiheiden havaitsemiseksi värähtelysignaaleista. Valvomattoman menetelmän tulosta hyödynnettiin varhaisen laakerivian havainnoinnissa
ohjattujen menetelmien avulla.
Viallisen vierintälaakerin vian vakavuuden arviointi voi olla hyvin haastavaa, erityisesti värähtelymittauksia käytettäessä. Tällöin piirreirrotus värähtelysignaaleista on välttämätöntä. Värähtelysignaalista laskettuja piirteitä on tutkittu
ja niitä kehitetään laajasti. Piirteitä arvioidaan, kuinka hyvin niillä pystytään havainnoimaan laakerivika ja kuinka hyvin ne kuvaavat laakerivian vakavuuden
tilaa tai sen elinkaaren vaiheita. Tässä tutkimuksessa sovellettiin koneoppimismenetelmiä vian koon arviointiin. Tuloksena syntyi uusi menetelmä värähtelysignaalien piirteiden arvioimiseen sovellettaessa vian koon arviointiin instanssipohjaisia luokittimia.
Tämän tutkimuksen viimeisessä osassa keskityttiin järjestelmätason suunnitteluun. Suunniteltu ohjelmistokehys kapseloi vikojen havaitsemisen ja jäljellä olevan käyttöiän arviointimenetelmät. Toteutettu ohjelmistokehys toimii osana tribotronista järjestelmää, jossa vierintälaakeri on tribologinen systeemi. Ohjelmistokehys tarjoaa mahdollisuuden laajentaa sen muihin tribologisiin systeemeihin.
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1

INTRODUCTION

1.1 Background and motivation
Rolling bearing elements (REBs) are regularly used components in rotating machinery. The main function of REBs is to support shafts that rotate at different
speeds and carry different loads. A bearing failure is the most common reason
for machine breakdowns, which lead to signiﬁcant economical, or even human,
losses. Condition monitoring, a crucial part of condition-based maintenance,
tries to prevent catastrophic failures from happening. Fault detection, fault diagnostics, and fault prognostics produce inputs for condition monitoring (Figure
1). Figure 1 presents the relationships between components related to condition
monitoring.
Diagnostics covers the identiﬁcation and quantiﬁcation of a machine component fault, while prognostics covers the prediction of a component s future
conditions, its remaining operational life, or the risk to complete operation (Heng
et al., 2009; Sikorska et al., 2011). Detecting incipient faults enables better possibilities for planned maintenance actions. The fault severity assessment provides
valuable information for RUL estimation that predicts the ﬁnal operation time.
Vibration measurements are the most common condition monitoring method
for bearing diagnostics. Compared to other online condition monitoring methods
such as oil particle measurements, vibration measurement systems are affordable
and scalable solutions. Moreover, vibration sensors are continually developed.
Vibration measurements do not directly indicate a bearing’s condition; thus, feature extraction is necessary. The sensitivity of vibration signals to disturbances
makes the task more difﬁcult.
Signal processing methods for vibration analysis are frequently developed
for bearing diagnostics. Signal processing methods focus on the extraction of
characteristic features from the vibration signals generated by REBs. The decisionmaking based on these extracted features can be considered the second step in
signal processing approaches (Rai and Upadhyay, 2016). Features extracted from
vibration signals include time domain, frequency domain, or time-frequency do-
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FIGURE 1

Key elements of condition monitoring.

main depending on the application. The most suitable features for diagnostics
differ from features that are the most suitable for prognostics. Aside from datadriven methods, physical-based models have received attention in prognostics
(Li et al., 1999, 2000; Luo et al., 2003b).
Detecting faults of incipient bearings can be as worthwhile as it is challenging. The operating conditions of bearings may consist of many other components
that generate vibrations which overlap with the monitored bearing’s vibrations.
In such cases, extracting characteristic fault features requires sophisticated methods, such as the use of digital ﬁlters, transformations, and signal decomposition.
Vibration signal features are usually high-dimensional and non-Gaussian, leading to problems when recognizing patterns (Zhao et al., 2014). This has led to the
continual application of machine learning methods in bearing diagnostics and
prognostics. However, such research should not rely on narrow datasets.
Fault severity assessment that provides valuable input for prognostics requires more background information regarding the health of a bearing other than
fault detection. Direct information of the degradation of REBs should be acquired
to map the actual degradation state using vibration signal features. In typical
laboratory experiments, this requires the removal of a bearing. Finding a good
degradation feature is essential for RUL estimation, which is a prognostic task.
Novel methods in the research of bearing diagnostics and prognostics are
published in journals such as Mechanical Systems and Signal Processing, Measurement, Sound and Vibration, and Vibration and Control. Many of the published research studies are based on bearing vibration data collected from one
bearing test rig. It is notable that one vibration dataset from Case Western University (CWRU, s. a.) has been studied in many research studies; see Table 3 in the
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Appendix. Furthermore, bearing faults in this particular dataset were artiﬁcially
produced; this leads to the conclusion that diagnostic and prognostic methods
based on narrow datasets might not have good generalization capabilities.
Autonomous tribotronic systems control themselves based on measurements
acquired from different sensors. In such a systems, REBs are components that
are monitored, and their running parameters are adjusted based on the decisions made on outputs from diagnostic and prognostics algorithms. The requirements of real-time systems can signiﬁcantly vary depending on the machinery.
However, the key entities and functionalities in diagnostics and prognostics algorithms are generalizable. Software frameworks potentially allow software designs to be generalizable.

1.2 Research questions
RQ1: What methods can be applied for REB fault detection and how can the
methods be analyzed?
RQ2: Can the different stages of wear evolution of REBs be determined?
RQ3: What are the most important vibration signal features, or indicators for
fault diagnostics and severity estimation?
RQ4: How can bearing diagnostics and prognostic methods be encapsulated
into an industrial software system?

2

ROLLING ELEMENTS BEARINGS

FIGURE 2

Main parts of a rolling element bearing.

Bearings are categorized as REBs or journal bearings based on their structures (Hamrock and Anderson, 1983). REBs contain rolling elements that have
different shapes and can be spherical, cylindrical, tapered and needle-like (NTN,
2019). Journal bearings contain only sliding surfaces, no rolling elements. This
research focuses on the study of REBs. The main parts of an REB are shown in
Figure 2. A rotating shaft penetrates the bore of an REB. Rolling elements circulate the shaft between inner and outer rings touching the raceways. The function
of the cage is to keep the rolling elements in the correct position and to prevent
them from falling out (NTN, 2019). The inside of an REB is lubricated.
REBs are widely used in various machines, motors, wheels, cooling fans,
etc., to support rotating shafts. Requirements for bearings vary depending on
the machinery; for example, a large industrial motor has different requirements
compared to a wheel on a car trailer. REBs are designed to carry axial and radial
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loads, run at different speeds, operate in different conditions, etc. The magnitude and angle of the load are the most important bases for the selection of REBs
(Ansaharju, 2009). Different types of REBs have been designed to meet various
requirements. The most typical REBs are shown in Figure 3.

FIGURE 3

Different types of rolling element bearings (Silberwolf, 2006).

The most common type of REB is ball bearing, also called deep groove single
row bearing, which carries axial and radial loads and can be used at high rotation speeds (Ansaharju, 2009). Typically, the inner ring is attached to the shaft
in ball bearings. Cylindrical roller bearings can handle greater radial loads than
ball bearings because cylindrical rolling elements have a larger area where the
load can be distributed. Self-aligning, spherical roller bearings are designed to
endure considerably heavy radial and axial loads at moderate speeds (Gonzales,
2015). The inner rings of these REBs include two raceways inclined at an angle
to bearing axis. Spherical roller bearings are often used in wind turbines, pumps,
and gear boxes. Roller elements of tapered roller bearings lean against the collar
of the inner race that enables concurrent radial and axial loads (Ansaharju, 2009).
Tapered roller bearings are used, for example, in the wheel shafts of cars.
Thrust bearings, also known as axial bearings, are designed to carry axial
loads. Thrust ball bearings, high-speed duplex angular contact ball bearings and
double direction angular contact thrust ball bearings are typical thrust bearings
with ball-shaped rolling elements (NTN, 2019). In thrust bearings, the rolling
elements are installed between plates that have rolling raceways. Thrust roller
bearings can have cylindrical, needle, or tapered rolling elements.

2.1 Bearing failures
Bearing failure modes can be classiﬁed into six categories: fatigue, wear, corrosion, plastic deformation, fracture, and electric erosion Group (2012). The most
common cause of bearing failure is fatigue (Sawalhi and Randall, 2011). Generally, REB defects are classiﬁed into distributed and localized defects. The distributed defects are surface roughness, waviness, misaligned races, and incorrectly sized rolling elements. Localized defects include cracks, pits, and spalls
caused by fatigue on rolling surfaces (Tandon and Choudhury, 1999).
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Wear, a measure of a bearing’s condition, accumulates over time, and this
cumulative wear is usually measured at selected times in machine condition monitoring systems (Christer and Wang, 1995). The presentation of wear evolution as
a time series describes wear interaction and evolution at different lifetime stages.
El-Thalji et al. introduced a ﬁve-stage descriptive model of wear evolution including: running-in, steady-state, defect initiation, defect propagation, and damage growth (El-Thalji and Jantunen, 2014). The ﬁve stage model is shown in
Figure 4. Previously, two- and three-stage models of wear progress were presented (Jantunen, 2006; Schwach and Guo, 2006; Harvey et al., 2007; Yoshioka
and Shimizu, 2009).

FIGURE 4

A ﬁve-stage descriptive model of wear evolution.

2.2 Condition Monitoring
When a measured variable directly determines a bearing failure, the condition
monitoring method is direct. Respectively, when a measured variable provides
associated information that is affected by the bearing condition, the condition
monitoring method is indirect (Christer and Wang, 1995). Commonly used direct
and indirect condition monitoring methods consist of the following (Jantunen,
2002; Dongre et al., 2013; Banjevic and Jardine, 2014; Wang et al., 2017): i) Indirect
methods: vibration analysis, acoustic emission analysis, ultrasound and infrared
analysis, physical basic quantities monitoring (heat, pressure), and electrical basic
quantities monitoring (voltage, current, power, resistance); ii) Direct methods: oil
debris analysis, corrosion monitoring, and visual inspection (boroscope, etc.).
Since a bearing failure is probable, condition monitoring is necessary to
avoid catastrophic failures. The sensitivity of failure detection using different
condition monitoring techniques is presented by a P-F curve (Moubray, 1999).
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The P-F curve indicates time intervals between potential failure (P) and functional failure (F) using different types of condition monitoring techniques (Figure
5). Functional failure means the machine is inoperable.

FIGURE 5

P-F curve.

It can be clearly seen from the P-F curve that vibration measurements and
oil metal particle measurements provide the longest time interval between the
potential failure detection and true functional failure. Hence, proper maintenance
can be carefully and safely planned. However, the installation of sensors plays a
crucial role with respect to reliable fault detection.
Vibration sensors interpret vibration values indirectly from mechanical and
optical quantities. Vibration sensors are categorized into contacting and a noncontacting sensors according to their measurement principles. Moreover, contacting and non-contacting sensors are divided into path, speed, and acceleration
measurement (Ruhm, 2010): i) Path measurement: potentiometric transmitter,
linear variable differential transformer; ii) Speed measurement: principle of electrodynamics, seismometer (principle of inertia); iii) Acceleration measurement:
piezoelectric, piezo-resistive, resistive, and inductive sensors. Path measurement
sensors convert linear displacement into an electrical signal. Commonly used
accelerometers exploit the piezoelectricity of certain materials. Due to the variety of applications, ﬁrst, a suitable vibration sensor needs to be chosen based on
measurement requirements. Vibration sensor installation is crucial for reliable
measurements and so forth for successful condition monitoring. The length of a
signal path should be as short as possible (Siemens, 2016). However, environmental conditions also affect the sensors’ ﬁnal positions. Figure 6 shows a simpliﬁed
example of vibration sensor installation.
Unlike vibration analysis, analysis of lubrication oil of a mechanical system
provides direct and reliable information of wear (Bozchalooi and Liang, 2009).
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FIGURE 6

Simpliﬁed example of installation of a vibration sensor.

Metallic debris indicating a faulty bearing can be detected at the early failure state
using an oil debris monitoring system. In practice, oil debris monitoring (ODM)
is based either on regularly taken oil samples analyzed in the laboratory (offline analysis) or on ODM sensors, which are able to detect metal particles on-line
(Dupuis, 2010; Dempsey et al., 2011). The actual oil debris data is a time-series,
indexed in a chronological order, that represents the amount of metal particles.
It is possible to use oil debris data itself as a degradation parameter. However,
installation of oil debris sensors is more cumbersome than vibration sensors.

2.3 Tribotronic system
A tribotronic system unites tribological system, sensors, real-time control system, and actuators (Glavatskih and Hoglund, 2008). The tribotronic system is
autonomous; measured data from sensors is processed through a real-time control unit and, based on the unit’s response, the tribological system is controlled.
Such tribological systems include REBs, gears, and seals. Figure 7 presents the
components of a tribotronic system and their interactions.
Due to a variety of assets properties, high resolution data, and rather complex algorithms, it is necessary to both plan and document software design. Without any software architectural design in large and complex systems, it is very
likely that a software will become difﬁcult to maintain and error-prone. One of
the main goals in software engineering is to reuse existing code (Bosch et al.,
2000). Since the emergence of object-oriented design, design patterns, software
platforms, and software frameworks, software implementations have become
more maintainable and reusable. Software frameworks are a key technique in
the implementation of software platforms. An important property of a software
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FIGURE 7

Data process ﬂow in tribotronic system.

framework is inversion control, which enables the framework itself to call a user’s
implemented methods (Johnson and Foote, 1988). Without using frameworks in
the software development, a lot of code would be written repeatedly. There exists several types of software frameworks, such as abstract, white-box, black-box,
plug-in, layered, and hierarchical frameworks (Koskimies and Mikkonen, 2005).
A control unit in a tribotronic system may incorporate complex algorithms
that require the exploitation of several entities, since the software’s architectural
design is essential. More importantly, a tribological system should be interchangeable from the architectural design perspective; e.g. the tribological system could
be REB which would be replaced with gear. Real-time algorithms for fault detection and RUL estimation should be compatible for other tribological systems.
Progressive data ﬂow in the control unit could be represented as a pipes-andﬁlters architectural design (Philipps and Rumped, 1999). From the framework
perspective, the tribological system could be considered a plug-in and the inheritance could be the specialization mechanism.

3

DIGITAL SIGNAL PROCESSING

The basics and some common techniques in digital signal processing will be
brieﬂy introduced in this chapter, and Chapter 4th references these techniques
again.

3.1 Discrete digital signals

FIGURE 8

Sinusoidal pulse with sampling frequency of 1000 Hz.

Analog-to-Digital (A/D) converters change analog signals [V] to discrete
digital signals [0 1]. After conversion, digital ﬁltering removes possible noise or
disturbances caused by non-relevant sources. Sampling frequency Fs deﬁnes the
resolution of a signal. Sampling frequency demonstrates how many samples are
recorded per second:
(1)
Fs = 1/T,
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where T is the time interval between recorded measurements. Figure 8 shows a
discrete signal with a sampling frequency of 1000 Hz. The signal describes one
sinusoidal pulse (2Πt). The number of samples in the signal is 1000 (left side of
Figure 8) and its duration is one second (right side of Figure 8).
To completely reconstruct a continuous signal, the sampling frequency of a
signal must be at least two times the highest frequency component in the signal
(Nyquist, 1928). If the sampling frequency of the signal is less than prerequisite
set by Nyquist, aliasing will occur, which is a process that causes high frequency
components of a signal to be indistinguishable (Gonzalez and Woods, 2008).
The unit impulse (on the left in Figure 9) is the response of the unit sample
function in the discrete systems. The unit sample function is:
δ(n) = {

1,
0,

when n = 0,
when n = 0.

Any discrete sequence can represent translated and weighted series of unit
samples:
x (n) =

∞

∑

n=−∞

x ( k ) δ ( n − k ),

(2)

where k ∈ Z and x(k) is the kth sample of the input sequence.
The input of the linear (discrete) time invariant system (LTI) is the unit impulse δ(n) and the output is the impulse response h(n) (on the right in Figure 9).
If the impulse response of the LTI-system is known then all the other responses
can be calculated (Mitra, 2005).

FIGURE 9

Unit impulse δ(n) (left). LTI system output, impulse response h(n) (right).

The impulse response of a system is utilized by convolution. The impulse
response of the discrete system can be determined from its impulses. The response to the input signal is the sum of all impulse responses:
x (n) =

∞

∑

n=−∞

x (k )h(n − k ) : x (n) ∗ h(n) → convolution

(3)

Convolution requires that the system is additive, homogeneous, and time invariant.
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3.2 Discrete Fourier Transform
The discrete-time Fourier transform (DTFT) converts the time domain signal samples to the frequency domain components. When an input signal is a non-periodic
discrete signal and the result is periodic discrete signal, the transform is referred
as the DTFT. In case, an input signal is a periodic discrete signal and the result is
periodic discrete signal, the transform is referred as the discrete Fourier transform
(DFT). The result of the DFT, X (ω ), is a complex-valued function of frequency.
The DFT is the set of samples N of taken at frequencies spaced by ω f s /N in the
Nyquist band (Tretter, 2008). The DFT of signal x (n) is (Mitra, 2005):
The discrete-time Fourier transform (DTFT) converts the time domain signal
samples into the frequency domain components. When an input signal is a nonperiodic discrete signal and the result is a periodic discrete signal, the transform is
referred to as the DTFT. In cases where an input signal is a periodic discrete signal
and the result is periodic discrete signal, the transform is referred to as a discrete
Fourier transform (DFT). The result of the DFT, X (ω ), is a complex-valued function of frequency. The DFT is the set of samples N of taken at frequencies spaced
by ω f s /N in the Nyquist band (Tretter, 2008). The DFT of signal x (n) is (Mitra,
2005):
1
X (k) =
N

N −1

∑

n =0

−kn
x (n)WN
,

(4)

where k = (0, 1, .., N − 1), N is the length of the fundamental period, WN is the
n’th root of unity, i is the imaginary unit and n is the sample index of the signal.
Using the Euler formula, WN can be presented:
 
 2Πkn 
 2Πkn 
2Πi
N
,
(5)
= cos
− i · sin
WN = e
N
N
where sin and cos functions are referred to as the basis functions. Replacing Wn
with Euler’s representation, the DFT becomes:
 2Πkn 
  2Πkn 
1 N −1
(6)
.
x
(
n
)
−
i
·
sin
cos
X (k) =
N n∑
N
N
=0
The inverse discrete Fourier transform (IDFT) is given by (Mitra, 2005):
X (k) =

1
N

N −1

∑

n =0

kn
x (n)WN
.

(7)

Both the DFT and the IDFT can be represented in the matrix form. The DFT
operation for the sequence becomes a multiplication operation between a matrix
and a vector. The transformation matrix is called the DFT matrix, W:
⎤
⎡
1
1
1
...
1
⎢1
...
ω ( N −1) ⎥
ω
ω2
⎥
⎢
⎥,
⎢ ..
..
..
..
.
.
⎦
⎣.
.
.
.
.
1 ω N −1 ω 2( N −1) . . .

ω ( N −1)( N −1)
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where ω =

2Πi
N .

3.2.1 Fast Fourier Transform
The Fast Fourier transform (FFT) is an efﬁcient algorithm to calculate the DFT.
The FFT factorizes the DFT matrix into a product of sparce factors. Algorithm
complexity of the FFT is Nlog2 N and N 2 for the DTFT. N depends on the number
of points that is N = 2 p ; e.g. if p = 10 then N 2 = 1048576 and Nlog2 N = 10240.
FFT algorithms apply two main strategies for factorization; decimation in
time (DIT) and decimation in frequency (DIF). The DIT strategy divides the summation operation of the DFT into sums over the odd and even indexes of a signal.
X (k) =

N
2 −1

∑

m =0

x2m e

− 2Πi
N (2m ) k

+

N
2 −1

∑

m =0

x2m+1 e−

2Πi
N (2m +1) k

,

(8)

where 2m refers to sums of the even-numbered indexes and 2m + 1 to sums of
the odd-numbered indexes.
A pair-wise computation of these operations is called a FFT butterly (Figure
10). The Cooley-Tukey algorithm is a popular FFT algorithm that uses the DIT
strategy (Cooley and Tukey, 1965). There are several Cooley-Tukey algorithm
derivatives such as radix-2, radix-4, radix-8 and split-radix (Ghissoni et al., 2010).

FIGURE 10

FFT butterﬂy describes a pair-wise computation of the FFT algorithm.

3.2.2 Amplitude and power spectrum
The DFT results a complex number representation of an input in frequency domain. Amplitude and power spectra are a convenient ways to plot spectral intensities versus frequencies. The deﬁnitions for the amplitude spectrum Ak and the
power spectrum Pk (Tan, 2008):
Ak =

1
1
| X (k)| =
N
N

X (k )2REAL + X (k)2I MAG ,

(9)

1
1
| X (k)|2 = 2 X (k)2REAL + X (k)2I MAG ,
(10)
2
N
N
where X (k) REAL is the real part of the DFT and X (k ) I MAG is the imaginary part
f
of the DFT. The frequency resolution for the spectra is f res = Ns .
Pk =
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Spectral leakage is an unwanted phenomenon that occurs because of the
convolution operation that creates new frequency components on spectrum calculations (Tan, 2008). The windowing is used to reduce the spectral leakage in
the DFT. However, the windowing might increase the spectral leakage on some
sections of the spectral and decrease it on other sections (Harris, 1978).
3.2.3 Short-time Fourier transform
The short-time Fourier transform (STFT) is a piece-wise transform that calculates
the sinusoidal frequency and phase content of the local sections of a signal. The
discrete time STFT is deﬁned (Gröchenig, 2001):
STFT (k, ω ) =

∑ w[n − k] x[n]e− jnTω ,

(11)

n∈ Z

where w is the window function, k = mN/2 for even N and k = m( N − 1)/2 for
odd N, with N as the length of a signal and m ∈ Z. An example of the window
function is the Hanning window w[n] = sin2 (Π(n − 1)/N ), where n = 1, .., N.

3.3 Modulation and demodulation

FIGURE 11

Examples of amplitude and frequency modulation.

Modulation is a notable process in telecommunications and digital signal
processing. Modulation is a process which combines a waveform signal, called
a modulating signal, into another waveform signal, called a carrier wave. The
transmission properties of the carrier wave are signiﬁcantly better than the modulating signal. Signal waveforms can be modulated by either amplitude or frequency. Amplitude modulation linearly transforms the amplitude of the carrier
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wave. In the frequency modulation, the frequency or phase angle of the carrier
wave is modulated. Figure 11 shows examples of amplitude- and frequencymodulated signals. The modulating signal is combination of two sinusoidal pulses
(at the top of Figure 11). The frequency of the carrier signal is 20 Hz in the frequency modulation.
Demodulation is the opposite operation of modulation. Several techniques
can be used for amplitude demodulation, including square-law demodulation
(Tretter, 2008), envelope demodulation with Hilbert transform (Tretter, 2008; Feldman, 2011), and coherent demodulation (Grami, 2019). Frequency demodulation
techniques include zero-crossing demodulation (Carlson, 1975) and quadrature
demodulation (Gallager, 2008).

FIGURE 12

The square law and the Hilbert transform envelope detectors.

The square-law demodulation includes successive operations: the squaring
operation, lowpass ﬁltering and square-root operation (upper portion of Figure
12). The deﬁnition for the input (transmitted) signal s(t):
s(t) = Ac [1 + k a m(t)]cos(ωc t),

(12)

where m(t) is the modulation signal (lowpass baseband), Ac is the amplitude, and
ωc is the angular frequency of the carrier wave. The sampling rate of the input
signal s(t) must be at least 4(ω + W ) to prevent aliasing and the lowpass ﬁlter
H (ω ) must operate on samples of s2 (t) taken at rate 4(ω + W ) (Tretter, 2008). W
is the cut-off frequency of the modulation signal.
The Hilbert transform has been used in vibration analysis more than 30
years (Feldman, 2011). What follows is the deﬁnition for the Hilbert transform
in time domain:
1
1 ∞ x (τ )
dτ,
(13)
=
x̂ (t) = x (t) ∗
πt
π −∞ t − τ
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where * is the convolution operator. In other words, when a signal is passed
1
, the Hilbert transform has been applied
through a ﬁlter with impulse response πt
on the signal. The Hilbert transform is a linear operation that shifts the phase
angle by 90° in the frequency domain. The operations of the Hilbert transform
envelope detector are shown in Figure 12. The deﬁnition of the input signal was
deﬁned in the equation 12.

3.4 Wavelet Transforms
The wavelet transform enables multi-resolution analysis with dilated windows.
The wavelet transform is a constant relative bandwidth analysis (Kovacevic and
Vetterli, 1995). Using dilation and translation, the wavelet transform can efﬁciently extract the time-frequency features of a signal (Kumar et al., 2013). It is
an excellent tool for the analysis of non-stationary signals. The frequency resolution increases and the time resolution decreases when the wavelet transform is
done at sequentially wide scales. Like Fourier transforms, the wavelet-transform
concludes the basis-function called mother wavelet.
3.4.1 Continuous wavelet transform
The continuous wavelet transform (CWT) transforms signal to a two-dimensional
time-scale joint representation. The idea of the CWT is to continuously calculate scalable function by moving this function continuously over a signal. As
result, the wavelet coefﬁcients are acquired. However, the bases of the scalable
functions become non-orthogonal, which makes wavelet coefﬁcients redundant
(Sheng, 2000). The deﬁnition of the CWT as the function of time is:
T ( a, b) =

∞

−∞

f (t)ψ(∗a,b) (t)dt,

(14)

where ψ is the mother wavelet and * refers to complex conjugation. The mother
wavelet is:
1 t − b
ψ(a,b) (t) = √
,
(15)
a
a
where a is the scaling (dilation) parameter, and b if the translation parameter.
The parameter a controls the window length and affects the frequency resolution;
large a for better frequency resolution.
3.4.2 Discrete wavelet transform
The time-scale joint representation of a discrete wavelet transform (DWT) is a
grid along the scale and time axes. The discrete wavelet is a piecewise continuous
function. The discretisation of the wavelet is done by sampling the time-scale axis
at discrete intervals. Usually, dyadic sampling is used with a geometric sequence
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of ratio two. The DWT as a function of time is:
1  t − 2i j 
ψ(i,j) (t) = √
,
2i
2i

(16)

where the dilation term is 2i and the translation term is 2i j.
The DWT can be represented in sequences of high- and low-pass ﬁlters, as
shown in Figure 13 (Vetterli and Herley, 1992), where g[n] is the low-pass ﬁlter
and h[n] is the high-pass ﬁlter.

FIGURE 13

The DWT as sequences.

3.5 Digital Filters
3.5.1 Finite impulse response ﬁlters
The impulse response of the ﬁnite impulse response (FIR) ﬁlter has ﬁnite length.
Convolution with impulse response of the FIR ﬁlter removes desired frequencies
from the signal: The impulse response of the ﬁnite impulse response (FIR) ﬁlter
has ﬁnite length. Convolution with the impulse response of the FIR ﬁlter removes
desired frequencies from the signal, as:
y(n) =

N

∑ h [ k ] x [ n − k ],

(17)

k =0

where h is the impulse response of the FIR ﬁlter, x is the original signal, and y is
the ﬁltered signal (Mitra, 2005).
An FIR ﬁlter is deﬁned based on requirements of a ﬁlter’s phase and amplitude responses. Phase responses are usually linear and amplitude responses
are speciﬁed for pass-, transition- and stop bands. The basic idea of a FIR ﬁlter
design is to ﬁnd appropriate coefﬁcients and determine an accurate ﬁlter order. A
common technique is the FIR convolution that is a cross-correlation between the
original signal and the impulse response of the pulse shape that is to be ﬁltered
(Oppenheim et al., 1983). A moving average ﬁlter is a simple FIR ﬁlter.
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3.5.2 Inﬁnite impulse response ﬁlters
The impulse response of the inﬁnite impulse response (IIR) ﬁlter has an inﬁnite
length. The general form of the IIR ﬁlter is:
Y ( e i ω ) = H ( e i ω ) X ( e i ω ),

(18)

where H (ei ω ) is the frequency response of the ﬁlter. In practice, the IIR ﬁlter is
implemented in terms of the difference equation:
y(n) =

K

∑

k =0

ak x (n − k ) +

M

∑

m =0

bm y ( n − m ) ,

(19)

where m, ak and bm are the IIR coefﬁcients (Mitra, 2005).
Butterworth, Chebyshev, Bessel, and elliptic ﬁlters are different types of IIR
ﬁlters. Compared to FIR ﬁlters, IIR ﬁlters require fewer calculations and memory
and they perform better from narrow transition bands (Mitra, 2005). However,
FIR ﬁlters are easier to implement to linear phases and to match the desired frequency response (Mitra, 2005).
3.5.3 Wavelet ﬁlter banks
The construction of wavelet ﬁlter banks concludes the analysis and synthesis
functions that perform the composition of the original spectrum using sub-spectral
components. The wavelet transform is orthogonal when the analysis and synthesis function sets are the same. For the biorthogonal transform, these function sets
are different. A common technique for computing wavelet transforms is to use
two-channel perfect reconstruction (PR) ﬁlter banks: a low-pass ﬁlter g(z) and
high-pass ﬁlter h(z) form an analysis ﬁlter bank and a low-pass ﬁlter H0(z) and
high-pass ﬁlter H1(z) form a synthesis ﬁlter bank (Figure 14).

FIGURE 14

Two-channel wavelet ﬁlter bank.

4

VIBRATION ANALYSIS OF ROLLING ELEMENT
BEARINGS

Vibration analysis is a key technique in the condition monitoring of REBs. Vibration analysis of REBs exploits different (digital) signal processing methods. Vibration measurements do not provide direct information regarding the health of
REB, and, therefore, feature extraction is necessary. This implies different applications of signal processing methods. The sensitivity of vibration signals to disturbances makes the task more difﬁcult. Features of vibration signals can be separated into six categories: i) time-domain features; ii) frequency-domain features;
iii) time-frequency-domain features; iv) phase-space dissimilarity measurements;
v) complexity measurements; vi) other features (Caesarendra and Tjahjowidodo,
2017).
Recently, Rai et al. (Rai and Upadhyay, 2016) reviewed signal processing
methods utilized in the fault diagnosis of REBs and the methods were ordered in
the chronological stages:
I Time domain methods (statistical moments, autoregressive model, etc.), timefrequency domain methods (DWTs), bispectral and power density methods,
adaptive noise canceling, envelope analysis.
II Autoregressive model (improvements), bispectral analysis, wavelet transform, matching pursuit, cyclostationary methods, spectral kurtosis and kurtogram, entropy, morphological feature extration methods, empirical mode
decomposition.
III Spectral kurtosis and kurtogram (improvements), cyclostationary methods,
wavelet based approaches, empirical mode decomposition (improvements),
morphological signal processing, matching pursuit order tracking, data reduction tools, cepstral analysis.
A variety of signal processing methods have been developed for the vibration
analysis of REBs. The selection of a suitable technique depends on the bearing application in question. In some cases, the required techniques may be rather simple. However, the detection of incipient bearing faults requires more advanced
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techniques, especially in environments where other sources create disturbing vibrations. The vibration analysis methods used in this research are presented in
this chapter.

4.1 Vibrations generated by rolling element bearings
Randall (2008) deﬁned a taxonomy for different signal types:
–
–
–
–
–

stationary and non-stationary
stationary → random and deterministic
deterministic → periodic and quasi-periodic
non-stationary → continuous and transient
continuous → continuously varying and cyclostationary

Cyclostationary processes are non-stationary processes whose statistics are periodically varying (Antoni, 2006). Vibration signals generated by REBs can be modelled as pseudo-cyclostationary (Randall and Antoni, 2011). The term “pseudo”
refers to the randomness by caused by jitter. The terms “quasi-cyclostationary”
and “pseudo-quasi-cyclostationary” have also been used in research publications
(Antoni et al., 2004; Estupiñan et al., 2007).

FIGURE 15

Local faults of REB.

The vibrations generated by REBs include the vibrations of the raceway
rings, the vibrations of the cages, rolling element passage vibrations, vibrations
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due to the surface waviness on the inner and outer raceways, vibrations generated by ﬂaws, vibrations due to contamination, and seal vibrations (Momono
and Noda, 1999). Other than ﬂaw vibrations, the presented vibrations of the REBs
can be considered normal. Bearing fault signals, which include ﬂaw vibrations,
have a deterministic part and a stochastic part. The stochastic part is pseudocyclostationary and is very often small because of the low-pass ﬁltering effect of
random jitter, combined with the band-pass ﬁltering effect of resonances that are
excited (Randall et al., 2001). The spacing between these impulses usually varies
between 1-2% due to slippage resulting from the variation of the load angle of the
rolling element (Barszcz and Sawalhi, 2012).

4.2 Local faults in REBs
Local faults occur in the different parts of REBs: the inner race, outer race, rolling
elements and cage. Figure 15 shows common local faults. The resonances of
the bearing parts and housing structure emerge when a rolling element strikes
a localized defect, and an exponentially decaying ringing is generated (Tandon
and Choudhury, 1999; Kiral and Karagülle, 2003). Vibrations in the 2–20 kHz
range, are commonly measured by acceleration sensors. Ultrasound and acoustic
emission measurements cover considerably higher frequencies.
When a defective part of a bearing hits other elements of the bearing, a series
of impacts will occur at a rate dependent on the bearing’s geometry. The impacts
appear periodically in time, if the shaft is rotating at a constant speed. Each part
of an REB has its own frequency of occurrence based on the geometric dimension
of the REB. These frequencies are called the characteristics fault (defect) frequencies of the REB and include the outer race (the ball pass frequency of the outer
race [BPFO]), the inner race (the ball pass frequency of the inner race [BPFI]), the
ball or roller (the ball spin frequency [BSF]), and the gage (the fundamental train
frequency [FTF]) (Randall and Antoni, 2011). Table 1 lists the characteristic fault
frequencies and the corresponding equations, where Nb is the number of rolling
elements, Bd is the diameter of the rolling element, Pd is the pitch diameter, and
RotSpeed refers to the shaft rotation speed.
Many research studies exploit simulation models of bearing faults. McFadden and Smith (1984) introduced an impulse model of a single fault that considers
the load distribution and moving location of impacts:
f (t) =

∞
i =−∞

δ(t − iT ) P(θ ),

(20)

where δ is the impulse function, T is the time between consecutive impacts, θ is
the angle of rotation, and P is the load distribution function.
Since then, new impulse models for faulty bearing have been proposed. The
results of these studies have added multiple faults, random ﬂuctuations, the effect of surface roughness, and the effect of multiple interferences (McFadden and
Smith, 1985; Ho and Randall, 2000; Rohani and Mba, 2011; Liang and Faghidi,
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TABLE 1

Characteristic fault frequencies of REBs.

Fault type

Equation


BPFI

Nb
2

BPFO

Nb
2

BSF

Pd
2Bd

1+

Bd
Pd cosθ

1−

Bd
Pd cosθ

∗ RotSpeed



2 



1−



CAGE

1
2



∗ RotSpeed


Bd
Pd cosθ

∗ RotSpeed


1−

Bd
Pd

∗ RotSpeed

2014). The bearing impulse model used in this research was presented by Liang
and Faghidi (2014) with modulation terms for shaft rotation and random jitter
added as follows:
r (t) = Asin(ωrot t)e− βτ cos(ωres t + ϕ) +

K

∑ Lk cos(ωt),

(21)

k =1

where A is the amplitude of the vibration signal, ωrot is the rotation frequency, β
is the structural damping characteristic, ωres is the frequency of the exited resonance, ϕ is the phase angle, and Lk is the frequency of the kth interference component.
The spectrum of a modulated signal contains sidebands spaced at the modulation frequency (Randall, 2010). The passage of the local fault through the load
zone or a varying transmission path between the impact point and the vibration
measurement point can result amplitude modulation of impulses responses (Ho
and Randall, 2000). The spectrum of such a signal would consist of a harmonic
series of frequency components spaced at the bearing defect frequency with the
highest amplitude around the resonant frequency (Figure 16).

FIGURE 16

Modulation sidebands (10 Hz) at the resonant frequency (3500 Hz).

37

4.3 Envelope analysis
Envelope analysis, also known “high frequency” resonance technique, is used to
resolve the amplitude modulation of vibration signals. The impulses generated
by bearing faults excite “high frequency resonances” and the resulting signal appears as a sequence of transient and impulsive vibrations (Gao et al., 1998). The
characteristic frequencies of these impulses can be detected from the envelope
spectrum of a vibration signal. The resonances excited by an incipient bearing
fault exists in higher frequencies than the resonances excited by a grown bearing fault. Figure 17 presents the simulated vibration signal of a faulty bearing
and the power spectrum and envelope spectrum of the signal. The repetition
rate of the fault pulse is 10 Hz, and the resonant frequency of the pulse is 3500
Hz. White noise was added to the signal (SNR = 1.5) and no random ﬂuctuations
were present. Resonant frequency is seen in the power spectrum. The fundamental frequency of the fault pulse and its harmonics are present in the envelope
spectrum. The harmonics are integer multiples of the fundamental frequency.
The vibration signals of REBs acquired from real machinery are most likely
affected by other machine components that interfere with vibration analyses. Deterministic vibrations generated by gears, shafts, and motors affect the measured
signal (Borghesani et al., 2013). It is common that “low frequency” components
are ﬁltered out using a high-pass ﬁlter or a band-pass ﬁlter if resonances are expected to appear in certain frequency area. However, these ﬁltering techniques
are quite simple, and more sophisticated methods are needed for vibration signals that contain multiple interferences.

FIGURE 17

Envelope analysis of faulty bearing signals.
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4.4 Cepstrum pre-whitening
Cepstrum analysis is a non-linear signal processing technique. The real cepstrum
is deﬁned as the IDFT (Eq.7) of the logarithm of the DFT (Eq.4) of a signal (Bogert
et al., 1963):



(22)
CEPSTRUMREAL =  IDFT log(| DFT ( X )|) .
The shaft harmonics of a vibration signal are the periodical and deterministic excitations that produce a spectrum with multiple harmonics of the ﬁrst excitation
frequency (Borghesani et al., 2013). The peak amplitudes of the real cepstrum
correspond to the multiple harmonics of the vibration signal. The deﬁnition for
the cepstrum pre-whitening is as follows:
XCPW = IDFT

DFT ( X )
.
| IDFT ( X )|

(23)

The cepstrum pre-whitening performs the following steps: 1) the real cepstrum is set to zero, 2) transformation to the frequency domain, 3) recombination with the original phase, 4) inverse transformation to the time domain. Prewhitening removes the deterministic excitations and resonance effects from the
signal (Borghesani et al., 2013).

4.5 Spectral kurtogram
The spectral kurtosis (SK), the frequency domain kurtosis, is a powerful tool to
reveal the non-Gaussian components of a signal in the frequency domain (Dwyer,
1983). The SK represents a kurtosis at each frequency line in order to discover the
presence of hidden non-stationarity properties and to indicate in which frequency
bands these occur (Antoni, 2007). The SK is calculated by using the STFT (Eq.11)
(Antoni, 2006):
SK =

|STFT (k, ω )|4
− 2,
|STFT (k, ω )|2

(24)

where . is the time-average operator.
Antoni and Randall (2006) presented the concept of the kurtogram. The
kurtogram displays the SK as a function of frequency and of spectral resolution.
The kurtogram can reveal, for example, the resonant frequencies of a REB fault.
Hence, the kurtogram can be used as a basis for a band-pass ﬁlter design. Further,
Antoni (2007) developed an algorithm to reduce the computational complexity of
the kurtogram calculation. Figure 18 shows a kurtogram of the simulated vibration signal presented in Figure 17. Enhancements of the kurtogram have been
proposed, including an adaptive SK and the protrugram (Wang et al., 2016).
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FIGURE 18

The fast kurtogram of a vibration signal of a faulty bearing.

4.6 Wavelet analysis
The wavelet transform has been used for signal demodulation and optimal bandpass ﬁlter design (Qiu et al., 2006). The wavelet transform has also been successfully applied for bearing fault detection (Prabhakar et al., 2002; Seker and
Ayaz, 2003; Luo et al., 2003a; Lou and Loparo, 2004). Fault features extracted by
wavelet transform can be based on wavelet coefﬁcients, wavelet energy, singularity based, and wavelet function (Peng and Chu, 2004). However, there is no
standard method to select the wavelet function for a speciﬁc purpose; as such,
the wavelets do not have a standard status in fault diagnostics (Peng and Chu,
2004). Breakdown points, trends, and discontinuities in higher derivatives are
detectable by using wavelet analysis (Kumar et al., 2013).
Tse and Wang (2011) introduced the sparsogram, which uses the binary
wavelet packet transform for signal decomposition and the sparsity measure of
the decomposition levels for bearing fault detection. Later, the sparsogram was
expanded for the optimization of the Morlet wavelet ﬁlter Tse and Wang (2013).
Complex frequency B-spline wavelets (CFBSW) have been used for bearing fault
detection by adjusting the wavelet to correspond to the fault pulse (Paliwal et al.,
2014).
The newest enhancements to the wavelet transform is empirical wavelet
transform (EWT) which decomposes a signal based on the segmentation of the
Fourier spectrum (Kedadouche et al., 2016). The EWT extracts different modes of
a signal, and the resulting modes are applied to construct a wavelet ﬁlter bank
(Gilles, 2013).
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FIGURE 19

CWT analysis of a vibration signal of a faulty bearing.

4.7 Other popular techniques for vibration analysis
Time synchronous averaging (TSA) can be used to remove discrete frequency
components with the minimal disruption of the residual signal (Randall and Antoni, 2011). The removal of harmonics requires resampling, which is achieved
with the synchorization of a signal using order tracking (Randall and Antoni,
2011). Order tracking involves sampling a signal at constant increments of the
shaft angle (Fyfe and Munck, 1997). Usually, the phase information of the shaft
is acquired using a tachometer. Later, a tachometer-less TSA approach was proposed (Siegel et al., 2012).
Adaptive noise cancellation (ANC) can be used to separate two uncorrelated components from a signal. The idea is to ﬁnd a linear transfer function that
can be applied to a chosen reference part of the original signal (Randall, 2010).
When the result is subtracted from the original signal, the uncorrelated components are separated. Self-adaptive noise cancellation (SANC), an extension of the
ANC, exploits the delayed version of the original signal as another signal in the
process (Randall, 2010). The SANC expects that another component is deterministic and that yet another is random.
Empirical mode decomposition (EMD) enables analysis nonlinear and nonstationary properties of a signal. Empirical mode decomposition (EMD) splits
a signal into intrinsic mode functions (IMF) (Huang et al., 1998). Compared to
wavelet decomposition, EMD does not require a predeﬁned basis for the signal,
which makes it adaptive-like (Peng et al., 2005). The Hilbert-Huang transform
(HHT) combines of the EMD and the Hilbert spectral analysis. The Hilbert spectrum reveals instantaneous frequencies of IMFs. The HHT is popular in bearing
diagnostics (Yu et al., 2005; Yang et al., 2007; Zhao et al., 2013).
Bispectrum analysis involves higher order spectra (Nikias and Mendel, 1993).
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It analysis has been shown to detect the modulation phenomena and the type of
the defects better than Fourier analysis in bearing diagnostics (Yiakopoulos and
Antoniadis, 2005; Alwodai et al., 2013; Rehab et al., 2014).

5

MACHINE LEARNING

Machine and deep learning methods have increasing been applied in bearing
fault diagnosis (Zhang et al., 2019; Hoang and Kang, 2019). However, the generalization of these methods has been cumbersome. The biggest weakness of deep
learning methods is the selection of hyper-parameters, which is done with timeconsuming “trial and error” principle (Hoang and Kang, 2019). Many research
studies on the fault diagnostics of REBs, use traditional black-box classiﬁers such
as the k-nearest-neighbor (k-NN) and the support vector machines (SVM) (Wang
et al., 2014a; Baraldi et al., 2016a; Tian et al., 2016; Gryllias and Antoniadis, 2012;
Zhang et al., 2013; Du et al., 2014; Wen et al., 2015a; Saidi et al., 2015; Li et al.,
2016a,b; Saari et al., 2019). The basic idea is to train classiﬁers with features of
vibration signals whose health state is known. Further, classiﬁers are used to
classify features of new vibration signals to diagnose the health state of REBs.
Usually, a number of fault samples in condition monitoring domain is limited. Instance-based classiﬁers do not require a large number of training samples
to be accurate (Yang et al., 2005; Gryllias and Antoniadis, 2012), unlike deep learning methods. The machine learning methods used in this research are introduced
in the following sections of this chapter.

5.1 On feature engineering
Features are inputs in a model in data-driven approaches. Feature extraction
refers to cases where a new, smaller-dimensional set of features is created from an
original set (e.g. by transform). The process of selecting a subset of relevant features is called feature selection or variable selection. The removal of redundant or
irrelevant features should not cause a loss of information. The objectives of feature selection can be three-fold (Guyon and Elisseeff, 2003; Moradi and Rostami,
2015): to improve the performance of the model (classiﬁers), to provide faster and
more cost-effective models than using all the available features, and to improve
understanding of the data generation process.
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John et al. (1994); Kohavi and John (1997) proposed the division of a set
of features into irrelevant, weakly relevant, and strongly relevant. In (Zare and
Niazi, 2016), the category of weakly relevant features was further divided into
redundant and non-redundant features. The identiﬁcation of such a division is
a search problem, and many techniques and approaches exist for this purpose,
for example, exhaustive searching, branch-and-bound-algorithms, evolutionary
approaches etc. (see, e.g., (Miller, 1990; Liu and Motoda, 1998; Huang et al., 2008;
Liang et al., 2017)). A forward search involves adding new features one-by-one
or group-by-group to the model, whereas backward elimination refers to the removal of individual or sets of features during the search process.
The intrinsic assumption behind feature selection is that there is some redundancy among the features. Liu et al. (Liu and Motoda, 1998) divided feature selection criteria measuring the redundancy into ﬁve groups: information
measures, distance measures, dependency measures, consistency measures, and
accuracy measures. Depending on the constituents present when constructing a
criterion, two basic approaches for feature selection can be used: the ﬁlter approach and the wrapper approach (John et al., 1994).
The beneﬁts of feature selection are as follows: i) it reduces effect of the
curse of dimensionality ii) it reduces overﬁtting, and iii) it speeds-up training
(Guyon and Elisseeff, 2003). The curse of dimensionality arises when the ratio
between features and observations is high; in the k-NN classiﬁcation it, results in
the phenomenon that observations might have no nearby neighbors (James et al.,
2013). A model with too many adjustable parameters usually leads to overﬁtting,
which means that noise of the data is ﬁtted (Sovilj, 2014). By selecting optimal
features, the misclassiﬁcation and the training time of classiﬁers are reduced (Hu
et al., 2007). The features calculated from the vibration signals generated by REBs
are usually high-dimensional and non-Gaussian, leading to a pattern recognition
problems (Zhao et al., 2014). It is typical that dimensionality reduction methods,
such as Principal Component Analysis, Kernel Principal Component Analysis,
and Linear Discriminant Analysis are applied to vibration signal features (Zhang
et al., 2013; Zhao et al., 2014; Dong and Luo, 2013).

5.2 Unsupervised learning
In the unsupervised learning, one attempts to model the structure or distribution
of unlabeled input data. Clustering, the most common technique for this purpose, involves the unsupervised classiﬁcation of patterns into groups (clusters)
by joining together similar points (Jain et al., 1999). Over the years, many clustering approaches and algorithms have been developed, for instance, densitybased, probabilistic, grid-based, and spectral clustering (Aggarwal and Reddy,
2013). However, the two most common and mostly used groups of clustering
algorithms are partitional and hierarchical clustering algorithms (Jain, 2010; Zaki
et al., 2014).
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5.2.1 Fuzzy c-means clustering
K-means clustering is the most popular partitional type of algorithm that attempts to partition a set of data points into k number of distinct, crisp clusters. Kmeans clustering positions k number of centroids (prototypes), one for each cluster, and then recursively searches the best centroids based on the nearest mean.
Fuzzy clustering algorithms, especially fuzzy c-means (FCM) clustering, which
was originally developed by Ruspini (Ruspini, 1969), generalize the k-means by
allowing data points to belong to multiple clusters. This relation is represented
with a membership function.
The FCM algorithm was further developed by Dunn (1973) and Bezdek
(1973). The algorithm minimizes the objective function (Bezdek, 1981):
Jm =

D

N



2

∑ ∑ uijm  xi − c j 

,

(25)

i =1 j =1

where D is the number of data points, N is the number of clusters, m is a fuzzy
partition matrix exponent to control the overlap of the clusters, uij is the degree
of membership of xi in the cluster j, xi is the ith observation in the d-dimensional
 
measurement data, c j is the d-dimensional center of the cluster, and * is the Euclidean norm measuring the similarity between the measured data and its center.

5.3 Supervised learning
Supervised learning refers to training a predictive model, or its parameters, by
using a labelled data. A predictor is then used to evaluate labels for new, unseen
data. Supervised learning algorithms try to approximate the mapping function
between input variables and output variables. Classiﬁcation and regression problems are typical supervised learning problems. Classiﬁcation algorithms attempt
to assign new data points to pre-deﬁned categories. Regression algorithms attempt to predict numeric values for new data points.
5.3.1 k nearest neighbor algorithm
The k-NN classiﬁcation rule was originally introduced by Cover and Hart (Cover
and Hart, 1967). The k-NN rule is a sub-optimal non-parametric procedure for
the assignment of a class label to an input pattern based on the class labels represented by the k closest neighbors (Keller et al., 1985). The k-NN rule is applicable
on data that is in the metric space, and it does not make assumptions regarding the distribution of data. k is the number of nearest data points used in the
classiﬁcation.
An example of the principle of the k-NN classiﬁer is shown on the left side
of Figure 20. A triangle is classiﬁed into a group of rectangles when k is three.
When k is ﬁve, the triangle is classiﬁed into a group of stars. Euclidean distance,
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used as a dissimilarity measure, satisﬁes the three following properties: positivity, symmetry, and triangle inequality.

FIGURE 20

k-nearest-neighbor classiﬁcation example.

The k-NN is an “instance based” learning method. Unlike inductive learning methods, instance-based learning methods do not include an explicit description of the target function (Mitchell, 1997). Instance-based learning approximates
real-valued or discrete-valued target functions (Mitchell, 1997). The k-NN trains
the examples and ﬁnds the k-NN of the new instance (test sample) (Wagh et al.,
2012). The k-NN classiﬁer algorithm for each test example y ∈ Y:
1. Compute the distance r (y, x ) between y and each training example ( x, c) ∈
X,
2. Select X (k, y) ∈ X, the set of the “k nearest” training examples to y,
3.

Class(y) = argmax

∑

v∈[1..C ] (y,c)∈(k,y)

δ(v,c) ,

(26)

where x is the input data, Y = yi , i = 1, .., N is the training data, and c j , j = 1, .., C
is the set of predeﬁned classes.
5.3.2 Support Vector Machine
An SVM is a supervised machine learning algorithm that can be used for both
classiﬁcation and regression problems. An SVM is a binary classiﬁer that searches
an optimal separating hyperplane to separate classes from each other (Vapnik,
2000). The simplest SVM classiﬁer is the so-called hard-margin classiﬁer, that
is applicable when training data is linearly separable, meaning which the two
hyperplanes clearly separate the data (Figure 17).
The deﬁnition of the separating hyperplane is w T + b = 0, where w is the
normal vector of the hyperplane and b is a scalar constant. The marginal hyperplanes are w T + b = 1 and w T + b = −1. The sample vectors on the marginal hyperplanes are called support vectors. The SVM algorithm tries to solve parameter
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FIGURE 21

Support vector machine (principle).

w and b so that the distance between the hyperplanes is maximal. Otherwise, it
minimizes the length of w so that it is orthogonal to the two hyperplanes: when
for the minimizayi = w T xi + b >= 1, yi ∈ [−1, 1]. Using Lagrange’s
  method
N
1 
tion results in the following equation: L(w, b) = 2 w − ∑i=1 αi [yi (w T xi + b) − 1],
when α ≥ 1.
The classiﬁcation function for unclassiﬁed feature vector x:


f ( x ) = sign
(27)
∑ ( yi αi K ( xi , x ) + b ,
i:xi ∈SV

where K ( xi , x ) refers to the “linear like” kernel. The sign of the function deﬁnes
the resulting class [−1, 1].
In practice, a non-linear kernel transformation is performed because the patterns are not linearly separable (Saidi et al., 2015). The nonlinearity of the SVM
and the corresponding class boundaries can be obtained from the famous kerneltrick using nonlinear transformation through a high-dimensional feature space
(Zaki et al., 2014). The feature vectors are transformed to Hilbert space using a
non-linear transform: xiT x j → θ ( xi ) T θ ( x j ). The dot product of the transform is
called a kernel. Commonly used kernels are the polynomial kernel (K ( xi , x j ) =


e−  xi − x j /2σ2 ) and the radial basis kernel (K ( xi , x j ) = ( xiT x j + 1) p ).
As such, multiclass problems can be reduced to multiple binary classiﬁcation problems that can be solved separately. SVMs use error-correcting output codes (ECOC) framework to combine binary problems to address the multiclass problems (Dietterich and Bakiri, 1995). The ECOC framework uses different decoding strategies, which are implemented by the coding design (Escalera
et al., 2010). The most commonly used coding designs are one-versus-all and
one-versus-one. The one-versus-one coding design considers all possible pairs of
classes while the one-versus-all discriminates a given class from all other classes.

47
Disadvantages of the one-versus-all coding design is that the binary classiﬁers
might have different scales and the training sets are not balanced (Bishop, 2006).
5.3.3 Naive Bayes
The naive Bayes (NB) classiﬁer is a probabilistic classiﬁer that is based on Bayes’
theorem. Bayes’ theorem is a formula that describes the probability of an event,
based on prior knowledge of conditions that might have an effect on the event
(Ziegel, 1989):
P( x |y) P(y)
,
(28)
P(y| x ) =
P( x )
where x and y are events, and P( x ) = 0. P(y| x ) (resp. P( x |y)) is the likelihood
of event y (resp. x) occurring given that x (resp. y) is true. P( x ) and P(y) are the
marginal probabilities of observing x and y independently of each other.
The NB classiﬁer considers the prior probability of the predicted class when
the likelihood of that class is calculated (Zaki et al., 2014). The naiveness of NB
means that the input features are assumed to be statistically independent of each
other; thus, the predicted class is the one that maximizes the posterior probability (Domingos and Pazzani, 1997). The NB classiﬁer is conﬁgured based on the
distribution of the teaching data. A Bayesian posterior is calculated from the distribution of the training data. Gaussian (normal) distribution is commonly used.

6

SUMMARY OF INCLUDED ARTICLES AND
RESEARCH CONTRIBUTIONS

6.1 Flexible Simulator for the Vibration Analysis of Rolling Element Bearings
6.1.1 Publication details
The ﬁrst version of the article (PI) was published in the proceedings of the 29th International Congress on Condition Monitoring and Diagnostic Engineering Management (COMADEM 2016). The main author had an oral presentation at the
COMADEM 2016 conference that was held at Xi’an Jiaotong University, Shaanxi,
P.R. China in August of 2016. The main editor suggested that the article be extended (+50%) so that it could be published in the International Journal of COMADEM. The manuscript was extended and then it was submitted to the International Journal of COMADEM. The manuscript was accepted and it published
in the journal (2/2017).
The paper presents a ﬂexible computer simulator that is used for the simulation and visualization of vibration signals generated by REBs and for testing of
vibration analysis methods. This approach tries to overcome challenges in bearing fault detection in real-world environments, where the weak bearing fault signatures experience interference from noise from different external sources and internal mechanical components. The parametric models of the impulse responses
for different vibration components are adjustable, and the simulation models can
be veriﬁed by loading a real-world vibration signals samples into the simulator.
6.1.2 Scientiﬁc and personal contributions
A novel property of the ﬂexible simulator is the feedback mechanism, that uses
information obtained from vibration analysis to adjust a parametric impulse response models. The disturbance modeling by using wavelets offers a new way to
test digital ﬁlters on problematic vibration analysis scenarios. The ﬂexible simu-
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lator is the main author‘s invention.
The main author implemented the simulator with LabVIEW. The conference
paper was written with the help of the co-author’s docent Kari Saarinen and professor Tommi Kärkkäinen. The simulator was presented for the ﬁrst time at the
COMADEM 2016 conference. The extended version of the article was reviewed
by both of the co-authors. The vibration data acquisition and data pre-processing
were done by the main author.

6.2 Spline wavelet based ﬁltering for denoising vibration signals
generated by rolling element bearings

6.2.1 Publication details
The ﬁrst version of the article (PII) was published in the proceedings of the 30th
International Congress on COMADEM 2017. The main author had an oral presentation at the COMADEM 2017 conference that was held in University of Central Lancashire, Preston, United Kingdom in July of 2017. The main editor suggested that the article be extended (+50%) so that it could be published in the
International Journal of COMADEM. The manuscript was extended and then it
was submitted to the International Journal of COMADEM. The manuscript was
accepted and it was published in the journal (4/2018).
Spline wavelets have received little attention in bearing fault detection. The
article presents the fundamentals of spline wavelets and a denoising algorithm
for the vibration signals generated by REBs. The algorithm can be applied for
bearing fault detection. The motivation for this research was initialized during
the development of the ﬂexible simulator that was presented in the previous paper, where biorthogonal spline wavelets where used to model disturbances.
6.2.2 Scientiﬁc and personal contributions
Such a brute force algorithm that covers a large number of biorthogonal spline
wavelets has not been seen in the research ﬁeld of bearing fault detection. Spline
wavelet decomposition reveals bearing fault pulses clearly, which enables the
possibility to study the entry and exit events related to bearing fault size.
The conference paper was written entirely by the main author. It was reviewed by the co-author’s docent Kari Saarinen and Professor Tommi Kärkkäinen. The extended journal paper was reviewed by Professor Tommi Kärkkäinen.
The spline wavelet denoising algorithm was implemented by the main author.
The vibration data acquisition and data pre-processing were done by the main
author.
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6.3 Hybrid vibration signal monitoring approach for rolling element bearings

6.3.1 Publication details
The identiﬁcation of different lifetime stages of REBs has been studied, as presented in Chapter 2. This paper studies unsupervised clustering approaches
to detect the different lifetime stages of REBs using vibration measurements.
Since, vibration measurements are an indirect condition monitoring approach,
feature extraction is necessary to establish of appropriate degradation features.
A method to detect different lifetime stages of REBs according to their vibration
signals was proposed based on an unsupervised learning method. The paper also
presents a bearing fault detection approach using unsupervised clustering results
as bases for supervised methods.
6.3.2 Scientiﬁc and personal contributions
The paper presented a novel hybrid vibration “signal based” condition monitoring method. The method enables the identiﬁcation of different life-time stages
of REBs and early bearing fault detection. A comparison of supervised methods
was performed. However, the data set was small. To generalize the methodology, further testing using bearing vibration data from other sources is required.
Hence, the degradation feature selection can be improved.
The main author applied a fuzzy clustering approach to detect of different
life-time stages of REBs. Professor Tommi Kärkkäinen implemented of the cross
validation technique to evaluate of feature saliency. The paper was written by the
main author and it was reviewed by Professor Tommi Kärkkäinen. The vibration
data acquisition and data pre-processing were done by the main author.

6.4 Feature ranking for the fault size estimation of rolling element
bearings

Research related to fault severity estimation of REBs, started during my research
visit University New South Wales (Australia, Sydney) from 25 June to 20 July
2018. Since then, the research reported in this paper was conducted in collaboration with the Tribology and Machine Condition Monitoring (TMCM) research
group. Key persons of the TMCM group include: Associate Professor Zhongxiao Peng, Dr. Pietro Borghesani, Dr. Wade Smith, and Emeritus Professor R.B.
Randall.
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6.4.1 Publication details
The research tried to solve challenges resulting from the fault severity of REBs
using vibration measurements. Incipient bearing fault detection and fault severity estimation where, the size is probably the best proxy, are challenging. A novel
method for feature ranking to achieve the fault size estimation of REBs was presented. “Instance based” classiﬁers (k-NN, SVM) were applied to detect the nonlinear relations between vibration signal features. It was concluded that the best
metrics for basic diagnostics are not necessarily the best for the fault size estimation. Even if, the fault size estimation results are convincing, further research
using REBs with different properties is needed.
6.4.2 Scientiﬁc and personal contributions
The research used bearing vibration data from three different bearings and three
different test rigs. The vibration signal feature subset is unique. The classiﬁers
were taught based on features calculated from one test bearing. The fault size estimation was done for all three bearings; meaning that two of the bearings were
completely unknown. An analysis of the features reveal the most relevant features to estimate the fault size of REBs when the chosen classiﬁers were used.
The feature ranking process of features of vibration signals was completely novel
and it is reproducible.
The TMCM research group advised the researchers on the feature selection
process. They provided the bearing vibration data gathered from their bearing
test rig and other sources. The feature extraction algorithms for the new statistical
features were provided by Dr. Pietro Porghesani. The main author developed
the feature extraction and feature ranking processes with the help of other team
members. The evaluation of the classiﬁers was done by the author. The article
was written in co-operation with Professor Tommi Kärkkäinen and the TMCM
research group.

6.5 Software framework for Tribotronic Systems
6.5.1 Publication details
The increasing capabilities of sensors and computer algorithms require a structural support to solve recurring problems. Autonomous tribotronic systems are
self-regulating based on feedback acquired from interacting surfaces in relative
motion. This paper introduced a description of a software framework for a tribotronic system. An example application is an REB installation with a vibration
sensor. The presented plug-in framework offers functionalities for vibration data
management, feature extraction, fault detection, and remaining useful life estimation. The framework was demonstrated with bearing vibration data acquired
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from NASA’s prognostics data repository. The plug-in implementations are easy
to update, and new implementations are easily deployable even in run-time. The
proposed software framework improves the performance, efﬁciency and reliability of a tribotronic system. In addition, the framework facilitates evaluation of
the conﬁguration complexity of the plug-in implementation.
6.5.2 Scientiﬁc and personal contributions
As the ﬁnal part of this thesis, an “object oriented” software framework was
designed and developed for tribotronic systems. This publication (manuscript)
summarizes the main concepts of this Ph.D. work. It assembles and validates
the individual parts of this thesis work, namely, feature extraction from vibration
signals, fault detection, and RUL estimation. It highlights the central algorithms
and shows reliable results through demonstration. The framework generalizes
the main elements that were discovered in the research work done in bearing
diagnostics and prognostics.
The main author came up with the idea of a software framework after reading a publication in which of the concept of the tribotronic system was introduced (Glavatskih and Hoglund, 2008). The main contribution is a novel plug-in
framework that evolved during the work. Such a software framework and it’s
evaluation has not been previously established. The main author designed the
framework and implemented the tribotronic plug-in for REBs. The publication
was written by the main author. It was reviewed by Professor Tommi Kärkkäinen.

7

CONCLUSIONS

The main topics of this research are bearing diagnostics, vibration analysis, early
fault detection, fault severity estimation, RUL estimation, and system design. As
mentioned in earlier, fault severity is a diagnostics task. Table 2 summarizes involvement of the topics in different publications.
TABLE 2

Summary of research topics in articles.

RESEARCH TOPICS
Bearing diagnostics
Vibration analysis
Early fault detection
Fault severity estimation
RUL estimation
System design

PI
X
X
X

X

PII
X
X
X

PIII
X
X
X
X

PIV
X
X
X

PV
X
X
X
X
X
X

With the exception of system design, all the topics focus on the actions that
provide feedback to condition monitoring. However, a system is a realization of
condition monitoring. The last publication brings together all the research topics,
combines diagnostics and prognostics algorithms, and demonstrates them in a
carefully established software framework.

7.1 Answers to research questions
RQ1 (What methods can be applied for REB fault detection and how can the
methods be analyzed?)
Fault detection indicates when the state of an REB changes from normal
condition to defective. Fault detection based on vibration measurements is dependable on the requirements set for its sensitivity and how the environmental
conditions. Traditional statistical indicators are very sensitive to disturbances,
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which makes fault detection unreliable. An envelope analysis can provide accurate results, but vibrations generated by other sources might disturb the analysis.
A variety of methods have been developed to make fault signatures more easily detectable including ﬁltering, decompositions and transformations. Typically,
research based on certain fault detection cases shows the good or remarkable capabilities of the fault detection algorithm introduced. However, it is not evident
that one algorithm works across scenarios. Simulation is a powerful tool to investigate capabilities of different fault detection algorithms.
RQ2 (Can the different stages of wear evolution of REBs be determined?)
Wear, one of the failure modes in REBs, accumulates over time. Since, wear
is monitored cumulatively, representational quantity should be at least monotonic. The metal particles count in oil, which is monitored by direct condition
monitoring, gives a good indication of wear and transitions between the lifestages of wear evolution. It is more challenging to ﬁnd an effective vibration
signal feature to describe the wear-state of REBs. Some methods exist to evaluate the effectiveness of degradation features and to recognize transitions states
from feature data. However, the SNR of features might need smoothing in order
to ﬁll degradation parameter requirements. Unsupervised methods can be used
blindly to classify features of vibration signals into different groups. As a result,
a combination of features provide a model, that can be used for the identiﬁcation
of different life-time stages.
RQ3 (What are the most important vibration signal features, or indicators for
fault diagnostics and severity estimation?)
Finding a better status indicator is a continuous challenge. Fault detection
should be done early to be reliable and for RUL estimation to certain. Diagnostics
indicators have been developed and justiﬁed to describe the different properties
of vibration signals. Further, ﬁnding out the physical meaning of the indicators
is very valuable. It is clear that envelope analysis is effective for fault detection
if fault signatures dominate a measured vibration signal. However, a statistical
time-domain features might show good correlation to fault size on some circumtances. As research shows, in different cases using different bearings in different
conditions, generalization is very challenging. Machine and deep learning methods offer new models based on selected features to be indicators for bearing diagnostics and prognostics. However, the generalization of these models requires
that the underlying data is some how normalized. Further, different combinations of features might produce equally effective models.
RQ4 (How can bearing diagnostics and prognostic methods be encapsulated
into an industrial software system?)
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As a part of the tribotronic system, the designed object-oriented software
framework implements bearing applications and provides the possibility to extend it to other mechanical applications. The framework supports condition monitoring data management, feature extraction, fault detection, and RUL estimation,
all of which are central tasks in bearing diagnostics and prognostics. The unique
tribotronic framework was demonstrated using bearing vibration data acquired
from NASA’s data repository. The framework improves the performance, efﬁciency, and reliability of a tribotronic system. The conﬁguration complexity of
the plug-in implementation is low, and it can be introduced to users of an industrial software system.
7.1.1 Generalization of diagnostics methods for REBs
Generalization of bearing diagnostics methods is very important aspect. Like
point out in this thesis, published research papers related to bearing diagnostics
rely on narrow data sets. Very often presented diagnostics methods and algorithms are often shown to be generalizable only in the presented bearing application. Availability of high quality data seems to be a problem. Getting the vibration data from companies or other research institutions is hard. It is almost
indispensable to own hardware that bearings can be tested and appropriate data
acquired for the analysis. The fourth (PIV) paper presented a unique feature ranking process for vibration signals acquired from three different bearings and three
different test rigs in which different running parameters were used. The feature
ranking process includes a speciﬁc feature normalization to avoid problems cause
by the fact, that the feature data acquired from different environments have different distributions. Since, the results are very promising, it is very important
to acquire more vibration data from different bearings, which are operated in
different environments and conditions. Further, the presented tribotronic plug-in
framework offers ﬂexible and robust platform to bring new condition monitoring
data and methods for bearing diagnostics.

7.2 Future work
One of the focal points of the future work will be the exploitation of the tribotronic
plug-in framework. The performance of the framework will be tested on embedded systems. A new plug-in implementation will be developed to be deployed
in another tribotronic system, that is, gears. Also other implementations of feature extraction, fault detection and RUL estimation will be tested. Computationally expensive operations can be evaluated on GPUs in order to reduce running
times. Conﬁguration complexity of the framework requires more advanced metrics than just the number meta parameters because some of the parameters require pre-calculations.
Further focal points of the future work will be the research and develop-
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ment of fault severity estimation methods using vibration measurements. More
data is needed to better test the features under different operating environments
and for larger bearings. In addition, all types of bearing faults have to be taken
into account. Different noise ﬁltering methods will be applied depending on the
measurement conditions. Further, the physical link between fault severity and
found features is not yet clear. Focus will be on developing features that are able
to describe the time span between events linked to the spall size. Finally, the
generalization of the developed methods must be proven over a large data set.

YHTEENVETO (SUMMARY IN FINNISH)
Väitöskirjatyössäni käsitellään vierintälaakerien kunnonvalvonnassa käytettäviä
vikadiagnostiikka-algoritmeja sekä ohjelmistoarkkitehtuurisuunnittelua kyseisten tieto-ohjautuvien menetelmien näkökulmasta.
Laakerit ovat yleisin koneissa käytettävä komponentti. Laakereita käytetään mm. moottoreissa, pyörissä ja puhaltimissa. Vioittunut laakeri on yleisin syy
koneiden rikkoutumiseen. Laakereiden kuntoa valvotaan eri menetelmillä esimerkiksi värähtely-, lämpötila- ja öljypartikkelimittauksilla. Ideaalisen laakerien
kunnonvalvontamenetelmän tulisi pystyä havainnoimaan laakerivika mahdollisimman aikaisessa vaiheessa, jotta vältytään ei-toivotuilta äkkinäisiltä konerikoilta, jotka voivat aiheuttaa merkittäviä taloudellisia tappioita ja pahimmissa tapauksissa ihmishenkien menetyksiä. Kehitetyt menetelmät hyödyntävät vierintälaakerien kunnonvalvonnassa käytettävien värähtelymittalaitteiden mittausdataa. Värähtelymittaus on yleisin vierintälaakerien kunnonvalvonnassa käytettävä
menetelmä. Kehitetyillä vikadiagnostiikka-algoritmeilla pyritään havaitsemaan
alkava laakerivika, tunnistamaan laakerivian etenemisen eri vaiheet ja arvioimaan vian vakavuutta. Algoritmeissa käytetään kehittyneitä signaalinkäsittelyja koneoppimisalgoritmeja. Tutkimuksessani on käytetty teollisista koneista ja laboratorioista saatua värähtelydataa.
Vianhavainnointimenetelmä ilmaisee, kun laakerin kunnontila muuttuu normaalista vialliseksi. Värähtelysignaaleihin perustuva viantunnistus riippuu sille
asetetuista vaatimuksista herkkyyden ja sen toimintaympäristön suhteen. Suuri määrä menetelmiä on kehitetty helpottamaan laakerivian aiheuttamien piirteiden löytämistä värähtelysignaalista; digitaaliset suodattimet, transformaatiot
ja hajotelmat. Usein tutkimuksissa esitetään uuden vianhavainnointimenetelmän
tuloksia yhdessä ympäristössä, mikä ei takaa menetelmän yleistystä kaikkiin ympäristöihin. Tietokoneavusteinen simulaatio on tehokas keino eri vianhavainnointimenetelmien toimivuuden testaamiseen.
Laakereista mitattujen värähtelysignaalien piirteistä vikaantumisentilaa luotettavasti kuvaavan piirteen löytäminen on huomattavasti vaikeampaa kuin esimerkiksi käytettäessä voiteluöljyn metallipartikkelien määrää. Valvomattomien
oppimismenetelmien käyttäminen värähtelysignaalien piirteiden luokitteluun on
hyödyllistä laakerin kulumisen eri vaiheiden tunnistamisessa, koska tuloksena
saatu malli perustuu usean piirteeseen. Valvottujen oppimismenetelmien käyttö
vian vakavuuden arvioimisessa vaatii monipuolisen värähtelysignaalien piirrejoukon ja piirteiden huolellisen normalisoinnin, jotta menetelmien yleistys olisi
parempi.
Väitöskirjatyössäni kehitetty oliopohjainen ohjelmistokehys soveltuu autonomisten tribotronisten systeemien reaaliaikaisesti toimiviin ohjausyksiköihin.
Ohjelmistokehys kapseloi kunnonvalvontamittausten datan hallinnan, piirreirrotuksen, vianhavainnoinnin ja jäljellä olevan eliniän ennustamisen.
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APPENDIX 1

TABLE 3

RESEARCH PAPERS ON BEARING
DIAGNOSTICS

Recently done research on bearing diagnostics and prognostics.

Title / Journal

Research interest / Methods

The spectral amplitude modulation: A nonlinear
ﬁltering process for diagnosis of rolling element
bearings (Moshrefzadeh et al., 2019) / MSSP

Fault diagnostics / SAM,
CPW

Adaptive Kurtogram and its applications in
rolling bearing fault diagnosis (Xu et al., 2019)
/ MSSP
Application of a new EWT-based denoising technique in bearing fault diagnosis (Chegini et al.,
2019) / Measurement
Detection and identiﬁcation of windmill bearing
faults using a one-class support vector machine
(SVM) (Saari et al., 2019) / Measurement
A reinforcement learning unit matching recurrent neural network for the state trend prediction of rolling bearings (Li et al., 2019) / Measurement
Application of tentative variational mode decomposition in fault feature detection of rolling
element bearing (Gong et al., 2019) / Measurement
A statistical methodology for the design of condition indicators (Antoni and Borghesani, 2019)
/ MSSP
Fault feature extraction for rolling element bearing diagnosis based on a multi-stage noise reduction method (Guo et al., 2019) / Measurement
Incipient rolling element bearing weak fault feature extraction based on adaptive second-order
stochastic resonance incorporated by mode decomposition (He et al., 2019) / Measurement
Fault feature extraction of low speed roller
bearing based on Teager energy operator and
CEEMD (Han et al., 2019) / Measurement
Fault detection for rolling element bearing based
on repeated single-scale morphology and simpliﬁed sensitive factor algorithm (Gong et al., 2018)
/ Measurement
Automated vibration-based fault size estimation
for ball bearings using Savitzky–Golay differentiators (Ismail et al., 2018) / JVC
Vibration response characterisation and faultsize estimation of spalled ball bearings (Ismail
and Sawalhi, 2017) / Insight
Method of assessing the state of a rolling bearing
based on the relative compensation distance of
multiple-domain features and locally linear embedding (Kang et al., 2017) / MSSP
Enhancement of fault diagnosis of rolling element bearing using maximum kurtosis fast nonlocal means denoising (Laha, 2017) / Measurement
Fault diagnosis of rolling element bearing compound faults based on sparse no-negative matrix factorization-support vector data description (Wang, 2016) / JVC

Fault diagnostics / AK, OSF,
EWT

Data source / Bearing (Pitch diameter [mm])
Test rig (CWRU), Test rig (SpectralQuest) / SKF 6203-2RS JEM
(28.5 mm), SKF 6205-SR2 JEM
(39 mm), MB-ER-16K 1 (39.32
mm)
Test rig (XJU) / 6307 (49.56
mm?)

Fault diagnostics / EWT

Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / SVM

Windmill bearing

Fault prognostics / RLUMRNN

Test rig (IMS) / REXNORD ZA2115 (71.5 mm)

Fault diagnostics / TVMD,
DTW

Test rig (CWRU) / SKF 6203-2RS
JEM (28.5 mm), SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / Statistical methodology

Test rig (IMS) / REXNORD ZA2115 (71.5 mm)

Fault diagnostics / EEMD,
WT, MSB

Test rig (UHF) / 6206ZZ (46.4
mm), 6008 (54 mm)

Fault diagnostics / EMD,
CEEMDAN, AUSR

Test rig (IMS), Gear test rig /
REXNORD ZA-2115 (71.5 mm),
Unknown (57 mm)

Fault diagnostics / TEO,
CEEMD

Test rig (wind turbine) / 22208C
(60 mm)

Fault diagnostics / RSSMF,
SSF

Test rig (IMS) / REXNORD ZA2115 (71.5 mm)

Fault size estimation /Savitzky–Golay differentiator

Test rig (DLR) / FAG QJ212TVP
(85.15 mm)

Fault size estimation /
Numerical differentiator +
RMS envelope
Fault severity estimation /
EEMD, SVD, KPCA, LLE,
LPP, LTSA

Test rig (DLR), Test rig (UNSW)
/ NACHI 2206GK (39 mm),
FAG QJ212TVP (85.15 mm)
Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / NLmeans

Test rig (CWRU), Test rig (SpectraQuest) / SKF 6205-SR2 JEM
(39 mm), REXNORD ER12K
(30.2 mm)
Test rig / NU205 (39 mm)

Fault Diagnostics / SNMF,
SVDD

74
Vibration response mechanism of faulty outer
race rolling element bearings for quantitative
analysis (Cui et al., 2016b) / JSV
Quantitative fault analysis of roller bearings
based on a novel matching pursuit method with
a new step-impulse dictionary (Cui et al., 2016a)
/ MSSP
A fault diagnosis scheme for rolling bearing
based on local mean decomposition and improved multiscale fuzzy entropy (Li et al., 2016a)
/ JSV
Hierarchical k-nearest neighbours classiﬁcation
and binary differential evolution for fault diagnostics of automotive bearings operating under
variable conditions (Baraldi et al., 2016b) / EAAI
Fault diagnosis of rolling element bearing using
more robust spectral kurtosis and intrinsic timescale decomposition (Bo and Peng, 2016) / JVC
Rolling element bearing fault detection using
PPCA and spectral kurtosis (Xiang et al., 2015)
/ Measurement
Fault diagnosis of ball bearings using Synchrosqueezed wavelet transforms and SVM
(Wen et al., 2015b) / PHM 2015
Application of higher order spectral features and
support vector machines for bearing faults classiﬁcation (Saidi et al., 2015) / ISA Trans.
Singular spectrum analysis and continuous hidden Markov model for rolling element bearing
fault diagnosis (Liu et al., 2015) / JVC
A novel bearing fault diagnosis model integrated permutation entropy, ensemble empirical mode decomposition and optimized SVM
(Zhang et al., 2015) / Measurement
Fault size estimation in the outer race of ball
bearing using discrete wavelet transform of the
vibration signal (Khanam et al., 2014) / Procedia
Engineering
Fault Diagnosis of Bearing Based on KPCA and
KNN Method (Wang et al., 2014b) / AMR
Classiﬁcation of fault location and performance
degradation of a roller bearing (Zhang et al.,
2013) / Measurement
Quantitative diagnosis of a spall-like fault of
a rolling element bearing by empirical mode
decomposition and the approximate entropy
method (Zhao et al., 2013) / MSSP
Automatic bearing fault diagnosis based on oneclass ν-SVM (Fernández-Francos et al., 2013) /
CIE

Fault size estimation / Dynamic modeling

Test rig / 6307 (57.5 mm)

Fault size estimation /
Matching pursuit algorithm

Test rig (UNSW) / NACHI
2206GK (45.15 mm)

Fault diagnostics / LMD,
IMFE, LS, ISVM-BT

Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / MO,
BDE, k-NN

Test rig (CWRU) / SKF 6203-2RS
JEM (28.5 mm), SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / ITD, SK

Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / PPCA,
SK

Test rig (Spectra Quest) / ER-12
K (33.48 mm)

Fault diagnostics / DWT,
SVM

Test rig (CWRU) / SKF 6203-2RS
JEM (28.5 mm), SKF 6205-SR2
JEM (39 mm)
Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Bearing degradation process prediction based on
the PCA and optimized LS-SVM model (Dong
and Luo, 2013) / Measurement
Classiﬁcation of fault location and the degree
of performance degradation of a rolling bearing
based on an improved hyper-sphere-structured
multi-class support vector machine (Wang et al.,
2012) / MSSP
A Support Vector Machine approach based on
physical model training for rolling element bearing fault detection in industrial environments
(Gryllias and Antoniadis, 2012) / EAAI
Signal complexity analysis for fault diagnosis of
rolling element bearings based on matching pursuit (Tang et al., 2011) / JVC

Fault prognostics / PCA,
PSO-SVM

Test rig (CWRU), Test rig (IMS)
/ SKF 6203-2RS JEM (28.5 mm),
SKF 6205-SR2 JEM (39 mm),
REXNORD ZA-2115 (71.5 mm)
Test rig (IMS) / REXNORD ZA2115 (71.5 mm)

Fault diagnostics / EMD,
HSS-SVM

Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Fault diagnostics / SVM

Test rig (CWRU), Industrial
pump / SKF 6205-SR2 JEM (39
mm), SKF 22205 EK (41.2 mm)

Fault diagnostics / Complexity spectrum entropy,
Matching pursuit

Test rig / GB203 (28.5 mm)

Fault diagnostics
spectrum, SVM

/

Bi-

Fault diagnostics / SSA, Bispectrum, CHMM
Fault diagnostics / PE, IMF,
EEMD, SVM

Test rig (CWRU), Test rig
(HBRC) / SKF 6205-SR2 JEM
(39 mm), 6307 (58.5 mm)
Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

DWT

Test rig / SKF BB1B420204 (32.9
mm)

Fault diagnostics / KPCA,
k-NN
Fault diagnostics / KPCA,
PSO-SVM, EEMD

Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)
Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

Fault size estimation
ApEn, EMD

Test rig (CWRU) / SKF 6205-SR2
JEM (39 mm)

/

Fault diagnostics / SVM

75
Rolling element bearing fault diagnosis using
autocorrelation and continuous wavelet transform (Kankar et al., 2011) / JVC
Development of EBP–Artiﬁcial neural network
expert system for rolling element bearing
(Jayaswal et al., 2011) / JVC

Fault diagnostics / Autocorrelation, CWT

Test rig / Ball bearing (25.88
mm)

Fault diagnostics / DWT,
ANN, Fuzzy rules

Test rig / SKF 1205EKTN9/C3
(33.3 mm)
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 ,QWURGXFWLRQ
5ROOLQJ HOHPHQW EHDULQJV 5(%V  DUH ZLGHO\ XVHG LQ YDULRXV
PDFKLQHV PRWRUV ZKHHOV FRROLQJ IDQV HWF WR VXSSRUW URWDWLQJ
VKDIWV)DLOXUHVRIEHDULQJVDUHWKHPRVWFRPPRQUHDVRQIRUPD
FKLQHEUHDNGRZQV7KHPRVWFRPPRQFDXVHRIIDLOXUHLVIDWLJXH
LQ5(%V>@,QWHUPVRIFRQGLWLRQPRQLWRULQJDQGV\VWHPPDLQWH
QDQFHUHVHDUFKRQ5(%YLEUDWLRQVLVHVVHQWLDO$QLGHDOPHWKRGLV
DFRQGLWLRQEDVHGPDLQWHQDQFHWKDWLVDEOHWRGHWHFWLQFLSLHQWIDXOWV
VRHDUO\WKDWLWLVSRVVLEOHWRSHUIRUPWKHPDLQWHQDQFHDFWLRQVEH
IRUHWKHEHDULQJIDLOV&RPSDUHGWRWKHSODQQHGPDLQWHQDQFHDF
WLRQVXQSODQQHGVWRSSDJHVDUHYHU\H[SHQVLYH

,QWKHVLPXODWRUWKHYLEUDWLRQVLJQDOVDUHJHQHUDWHGE\SDUDPHW
ULFPRGHOVRIWKHLPSXOVHUHVSRQVHVIRUGLIIHUHQWYLEUDWLQJFRPSR
QHQWVZLWKDGMXVWDEOHQRLVHDQGMLWWHUHIIHFWVLQFOXGHG7KHSRVVL
ELOLW\WRDGMXVWPRGHOVDQGSDUDPHWHUVGXULQJWKHVLPXODWLRQDOORZV
DPRUHUHDOLVWLFH[SORUDWLRQRIFKDQJHVIRUH[DPSOHLQGLIIHUHQW
RSHUDWLQJFRQGLWLRQV7KLVLQFOXGHVWKHJHQHUDWLRQRIQRQVWDWLRQ
DU\FRPSRQHQWVLQWRWKHYLEUDWLRQVLJQDOVZKLFKDUHQRWVXLWDEOH
SHUVHIRUIUHTXHQF\GRPDLQPHWKRGV$VNQRZQWKH)RXULHUWUDQV
IRUPDWLRQGRHVQRWZRUNYHU\ZHOORQYLEUDWLRQVLJQDOVWKDWFRQWDLQ
VKRUWDQGKLJKIUHTXHQF\SXOVHVZKLFKYHU\LPSRUWDQWLQQRQVWD
WLRQDU\VLJQDOV>@,QWKHWLPHIUHTXHQF\GRPDLQPHWKRGVWKHVLJ
QDOGHFRPSRVLWLRQLVSHUIRUPHGWRVSOLWWKHVSHFWUXPLQWRVHTXHQ
WLDOVXEVSHFWUDOFRPSRQHQWVWKDWDUHSURFHVVHGLQGLYLGXDOO\7KH
VLQXVRLGDODQGSKDVHLQIRUPDWLRQRIORFDOVHFWLRQVRIWKHVLJQDODUH
GHWHUPLQHG E\ 6KRUW7LPH )RXULHU WUDQVIRUP 67)7  :HDNQHVV
RIWKH67)7LVWKDWWKHFRQVWDQWZLQGRZVL]HGRHVQRWSURYLGHVXI
ILFLHQWIUHTXHQF\DQGWLPHUHVROXWLRQDWWKHVDPHWLPH>@/DWHO\
WKH ZDYHOHW WUDQVIRUP KDV EHHQ DSSOLHG IRU VLJQDO GHPRGXODWLRQ
DQG RSWLPDO EDQGSDVV ILOWHU GHVLJQ >@ :DYHOHW WUDQVIRUP KDV
EHHQVXFFHVVIXOO\DSSOLHGWREHDULQJIDXOWGHWHFWLRQ>@>@+RZ
HYHUWKHUHLVQRVWDQGDUGPHWKRGWRVHOHFWWKHZDYHOHWIXQFWLRQIRU
GLIIHUHQWSXUSRVHVVRWKDWWKHZDYHOHWVGRQRWKDYHDVWDQGDUGVWD
WXVLQIDXOWGLDJQRVWLFV>@%UHDNGRZQSRLQWVWUHQGVDQGGLVFRQ

*HQHUDOO\5(%GHIHFWVDUHFODVVLILHGLQWRGLVWULEXWHGDQGORFDO
L]HGHIIHFWV7KHGLVWULEXWHGHIIHFWVDUHVXUIDFHURXJKQHVVZDYL
QHVVPLVDOLJQHGUDFHVDQGRIIVL]HUROOLQJHOHPHQWV7KHORFDOL]HG
GHIHFWV LQFOXGH FUDFNV SLWV DQG VSDOOV FDXVHG E\ IDWLJXH RQ WKH
UROOLQJVXUIDFHV>@7KHUHVRQDQFHVRIWKHEHDULQJSDUWVDQGKRXV
LQJVWUXFWXUHHPHUJHZKHQDUROOLQJHOHPHQWVWULNHVDORFDOL]HGGH
IHFWDQH[SRQHQWLDOO\GHFD\LQJULQJLQJLVJHQHUDWHG>@>@7KHVH
YLEUDWLRQV LQ WKH  ±  N+] UDQJH DUH FRPPRQO\ PHDVXUHG E\
DFFHOHUDWLRQVHQVRUV8OWUDVRXQGDQGDFRXVWLFHPLVVLRQPHDVXUH
PHQWVFRYHUFRQVLGHUDEO\KLJKHUIUHTXHQFLHV
7KHPDLQPRWLYDWLRQIRUWKLVZRUNLVWKDWWKHZHDNEHDULQJIDXOW
VLJQDWXUHVH[SHULHQFHLQWHUIHUHQFHIURPQRLVHIURPGLIIHUHQWH[WHU
QDO VRXUFHV DQG LQWHUQDO PHFKDQLFDO FRPSRQHQWV ZKLFK PDNHV
EHDULQJIDXOWGHWHFWLRQIURPUHDOPHDVXUHPHQWVDYHU\FKDOOHQJLQJ
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WLQXLWLHVLQKLJKHUGHULYDWLYHVDUHGHWHFWDEOHE\XVLQJZDYHOHWDQDO
\VLV>@9HUPDDQG6UHHMLWKLQWURGXFHGD0RUOHWZDYHOHWEDVHG
ILOWHULQJ PHWKRG WKDW HIILFLHQWO\ GHWHFWV ZHDN EHDULQJ IDXOW LP
SXOVHVHYHQWKHVLJQDOWRQRLVHUDWLRLVYHU\ORZ>@,QWKHVLPX
ODWRUWKHGLVWXUEDQFHSXOVHVFDQEHVLPXODWHGE\XVLQJZDYHOHWILO
WHUFRQVWUXFWLRQV,WLVSRVVLEOHWRORDGPHDVXUHGYLEUDWLRQVLJQDOV
WRYHULI\WKHVLPXODWLRQPRGHO7KHVLPXODWRULVEHLQJGHYHORSHG
ZLWK/DE9,(:70DQG0$7/$%VRIWZDUHSURGXFWV

ZKHUH $ LV WKH DPSOLWXGH RI WKH IDXOW VLJQDO ȕ LV WKH VWUXFWXUDO
GDPSLQJFKDUDFWHULVWLF/NUHSUHVHQWVWKHIUHTXHQF\RIWKHNWKLQ
WHUIHUHQFHFRPSRQHQW[ W LVWKHYLEUDWLRQVLJQDOFRQWDLQLQJIDXOW
JHQHUDWHG LPSXOVH DQG Y W  FRQWDLQV PXOWLSOH YLEUDWLRQ LQWHUIHU
HQFHV,QVWHDGRIWKHFRQVWDQWDPSOLWXGHLQHTXDWLRQVDQGZH
KDYHDGGHGWKHSRVVLELOLW\WRPRGXODWHWKHDPSOLWXGHEDVHGRQUR
WDWLRQVSHHG

ZKHUH/E8F8GEH LVWKHURWDWLRQIUHTXHQF\7KHPRGXODWLRQWHUPLV
DGGHGLQWREHDULQJPRGHOHTXDWLRQ HT 
  = x t +   = () 678 cos /  +

9LEUDWLRQVJHQHUDWHGE\5(%VDUHWKHYLEUDWLRQRIWKHUDFHZD\
ULQJWKHYLEUDWLRQRIWKHFDJHUROOLQJHOHPHQWSDVVDJHYLEUDWLRQ
YLEUDWLRQGXHWRZDYLQHVVYLEUDWLRQGXHWRIODZYLEUDWLRQGXHWR
FRQWDPLQDWLRQDQGVHDOYLEUDWLRQ>@2WKHUWKDQIODZYLEUDWLRQV
WKH SUHVHQWHG YLEUDWLRQV RI WKH 5(%V FDQ EH FRQVLGHUHG QRUPDO
%HDULQJ IDXOW VLJQDOV KDYH D GHWHUPLQLVWLF SDUW DQG D VWRFKDVWLF
SDUW 7KH VWRFKDVWLF SDUW LV TXDVLF\FORVWDWLRQDU\ DQG YHU\ RIWHQ
VPDOO EHFDXVH RI WKH ORZSDVV ILOWHULQJ HIIHFW RI UDQGRP MLWWHU
FRPELQHGZLWKWKHEDQGSDVVILOWHULQJHIIHFWRIUHVRQDQFHVWKDWDUH
H[FLWHG>@,QVRPHFDVHVWKH5(%VLJQDOVDUHPRGHOHGDVF\
FORVWDWLRQDU\>@
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ZKHUHȥLVWKHPRWKHUZDYHOHWDLVWKHVFDOLQJ GLODWLRQ SDUDPH
WHUDQGELIWKHWUDQVODWLRQSDUDPHWHU7KHSDUDPHWHUDFRQWUROVWKH
ZLQGRZ OHQJWK DQG HIIHFWV WKH IUHTXHQF\ UHVROXWLRQ ODUJH D IRU
EHWWHUIUHTXHQF\UHVROXWLRQ$VRQHZHDNQHVVWKHZDYHOHWWUDQV
IRUP GRHV QRW PDLQWDLQ WKH DEVROXWH SKDVH RI WKH VLJQDO FRPSR
QHQWV $ ZDYHOHW LV RUWKRJRQDO ZKHQ WKH FRUUHVSRQGLQJ ZDYHOHW
WUDQVIRUPLVRUWKRJRQDO:KHQWKHZDYHOHWWUDQVIRUPLVLQYHUWLEOH
WKHFRUUHVSRQGLQJZDYHOHWLVELRUWKRJRQDO QRWQHFHVVDULO\RUWKRJ
RQDO 7KHQXPEHURIGHJUHHVRIIUHHGRPLQFUHDVHVZKHQELRUWKRJ
RQDO ZDYHOHWV DUH XVHG )RU ELRUWKRJRQDO ZDYHOHWV WKHUH DUH WZR
VFDOLQJIXQFWLRQVDQGWKHVFDOLQJVHTXHQFHVPD\GLIIHU'HVLJQLQJ
ELRUWKRJRQDO ZDYHOHWV DOORZV PRUH GHJUHHV RI IUHHGRP WKDQ RU
WKRJRQDOZDYHOHWV0RUHIOH[LEOHZDYHOHWVWKDQEDVLFZDYHOHWED
VLVDUHVSOLQHZDYHOHWVWKDWDUHFRQVWUXFWHGZLWKDVSOLQHIXQFWLRQ
6SOLQHZDYHOHWVDUHFDWKHJRUL]HGWRLQWHUSRODWRU\VSOLQHZDYHOHWV
%VSOLQHZDYHOHWVFDUGLQDO%VSOLQHZDYHOHWVDQG%DWWOH/HPDULH
ZDYHOHWV7KHSRO\QRPLDODQGGLVFUHWHVSOLQHVDUHDVRXUFHIRUD
IDPLO\RIILOWHUVZKLFKJHQHUDWHELRUWKRJRQDOZDYHOHWV>@

ZKHUHȦULVWKHIUHTXHQF\RIWKHH[FLWHGUHVRQDQFHDQGĲLVWKH
GDPSLQJWLPHFRQVWDQW V 
/LDQJ DQG )DJKLGL HYDOXDWHG WKH VLJQDOWRLQWHUIHUHQFH UDWLR
ZKHQ WKH IDXOWEHDULQJ VLJQDO FRQWDLQV PXOWLSOH LQWHUIHUHQFHV
7KH\SUHVHQWDYLEUDWLRQVLJQDOPRGHO>@RIWKHIRUP
A
>BC

G

8QOLNHWKH6KRUW7LPH)RXULHU7UDQVIRUP 6))7 WKHZDYH
OHWWUDQVIRUPSURYLGHVPXOWLVFDOHDQDO\VLV%\XVLQJGLODWLRQ
DQG WUDQVODWLRQ WKH ZDYHOHW WUDQVIRUP FDQ H[WUDFW WLPHIUH
TXHQF\IHDWXUHVRIDVLJQDOHIILFLHQWO\>@7KHIUHTXHQF\UHV
ROXWLRQ LQFUHDVHV DQG WKH WLPH UHVROXWLRQ GHFUHDVHV ZKHQ WKH
ZDYHOHW WUDQVIRUP LV GRQH DW VHTXHQWLDOO\ ZLGH VFDOHV /LNH
)RXULHU WUDQVIRUP WKH ZDYHOHWWUDQVIRUP FRQFOXGHV WKH EDVLV
IXQFWLRQFDOOHGZDYHOHW7KHZDYHOHWIDPLO\LVGHULYHGIURPWKH
PRWKHUZDYHOHWE\VFDOLQJDQGWUDQVODWLRQ



+

ω@>    

7KHSRVVLELOLW\WRDGMXVWPRGHOVDQGSDUDPHWHUVGXULQJWKHVLP
XODWLRQDOORZVDPRUHUHDOLVWLFH[SORUDWLRQRIFKDQJHVIRUH[DP
SOHLQGLIIHUHQWRSHUDWLQJFRQGLWLRQV7KLVLQFOXGHVWKHJHQHUDWLRQ
RIQRQVWDWLRQDU\FRPSRQHQWVLQWRWKHYLEUDWLRQVLJQDOVZKLFKDUH
QRWVXLWDEOHSHUVHIRUIUHTXHQF\GRPDLQPHWKRGV&HUWDLQFRPSR
QHQWV LQ WKH URWDU\ PDFKLQHU\ VXFK DV URWDU\ EODGHV IUHTXHQF\
FRQYHUWHUHWFFUHDWHYLEUDWLRQVWKDWGLVWXUEWKHDQDO\VLV7KHGLV
WXUEDQFHV FDQ EH PRGHOHG ZLWK D VLQXVRLGDO SXOVH D SDUDPHWULF
SXOVHPRGHORUDZDYHOHWLQWKHVLPXODWRU

,QWKHVLPXODWLRQVZHQHHGDPRGHOIRUWKHLPSXOVHVJHQHUDWHG
E\WKHGHIHFWVWKDWLVVLPSOHWRSDUDPHWUL]HDQGDWWKHVDPHWLPH
UHDOLVWLF HQRXJK 5DQGDOO HW DO >@ SURYLGHG D XVHIXO DQDO\WLFDO
HTXDWLRQIRUDVLQJOHGHJUHHRIIUHHGRPLPSXOVHUHVSRQVH

  = x t +   =  678 cos /  +

> cos

ZKHUH G LVWKHL WLPHRIRFFXUUHQFH

7KHG\QDPLFEHKDYLRUDQGIHDWXUHVRIWKHUROOLQJHOHPHQWEHDU
LQJVDUHVWXGLHGXVLQJGLIIHUHQWG\QDPLFVLPXODWLRQPRGHOV-DQ
WXQHQHWDO>@FODVVLILHGG\QDPLFVLPXODWLRQPRGHOVLQWRWKHIRO
ORZLQJFDWHJRULHVEHDULQJFRQWDFWFOHDUDQFHV(+/FRQWDFWGLV
WULEXWHGGHIHFWDQGORFDOLVHGGHIHFW)XUWKHUWKHG\QDPLFVLPXOD
WLRQ RI WKH ORFDOLVHG GHIHFWV LV GLYLGHG LQWR JHRPHWULFDO GHIHFW
IRUFHGHIHFWDQGGHIHFWIXQFWLRQ

sin /  ,

A
>BC

WK

7KHORFDOIDXOWLQWKHEHDULQJHOHPHQWSURGXFHVDVHULHVRIZHDN
LPSDFWVDWDUDWHGHSHQGHQW RQ WKHEHDULQJJHRPHWU\7KHVHLP
SXOVHV RFFXU ZKHQ WKH GHIHFWLYH SDUW KLWV RWKHU HOHPHQWV RI WKH
EHDULQJ,IWKHVKDIWLVURWDWLQJDWDFRQVWDQWVSHHGWKHVHLPSDFWV
ZLOORFFXUSHULRGLFDOO\ZLWKDFHUWDLQIUHTXHQF\ZKLFKFDQEHFDO
FXODWHGEDVHGRQWKHORFDWLRQRIWKHIDXOWWKHEHDULQJJHRPHWU\
DQGWKHVKDIWVSHHG7KHVHIUHTXHQFLHVDUHNQRZQDVWKHEHDULQJ
IDXOWIUHTXHQFLHVDQGFDQEHGHWHUPLQHGIRUDIDXOWRQWKHRXWHU
UDFH %DOO3DVV)UHTXHQF\2XWHU%3)2 WKHLQQHUUDFH %DOO3DVV
)UHTXHQF\,QQHU%3), WKHEDOORUUROOHU %DOO6SLQ)UHTXHQF\
%6) DQGWKHJDJH )XQGDPHQWDO7UDLQ)UHTXHQF\)7) >@$
UDWLRRIWKHOHQJWKWRZLGWKRIWKHORFDOL]HGGHIHFWVKDVDUHPDUND
EOHHIIHFWRQWKHJHQHUDWHGSXOVHZDYHIRUP>@

()
*

+

7KHRFFXUUHQFHVRIWKHLPSDFWVLQIDXOW\EHDULQJQHYHUUHSUR
GXFHH[DFWO\DWWKHVDPHSRVLWLRQGXHWRWKHVOLSRIWKHUROOLQJHOH
PHQWV>@7KLVUDQGRPYDULDWLRQLVPRGHOHGZLWKMLWWHU-LWWHUD
PHDVXUHRIXQFHUWDLQW\LVWKHGHYLDWLRQIURPWKHWUXHSHULRGLFLW\
RIDSUHVXPHGSHULRGLFVLJQDO-LWWHUFDQEHGHWHUPLQLVWLFUDQGRP
RUERWK5DQGDOHWDOSUHVHQWHGDPRGHOIRUMLWWHU>@ZKHUHWKH
UDQGRPYDULDEOHΔ G LVGHILQHGDVWKHGLIIHUHQFH

 7KHRUHWLFDOEDFNJURXQG

() = A

  

() = AD + C sin /E8F8GEH  

7KHQDWXUHRIWKHYLEUDWLRQVJHQHUDWHGE\WKH5(%VDSDUDPHW
ULFPRGHORIWKHLPSXOVHUHVSRQVHDQGWKHLQIRUPDWLRQDERXWWKH
GLVWXUEDQFHVDUHH[SODLQHGLQWKHVHFRQGFKDSWHU WKHRUHWLFDOEDFN
JURXQG 7KHIOH[LEOHVLPXODWRUDQGLWVGHPRQVWUDWLRQLQWZRGLI
IHUHQWVFHQDULRVRIWKHYLEUDWLRQVLJQDOVLPXODWLRQDQGDQDO\VLVDUH
LQWURGXFHGLQWKHWKLUGFKDSWHU VLPXODWRU &RQFOXVLRQVDQGLGHDV
IRUIXWXUHGHYHORSPHQWDUHVXPPDUL]HGLQWKHIRXUWKFKDSWHU

ω@>    
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EUDWLRQV,QDGGLWLRQZLWKWKHVLPXODWRULWLVHDV\WRFRPSDUHDO
JRULWKPV GHYHORSHG HDUOLHU >@ ZLWK WKH QHZHU GHYHORSPHQW
(DUO\63' >@,PSURYHGXQGHUVWDQGLQJRQWKHEHKDYLRXURIWKH
DQDO\VLVPHWKRGVDQGDSSURDFKHVFDQEHUHIOHFWHGEDFNWRWKHVLP
XODWLRQIRUH[DPSOHZKHQVHDUFKLQJWKHOLPLWDWLRQVRIWKHHDUO\

7KHFRQVWUXFWLRQRIZDYHOHWILOWHUEDQNVFRQFOXGHVWKHDQDO\VLV
DQGV\QWKHVLVIXQFWLRQVWKDWSHUIRUPFRPSRVLWLRQRIWKHRULJLQDO
VSHFWUXPXVLQJVXEVSHFWUDOFRPSRQHQWV7KHZDYHOHWWUDQVIRUP
LVRUWKRJRQDOZKHQWKHDQDO\VLVDQGWKHV\QWKHVLVIXQFWLRQVHWVDUH
WKHVDPH)RUWKHELRUWKRJRQDOWUDQVIRUPWKHVHIXQFWLRQVHWVDUH
GLIIHUHQW$FRPPRQWHFKQLTXHIRUFRPSXWLQJZDYHOHWWUDQVIRUP
LVWRXVHWZRFKDQQHOSHUIHFWUHFRQVWUXFWLRQ 35 ILOWHUEDQNVORZ
SDVVILOWHU* ] DQGKLJKSDVVILOWHU* ] IRUPDQDQDO\VLVILOWHU
EDQN DQG ORZ SDVV ILOWHU + ]  DQG KLJK SDVV ILOWHU + ]  IRUP D
V\QWKHVLVILOWHUEDQN )LJXUH 

)LJXUH7ZRFKDQQHOILOWHUEDQN

)LJXUH3URFHVVIORZRIWKHIOH[LEOHVLPXODWRU
IDXOWGHWHFWLRQPHWKRGV

7KHVLJQDO; ] LVILUVWILOWHUHGE\DILOWHUEDQNFRQVWLWXWHGE\
* ] DQG* ] 7KHQ* ] DQG* ] DUHGRZQVDPSOHGE\WZR
 WRREWDLQ< ] DQG< ] 7KHGHVLUHGPRGLILFDWLRQVDUHGRQH
IRU< ] DQG< ] WRSURFHVVILOWHULQJ)LOWHUEDQNFRQVWUXFWHGE\
+ ]  DQG + ]  LV DSSOLHG IRU XSVDPSOHG < ]  DQG < ]  7KH
ZDYHOHWWUDQVIRUPDWLRQVDUHVSHFLDOFDVHVRIWZRFKDQQHO35ILOWHU
EDQNV&RQVHTXHQWO\WZRFKDQQHO35ILOWHUEDQNVGRQRWQHFHV
VDU\ FRUUHVSRQG WR WKH ZDYHOHW WUDQVIRUP %LRUWKRJRQDO ILOWHU
EDQNVDUHGHILQHGE\WKHHTXDWLRQ V 
H G

 − 2 ℎG  =   DQG

H G

7KHGLVWXUEDQFHSXOVHFDQEHVLPXODWHGE\XVLQJZDYHOHWILOWHU
FRQVWUXFWLRQV7KHW\SHRIZDYHOHWFDQEHRUWKRJRQDORUELRUWKRJ
RQDOIRUWKHGLVFUHWHZDYHOHWDQDO\VLVDQGUHFRQVWUXFWLRQ$FXV
WRPL]HGZDYHOHWIRUWKHGLVFUHWHZDYHOHWDQDO\VLVDQGUHFRQVWUXF
WLRQLVGHVLJQHGZLWKWKHIROORZLQJSDUDPHWHUVSURGXFWRIORZSDVV
3 * + DQGIDFWRUL]DWLRQ W\SHRI* 3LVWKHSURGXFWRIWKH
ORZ SDVV DQDO\VLV ILOWHU * DQG WKH ORZ SDVV V\QWKHVLV ILOWHU +
3 ] VDWLVILHVWKHHTXDWLRQ>@

 − 2 ℎ@  = 0,  ≠ , ∀  

D [] =

ZKHUHJDQGKDUHILQLWHLPSXOVHUHVSRQVH ),5 GLJLWDOILOWHUV ORZ
RUKLJKSDVVGHSHQGLQJRIL įLVWKHVFDOLQJIXQFWLRQ)RUWKHRU
WKRJRQDOILOWHUEDQN VSHFLDOFDVHRIELRUWKRJRQDO VLPSO\VHWKDV
J

0
2


    ≠ 
=1
 

  

:DYHOHWDQGILOWHUEDQNFRQILJXUDWLRQDFFRUGLQJWRWKH1DWLRQDO
,QVWUXPHQW¶V:DYHOHWDQG)LOWHUEDQNGHVLJQWRRONLWPDQXDO>@
LVSUHVHQWHGQH[W7KHSURFHVVLVGLYLGHGLQWRWKHIROORZLQJVWHSV

 6LPXODWRU

 'HVLJQ3 ]  * ] + ] ZLWK3 ] 3 ]  ]O

8QGHUVWDQGLQJWKHQDWXUHRIWKHGLVWXUEDQFHVLQFRPSOLFDWHGYL
EUDWLRQVLJQDODQDO\VLVVFHQDULRVZLOOOHDGWRDFFXUDWHFRQFOXVLRQV
ZKHQVHOHFWLQJDQGGHYHORSLQJYLEUDWLRQVLJQDODQDO\VLVPHWKRGV
7KHIOH[LEOHVLPXODWRURIIHUVDQLQWHUDFWLYHWRROIRUWKHYLEUDWLRQ
VLJQDOVLPXODWLRQDQGDQDO\VLVIRUKDUGWRDQDO\]HVFHQDULRV7KH
PDLQSDUWVRIWKHVLPXODWRUDUHWKHSXOVHJHQHUDWRUWKHYLEUDWLRQ
VLJQDO JHQHUDWRU DQG WKH YLEUDWLRQ VLJQDO DQDO\VLV PRGXOH 7KH
VLPXODWLRQDQGDQDO\VLVSURFHVVLVGHVFULEHGLQ)LJXUH7KHSXOVH
JHQHUDWRUSURGXFHVD VKRFN SXOVHEDVHGRQWKHSDUDPHWULFPRGHO
RIWKHLPSXOVHUHVSRQVH7KHPRGHOSDUDPHWHUVDUHDGMXVWDEOH,Q
DGGLWLRQWKHZKLWHQRLVHFDQEHDGGHGWRWKHSXOVHVLJQDO$UHDO
PHDVXUHGSXOVHFDQEHORDGHGDQGSORWWHGLQWRWKHVDPHZLQGRZ
ZLWKWKHVLPXODWHGVLJQDO7KLVPDNHVLWSRVVLEOHWRDGMXVWWKHVLP
XODWHGSXOVHWRPDWFKZLWKWKHWUXHSXOVH7KHYLEUDWLRQVLJQDOJHQ
HUDWRU SURGXFHV WKH VLPXODWHG YLEUDWLRQ VLJQDO 7KH VLPXODWHG
VKRFNSXOVHVDUHDGGHGWRWKHEDVHVLJQDOEDVHGRQWKHDGMXVWDEOH
IUHTXHQF\DQGWKHILUVWSXOVHVWDUWSRVLWLRQ7KHOHQJWKRIWKHEDVH
VLJQDOLVJLYHQDQGZKLWHQRLVHLVDGGHGWRLW7KHUHLVRIWHQDVOLJKW
PLVDOLJQPHQW RQ WKH VKDIW DQG WKH UROOLQJ HOHPHQW EHDULQJV 7R
VLPXODWHWKLVDVLQXVRLGDOORZIUHTXHQF\FRPSRQHQWLVDGGHGWR
WKHEDVHVLJQDO6LJQDOSUHSURFHVVLQJLVGRQHZLWKGLJLWDOILOWHUV
VXFK DV OLQHDU FRQWLQXRXVWLPH ILOWHU HOOLSWLF  ILQLWH LPSXOVH UH
VSRQVH ILOWHU ),5  DQG ZDYHOHW ILOWHU 6WDQGDUG VWDWLVWLFDO
PHDVXUHV LQFOXGLQJ WKH URRW PHDQ VTXDUH 506  SHDNWRSHDN
YDOXHFUHVWIDFWRUDQGNXUWRVLVDUHFDOFXODWHGLQWKHDQDO\VLVPRG
XOH 0DLQO\ IUHTXHQF\ GRPDLQ PHWKRGV ))7 +)57  DQG WLPH
IUHTXHQF\PHWKRGV 67)7:7 DUHXVHGLQWKHDQDO\VLVRIWKHYL

 )DFWRUL]H3 ] LQWR* ] DQG+ ]
 &RPSXWH* ]  + ] DQG+ ]  * ]
7KHSURGXFWRIWKHORZSDVV 3 * + FDQEHPD[IODWSRVL
WLYHHTXLULSSOHRUJHQHUDOHTXLULSSOH ELRUWKRJRQDO )DFWRUL]DWLRQ
W\SHRI* FRQWDLQVFRQILJXUDWLRQRSWLRQVIRUILOWHUW\SHDQG]H
URVDWSL * 3 ] * ] DQG+ ] DUHUHDOYDOXHGILQLWHLPSXOVH
UHVSRQVH ),5 ILOWHUV7KH]HURVRIWKHVHILOWHUV DUHPLUURUV\P
PHWULFDERXWWKH[D[LVLQWKH]SODQH7KHFRUUHVSRQGLQJZDYHOHW
LVVPRRWKHULIWKHUHDUHPRUH]HURVDWSL7KHILOWHUW\SHIDFWRUL]HV
3WR*DQG+7KHILOWHUW\SHLVFRQILJXUHGZLWKWKHIROORZLQJ
RSWLRQV
•
•
•
•

$UELWUDU\:KHQWKHSDUDPHWHULVVHWWKHUHH[LVWVQR
UHVWULFWLRQRQWKHSODFHPHQWRI]HURV
0LQLPXPSKDVH7KHSDUDPHWHUGHILQHVZKLFK]HURV
RI*DUHORFDWHGLQVLGHWKHXQLWFLUFOH
/LQHDUSKDVH7KHSDUDPHWHUGHILQHVZKHWKHURQH]HUR
EHORQJVWR* +
%6SOLQH7KHSDUDPHWHUGHILQHVWKDWH[FHSWIRUVRPH
]HURVDWSLDOOWKH]HURVRI3EHORQJWR+

6HOHFWLQJGLIIHUHQWYDOXHVIRU)LOWHUW\SHSXWVGLIIHUHQWFRQVWUDLQWV
RQWKHVHOHFWLRQVRI]HURV)RUH[DPSOHLI\RXVHOHFW/LQHDU3KDVH
IRU)LOWHUW\SHDQGVHOHFWD]HURIRURQHILOWHUWKHILOWHUDXWRPDWL
FDOO\FRQWDLQVWKHUHFLSURFDORIWKH]HUR)LJXUHVKRZVWKHZDYH
OHWILOWHUFRQVWUXFWLRQVSDUDPHWHUVLQWKHXVHULQWHUIDFH>@



,QWHUQDWLRQDOMRXUQDORI&20$'(0

SRQHQWVDUHVHHQLQWKHVSHFWUXP,QDGGLWLRQWKHUHDUHVRPHOHDN
DJHVWRORZHUIUHTXHQFLHV+DUPRQLFVRIEODGHDQGPRWRUJHQHU
DWHG IUHTXHQFLHV DSSHDU LQ WKH VSHFWUXP RI WKH HQYHORSHG VLJQDO
ULJKWKDQGVLGH 'HVSLWHWKHXVDJHRIWKHKLJKSDVVILOWHU 
+] DWWHQXDWLRQRQWKHDPSOLWXGHVRIWKHEODGHIUHTXHQF\DQGLWV
KDUPRQLFV LV VPDOO LQ WKH HQYHORSH VSHFWUXP  7KH VHFRQG KDU
PRQLFRIWKHEODGHIUHTXHQF\ 530RUGHU LVYHU\FORVHWRWKH
EHDULQJIDXOWIUHTXHQF\ 530RUGHU WKDWPD\OHDGWRDIDOVH
DODUP

 5HVXOWV
7KHJRDORIWKHGHPRQVWUDWLRQRIWKHVLPXODWRULVWRVKRZKRZ
WKHYLEUDWLRQVJHQHUDWHGE\PDFKLQHFRPSRQHQWVRWKHUWKDQUROOLQJ
HOHPHQW EHDULQJV PD\ FUHDWH IDOVH DODUPV RQ GHIHFWV 7ZR FDVH
VWXGLHVDUHLQWURGXFHG7KHILUVWVLPXODWHGVLJQDODVGHSLFWHGRQ
WKHWRSRI)LJXUHFRQWDLQVEHDULQJIDXOWSXOVHVVLQXVRLGDOGLV
WXUEDQFHDQGQRLVH7KHIDXOWSXOVHLVPRGHOHGXVLQJHTXDWLRQ
ZLWKWKHUHVRQDQWIUHTXHQF\RI+]7KHSXOVHUHSHWLWLRQIUH
TXHQF\ RI WKH IDXOW LH EHDULQJ IDXOW IUHTXHQF\ LV  +] DQG
IUHTXHQF\RIVLQXVRLGDOGLVWXUEDQFHLV+],QWKHVHFRQGFDVH
ZHPRGHOGLVWXUEDQFHVJHQHUDWHGE\EODGHDQGHOHFWULFPRWRUVXV
LQJSXOVHVZLWKUHVRQDQWIUHTXHQFLHVRI+] EODGH DQG
+] HOHFWULFPRWRU 7KHSXOVHUHSHWLWLRQIUHTXHQFLHVRIWKHEODGH
DQGPRWRUGLVWXUEDQFHDUH+]DQG+]UHVSHFWLYHO\7KHUH
DUHQRIDXOWSXOVHVLQWKHVHFRQGFDVHWKHUROOLQJHOHPHQWEHDULQJ
LV KHDOWK\ ,Q WKH WKLUG FDVH WKH GLVWXUEDQFH SXPS  LV PRGHOHG
XVLQJELRUWKRJRQDOZDYHOHWILOWHUFRQVWUXFWLRQZLWKEVSOLQHIDFWRU
L]DWLRQ7KHSXOVHUHSHWLWLRQIUHTXHQF\RIWKHSXPSLV+]7KHUH
LVWKHVDPHEHDULQJIDXOWSXOVH +] LQWKHWKLUGDVLWZDVLQ
WKH ILUVW FDVH 7KH VLPXODWHG YLEUDWLRQ VLJQDOV RI WKH SUHVHQWHG
FDVHVDUHVKRZQLQWKH)LJXUHFDVHRQWKHWRSFDVHLQWKH
PLGGOHDQGFDVHRQWKHERWWRP

)LJXUH'LVWXUEDQFHPRGHOLQJXVLQJZDYHOHWILOWHUEDQNV
)UHTXHQF\GRPDLQPHWKRGVVSHFWUXPDQGHQYHORSHVSHFWUXP
DUHXVHGLQWKHYLEUDWLRQVLJQDODQDO\VLV/LNHLQFRPPRQHQYHORSH
DQDO\VLVZHXVHWKHKLJKSDVVILOWHU +]FXWRIIIUHTXHQF\ 
EHIRUHFDOFXODWLQJWKHHQYHORSHVLJQDODQGWKHHQYHORSHVSHFWUXP
7KH WRS PRVW LPDJHV LQ )LJXUH LQFRUSRUDWH VSHFWUD RI WKH ILUVW
FDVH7KHVLQXVRLGDOGLVWXUEDQFHIUHTXHQF\ +] DQGUHVRQDQW
DUHDH[LWHGE\IDXOWSXOVHV +] DSSHDULQWKHOHIWKDQGVLGH
7KHHQYHORSHVSHFWUXPUHYHDOVFOHDUO\WKHIDXOWIUHTXHQFLHVRIWKH
VLPXODWHGYLEUDWLRQVLJQDORIDIDXOW\EHDULQJ7KHIUHTXHQF\D[LV
RIWKHHQYHORSHVSHFWUXPLVQRUPDOL]HGDFFRUGLQJWRWKHURWDWLRQ
VSHHG

)LJXUH6LPXODWHGYLEUDWLRQVLJQDOVRIWKHFDVHVWXG\
7KHLPDJHVLQWKHERWWRPRIILJXUHVKRZVVSHFWUDRIWKHFDVH
 7KHUHVRQDQWIUHTXHQFLHVH[LWHGE\IDXOWSXOVHV +] DQG
E\ WKH GLVWXUEDQFH FRPSRQHQW SXPS  DUH VHHQ LQ PXOWLSOH IUH
TXHQF\UDQJHV7KHVSHFWUXPRIWKHHQYHORSHGVLJQDOUHYHDOVWKH
UHSHWLWLRQIUHTXHQF\RIWKHSXOVHV 530RUGHU 6LQFHWKHEHDU
LQJIDXOWIUHTXHQF\DQGWKHSXOVHUHSHWLWLRQIUHTXHQF\RIWKHGLV
WXUEDQFH DUHWKH VDPH LW LV LPSRVVLEOH WR VD\ ZKHWKHU WKHUHLV D
EHDULQJIDXOWRUQRWEDVHGRQWKHHQYHORSHDQDO\VLV7KHUHVXOWVRI
WKHFDVHVWXG\DUHVXPPDUL]HGLQ7DEOH

7KHLPDJHVLQWKHPLGGOHLQ)LJXUHLQFRUSRUDWHWKHVSHFWUDRI
WKHVHFRQGFDVH7KHUHVRQDQWIUHTXHQFLHVRIWKHGLVWXUELQJFRP
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)LJXUH)UHTXHQF\DQDO\VLVRIWKHVLPXODWHGYLEUDWLRQVLJQDOV

7DEOH6XPPDU\RIWKHFDVHVWXG\
3XOVH,
&DVH
,

3XOVH,,

%HDULQJIDXOWSXOVH HT 

6LQXVRLGDOGLVWXUEDQFH

5HVRQDQWIUHTXHQF\+]

3XOVHUHSHWLWLRQ+]

$QDO\VLV
PHWKRG
(QYHORSH
VSHFWUXP

5HVXOW

(QYHORSH
VSHFWUXP

7KHVHFRQGKDUPRQLFRIWKHEODGHIUH
TXHQF\ 530RUGHU LVYHU\FORVHWRWKH
EHDULQJIDXOWIUHTXHQF\ 530RUGHU 
WKDWPD\OHDGWRDIDOVHDODUP

(QYHORSH
VSHFWUXP

7KHEHDULQJIDXOWIUHTXHQF\DQGWKHGLV
WXUEDQFHIUHTXHQFLHVRYHUODSHDFKRWKHU,W
LVLPSRVVLEOHWRVD\ZKHWKHUWKHUHLVDIDXOW
RUQRWE\XVLQJHQYHORSHDQDO\VLVDVRQO\
DQDO\VLVPHWKRG

7KHHQYHORSHVSHFWUXPUHYHDOVFOHDUO\WKH
IDXOWIUHTXHQFLHVRIWKHVLPXODWHGYLEUDWLRQ
VLJQDORIDIDXOW\EHDULQJ

3XOVHUHSHWLWLRQ+]

&DVH
,,

&DVH
,,,

%ODGHGLVWXUEDQFH HT 
5HVRQDQWIUHTXHQF\+]

(OHFWULFPRWRUGLVWXUEDQFH
HT 
5HVRQDQWIUHTXHQF\+]

3XOVHUHSHWLWLRQ+]

3XOVHUHSHWLWLRQ+]

%HDULQJIDXOWSXOVH HT 

3XPSGLVWXUEDQFH HT 

5HVRQDQWIUHTXHQF\+]

3XOVHUHSHWLWLRQ+]

3XOVHUHSHWLWLRQ+]
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 'LVFXVVLRQDQGFRQFOXVLRQV
7KHGHYHORSHGIOH[LEOHVLPXODWRURIIHUVDQHZDSSURDFKWRVWXG\
YLEUDWLRQVLJQDOVWKDWDUHFRPSOLFDWHGWRDQDO\]H7KHEDVLFLGHD
ZDVWRVLPXODWHEHDULQJIDXOWSXOVHVDQGGLVWXUEDQFHVDVWKH\DS
SHDULQWKHPHDVXUHGVLJQDOV,QDSHUIHFWVLPXODWLRQVFHQDULRWKH
DQDO\VLVUHVXOWVVKRXOGEHWKHVDPHIRUWKHVLPXODWHGDQGWKHPHDV
XUHGVLJQDOV7KHVLPXODWRUDGYDQFHVWKHDQDO\VLVHVSHFLDOO\LQWKH
FDVHVZKHQWKHUHDUHGLVWXUELQJQRQVWDWLRQDU\FRPSRQHQWVLQWKH
YLEUDWLRQVLJQDOVWKDWFUHDWHIDOVHDODUPV






7KHSRZHURIWKHVLPXODWRUZDVGHPRQVWUDWHGLQWKHFDVHVWXG\
7KHUHVXOWVRIWKHFDVHVWXG\VKRZKRZWKHYLEUDWLRQVRIWKHRWKHU
NQRZQPDFKLQHFRPSRQHQWVGLVWXUEWKHDQDO\VLVRIWKHYLEUDWLRQV
SURGXFHGE\5(%IDXOWVDQGWKHZHDNQHVVRIWKHXVHGKLJKSDVV
ILOWHURQUHPRYLQJSXOVDWLQJORZIUHTXHQF\GLVWXUEDQFHVIURPWKH
HQYHORSHVSHFWUXP'LVWXUEDQFHVVLPXODWLRQXVLQJFRPSOH[ZDYH
OHWPRGHOLQJLVGHPRQVWUDWHGZLWKWKHVLPXODWRU:LWKWKHIOH[LEOH
VLPXODWRUYLEUDWLRQVRIGLIIHUHQWPDFKLQHU\VFHQDULRVFDQEHHDVLO\
LQYHVWLJDWHG )XUWKHU GHYHORSPHQW RI WKH VLPXODWRU ZLOO FRQFHQ
WUDWHRQWKHPRGHOLQJRIGLVWXUEDQFHVLQ5(%VWXG\DQGWKHGHYHO
RSPHQWRIDQDGYDQFHGZDYHOHWDQDO\VLVPRGXOH








5HIHUHQFHV








6DZDOKL1DQG5DQGDOO5%  9LEUDWLRQUHVSRQVHRI
VSDOOHGUROOLQJHOHPHQWEHDULQJV2EVHUYDWLRQVVLPXODWLRQVDQG
VLJQDOSURFHVVLQJWHFKQLTXHVWRWUDFNWKHVSDOOVL]H0HFKDQLFDO
6\VWHPVDQG6LJQDO3URFHVVLQJ±
7DQGRQ1DQG&KRXGKXU\$  $QDQDO\WLFDOPRGHOIRU
WKHSUHGLWLRQRIWKHYLEUDWLRQUHVSRQVHRIUROOLQJHOHPHQWEHDULQJV
GXHWRDORFDOL]HGGHIHFW-RXUQDORI6RXQGDQG9LEUDWLRQ  
±
.LUDO=DQG.DUDJXOOH+  6LPXODWLRQDQGDQDO\VLVRIYL
EUDWLRQVLJQDOVJHQHUDWHGE\UROOLQJHOHPHQWEHDULQJZLWKGHIHFWV
7ULERORJ\,QWHUQDWLRQDO±
6HMGLF('MXURYLF,DQG-LDQJ-  7LPH±IUHTXHQF\IHD
WXUHUHSUHVHQWDWLRQXVLQJHQHUJ\FRQFHQWUDWLRQ$QRYHUYLHZRIUH
FHQWDGYDQFHV'LJLWDO6LJQDO3URFHVVLQJ±
-DPHV/L&DQG0D-  :DYHOHWGHFRPSRVLWLRQRIYLEUD
WLRQVIRUGHWHFWLRQRIEHDULQJORFDOL]HGGHIHFWV1'7 (,QWHUQD
WLRQDO9RO1R













4LXD+/HHD-/LQE-DQG<XF*  :DYHOHWILOWHU
EDVHGZHDNVLJQDWXUHGHWHFWLRQPHWKRGDQGLWVDSSOLFDWLRQRQ
UROOLQJHOHPHQWEHDULQJSURJQRVWLFV-RXUQDORI6RXQGDQG
9LEUDWLRQ±
5XELQL5  $SSOLFDWLRQRIWKHHQYHORSHDQGZDYHOHWWUDQV
IRUPDQDO\VHVIRUWKHGLDJQRVLVRILQFLSLHQWIDXOWVLQEDOOEHDULQJV
0HFKDQLFDO6\VWHPVDQG6LJQDO3URFHVVLQJ  
/XR*<2V\SLZ'DQG,UOH0  2QOLQHYLEUDWLRQ
DQDO\VLVZLWKIDVWFRQWLQXRXVZDYHOHWDOJRULWKPIRUFRQGLWLRQ
PRQLWRULQJRIEHDULQJ-RXUQDORI9LEUDWLRQDQG&RQWURO

3HQJ=.DQG&KX)/  $SSOLFDWLRQRIWKHZDYHOHW
WUDQVIRUPLQPDFKLQHFRQGLWLRQPRQLWRULQJDQGIDXOWGLDJQRVWLFVD
UHYLHZZLWKELEOLRJUDSK\0HFKDQLFDO6\VWHPVDQG6LJQDO3UR
FHVVLQJ±
.XPDU+66ULQLYDVD3DL39LMD\*6 5DM%.15DR
 :DYHOHW7UDQVIRUPIRU%HDULQJ&RQGLWLRQ0RQLWRULQJDQG
)DXOW'LDJQRVLV$5HYLHZ  
9HUPD$.DQG6UHHMLWK%  5ROOLQJHOHPHQWEHDULQJ
IDXOWGLDJQRVLVXVLQJDGDSWLYH0RUOHWZDYHOHWILOWHU,QWHUQDWLRQDO
-RXUQDORI&20$'(0  
0RPRQR7DQG1RGD%  6RXQGDQG9LEUDWLRQLQ5ROOLQJ
%HDULQJV0RWLRQ &RQWURO1R
5DQGDOO5%$QWRQL-DQG&KREVDDUG6  7KHUHODWLRQ
VKLSEHWZHHQVSHFWUDOFRUUHODWLRQDQGHQYHORSHDQDO\VLVLQWKHGL
DJQRVWLFVRIEHDULQJIDXOWVDQGRWKHUF\FORVWDWLRQDU\PDFKLQHVLJ
QDOV0HFKDQLFDO6\VWHPVDQG6LJQDO3URFHVVLQJ  ±
5DQGDOO5%DQG$QWRQL-  5ROOLQJHOHPHQWEHDULQJGL
DJQRVWLFV²$WXWRULDO0HFKDQLFDO6\VWHPVDQG6LJQDO3UR
FHVVLQJ±
/LX-6KDR<DQG/LP7&  9LEUDWLRQDQDO\VLVRIEDOO
EHDULQJVZLWKDORFDOL]HGGHIHFWDSSO\LQJSLHFHZLVHUHVSRQVHIXQF
WLRQ0HFKDQLVPDQG0DFKLQH7KHRU\±
(O7KDOML,DQG-DQWXQHQ(  $VXPPDU\RIIDXOWPRGHO
OLQJDQGSUHGLFWLYHKHDOWKPRQLWRULQJRIUROOLQJHOHPHQWEHDULQJV
0HFKDQLFDO6\VWHPVDQG6LJQDO3URFHVVLQJ±
/LDQJ0DQG)DJKLGL+  ,QWHOOLJHQWEHDULQJIDXOWGHWHF
WLRQE\HQKDQFHGHQHUJ\RSHUDWRU([SHUW6\VWHPVZLWK$SSOLFD
WLRQV±
$YHUEXFK$=1HLWWDDQPlNL3DQG=KHOXGHY9$  
6SOLQHDQG6SOLQH:DYHOHW0HWKRGVZLWK$SSOLFDWLRQVWR6LJQDO
DQG,PDJH3URFHVVLQJ9ROXPH,3HULRGLF6SOLQHV
7RXNRQHQ-2UNLV]0:QHN06DDULQHQ.DQG.RUHQGR
=   $50$'$±$GYDQFHG5RWDWLQJ0DFKLQHV'LDJQRVWLFV
$QDO\VLVWRROIRUDGGHGVHUYLFHSURGXFWLYLW\3URFHHGLQJVRI
&20$'(0FRQIHUHQFH  ±
6DDULQHQ.DQG1RZDN-$PHWKRGIRUGHWHFWLRQDQGDXWRPDWLF
LGHQWLILFDWLRQRIGDPDJHWRUROOLQJEHDULQJV(3
1DWLRQDO,QVWUXPHQWV&RUSRUDWLRQ:DYHOHWDQG)LOWHU%DQN'H
VLJQ7RRONLW5HIHUHQFH0DQXDO3DUW1XPEHU$-DQX
DU\(GLWLRQ
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6SOLQHZDYHOHWEDVHGILOWHULQJIRUGHQRLVLQJYLEUDWLRQVLJQDOVJHQHUDWHGE\UROOLQJ
HOHPHQWEHDULQJV


-DUQR.DQVDQDKRD .DUL6DDULQHQEDQG7RPPL.lUNNlLQHQF
D

8QLYHUVLW\RI-\YlVN\Ol'HSDUWPHQWRI0DWKHPDWLFDO,QIRUPDWLRQ7HFKQRORJ\32%R[),8QLYHUVLW\RI-\YlVN\Ol)LQODQG
$%%$%&RUSRUDWH5HVHDUFK)RUVNDUJUlQG6(9lVWHUnV6ZHGHQ
F
8QLYHUVLW\RI-\YlVN\Ol'HSDUWPHQWRI0DWKHPDWLFDO,QIRUPDWLRQ7HFKQRORJ\32%R[),8QLYHUVLW\RI-\YlVN\Ol)LQODQG
-DUQR.DQVDQDKR7HOHPDLOMDUQRPNDQVDQDKR#M\XIL
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$%675$&7 
,QWKLVSDSHUZHVWXG\ELRUWKRJRQDOVSOLQHZDYHOHWGHFRPSRVLWLRQWRH[WUDFWIDXOWIHDWXUHVIURPYLEUDWLRQVLJQDOVJHQHUDWHGE\UROOLQJHOHPHQWEHDULQJV
&RPPRQFKDOOHQJHVLQWKHDQDO\VLVRIYLEUDWLRQPHDVXUHPHQWVWDNHQIURPDUHDOLQGXVWULDOHQYLURQPHQWLVWKDWQRQVWDWLRQDU\FRPSRQHQWVJHQHUDWHGE\
RWKHUPDFKLQHFRPSRQHQWVGLVWXUEWKHDQDO\VLV9LEUDWLRQVLJQDOVJHQHUDWHGE\QRQIDXOW\DQGIDXOW\UROOLQJHOHPHQWEHDULQJVDUHVWXGLHG$VNQRZQWKH
)RXULHUWUDQVIRUPDWLRQGRHVQRWZRUNYHU\ZHOORQQRQVWDWLRQDU\VLJQDOVEHFDXVHWKHLUVSHFWUDOFRQWHQWFKDQJHVRYHUWLPH,QWKHWLPHIUHTXHQF\GRPDLQ
PHWKRGVVLJQDOGHFRPSRVLWLRQLVSHUIRUPHGWRVSOLWVSHFWUXPLQWRVHTXHQWLDOVXEVSHFWUDOFRPSRQHQWVWKDWDUHSURFHVVHGLQGLYLGXDOO\7KHZHDNQHVVRIWKH
VKRUWWLPH)RXULHUWUDQVIRUPLVWKDWWKHFRQVWDQWZLQGRZVL]HGRHVQRWSURYLGHVXIILFLHQWIUHTXHQF\DQGWLPHUHVROXWLRQDWWKHVDPHWLPH/DWHO\WKHZDYHOHW
WUDQVIRUPKDVEHHQDSSOLHGRQVLJQDOGHPRGXODWLRQDQGRSWLPDOEDQGSDVVILOWHUGHVLJQ0RUHIOH[LEOHWKDQEDVLFZDYHOHWEDVLVDUHVSOLQHZDYHOHWVWKDWDUH
FRQVWUXFWHGZLWKDVSOLQHIXQFWLRQ6SOLQHZDYHOHWVDUHOLQHDUFRPELQDWLRQRI%VSOLQHVDQGWKH\FDQEHGHILQHGH[SOLFLWO\%LRUWKRJRQDOVSOLQHZDYHOHWVDUH
UHJXODUFRPSDFWO\VXSSRUWHGDQGKDYHILQLWHLPSXOVHUHVSRQVHLPSOHPHQWDWLRQ&RPSXWHUVLPXODWHGYLEUDWLRQVLJQDOVDQGYLEUDWLRQVLJQDOVDFTXLUHGIURPD
UHDOZRUOGDSSOLFDWLRQDUHXVHGLQRXUVWXG\

.H\ZRUGV5ROOLQJHOHPHQWEHDULQJV9LEUDWLRQDQDO\VLV$GYDQFHGVLJQDOSURFHVVLQJ6SOLQHZDYHOHWV
&RUUHVSRQGLQJDXWKRU-DUQR.DQVDQDKR MDUQRPNDQVDQDKR#M\XIL 


,QWURGXFWLRQ
5ROOLQJHOHPHQWEHDULQJ 5(% LVRQHRIWKHPRVWFRPPRQDQG
WKH PRVW YXOQHUDEOH FRPSRQHQW LQ PDFKLQHU\ 5ROOLQJ HOHPHQW
EHDULQJV WKDW VXSSRUW URWDWLQJ VKDIWV DUH RIWHQ LQVWDOOHG LQ
H[WUHPHO\KDUGFRQGLWLRQV$PDFKLQHEHFRPHVLQRSHUDEOHZKHQ
DUROOLQJHOHPHQWEHDULQJEUHDNVGRZQ6XGGHQEUHDNGRZQVFDQEH
YHU\ H[SHQVLYH &RQVHTXHQWO\ GHWHFWLRQ RI WKH EHDULQJ IDXOW DV
HDUO\DVSRVVLEOHLVYHU\YDOXDEOH
6LJQDO SURFHVVLQJ PHWKRGV DUH FRQWLQXRXVO\ GHYHORSHG IRU
EHDULQJIDXOWGHWHFWLRQ6LJQDOSURFHVVLQJPHWKRGVIRFXVWRH[WUDFW
FKDUDFWHULVWLFIHDWXUHVIURPYLEUDWLRQVLJQDOVJHQHUDWHGE\5(%V
7KH GHFLVLRQPDNLQJ EDVHG RQ WKHVH H[WUDFWHG IHDWXUHV FDQ EH
FRQVLGHUHGDVWKHVHFRQGVWHSLQVLJQDOSURFHVVLQJDSSURDFKHV>@
5HPRYDORIWKHVSHHGIOXFWXDWLRQVWKHVPHDULQJHIIHFWRIVLJQDO
WUDQVIHUSDWKDQGWKHEDFNJURXQGQRLVHDUHFRPPRQFKDOOHQJHVLQ
IHDWXUHH[WUDFWLRQIURPYLEUDWLRQVLJQDOV>@
7KHPDLQPRWLYDWLRQIRUWKLVZRUNLVWKDWWKHZHDNEHDULQJIDXOW
VLJQDWXUHV H[SHULHQFH LQWHUIHUHQFH IURP QRLVH IURP GLIIHUHQW
H[WHUQDO VRXUFHV DQG LQWHUQDO PHFKDQLFDO FRPSRQHQWV ZKLFK
PDNHV EHDULQJ IDXOW GHWHFWLRQ IURP UHDO PHDVXUHPHQWV D YHU\

FKDOOHQJLQJWDVN'HQRLVLQJ QRLVHUHGXFWLRQ LVWKHNH\WHFKQLTXH
WRUHGXFHWKHHIIHFWRIWKHGLVWXUELQJFRPSRQHQWVLQWKHDQDO\VLV
5DQGRP VLJQDOV DUH FDWHJRUL]HG DV VWDWLRQDU\ DQG QRQ
VWDWLRQDU\&\FORVWDWLRQDU\SURFHVVHVDUHQRQVWDWLRQDU\SURFHVVHV
ZKRVH VWDWLVWLFV DUH SHULRGLFDOO\ YDU\LQJ >@ 9LEUDWLRQ VLJQDOV
JHQHUDWHGE\UROOLQJHOHPHQWEHDULQJVFDQEHPRGHOOHGDVSVHXGR
F\FORVWDWLRQDU\>@7KHVHYLEUDWLRQVLJQDOVFRQWDLQVKRUWDQGKLJK
IUHTXHQF\ SXOVHV WKDW DUH GLIILFXOW WR LGHQWLI\ E\ WKH )RXULHU
WUDQVIRUP>@,QWKHWLPHIUHTXHQF\GRPDLQPHWKRGVWKHVLJQDO
GHFRPSRVLWLRQLVSHUIRUPHGWRVSOLWWKHVSHFWUXPLQWRVHTXHQWLDO
VXEVSHFWUDO FRPSRQHQWV WKDW DUH SURFHVVHG LQGLYLGXDOO\ 7KH
VLQXVRLGDODQGSKDVHLQIRUPDWLRQRIORFDOVHFWLRQVRIWKHVLJQDODUH
GHWHUPLQHG E\ 6KRUW7LPH )RXULHU WUDQVIRUP 67)7  :HDNQHVV
RI WKH 67)7 LV WKDW WKH FRQVWDQW ZLQGRZ VL]H GRHV QRW SURYLGH
VXIILFLHQWIUHTXHQF\DQGWLPHUHVROXWLRQDWWKHVDPHWLPH>@
/DWHO\ WKH ZDYHOHW WUDQVIRUP KDV EHHQ XVHG IRU VLJQDO
GHPRGXODWLRQDQGRSWLPDOEDQGSDVVILOWHUGHVLJQ>@7KHZDYHOHW
WUDQVIRUPKDVEHHQVXFFHVVIXOO\DSSOLHGWREHDULQJIDXOWGHWHFWLRQ
>@)DXOWIHDWXUHVH[WUDFWHGE\ZDYHOHWWUDQVIRUP
FDQ EH FODVVLILHG DV ZDYHOHW FRHIILFLHQWV EDVHG ZDYHOHW HQHUJ\
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EDVHG VLQJXODULW\ EDVHG DQG ZDYHOHW IXQFWLRQ EDVHG >@
+RZHYHU WKHUH LV QR VWDQGDUG PHWKRG WR VHOHFW WKH ZDYHOHW
IXQFWLRQIRUGLIIHUHQWSXUSRVHVVRWKDWWKHZDYHOHWVGRQRWKDYHD
VWDQGDUGVWDWXVLQIDXOWGLDJQRVWLFV>@%UHDNGRZQSRLQWVWUHQGV
DQG GLVFRQWLQXLWLHV LQ KLJKHU GHULYDWLYHV DUH GHWHFWDEOH E\ XVLQJ
ZDYHOHWDQDO\VLV>@
9HUPDDQG6UHHMLWKLQWURGXFHGD0RUOHWZDYHOHWEDVHGILOWHULQJ
PHWKRGWKDWHIILFLHQWO\GHWHFWVZHDNEHDULQJIDXOWLPSXOVHVHYHQLI
WKH VLJQDO WRQRLVH UDWLR LV YHU\ ORZ>@ <XPRQD HW DO XVHG D
0RUOHW ZDYHOHW EDQN IRU GHQRLVLQJ DQG REWDLQHG WKH UHVRQDQFH
EDQG RI LQWHUHVW IURP WKH ZDYHOHW NXUWRJUDP >@ ,W KDV EHHQ
VKRZQWKDWWKHGLVFUHWHZDYHOHWWUDQVIRUP ':7 FDQEHXVHGWR
GHWHFW VLQJOH DQG PXOWLSOH IDXOWV LQ WKH EDOO EHDULQJV >@ 0RUL
HWDO XVHG D WUHQG RI WKH ZDYHOHW FRHIILFLHQWV PD[LPXP YDOXHV
DFTXLUHG ZLWK WKH ':7 DQDO\VLV WR SUHGLFW VSDOOLQJ RI UROOLQJ
HOHPHQW EHDULQJV >@ 7KH ZDYHOHW SDFNHW WUDQVIRUP KDV EHHQ
XWLOL]HG RIWHQ LQ WKH FRQGLWLRQPRQLWRULQJ RI WKH UROOLQJ HOHPHQW
EHDULQJV>@,WKDVEHHQQRWLFHGWKDWWKH:DYHOHWSDFNHW
WUDQVIRUP :377 KDVEHWWHUGHQRLVLQJDELOLW\RQQRQVWDWLRQDU\
VLJQDOVEHFDXVHWKHIUHTXHQF\UHVROXWLRQRIWKH':7PD\QRWEH
HQRXJKWRH[WUDFWLPSRUWDQWIHDWXUHVIURPWKHGHFRPSRVHGSDUWRI
WKHVLJQDO>@7KH+DDUZDYHOHWWUDQVIRUPKDVEHHQDSSOLHGWR
WUDQVLHQW GHWHFWLRQ >@ 7VH HW DO LQWURGXFHG H[DFW ZDYHOHW
DQDO\VLV WKDW XVHG JHQHWLF DOJRULWKP WR JHQHUDWH DQ DGDSWLYH
GDXJKWHU ZDYHOHW WR PDWFK WKH LQVSHFWHG VLJQDO DV H[DFWO\ DV
SRVVLEOH>@)UHTXHQF\%VSOLQHZDYHOHWVKDYHEHHQDSSOLHGWR
EHDULQJIDXOWGHWHFWLRQE\VHOHFWLQJWKHVSOLQHZDYHOHWEDVHGRQWKH
SULRUNQRZOHGJHRIWKHLPSXOVHUHVSRQVHV>@

7KHRUHWLFDOEDFNJURXQG
7KH ZDYHOHW WUDQVIRUP HQDEOHV PXOWLUHVROXWLRQ DQDO\VLV ZLWK
GLODWHG ZLQGRZV ,Q RWKHU ZRUGV WKH ZDYHOHW WUDQVIRUP LV D
FRQVWDQW UHODWLYH EDQGZLGWK DQDO\VLV >@ %\ XVLQJ GLODWLRQ DQG
WUDQVODWLRQ WKH ZDYHOHW WUDQVIRUP FDQ H[WUDFW WLPHIUHTXHQF\
IHDWXUHVRIDVLJQDOHIILFLHQWO\>@,WLVDQH[FHOOHQWWRROWRDQDO\]H
QRQVWDWLRQDU\VLJQDOV7KHIUHTXHQF\UHVROXWLRQLQFUHDVHVDQGWKH
WLPHUHVROXWLRQGHFUHDVHVZKHQWKHZDYHOHWWUDQVIRUPLVGRQHDW
VHTXHQWLDOO\ ZLGH VFDOHV /LNH )RXULHU WUDQVIRUP WKH ZDYHOHW
WUDQVIRUPFRQFOXGHVWKHEDVLVIXQFWLRQFDOOHGPRWKHUZDYHOHW
7KHFRQWLQXRXVZDYHOHWWUDQVIRUP &:7 WUDQVIRUPVVLJQDOWR
DWZRGLPHQVLRQDOWLPHVFDOHMRLQWUHSUHVHQWDWLRQ7KHLGHDRIWKH
&:7LVWRFDOFXODWHFRQWLQXRXVO\VFDODEOHIXQFWLRQE\PRYLQJWKLV
IXQFWLRQ FRQWLQXRXVO\ RYHU D VLJQDO $V UHVXOW WKH ZDYHOHW
FRHIILFLHQWV DUH DFTXLUHG +RZHYHU WKH EDVHV RI WKH VFDODEOH
IXQFWLRQVEHFRPHQRQRUWKRJRQDOWKDWPDNHVZDYHOHWFRHIILFLHQWV
UHGXQGDQW>@7KHGHILQLWLRQRIWKH&:7DVWKHIXQFWLRQRIWLPH
LV
כ
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ZKHUHWKHGLODWLRQWHUPLV DQGWUDQVODWLRQWHUPLV M
$VRQHZHDNQHVVWKHZDYHOHWWUDQVIRUPGRHVQRWPDLQWDLQWKH
DEVROXWHSKDVHRIWKHVLJQDOFRPSRQHQWV$ZDYHOHWLVRUWKRJRQDO
ZKHQ WKH FRUUHVSRQGLQJ ZDYHOHW WUDQVIRUP LV RUWKRJRQDO :KHQ
WKH ZDYHOHW WUDQVIRUP LV LQYHUWLEOH WKH FRUUHVSRQGLQJ ZDYHOHW LV
ELRUWKRJRQDO QRWQHFHVVDULO\RUWKRJRQDO 7KHQXPEHURIGHJUHHV
RI IUHHGRP LQFUHDVHV ZKHQ ELRUWKRJRQDO ZDYHOHWV DUH XVHG )RU
ELRUWKRJRQDO ZDYHOHWV WKHUH DUH WZR VFDOLQJ IXQFWLRQV ZKRVH
VFDOLQJ VHTXHQFHV PD\ GLIIHU 'HVLJQLQJ ELRUWKRJRQDO ZDYHOHWV
DOORZV PRUH GHJUHHV RI IUHHGRP WKDQ RUWKRJRQDO ZDYHOHWV 7KH
VHPLRUWKRJRQDOZDYHOHWVZHUHLQWURGXFHGZKHQUHOD[DWLRQRIWKH
LQWUDVFDOH RUWKRJRQDOLW\ FRQVWUDLQW ZDV IRXQGHG >@ :DYHOHWV
DUHFDWHJRUL]HGLQWRIDPLOLHVEDVHGRQWKHLUSURSHUWLHV6RPHRIWKH
LPSRUWDQWSURSHUWLHVRIWKHZDYHOHWVDUH UHJXODULW\V\PPHWU\RU
DQWLV\PPHWU\DQXPEHURIYDQLVKLQJPRPHQWVDQGH[LVWHQFHRI
D VFDOLQJ IXQFWLRQ ,Q SUDFWLFH IRU H[DPSOH D JUHDWHU QXPEHU RI
YDQLVKLQJPRPHQWVSURYLGHVKDUSHUIUHTXHQF\UHVROXWLRQ
0RUH IOH[LEOH ZDYHOHWV FRPSDUHG WR WKH EDVLF IRUPV DUH
REWDLQHGE\XVLQJVSOLQHZDYHOHWVWKDWDUHFRQVWUXFWHGZLWKDVSOLQH
IXQFWLRQ 6SOLQH ZDYHOHWV DUH FDWHJRUL]HG WR LQWHUSRODWRU\ VSOLQH
ZDYHOHWV %VSOLQH ZDYHOHWV FDUGLQDO %VSOLQH ZDYHOHWV DQG
%DWWOH/HPDULHZDYHOHWV7KHSRO\QRPLDODQGGLVFUHWHVSOLQHVDUH
D VRXUFH IRU D IDPLO\ RI ILOWHUV ZKLFK JHQHUDWH ELRUWKRJRQDO
ZDYHOHWV>@7KHJUHDWHVWEHQHILWVRIXVLQJVSOLQHZDYHOHWVDUH
>@
x

3RO\QRPLDO VSOLQH EDVHV KDYH D VLPSOH DQG H[SOLFLW
DQDO\WLFIRUPWKDWLVHDV\WRPDQLSXODWHGLIIHUHQWLDWLRQ
DQGLQWHJUDWLRQ
7KH%VSOLQHVKDYHFRPSDFWVXSSRUW
$Q\ GHJUHH RI UHJXODULW\ LV DFKLHYHG E\ LQFUHDVLQJ WKH
RUGHURIWKHSRO\QRPLDOVSOLQHV
3RO\QRPLDO VSOLQHV DUH SLHFHZLVH FRQVWDQW IXQFWLRQV LQ
WKHVLPSOHVWFDVH

x
x
x

$ SRO\QRPLDO VSOLQH IXQFWLRQ RI GHJUHH Q LV GHILQHG E\ D OLQHDU
FRPELQDWLRQRIVKLIWHG%VSOLQHV>@
ାஶ
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ZKHUHF N LVWKHVHTXHQFHRI%VSOLQHFRHIILFLHQWVDQGߚ
FHQWUDO%VSOLQHRIRUGHUQZKLFKGHILQLWLRQLV
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ZKHUHߚ ሺݔሻLVWKHFKDUDFWHULVWLFVIXQFWLRQDQG LVWKHFRQYROXWLRQ
RSHUDWRU%VSOLQHLVYLVXDOL]HGLQWKH)LJXUH



ZKHUH ȥ LV WKH PRWKHU ZDYHOHW DQG  UHIHUV WR FRPSOH[
FRQMXJDWLRQ+HUHWKHWUDQVIRUPDWLRQRIPRWKHUZDYHOHWUHDGVDV
ଵ

߰ሺǡሻ ሺݐሻ ൌ



ZKHUHDLVWKHVFDOLQJ GLODWLRQ SDUDPHWHUDQGELIWKHWUDQVODWLRQ
SDUDPHWHU7KHSDUDPHWHUDFRQWUROVWKHZLQGRZOHQJWKDQGHIIHFWV
WKHIUHTXHQF\UHVROXWLRQODUJHDIRUEHWWHUIUHTXHQF\UHVROXWLRQ
7KH WLPHVFDOH MRLQW UHSUHVHQWDWLRQ RI D GLVFUHWH ZDYHOHW
WUDQVIRUP ':7  LV D JULG DORQJ WKH VFDOH DQG WLPH D[HV 7KH
GLVFUHWH ZDYHOHW LV D SLHFHZLVH FRQWLQXRXV IXQFWLRQ 7KH
GLVFUHWL]DWLRQ RI WKH ZDYHOHW LV GRQH E\ VDPSOLQJ WKH WLPHVFDOH
D[LVDWGLVFUHWHLQWHUYDOV8VXDOO\G\DGLFVDPSOLQJLVXVHGZLWKD
JHRPHWULFVHTXHQFHRIUDWLRWZR7KH':7DVDIXQFWLRQRIWLPH

)LJXUH%VSOLQHRIRUGHUFRQWDLQVVL[SRO\QRPLDOSLHFHVRIRUGHU

7KH FRPSDFWO\ VXSSRUWHG %VSOLQH ZDYHOHW RI RUGHU P LV
GHILQHGE\WKHHTXDWLRQ>@
߰ ሺݔሻ ൌ
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:KHQPLVVHWWRWKHHTXDWLRQGHILQHVWKH+DDUZDYHOHW>@
ͳǡ  Ͳ݄݊݁ݓ൏  ݔ൏ ͳȀʹ
߰ଵ ሺݔሻ ൌ ൝െͳǡ ͳ݄݊݁ݓȀʹ ൏  ݔ൏ ͳ
Ͳǡ ݁ݏ݅ݓݎ݄݁ݐǤ







,QWHUQDWLRQDOMRXUQDORI&20$'(0

%LRUWKRJRQDOVSOLQHZDYHOHWVDUHUHJXODUFRPSDFWO\VXSSRUWHG
DQG KDYH ),5 ILQLWH LPSXOVH UHVSRQVH  LPSOHPHQWDWLRQ 7KH
VLPSOHVW %VSOLQH ELRUWKRJRQDO ZDYHOHW LV ELRU WKDW FRQWDLQ
UHFRQVWUXFWLRQ DQG GHFRPSRVLQJ ILOWHUV ZLWK RQH YDQLVKLQJ
PRPHQW HDFK )LJXUH  VKRZV GHFRPSRVLQJ DQDO\VLV  DQG
UHFRQVWUXFWLQJ V\QWKHVLV ILOWHUVRIELRU

)LJXUH'HFRPSRVLQJDQGUHFRQVWUXFWLQJILOWHUVRIELRU

:KHQ WKH QXPEHU RI YDQLVKLQJ PRPHQWV DUH LQFUHDVHG
FRPSOH[IXQFWLRQFDQEHUHSUHVHQWHGZLWKDVSDUVHUVHWRIZDYHOHW
FRHIILFLHQWV )LJXUH  LQFRUSRUDWHV GHFRPSRVLQJ DQG
UHFRQVWUXFWLQJVFDOLQJILOWHUVRIELRU


¾ 9LEUDWLRQ VLJQDO GHFRPSRVLWLRQ XVLQJ ELRUWKRJRQDO VSOLQH
ZDYHOHWV

¾ (QYHORSH DQDO\VLV RI WKH RULJLQDO VLJQDO DQG WKH ZDYHOHW
ILOWHUHGVLJQDO

¾ )DXOWIUHTXHQF\SHDNVGHWHFWLRQIURPWKHHQYHORSHVSHFWUXP

7KH ILUVW FDVH LQFRUSRUDWHV WKH DQDO\VLV RI WKH VLPXODWHG
YLEUDWLRQVLJQDO7KHGLVWXUEDQFHSXOVHLVPRGHOHGXVLQJDZDYHOHW
IXQFWLRQDQGLW¶VUHSHWLWLRQIUHTXHQF\LV+]$GGLWLRQWRZKLWH
QRLVHLVDGGHGWRVLJQDOE\VLJQDOWRQRLVHUDWLRRI7KHWRSPRVW
LPDJHLQ)LJXUHLQFRUSRUDWHWKHYLEUDWLRQVLJQDORIWKHILUVWFDVH
7KH &:7 LV SHUIRUPHG RQ WKH YLEUDWLRQ VLJQDO E\ XVLQJ
ELRUWKRJRQDOVSOLQHZDYHOHW ELRU 7KHERWWRPLPDJHLQ)LJXUH
VKRZWKHVFDOHRJUDPRIWKHVLJQDO7KHHQYHORSHVSHFWUXPRIWKH
VLPXODWHGVLJQDOVKRZVWKHDVVXPHGGLVWXUEDQFHIUHTXHQF\ )LJXUH
  7KH HQYHORSH VSHFWUXP RI WKH UDZ VLPXODWHG VLJQDO DQG WKH
ZDYHOHWILOWHUHGVLJQDO ELRU DUHSORWWHGEOXHDQGEURZQFRORUV
UHVSHFWLYHO\

)LJXUH&DVH7KH&:7DQDO\VLV ELRU 

)LJXUH'HFRPSRVLQJDQGUHFRQVWUXFWLQJILOWHUVRIELRU

%LRUWKRJRQDOVSOLQHZDYHOHWILOWHULQJLVDSSOLHGWRGHQRLVLQJRI
WKH YLEUDWLRQ VLJQDOV LQ WKH H[SHULPHQWDO SDUW RI WKLV ZRUN 7KH
FRQVWUXFWLRQ RI ZDYHOHW ILOWHU EDQNV FRQFOXGHV WKH DQDO\VLV DQG
V\QWKHVLV IXQFWLRQV WKDW SHUIRUP FRPSRVLWLRQ RI WKH RULJLQDO
VSHFWUXPXVLQJVXEVSHFWUDOFRPSRQHQWV

([SHULPHQWDOSDUWDQGUHVXOWV
%LRUWKRJRQDO VSOLQH ZDYHOHW EDVHG ILOWHULQJ IRU GHQRLVLQJ RI
YLEUDWLRQ VLJQDOV LV SUHVHQWHG LQ WKLV FDVH VWXG\ 6LPXODWHG DQG
UHDOZRUOG PHDVXUHG YLEUDWLRQ VLJQDOV DUH DQDO\]HG
'HFRPSRVLWLRQ RI YLEUDWLRQ VLJQDOV ZDV GRQH ZLWK ELRUWKRJRQDO
VSOLQHZDYHOHWVELRUELRUELRUELRUELRUELRU
ELRUELRUELRUELRUELRUELRUELRUELRU
DQGELRU7KHVHFRPPRQZDYHOHWVSURYLGHYHUVDWLOHVHWRIILOWHUV
IRU GHQRLVLQJ 5HFRQVWUXFWLRQ RI YLEUDWLRQ VLJQDO LV GRQH
VHSDUDWHO\ IRU HDFK GHFRPSRVLWLRQ OHYHO 6LPXOWDQHRXVO\ RWKHU
OHYHOV DUH ILOWHUHG E\ XVLQJ VRIW WKUHVKROGLQJ +LOEHUW WUDQVIRUP
EDVHG HQYHORSH VSHFWUXP LV FDOFXODWHG IRU UHFRQVWUXFWHG VLJQDOV
)LQDOO\SHDNGHWHFWLRQEDVHGRQORFDOPD[LPDDQGWKUHVKROGLQJLV
DSSOLHGIRUIDXOWIUHTXHQF\SHDNGHWHFWLRQ
7KHSURFHVVRIWKHH[SHULPHQWDOZRUNLVWKHIROORZLQJ
¾ 9LEUDWLRQVLJQDOSUHSDUDWLRQ
x 6LPXODWLRQ RI EDFNJURXQG QRLVH GLVWXUELQJ SXOVHV
DQGEHDULQJIDXOWSXOVHV
x ,PSRUWPHDVXUHGYLEUDWLRQVLJQDOGDWD

¾ 7KH &:7 VWXG\ RI WKH YLEUDWLRQ VLJQDO XVLQJ ELRUWKRJRQDO
VSOLQHZDYHOHWV

)LJXUH&DVH(QYHORSHVSHFWUXP

,Q WKH VHFRQG FDVH WKH YLEUDWLRQ VLJQDO PRGHO SUHVHQWHG E\
.DQVDQDKR HWDO LV DSSOLHG LQ WKH VLPXODWLRQ >@ 7KH UHVRQDQW
IUHTXHQF\RIWKHEHDULQJIDXOWSXOVHLV+]DQGWKHEHDULQJIDXOW
IUHTXHQF\LV+]7KHVDPHGLVWXUEDQFHSXOVHZLWKUHSHWLWLRQ
IUHTXHQF\RI+]DVLQWKHILUVWFDVHLVVLPXODWHGLQWKHVHFRQG
FDVH )LJXUHV  DQG  LQFOXGH GLIIHUHQW IUHTXHQF\ EDQGV RI WKH
VFDOHRJUDSKWKDWVWDQGRXWWKHPRGHOOHGSXOVHV)LJXUHVKRZWKH
HQYHORSHVSHFWUDRIWKHUDZVLPXODWHGVLJQDO EOXH DQGWKHZDYHOHW
ILOWHUHG VLJQDO ELRU EURZQ  7KH HQYHORSH VSHFWUXP RI WKH
VLPXODWHGYLEUDWLRQVLJQDOLQFOXGHVKLJKDPSOLWXGHVRIGLVWXUEDQFH
SXOVH DQG LW¶V KDUPRQLFV  +]  +]  +]  7KH ZDYHOHW
ILOWHUHGVLJQDOGRHVQRWFRQWDLQWKHORZIUHTXHQF\GLVWXUEDQFH7KH
EHDULQJIDXOWIUHTXHQF\DQGLWVKDUPRQLFVDUHFOHDUO\VHHQ +]
+]+] 


,QWHUQDWLRQDOMRXUQDORI&20$'(0

)LJXUH&DVH7KH&:7DQDO\VLVWKHGLVWXUEDQFHSXOVH

)LJXUH&DVH7KH&:7DQDO\VLVDPHDVXUHGVLJQDOZLWK
EHDULQJIDXOW

)LJXUH&DVH7KH&:7DQDO\VLVWKHIDXOWSXOVH
)LJXUH&DVH(QYHORSHVSHFWUDRIWKHKLJKSDVVILOWHUHG
DQGWKHZDYHOHWILOWHUHGVLJQDO %3),IDXOW 

)LJXUH  &DVH  (QYHORSH VSHFWUD RI WKH VLPXODWHG DQG WKH
ILOWHUHGVLJQDO

&DVHFRQVLVWVRIDQDO\VLVRIYLEUDWLRQVLJQDOVDFTXLUHGIURPD
UHDOZRUOGDSSOLFDWLRQ7KHILUVWVDPSOHLQFOXGHVDFOHDULQQHUUDFH
EHDULQJ IDXOW %LRUWKRJRQDO VSOLQH ZDYHOHWV ELRU DQG ELRU
HPHUJHGDVWKHPRVWDSSURSULDWHILOWHUVWRGHWHFWWKHFKDUDFWHULVWLF
EHDULQJ IDXOW IUHTXHQFLHV IURP WKH PHDVXUHG VLJQDO )LJXUH 
VKRZVWKH&:7DQDO\VLVRIGHFRPSRVLWLRQRIWKHIUHTXHQF\EDQG
DSSUR[LPDWHO\  +]  (QYHORSH VSHFWUD RI WKH KLJKSDVV
ILOWHUHGVLJQDO +] DQGWKHZDYHOHWILOWHUHGVLJQDOVKRZKLJK
LQWHQVLW\EHDULQJIDXOWIUHTXHQF\SHDNVLQ )LJXUH2QHRIWKH
VKRFNSXOVHVSURGXFHGE\WKHEHDULQJIDXOWLV]RRPHGLQ)LJXUH
1RWH WKDW 6DZDOKL DQG 5DQGDOO REVHUYHG D ORZ IUHTXHQF\ VWHS
UHVSRQVH EHIRUH D EURDGHU LPSXOVH UHVSRQVH LQ WKH DFFHOHUDWLRQ
VLJQDOV DQG XVHG WKLV SDUWLFXODU LQIRUPDWLRQ IRU VSDOO VL]H
HVWLPDWLRQ>@,QRXUGDWDWKHUHH[LVWVQRVLPLODUVWHSUHVSRQVH
EHIRUHWKHLPSXOVHUHVSRQVH
)LJXUHLQWURGXFHVDYLEUDWLRQVLJQDOWKDWGRHVQRWFRQWDLQD
EHDULQJ IDXOW 7KH &:7 DQDO\VLV E\ XVLQJ ELRU DQG ELRU
UHYHDOVUHVRQDWLQJIUHTXHQFLHVEHWZHHQ+]DQG+]7KHVH
LPSXOVHVDUHLQGLJHQRXVIURPGLIIHUHQWVXUURXQGLQJFRPSRQHQWV





)LJXUH&DVH,QGLYLGXDOEHDULQJIDXOWSXOVH]RRPHGLQ

)LJXUH&DVH0HDVXUHGVLJQDOQREHDULQJIDXOW

/DVWO\ D PHDVXUHG YLEUDWLRQ VLJQDO ZLWK ZHDN EHDULQJ IDXOW
VLJQDWXUHLVDQDO\]HG7KHEHDULQJIDXOWLVDWHDUO\VWDJH7KH&:7
DQDO\VLV )LJXUH   ZLWK ELRU DQG ELRU UHYHDO WKH EHDULQJ
IDXOW SXOVHV ZLWK DSSUR[LPDWH D UHVRQDQWIUHTXHQF\ RI +]
&KDUDFWHULVWLF IUHTXHQF\ RI LQQHU UDFH IDXOW %3),  DQG LW¶V
KDUPRQLFV DSSHDU FOHDUO\ LQ WKH HQYHORSH VSHFWUXP )LJXUH  
SORWWHGZLWKEURZQ)RUFRPSDULVRQWKHHQYHORSHVSHFWUXPRIWKH
KLJKSDVV ILOWHUHG VLJQDO  +]  SORWWHG ZLWK EODFN FRORU LV
LQFOXGHG LQ WKH )LJXUH  $Q LQGLYLGXDO VKRFN SXOVH LV PRUH
IUDJPHQWHGWKDQLQWKHSUHYLRXVVLJQDO

,QWHUQDWLRQDOMRXUQDORI&20$'(0

LPSOHPHQWDWLRQV DYDLODEOH 3UHYLRXVO\ GHYHORSHG IOH[LEOH
VLPXODWRURIIHUHGDQHZZD\WRVWXG\FRPSOLFDWHGYLEUDWLRQVLJQDOV
>@ 7KH VLPXODWRU LQFRUSRUDWHV JHQHUDWLRQ RI YLEUDWLRQ VLJQDOV
DQGDQDO\VLVRIWKHPDQGWKHQWKHUHIOHFWLRQEDFNWRSDUDPHWHUVRI
WKH VLPXODWLRQ PRGHO 0RUHRYHU WKH IOH[LEOH VLPXODWLRQ RI WKH
YLEUDWLRQ VLJQDOV LV D JUHDW WRRO ZKHQ GHYHORSLQJ DQG WHVWLQJ
GHQRLVLQJILOWHUV

$FNQRZOHGJPHQWV
)LJXUH  &DVH  7KH &:7 DQDO\VLV D PHDVXUHG VLJQDO D
EHDULQJIDXOWZLWKZHDNVLJQDWXUH


5HIHUHQFHV




$NKDQG5DLDQG6+8SDGK\D\$UHYLHZRQVLJQDOSURFHVVLQJ
WHFKQLTXHVXWLOL]HGLQWKHIDXOWGLDJQRVLVRIUROOLQJHOHPHQW
EHDULQJV7ULERORJ\,QWHUQDWLRQDO  ±
,(O7KDOMLDQG(-DQWXQHQ$VXPPDU\RIIDXOWPRGHOOLQJDQG
SUHGLFWLYHKHDOWKPRQLWRULQJRIUROOLQJHOHPHQWEHDULQJV
0HFKDQLFDO6\VWHPVDQG6LJQDO3URFHVVLQJ  ±



)LJXUH &DVH (QYHORSH VSHFWUD RI WKH KLJKSDVV ILOWHUHG
DQGWKHZDYHOHWILOWHUHGVLJQDO %3),IDXOW 



-$QWRQL  7KHVSHFWUDONXUWRVLVDXVHIXOWRROIRU
FKDUDFWHULVLQJQRQVWDWLRQDU\VLJQDOV0HFKDQLFDO6\VWHPVDQG
6LJQDO3URFHVVLQJ±




5%5DQGDOODQG-HURPH$QWRQL  5ROOLQJHOHPHQWEHDULQJ
GLDJQRVWLFV²$WXWRULDO0HFKDQLFDO6\VWHPVDQG6LJQDO
3URFHVVLQJ±








)LJXUH&DVH,QYLGXDOEHDULQJIDXOWSXOVH]RRPHGLQ

:H SUHVHQWHG D VHW RI FDVH VWXGLHV ZLWK ELRUWKRJRQDO VSOLQH
ZDYHOHWEDVHGLGHQWLILFDWLRQRIEHDULQJIDXOWV,WZDVVKRZQWKDW
WKHUHH[LVWVD QRWDOZD\VWKHVDPH ELRUWKRJRQDOVSOLQHZDYHOHW
ZKLFKFDQEHXVHGWRSURFHVVWKHYLEUDWLRQVLJQDO

&RQFOXVLRQVDQGGLVFXVVLRQ
%LRUWKRJRQDO VSOLQH ZDYHOHW GHFRPSRVLWLRQ LV DQ HIILFLHQW
PHWKRG WR H[WUDFW ZHDN EHDULQJ IDXOW VLJQDWXUHV IURP YLEUDWLRQ
VLJQDOV1RQVWDWLRQDU\FRPSRQHQWVRIWKHYLEUDWLRQVLJQDOFDQEH
H[WUDFWHG DQG LI QHFHVVDU\ WKH\ FDQ EH ILOWHUHG ,W KDV EHHQ
UHPDUNHGHDUOLHUWKDW+LOEHUWWUDQVIRUPWRJHWKHUZLWKWKHZDYHOHW
WUDQVIRUPZKHUHLQ0RUOHWZDYHOHWLVXVHGDVPRWKHUZDYHOHWGR
QRWVXFFHVVIXOO\DGGUHVVKRZWRHQKDQFHWKHZHDNVLJQDWXUHIURP
DQRLV\VLJQDODQGKRZWRGHWHFWHDUO\VWDJHGHIHFWV>@+RZHYHU
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Abstract. New approach to identify diﬀerent lifetime stages of rolling element bearings, to improve early bearing fault detection, is presented. We
extract characteristic features from vibration signals generated by rolling
element bearings. This data is ﬁrst pre-labelled with an unsupervised
clustering method. Then, supervised methods are used to improve the labelling. Moreover, we assess feature importance with each classiﬁer. From
the practical point of view, the classiﬁers are compared on how early emergence of a bearing fault is being suggested. The results show that all of
the classiﬁers are usable for bearing fault detection and the importance of
the features was consistent.

1

Introduction

In general terms, rolling-element bearings (REBs) are common elements in various rotating machines and the failure of a bearing is a common cause of machine
breakdowns. Economical and human losses due to an unexpected failure of a
critical bearing can be extensive [1]. They can be prevented and signiﬁcantly
reduced by applying a proper maintenance strategy [2]. Vibration measurements
are the most widely used method for detection and diagnosis of bearing faults
[3]. Signal processing methods are continuously developed for bearing fault detection. These methods focus to extract characteristic features from vibration
signals.
Wear, a measure of condition, accumulates over time and the cumulative
wear is measured at chosen times in the machine condition monitoring systems
[4]. Presentation of the wear evolution process as a time series describes the wear
interaction and evolution at diﬀerent lifetime stages. El-Thalji et al. introduced
a ﬁve-stage descriptive model of wear evolution including: running-in, steadystate, defect initiation, defect propagation, and damage growth [5]. The main
period of interest is between the steady state and the defect initiation and the
propagation stages. Hence, in general we try to identify the time-instance of the
occurrence of such a concept drift [6].
In doing so, the feature data is pre-labelled with an unsupervised method for
a preliminary identiﬁcation of the defect initiation. A similar time-series clustering approach was also used in[7]. Then, three popular supervised classiﬁcation
techniques [8], also central for the determination of concept drift [6], are applied
and tested to sharpen the unsupervised result. Note that recently a combination
of unsupervised fuzzy clustering and supervised learning to improve a machine
∗ The
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learning method referred as minimum learning machine was proposed in [9]. Our
study conﬁrms that the proposed novel, hybrid combination of methods is useful,
real-time applicable, and reliable for early bearing fault detection.

2

Methodological Background

As described above, condition monitoring and preventive maintenance are based
on proper processing of measurement data [10, 2]. We describe next the basics
of those methods that will be applied as part of the proposed approach.
2.1

Unsupervised learning

Fuzzy clustering algorithms, especially the fuzzy c-means (FCM) which was originally developed by Ruspini [11], generalize the k-means by allowing data points
to belong to multiple clusters. This relation is represented with a membership
function. Such an approach is appealing especially in the condition monitoring
setting, where we have no ﬁxed change-points but a gradual evolution of diﬀerent lifetime stages [5]. The FCM algorithm was further developed by Dunn and
Bezdek [12, 13].
We use FCM clustering to identify the diﬀerent REB lifetime-stages. The
number of centroids corresponds to number diﬀerent life-time stages. Our techniques are diﬀerent but the basic idea is similar to [7]. Transition states between
lifecycle stages are not characterized by sudden changes in the characteristic
features of vibration signals. Consequently, FCM clustering produces overlapping clusters. Yiakopoulos et al. introduced a k-means clustering approach for
the diagnosis of the bearing faults [14]. They used a set of features based on
vibration energies in the frequency domain and statistical time-domain indices
[14].
2.2

Supervised learning

In this experimental study, we examine diﬀerent supervised classiﬁcation methods, namely K-nearest-neighbors (KNN), Naive Bayes (NB), and Support Vector Machine (SVM), in terms of how well they are able to generalize the lifetime stage labelling from characteristic features of vibration signals. Previously,
performance of various supervised classiﬁers (including the techniques here) on
acoustic emission measurements of REBs were compated in [8]. The KNN classiﬁer was found as the best suited there.
The K-nearest neighbor classiﬁcation rule was originally introduced by Cover
and Hart [15]. The KNN rule is applicable on data that is in the metric space
and it does not make assumptions on the distribution of data. Support vector
machine (SVM) is a supervised machine learning algorithm that can be used for
both classiﬁcation and regression problems. General review of the use of SVM
in condition monitoring and fault diagnostics was given in [16]. The naive Bayes
(NB) classiﬁer is a probabilistic classiﬁer that is based on the Bayes theorem.

The NB classiﬁer considers prior probability of the predicted class when the
likelihood of that class is calculated [17].
Quality of the classiﬁers was assessed using ten-fold cross-validation with
misclassiﬁcation in percentages (MCP) as error measure. We used Distribution
Optimally Balanced Stratiﬁed Cross Validation (10-DOB-SCV), which tries to
keep data distribution as similar as possible between the training and test data by
minimizing the covariate shift [18, 19]. Analysis of feature saliency (importance)
was carried out with each classiﬁer, to identify the most informative features.
It was estimated using backward elimination of individual features one-by-one
[20, 21]. All MCP errors {ei }ni=1 are sorted to the descend order in order to
identify the ranking of features, where n is the number of features. Moreover,
relative importance of each feature in percentages, MCP order, is estimated
simply by taking 100 nei ei .
i=1

3

Experimental results

Vibration data were generated by the NSF I/UCR Center for Intelligent Maintenance Systems (IMS) with support from Rexnord Corp. in Milwaukee, WI
[22]. The vibration data was collected from the IMS bearing test rig. Total of
four bearings (Rexnord ZA-2115) were installed on a shaft. All the tests were
”run-to-a-failure” tests. We use vibration signals from two test runs. The ﬁrst
case includes an inner race fault in the bearing. The second case includes an
outer race fault in the bearing. The sampling rate of the vibration measurements
was 20 kHz and the measurements were recorded every ten minutes. The total
number of vibration measurements were 2156 and 4448 in these two datasets.
Commonly used statistical time-domain degradation features are used: 1.Root
mean square 2.Crest factor, 3.Shape factor, 4.Impulse factor, 5.Mean frequency,
6.Skewness, 7.Kurtosis and 8.Entropy [23, 24]. The ninth (9.) feature, which is
the only frequency-domain feature, refers to the amplitude of the characteristic
bearing fault frequency in envelope spectrum. Later in the results, the features
are referred to by order number.
3.1

Unsupervised clustering

FCM clustering is performed with four centroids for the unsupervised vibration
features data. The moving median of 50 samples is used to smoothen the feature
data before the fuzzy c-means. Length of the median window is c. 8.3 hours
that gives good resolution for life-time stage identiﬁcation. Vibration data covers
almost the entire lifetime of the investigated bearings. Figure 1 presents the FCM
clustering results for both cases. The classiﬁcation indicator is a ﬂoating point
value between zero and one. The ﬁrst indication of a bearing fault is seen as an
increment in the indicator values of the ﬁrst class (1) in both cases. This change
point is interpreted as the beginning of the defect initiation stage (the ﬁrst black
dotted line). When the defect initiation stage shifts to the propagation stage,
changes are seen in the second class (2). The assumed beginning of the damage
growth stage begins when the indicator value of the third class (3) increases.

The defect initiation, the defect propagation and the damage growth stages are
clearly separated by fuzzy c-means clustering.
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Fig. 1: Lifetime stage identiﬁcation using c-means fuzzy clustering (Case 1 on
the left side, Case 2 on the right side)

3.2

Supervised classiﬁcation

The evaluation of the classiﬁers is done for the merged data of both cases, containing 4481 feature data points. Moreover, results from the unsupervised processing were used to introduce binary labelling of the time-series, where the label
changes corresponded to the unsupervised identiﬁcation of the time instances for
the emergence of the defect initiation stage. The feature data split by 10-DOBSCV and the bearing fault detection is done for the partitioned data. Hence,
the start time of the defect initiation state was set as a zero point to compare
how early diﬀerent classiﬁers detect the bearing fault.
The quantiﬁed results of the evaluation of the classiﬁers and the bearing fault
detection estimations are listed in Table 1. First, the optimal number of nearest
neighbors (k) for the KNN classiﬁer is estimated by using 10-DOB-SCV, i.e., by
seeking the minimal CV-error. As a result k=5 was ﬁxed. In each experiment,
the CV-errors were calculated separately for all classiﬁers. All the calculations
were repeated for 15 times. Average of the CV-errors for the KNN, SVM and NB
classiﬁers are roughly equal 3.5%, 3.3% and 3.3%, respectively. The standard
deviation of the CV-errors are fairly unobtrusive. The MCP order (%) range is
between 9.3% - 11.1% for all features (1-9), which means that every feature is
important in the classiﬁcation for all classiﬁers. The KNN classiﬁer detected the
bearing fault about 51 hours before the zero point, i.e., before the ﬁrst suggestion
of the unsupervised FCM. The SVM- and NB-classiﬁers also detected the bearing
fault c. 31 hours and c. 46 hours before the zero point, respectively.

CV-error mean
CV-error std
Earlier fault detection mean [hours]
Earlier fault detection std

KNN
0.035
0.006
51
2.7

SVM
0.033
0.006
33
3.7

NB
0.033
0.006
46
1.8

Table 1: Supervised classiﬁcation results (15 runs).

4

Conclusions

Our experiments conﬁrmed that the results from FCM clustering can be used
for the initial identiﬁcation of diﬀerent lifetime stages of rolling element bearings. Identiﬁcation of the defect initiation, the defect propagation and the damage growth stages succeeded quite well. Utilization of the FCM clustering was
straightforward. However, the feature data were smoothen by median averaging.
The studied supervised classiﬁcation methods were not easy to implement
with the presented feature data of vibration signals. The aﬀecting parameters of
the classiﬁers need to be conﬁgured properly and the sensitivity of the classiﬁers
must be evaluated for reliable results. Our case studies showed that all the
classiﬁers gave reliable results in bearing fault detection. The KNN classiﬁer gave
slightly the earliest fault detection for the presented vibration signal features.
The importance of the features was consistent and none of the features needed to
be discarded. As a result, several classiﬁers with diﬀerent models were obtained.
Future research will focus how to ﬁnd the best of these models and apply it to
separate case studies to detect bearing faults.
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[6] J. Gama, I. Žliobaitė, A. Bifet, M. Pechenizkiy, and A. Bouchachia. A survey on concept
drift adaptation. ACM computing surveys (CSUR), 46(4):44, 2014.
[7] X. Wang, J. Wu, C. Liu, S. Wang, T. Wang, and W. Niu. Improving failures prediction by
exploring weighted shape-based time-series clustering. Quality and Reliability Engineering
International, 34(2):138–160, 2018.
[8] D. H. Pandya, S. H. Upadhyay, and S. P. Harsha. Fault diagnosis of rolling element
bearing with intrinsic mode function of acoustic emission data using apf-knn. Expert
Systems with Applications, 40(10):4137 – 4145, 2013.
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Abstract
Fault size estimation of defected rolling element bearings is one of the main challenges in diagnostics and
prognostics, especially when vibration measurements are used to determine the health state. In this paper, a novel
feature integration and ranking process for the vibration signals is presented to improve the fault size estimation.
First, multiplicative feature scaling is applied to the vibration signal features when using the k-Nearest Neighbour
(k-NN) and the Support Vector Machine (SVM) classiﬁers as predictors. Then, relevance ranking based on the
feature importance analysis is used to identify the most important features to estimate the bearing fault size.
A versatile set of vibration data of rolling element bearings gathered from diﬀerent laboratory experiments with
diﬀerent operation parameters are exploited to evaluate the methodology. The multi-class SVM is concluded to be
applicable and reliable method for the fault size estimation of the rolling element bearings.
Keywords: Rolling element bearing, Fault severity estimation, Vibration analysis, Feature selection, Supervised
learning

1. Introduction
Rolling element bearings (REB) are widely used components in rotating machinery. Bearing failure is a common
cause of machine breakdowns. An unexpected failure of a critical bearing can lead to signiﬁcant economical or even
human losses. Fault detection, diagnostics and prognostics methods are frequently developed to improve condition
based maintenance.
Condition monitoring, a part of condition based maintenance (CBM), includes data acquisition, data processing
and maintenance decision making [1]. Fault detection, fault diagnostics and fault prognostics produce inputs for
condition based maintenance (Figure 1). Diagnostics covers identiﬁcation and quantiﬁcation of an occurred fault
of machine component, while prognostics covers prediction of component s future condition, remaining operational
life, or risk to complete operation [2, 3]. In other words, diagnostics is posterior event analysis while prognostics is
prior event analysis [1]. Prognostics is dependent on diagnostics that provides valuable inputs for prediction; fault
indicators and degradation rates [2]. Engel [4] has stated: ”Prognostics is the capability to provide early detection
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Figure 1: Key elements of condition monitoring.

of the precursor and/or incipient fault condition of a component, and to have the technology and means to manage
and predict the progression of this fault condition to component failure”. Hence, the fault severity assessment and
the fault size estimation are important stages of diagnostics.
Vibration measurements are the most widely used basis for detection and diagnosis of bearing faults [5]. Signal
processing and time-series analysis methods are typically used for the necessary pre-processing of the vibration
measurements and these methods focus on extracting characteristic features from vibration signals generated by
REBs [6]. Recently, also deep autoencoders to gradually reduce the dimension of a large-scale signal representation
have been used [7]. Vibration signals generated by REBs can be modelled as cyclostationary [8]. Statistics of
cyclostationary processes are periodically varying [9]. A series of impulses are produced when the defective part
(local fault) hits other elements of the bearing. The spacing between these impulses usually varies between 1-2%
due to slippage resulting from the variation of the load angle of the rolling element [10].
Methods and experiments related to the vibration-based REB fault diagnostics are multifaceted. The analysis
can be based on a direct formulae [11], a special fault-sensitive characteristics [12–14], or dedicated processing
sequence with the selected techniques to reveal the fault characteristics frequencies [15, 16]. The experimental data
can originate from simulated, analytical signals [12, 14, 17–19], the most popular Case Western dataset [14, 17, 19–
21], or from own, dedicated test rig [15, 15, 21, 22]. A recent review paper by Cerrada et al. [23] reveals that the
topic of fault size estimation is less addressed compared to the general fault severity estimation using vibration
signals. However, many studies of the fault size estimation using vibration measurements have been published
recently [24–30]. Also most of these studies are based on the data acquired from one test rig and bearing tests for
one single bearing.
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The proposed methodology for the fault size estimation starts from a set of a priori selected features with a
novel, multiplication-based transformation for integrating the scaling and behavior oriented features. Then, we test
two popular, instance-based predictive models—k-NN (e.g., [21]) and SVM (e.g., [31–33])—and identify the most
important features for the fault size estimation using feature relevance ranking.
The contents of this article are as follows. Section 2 explains methodological background including: supervised
methods, essentials for feature extraction and selection, processing of vibration signals, and experimental details.
Results are presented in Section 3. Conclusions and ideas for future research are summarised in Section 4.

2. Methodological background
Proper processing of measurement data is a key element in condition monitoring and preventive maintenance
[34, 35]. This kind of data processing can be unsupervised or supervised [36]. Machine learning algorithms exploit
supervised and predictive-like data processing [36, 37]. The target function, training (teaching) data and an algorithm for learning the target from the training data need to be chosen when designing a machine learning approach
[38]. Next the basics of those methods, that will be applied as part of the proposed approach, are described.
Supervised learning refers to training a predictive model, or its parameters, by using a labelled data. The
predictor is then used to evaluate labels for new, unseen data. Supervised learning algorithms try to approximate
the mapping function between input variables and output variables. Classiﬁcation and regression problems are
typical supervised learning problems. Classiﬁcation algorithms attempt to assign new data points to pre-deﬁned
categories. Regression algorithms attempt to predict numeric values for new data points. We deploy well-known
instance-based learning methods, namely the k-Nearest Neighbour (k-NN) algorithm and the multi-class Support
Vector Machine (SVM), to estimate the fault size of REBs using vibration signals.
2.1. k-Nearest Neighbour algorithm
The k-Nearest Neighbour (k-NN) classiﬁcation rule was originally introduced by Cover and Hart [39]. The k-NN
rule is a sub-optimal non-parametric procedure for the assignment of a class label to the input pattern based on the
class labels represented by the k closest neighbours [40]. The k-NN rule is applicable on data that is in the metric
space and it does not make assumptions on the distribution of data. K is the number of the closest data points
used in the classiﬁcation. An example of the principle of the k-NN classiﬁer is shown on the left side of Figure 2. A
triangle is classiﬁed into the group of rectangles when k is three. If k is ﬁve, the triangle is classiﬁed into the group
of stars. Euclidean distance, used as a dissimilarity measure, satisﬁes the three properties: positivity, symmetry,
and triangle inequality. The k-NN is an instance based learning method. Unlike the inductive learning methods,
instance-based learning methods do not include an explicit description of the target function [38]. Instance-based
learning approximate real-valued or discrete-valued target functions [38]. The k-NN ”on-line” trains the examples
and ﬁnds out the k-nearest neighbours of the new instance [41].
There are a number of research papers where the k-NN classiﬁers have been applied to bearing diagnostics using
vibration measurements (e.g., [42–44]). Pandya et al. [37] studied performance of various supervised classiﬁers in
3

Figure 2: Examples of the k-NN classiﬁer (left) and the SVM classiﬁer (right).

bearing diagnostics using acoustic emission measurements. They compared Bayesian, Naive Bayes, Multi Layer
Perceptron, k-NN, weighted k-NN, J48 and Random forest classiﬁers. The k-NN classiﬁer was found to be the best
suited classiﬁer for their data.
2.2. Support vector machine
Support Vector Machine (SVM) is a supervised machine learning algorithm that can be used for both classiﬁcation and regression problems. SVM is a binary classiﬁer. An SVM algorithm tries to ﬁnd an optimal separating
hyperplane that separates classes from each other [45]. A “hard-margin” classiﬁer is the simplest SVM classiﬁer.
It is applicable when the training data is linearly separable, meaning that the two hyperplanes clearly separate the
data (on the right side of Figure 2). The SVM algorithm can solve optimisation problem to minimise the length
of w that is orthogonal to two hyperplanes. In practice, non-linear kernel transformation is performed because
the patterns are not linearly separable [46]. Nonlinearity of the SVM and the corresponding class boundaries is
obtained from the famous kernel-trick, by using nonlinear transformation through a high-dimensional feature space
[47].
The multi-class problem is reduced to multiple binary classiﬁcation problems that can be solved separately.
SVMs use Error-Correcting Output Codes (ECOC) framework to combine binary problems to address the multi-class
problem [48]. The ECOC framework uses diﬀerent decoding strategies which are implemented by the coding design
[49]. The most commonly used coding designs are one-vs-all and one-vs-one. The one-vs-one coding design considers
all possible pairs of classes while the one-vs-all discriminates a given class from all other classes. Disadvantages of
the one-vs-all coding design is that the binary classiﬁers might have diﬀerent scales and the training sets are not
balanced (antisymmetric) [50].
General review of the use of SVM in condition monitoring and fault diagnostics was given in [51]. Since, methods
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based on SVMs using vibration measurements have been frequently applied in bearing fault diagnostics [46, 52–58].
Usually, a number of fault samples in condition monitoring domain is limited. Unlike Artiﬁcal Neural Networks
(ANN), SVM does not require a large number of training samples to be accurate [52, 59]. Further, SVMs have been
utilised in fault severity estimation of REBs using vibration signals [60–65]. Repeatedly, most of these studies are
based on tests acquired from one test rig.
2.3. Feature extraction and selection
Features are inputs for a model in data-driven approaches. Feature extraction refers to the case where a new,
smaller-dimensional set of features is created from the original set of variables (e.g., [7]). The process of selecting a
subset of relevant features is called feature selection or variable selection. The objective of feature selection can be
three-fold [66]: to improve the performance of the model, to provide faster and more cost-eﬀective models, and to
improve understanding of the data generation process. John, Kohavi, and Pﬂeger [67, 68] proposed the division of
a set of features into irrelevant, weakly relevant, and strongly relevant. Identiﬁcation of such a division is a search
problem, and many techniques and approaches exist for this purpose, for example, exhaustive search, branch-andbound, evolutionary approaches etc. (see, e.g., [69, 70]). Forward search means adding new features one-by-one or
group-by-group to the model, whereas backward elimination refers to the removal of individual or sets of features
during the search process.
The intrinsic assumption behind feature selection is that there is some redundancy among the features. Liu et
al. [69] divide feature selection criteria measuring the redundancy into ﬁve groups: information measures, distance
measures, dependency measures, consistency measures, and accuracy measures. Depending on the constituents
when constructing a criterion, two basic approaches for feature selection can be deﬁned: the ﬁlter approach and
the wrapper approach [67]. In the ﬁlter mode, one does not utilise the model, e.g. a classiﬁer, in the feature
selection process whereas the wrapper approach involves the model as black-box. Usually this means that a ﬁlter
approach is faster and a wrapper approach more accurate [68]. Hybrid e.g., [71] or embedded methods [72, 73]
perform feature selection by using another model or not fully trained actual classiﬁcation model for assessing
feature relevance. Special techniques ranking and selecting features during the construction of the predictive model
are the hierarchical models, most prominently random forests [74].
The wrapper based feature selection is tightly linked to the variable selection in the statistical regression. For
feature selection in classiﬁcation problems [75], information on classes could be used to improve feature selection
without actual model building, e.g., by comparing the feature-class correlations or mutual information (MI) in the
joint densities of features and classes (e.g., [76]). Such methods could be referred to as warm ﬁlter methods or cold
hybrid methods, because only the information on the classes without building any classiﬁer is being utilised.
The misclassiﬁcation rate and the training time in REB fault diagnostics can be reduced by feature selection
[77]. The features calculated from the vibration signals are usually high-dimensional and non-Gaussian leading to
a pattern recognition problem [78]. It is typical that dimension reduction methods such as Principal Component
Analysis (PCA), Kernel Principal Component Analysis (KPCA), and Linear Discriminant Analysis (LDA) are
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Table 1: Features of vibration signal.

No.

Feature

Description

SCALING PARAMETERS
1.

Root mean square

The power content

2.

Scale parameter: mean(abs(x))

Mean of absolute amplitudes

2

3.

Scale parameter: mean(log(x ))

Mean of logaritmic power

4.

Scale parameter: median(abs(x))

Median of absolute amplitudes

5.

2

Scale parameter: median(log(x ))

Median of logaritmic power

AFTER PRE-WHITENING
6.

Skewness

Asymmetry of distribution of signal

7.

Kurtosis

Impulsiveness of signal

ENVELOPE SPECTRUM (normalization with
the DC value)
8.

BPFI peak amplitude

Amplitude of characteristic defect frequency (1. harmonic) of
inner race in envelope spectrum

9.

BPFI 2. harmonic peak amplitude

Amplitude of characteristic defect frequency (2. harmonic) of
inner race in envelope spectrum

10.

BPFI 1. + 2.

Sum of features 8 and 9

ENVELOPE SPECTRUM (DC bias removal and
normalization with spectrum median)
11.

BPFI peak amplitude

Amplitude of characteristic defect frequency (1. harmonic) of
inner race in envelope spectrum

12.

BPFI 2. harmonic peak amplitude

Amplitude of characteristic defect frequency (2. harmonic) of
inner race in envelope spectrum

13.

BPFI 1. + 2.
GAUSSIAN

Sum of features 11 and 12
AND

NON-GAUSSIAN

SYMP-

TOMS
14.

GGS βˆ0

Measure of stationarity

15.

GGS ηˆ0

Measure of stationarity

16.

GGCS βˆ1

Measure of cyclostationarity

17.

GGCS mean ηˆ1

Measure of impulsiveness (cyclostationary signal)

18.

GGCS std ηˆ1

Measure of cyclostationarity
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applied when processing vibration signal features [53, 63, 78].
2.4. Vibration signal processing
Basic features representing vibration signals can be separated into six categories: i) time-domain features;
ii) frequency-domain features; iii) time-frequency-domain features; iv) phase-space dissimilarity measurements; v)
complexity measurements; vi) other features [6]. However, El-Thalji et al. [79] stated that the whole wear evalution
process in rolling element bearings cannot be tracked with indicators that are based on the statistical time domain
parameters and amplitude at bearing defect frequency.
Here, a special set of vibration features were selected for analysis, as shown in Table 1 and Figure 3. The features
were carefully chosen to describe diﬀerent characteristics of the signal, such as the signal power level, the statistical
moments, the cyclic impulsiveness, the gaussian and non-gaussian properties of vibration signals. Features are
selected to describe as versatile as possible the properties of vibration signals.

Figure 3: Feature extraction from vibration signals.

Statistical moments, skewness and kurtosis, are commonly used time-domain features in bearing diagnostics and
prognostics. The skewness (third moment) describes the asymmetry of the probability density function (PDF) of
vibration signal. The skewness value will shift to either negative or positive when the PDF of a vibration signal
changes due to bearing faults [6]. The kurtosis (fourth moment) describes the ”tailedness” of the PDF of vibration
signal and it indicates if the vibration signal is impulsive [6]. However, the skewness and the kurtosis are sensitive
to variations of the rotation speed of the shafts, band-pass ﬁltering, resonance of the sensor, or background noise
[80].
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The amplitude modulation of vibration signals is studied with envelope analysis. A series of impulses are
generated by a bearing fault, when bearing elements hit the defective part of the bearing. These impulses excite
high frequency resonances and the resulting signal appears as a sequence of transient impulsive vibrations [81]. The
characteristic frequencies of these impulses can be detected from the envelope spectrum of a vibration signal. The
squared envelope spectrum [82] was used to detect the amplitudes of characteristic bearing fault frequencies. The
envelope spectra were normalized by two strategies: 1. normalisation by the DC value, 2. normalisation by median
of the spectrum.
Recently Antoni et al. [83] introduced indicators that are used to track, separately, Gaussianity (GGS) and
cyclostationarity (GGCS) of vibration signals. This fresh methodology is based on the generalised likelihood ratio
and it provides a statistical threshold that can be used to develop robust condition indicators. It extracts features
that separate non-Gaussianity and non-stationarity properties of vibration signals.
All the selected features are listed in Table 1. The root mean square (RMS), the mean and median of absolute
amplitudes, the power and the logaritmic power are referred as scaling parameters. The scaling parameters were
calculated for raw vibration signals without any pre-processing for all the tests. Vibration signals were processed
with Cepstrum pre-whitening [84] before calculating statistical moments, envelope spectra, and the GGS/GCCS
features. The pre-processing were done because the vibration signals included unknown disturbing components that
weakened the bearing fault signatures. Figure 3 presents the feature extraction from vibration signals and the data
normalization process.
2.5. Experimental details
Vibration data of three diﬀerent bearing models were acquired. Table 2 presents the bearing speciﬁcations and
test numbers in which the bearings were used. Vibration data were collected from three diﬀerent test stands / rigs :
a Bearing Prognostics Simulator (SpectralQuest) at the University of New South Wales, a FAG test rig facility and
a test stand of Case Western Reserve University Bearing Data Center. Seven diﬀerent bearing tests were acquired
to evaluate the performance of the k-NN and the multi-class SVM classiﬁers in bearing fault size estimation.
Table 2: Bearing information.

Bearing type

Bearing

N.of

Ball

index

rollers

di-

Pitch

BPFI

ameter

diameter

[RPM

[mm]

[mm]

order]

Tests

Deep groove ball bearing

1

9

7.94

39.04

5.412

1-5

Angular contact bearing

2

12

8.0

38.5

7.310

6

Deep groove ball bearing

3

8

6.7

28.2

4.947

7

The bearing tests 1-5 were run on the Bearing Prognostics Simulator [85]. Single-row deep groove ball bearing
was studied in the tests with a nominal shaft speed of 6 Hz. Vibration signals were captured for ten seconds with
8

the sampling rate of 131072 Hz. A single notch of width 0.4 mm was artiﬁcially made in the inner race of bearing
to initiate spalling using an electrical discharge machining. The bearing was then run and allowed to degrade over
time, during which vibration measurements were frequently taken and the bearing was periodically dismantled and
the size of the actual fault was determined using a laser microscope.
The bearing test 6 [86] was performed on a FAG bearing rig that runs at 196 Hz. Single row angular contact
bearing was used in this test. Small indentations were created on the circumference of the inner race to initiate the
spall. Bearings were run for one minute with a contaminated lubricant, before being cleaned and run again with
clean oil. Vibration signals were collected for four seconds with the sampling rate of 50000 Hz. The fault size of
the inner race fault (BPFI 1397.5 Hz) was measured at certain time intervals.
The bearing test 7 was selected from the Case Western Reserve University’s Fan-End bearing fault data [87].
The bearing test 7 was performed with nominal shaft speed of 30 Hz. Electro-discharge machining was used to
produce artiﬁcial bearing fault to the inner race of a deep groove ball bearing. Vibration signals were collected
for four seconds with the sampling rate of 12000 Hz. The Case Western bearing data have been recently analysed
carefully by [88].
Progressive degradation of bearings were examined in the bearing tests 1-6. Diﬀerently, in the bearing test 7,
the size of the bearing fault was manually enlarged and then studied.
3. Results

Figure 4: Classiﬁer training using three bearing tests (1-3).

The k-NN and the multi-class SVM classiﬁers were trained by using the selected features of vibration signals
collected from tests 1-3 (see Figure 4). Initially, a total number of 130 vibration signals were used in the training.
The black circles represent the actual measured fault size, the blue lines represent the vibration signal features and
the red tones represent the classiﬁed fault size ranges in Figure 4. In the supervised labeling each class (label)
corresponds to a certain fault size range (red tones in the Figure 4): Class 0 = No bearing fault, Class 1 = 0 mm
< ∼ Fault size < ∼ 1.5 mm, Class 2 = 1.5 mm < ∼ Fault size < ∼ 3.0 mm, Class 3 = 3.0 mm < ∼ Fault size <
∼ 6.0 mm.
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Figure 5: Improved classiﬁer training using three bearing tests (1-3).

Initial training lead to signiﬁcant classiﬁcation errors in the fault size estimation, because there was not actual
fault size measurements in the beginning and the end of the classiﬁcation ranges 4. The training was changed that
the classiﬁcation ranges were enclosed by the fault size measurements as shown in Figure 5. However, the number
training samples decreased to 85 vibration signals.
Correlation analysis was performed in order to ﬁnd the best features that linearly correlate with the measured
fault size. The results of the correlation analysis are listed in Table 3. It is evident that the scaling parameters
correlate the most with the fault size. Further, the mean of the logaritmic power is the most strongly correlated
feature with the fault size. However, the scaling parameters are very similar so their usage as features leads to
the curse of dimensionality. The conclusion was to use the best scaling parameter together with other features.
Correlation analysis can only detect linear dependencies between variable and target [66]. Hence, the approach
here concerning the feature selection is a hybrid one (see Section 2): the correlation-based ﬁlter approach is used
to identify the single most relevant feature. This seed feature is then augmented using the most relevant features
from the wrapper-approach with the exhaustive forward search. Feature ranking process is the following:
1. Feature extraction
2. Filter based feature selection -> Correlation analysis
3. Wrapper based feature selection -> Exhaustive forward search
4. Misclassiﬁcation score
5. Feature relevance rank
Two approaches were established for usage of the scaling parameters. In the ﬁrst approach the best scaling
parameter was used as feature among the other features; additive feature scaling. In the second approach the best
scaling parameter was used as a multiplier for other features; multiplicative scaling. The multiplicative scaling is a
simpliﬁed version of the product kernel approach used with the SVM [89].
The fault size estimation was done for the tests 4-7 that contain 66 vibration signals. Exhaustive search was
n
n!
used for the feature subset selection [90]. Exhaustive search produces a total number m
subsets, where
= m!(n−m)!
n is the total number of features and m is the number of features in a subset [90]. Exhaustive search was processed
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Table 3: Correlation betweeen measured fault sizes and vibration signal features.

No.

Feature name

Correlation:

Feature

value vs. Fault size
SCALING PARAMETERS
1.

Root mean square

0.5812

2.

Scale parameter: mean(abs(x))

0.8387

2

3.

Scale parameter: mean(log(x ))

0.9352

4.

Scale parameter: median(abs(x))

0.8775

5.

Scale parameter: median(log(x2 ))

0.8803

AFTER PRE-WHITENING
6

Skewness

0.2922

7.

Kurtosis

0.1124

ENVELOPE SPECTRUM (normalization by the DC value)
8.

BPFI peak amplitude

0.2187

9.

BPFI 2. harmonic peak amplitude

-0.0356

10.

BPFI 1. + 2.

0.1127

ENVELOPE SPECTRUM (DC bias removal and normalization by spectrum median)
11.

BPFI peak amplitude

0.1410

12.

BPFI 2. harmonic peak amplitude

-0.0192

13.

BPFI 1. + 2.

0.1051

GGS/GGCS
14.

GGS βˆ0

-0.0187

15.

GGS ηˆ0

-0.1405

16.

GGCS βˆ1

0.0263

17.

GGCS mean ηˆ1

-0.0951

18.

GGCS std ηˆ1

0.0277

to produce all the possible feature combinations. However, due the limited number of features the algorithm is
applicable in this research; the maximum number of combinations is 3432. Exhaustive feature search was processed
for both classiﬁers using additive and multiplicative feature scaling.
Figure 6 shows misclassiﬁcation percentages for both classiﬁers with the best feature combinations using multiplicative feature scaling (on the left side) and additive feature scaling (on the right side). The best feature
combination refers to a combination of features that produces fault estimation results with least misclassiﬁcations.
Misclassiﬁcation was 6.1 % (4 of 66 samples) for the best combinations. Addivitive feature scaling is not usable
due to the very high misclassication percentages through all feature combinations. The fault size estimation using
multiplicative feature scaling leads to better results with noticeably smaller misclassiﬁcation percentages. Among
the classiﬁers the multiclass SVM works better with all feature combinations.
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Figure 6: Misclassiﬁcation of fault size estimation.

Feature ranking results are shown in Table 4. Individual counts for each feature in the best feature combination(s)
were calculated. Then individual counts were normalised by the maximum feature count in the combination in
question. Normalised counts are reported for each feature (6-18) starting from the second column. Total score for
each feature, a sum of normalised counts, are listed in the last row of the Table 4. The most strongly relevant
features were the sum of the ﬁrst and second harmonic BPFI amplitudes (10) in the envelope spectrum and the
GGS ηˆ0 (15) when the mean of the logaritmic power was used as the scaling parameter. Features 11-13 acquired
from the envelope spectrum (DC bias removal and spectrum median normalisation) are less relevant than features
8-10 acquired from the envelope spectrum (the DC value normalisation). As a consequence, features 11-13 could
be discarded. It is also seen that the GGCS features mean ηˆ1 (17) and std ηˆ1 (18) are irrelevant features that do
not improve the fault size estimation result.
It appears the best metrics for basic diagnostics are not necessarily the best for the fault size estimation. Many
research studies try to explain how the individual features extracted from vibration signals explain the health state
of REBs. Further, this leads to research and development of new and ”better” features to describe the health state
of REBs. Utilised instance-based classiﬁers provide a combination of features that are the most relevant for the
fault size estimation.
The multi-class SVM performs convincingly in the fault size estimation. The fault size estimation results are
plotted in Figure 7 for the both classiﬁers.
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Table 4: Feature relevance evalution for multi-class SVM using multiplicative feature scaling

Feature number (Table 3)
Combs 6

7

8

9

10

11

12

13

14

15

16

17

18

2

0.0

0.0

0.0

0.0

1.0

0.0

0.0

0.0

0.0

1.0

0.0

0.0

0.0

3

0.5

0.0

0.0

0.5

1.0

0.0

0.0

0.0

0.0

1.0

0.0

0.0

0.0

4

0.5

0.5

0.0

0.5

1.0

0.0

0.5

0.0

0.5

0.5

0.0

0.0

0.0

5

0.7

0.4

0.4

0.8

0.8

0.0

0.6

0.0

1.0

1.0

0.4

0.0

0.0

6

0.3

0.8

0.8

0.6

0.6

0.0

0.4

0.0

1.0

0.9

0.6

0.1

0.0

7

0.5

1.0

1.0

0.5

1.0

0.0

0.0

0.0

1.0

1.0

0.5

0.5

0.0

8

0.6

0.5

1.0

0.8

1.0

0.3

0.6

0.4

1.0

0.9

0.7

0.3

0.1

9

0.6

0.6

1.0

0.9

1.0

0.5

0.6

0.5

1.0

1.0

0.9

0.1

0.4

10

0.8

0.8

1.0

1.0

1.0

0.6

0.8

0.6

1.0

1.0

1.0

0.2

0.2
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1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

0.0

0.0
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1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

0.0

1.0
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1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

1.0

Score

7.5

7.6

8.2

8.5

11.3*

4.4

6.5

4.5

9.5

11.3*

7.0

2.3

2.7

4. Conclusions
This paper studied the use of a number of diﬀerent vibration features, and combinations thereof, in combination
with two established classiﬁcation methods for the estimation of fault severity (size) in rolling element bearings. The
experimental data were collected from three diﬀerent testing environments with most datasets involving gradual
fault degradation from a known starting spall size (an artiﬁcially seeded slot). Selected tests were performed with
diﬀerent shaft rotation speeds and the measurements were done with diﬀerent vibration sensors. However, the size
of the bearings were roughly the same.
The k-NN and the multi-class classiﬁers SVM were selected to perform estimation of the fault size because the
classiﬁers are suitable for smaller data sets. It was discovered that the training phase needs to be done in a way
that there exists fault size measurements at the beginning and at the end of the chosen fault size class ranges.
Otherwise, the chosen fault size range might include wrong fault size measurements.
Vibration signal features were selected to represent the power level, the impulsiveness, the cyclic impulsiveness
and the non-gaussian and gaussian properties. Exhaustive search was performed for the feature subset selection
that covered all possible feature combinations. Also studied was multiplicative feature scaling which was found
to work better than additive feature scaling. The multiplicative feature scaling emphasises the eﬀect of the most
correlating feature on other features. However, the scaling parameters are very similar so their usage as features
leads to the curse of dimensionality. Particularly, the classiﬁers can detect non-linear relations between the features.
Relevance analysis of the features reveal the most relevant features to estimate the bearing fault size when the chosen
classiﬁers are used. Presented feature ranking process of features of vibration signals is completely novel and it is
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Figure 7: Fault size estimation (tests 4-7).

reproducible.
The multi-class SVM classiﬁer was found to work convincingly for the fault size estimation with these available
data sets. The one-vs-one coding design in the multi-class SVM design provided more accurate results than the onevs-all coding design. The multi-class SVM detects the class boundaries more accurately than the k-NN classiﬁer.
The k-NN classiﬁer was found not to be reliable for fault size estimation with these available data sets.
Still more data is needed to better test the features; in particular under diﬀerent operating environments and
for larger bearings. This research included only inner race faults. Moreover, diﬀerent types of the bearing faults are
needed for future studies (outer race, rolling element). It is not exception that other machine components produce
noise that makes extraction of bearing fault features more diﬃcult. In such cases, preprocessing is required to ﬁlter
out the disturbing components. Further, the physical link between fault severity and the best found features is not
clear. We would need to focus to develop features that are able to describe the time span between events linked to
the spall size.
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A BSTRACT
Increasing the capabilities of sensors and computer algorithms produces a need for structural support
that would solve recurring problems. Autonomous tribotronic systems self-regulate based on feedback
acquired from interacting surfaces in relative motion. This paper describes a software framework for
tribotronic systems. An example of such an application is a rolling element bearing (REB) installation
with a vibration sensor. The presented plug-in framework offers functionalities for vibration data
management, feature extraction, fault detection, and remaining useful life (RUL) estimation. The
framework was tested using bearing vibration data acquired from NASA’s prognostics data repository,
and the evaluation included a run-through from feature extraction to fault detection to remaining
useful life estimation. The plug-in implementations are easy to update and new implementations are
easily deployable, even in run-time. The proposed software framework improves the performance,
efﬁciency, and reliability of a tribotronic system. In addition, the framework facilitates the evaluation
of the conﬁguration complexity of the plug-in implementation.
Keywords Software framework · Tribotronic system · Bearing diagnostics · Bearing prognostics · Vibration analysis

1

Introduction

The term ’tribology’ was introduced and deﬁned in The Jost Report [1] as "the science and technology of interacting
surfaces in relative motion and of the practices related hereto." It was reported that enormous amounts of resources
were wasted because mechanical surface phenomena was ignored [2]. However, The Jost Report did not pay much
attention to wear, the most signiﬁcant tribological phenomenon [2]. Tribology enables the effective design of both
machines and lubrication to minimize the impact of friction and wear [3]. The successful implementation of tribological
practices into design procedures for various machines and mechanisms has resulted in signiﬁcant economic savings
through improvements in machine performance and reliability [3]. Tribology combines physics, chemistry, materials
engineering, machinery theory, and products of its own engineering science [4]. Holmberg [5] deﬁned a taxonomy
for different levels of occurrence of tribological phenomena: universe, global, national, plant, machinery, component,
contact, asperity, and molecular. Each level of this classiﬁcation comprises its own components and interactions between
them.
A system is a set of related and interdependent elements that regularly interact to form an integrated whole [6]. At high
levels of abstraction, a tribological system can be described with input and output variables and the interaction between
these variables. The input variable is energy (e.g. force, moment and kinematics) and the output variables are matter
and signals [4]. The interaction between elements causes friction and wear losses that are summarized as loss-outputs
[7]. A tribosystem is a tribological system that includes at least two contacting tribological components [8]. A number
of input and output variables in tribosystems can be inﬁnite due to the number of physical and chemical properties of
the surfaces in contact, the properties of the medium (i.e., the lubricant), and the environmental conditions [4]. For
example, bearings, gears, and mechanical seals are tribological components. Glavatskih et al. [3] outlined a tribotronic
∗
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system that would unite the tribosystem, sensors, real-time control system, and actuators. The tribotronic system is
distinct from a mechatronics system because tribosystems use loss outputs, such as wear, vibration, temperature, and
friction. Controlling these outputs allows a tribosystem to try to improve the performance, efﬁciency, and reliability of
the whole machine [3]. A desirable output for a tribotronic system should be expressed in terms of endurance life and
probability of failure [5].
One of the main goals of software engineering is to reuse existing code [9]. A software’s framework is a "skeleton" that
can be used to supplement application-speciﬁc software, so recycling existing frameworks is a key technique when
implementing software platforms. Software frameworks are customized to complete a software application by ﬁlling
empty code blocks with product-speciﬁc code. An important property of software frameworks is inversion control,
which enables the framework itself to call user-implemented methods, that is not possible in traditional procedural
programming [10]. If frameworks were not reused during software development, a considerable amount of code
would be written repeatedly. Our study focused on object-oriented frameworks. Abstract frameworks provide only
software interfaces; they do not include any runnable code. White-box frameworks use subclasses as extensions,
which allow the implementation of methods for base classes. Black-box frameworks use a composition approach and
include ready-to-use classes. It should be noted that white-box frameworks evolve into black-box frameworks over
time [10]. Gray-box frameworks merge black-box and white-box issues [11]. Layered frameworks can be applied to
large-scale platforms when different frameworks need to be fused [12]. Plug-in frameworks are specialized because they
implement application-speciﬁc interfaces, or plug-ins [13]. Caropreso et al. [14] presented a structured methodology to
deﬁne the architecture for communication frameworks with multiframe capabilities. It is an example of maintainable
object-oriented framework that is applicable for embedded systems.
Figure 1 depicts a schematic tribotronic system with a control unit and real-time software. In this paper, we introduce
an object-oriented plug-in framework for such tribotronic systems. The main motivation for this work is to speed up and
ease the deployment of diagnostic and prognostic algorithms into tribotronic systems. The purpose of the framework
is to improve the performance, efﬁciency, and reliability of a tribotronic system. The framework covers asset and
data management, fault detection, and RUL estimation. The plug-in implementation was targeted for REBs that were
monitored using vibration sensors.

Figure 1: Tribotronic system [3]
The contents of this article are as follows. Bearings (tribosystem) and their wear evolution will be introduced in Section
2. Vibration analysis, fault detection, and RUL estimation will be explained in Section 3. Designed plug-in framework
will be presented in Section 4. Evaluation of the framework will be presented in Section 5. Finally, conclusions and
future work will be summarized in Section 6.

2

Tribosystem - Bearing

Bearings are widely used in rotating machinery to support shafts. Bearings are categorized as either REBs or journal
bearings based on their structure [15]. REBs contain spherical, cylindrical, tapered, and needle-shaped rolling elements.
2
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Journal bearings contain only sliding surfaces –no rolling elements. Monitoring the condition of these bearings is very
important because a bearing failure is a very common reason for machine breakdowns. In general, the vibration and
temperature of a tribological system (REB) are monitored to detect lost outputs.
2.1

Bearing failure

Bearing failures fall under six categories: fatigue, wear, corrosion, electrical erosion, plastic deformation, and fracture/cracking [16]. Wear is a cumulative quantity regularly measured by condition monitoring systems [17]. When a
measured variable directly determines a bearing’s failure, the condition monitoring method is direct; when a measured
variable provides information associated with and affected by the bearing’s condition, the condition monitoring method
is indirect [17]. Common direct and indirect condition monitoring methods consist of the following [18, 19, 20, 21]: i)
indirect methods include monitoring vibrations, acoustic emissions, basic physical quantities such as heat and pressure,
basic electrical quantities such as voltage, current, power, and resistance, and ultrasound or infrared testing, and ii)
direct methods include oil debris or corrosion analysis as well as visual inspection using a borescope. Furthermore, new
methods are constantly being sought that would be more sensitive when measuring bearing defects [22].
Presenting wear evolution of REBs as a time series describes the wear interaction and evolution at different lifetime
stages. A ﬁve-stage descriptive model of lifetime stages, as depicted in 2, was presented by El-Thalji et al. [23]:
running-in, steady-state, defect initiation, defect propagation, and damage growth. First, during the running-in stage,
the surface asperities and the lubrication ﬁlm become uniform [23]. The length of the steady-state stage, the healthy
stage of the lifetime, depends on maximum load-induced stress, material characteristics, and operating temperature [24].
The wear process starts and will affect surface roughness and waviness in the defect initiation stage [25]. According
to [23], this stage can be further split into the sub-stages of defect localization, dentation, crack initiation, and crack
opening. The linear elastic fracture mechanics commences in the defect propagation stage [26]. Incubation, stable,
and crack-to-surface are then the main events that occur [27]. The defect starts to grow in three dimensions (length,
width, and depth) and the effect of multiple asperities is prominent in the damage growth stage [23]. Direct condition
monitoring makes it possible to detect lifetime stages of wear evolution directly from measurements; however, this is
not possible using raw vibration measurements.

Figure 2: Wear evolution process [23]

3

Vibration analysis

Vibration sensors interpret vibration values indirectly using mechanical and optical quantities. Vibration sensors
are categorized as contacting or non-contacting according to their measurement principles. Both contacting and
non-contacting sensors are further divided according to path, speed, and acceleration measurement. Path measurement
uses potentiometric transmitters and linear variable differential transformers; speed is measured using principles of
electrodynamics and seismometers; acceleration is measured using piezoelectric, piezo-resistive, resistive, and inductive
sensors [28].
3
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A machine’s vibrational signature is related to either a standard condition or a fault condition [29]. A tribotronic
system measures vibrations and processes them to discover informative features using feature extraction. Frequently,
features calculated from vibration signals are high-dimensional and non-Gaussian. Further, feature selection is applied
to extracted features to leave over the most relevant features. Descriptive classiﬁcation for features of vibration signals
is the following: i) time-domain features; ii) frequency-domain features; iii) time-frequency-domain features; iv)
phase-space dissimilarity measurements; v) complexity measurements; vi) other features [30]. A considerable amount
of research has been directed towards the development of the digital signal processing of vibrational signals [22].
3.1

Fault detection

Randall stated [29] that "fault detection is the ﬁrst step in the overall process of detection, diagnostics and prognostics.
Since all signals have to be processed to determine whether a signiﬁcant change has occurred, the techniques employed
must be considerably more efﬁcient than those which might be used for the latter processes." Early fault detection
allows time to predict fault progression and estimate RUL before catastrophic failures occur [31]. Fault detection is one
of the main functionalities in the designed framework. Depending on the response from the fault detection algorithm,
the tribosystem (REB) would be controlled by actuators.
3.2

Remaining useful life estimation

RUL estimation is an important prognostic and health management task that enables optimized maintenance plans
to enhance production, minimize costly downtime, and avoid catastrophic breakdowns [32, 33]. RUL estimation
approaches are categorized into physical model approaches, data-driven approaches, and hybrid approaches [34, 32].
Further, the data-driven approaches can be categorized into knowledge-based, statistical, and supervised methods
[35]. Recent machine learning approaches have frequently been applied to the diagnoses and prognoses of REBs [36].
However, the effectiveness of the machine learning methods rely on the quality of features of vibration signals.
An ideal signal processing method should be capable of detecting the bearing degradation phases on changing defect
conditions [22]. Crucial for RUL estimation is to ﬁnd the most suitable feature to describe the degradation process
when vibration measurements are used. Measuring vibrations is an indirect methods to monitor the condition of REBs.
RUL estimation is another main functionality of the framework.

4

Implementation of the framework

The plug-in framework designed for tribotronic systems supports asset and data management, feature extraction, fault
detection, and RUL estimation. The framework design is shown in Figure 3. A measurement database can be deployed
in a local or remote computer. The results of the fault detection and RUL estimation are inputs for a condition analyzer
that passes the results to a module that decides how the tribosystem is controlled. The general architecture of the system
has been presented Figure 1. A component linking the condition analyzer, the decision-maker, and the actual control of
the system was not explicitly deﬁned in the framework because it would depend on the machine, according to the sorts
of actions needed to maintain running conditions or stop the machine’s operation.
The framework includes interfaces for measurement data (IMeasurementData), asset data (IAssetData), feature
extraction (IFeatureExtractor), fault detection (IFaultDetector), and RUL algorithms (IRULalgorithm). The
measurement data is acquired from the sensor and the asset data is relates to the tribotronic component in question. Fault
detection and RUL estimation are executed by the CConditionAnalyzer class. The PluginLoader class loads the desired plug-in that includes the appropriate implementations for the application in question. The BearingApplication
plug-in implements the interfaces of the framework using inheritance (Figure 3). The presented plug-in was designed
for REBs. The plug-in implementations are based on previous research on feature extraction from vibration signals,
fault detection, and RUL estimation of REBs.
Technical bearing data is included in the CBearingData class. The bearing dimensions are the minimum data required
to calculate characteristic fault frequencies, which are required for the fault detection algorithm. Measurement data is
specialized as a CVibrationData class that handles vibration data. Vibration signals are loaded from the database
as shown in Figure 1. Vibration data includes vibration signals and their measurement time and sampling frequency.
Further, specialization of the measurement data could be easily done, for example, to address temperature and oil debris
data that represent other commonly used condition monitoring measurements for REBs.
The CConditionAnalyzer class uses the CBearingFeatureExtractor that includes methods to extract speciﬁed
features from vibrational signals. Methods used to calculate statistical features, such as RMS, skewness, and Kurtosis,
include an optimal degradation parameter, a fast Fourier transform (FFT), and a squared envelope spectrum. The FFT is
4
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Figure 3: Tribotronic plug-in framework

a sub-routine for the squared envelope spectrum calculation. Previously, an introduced fault detection algorithm was
implemented into CWaveletAnalyzer.
The fault detection algorithm is called by CConditionAnalyzer and implemented in the CMetropolisHastings
class. The algorithm requires the characteristic fault frequencies of an REB and the sampling frequency of a vibrational
signal as input parameters. The algorithm returns a boolean value indication of a fault or not-fault status.
Similar to fault detection, the RUL estimation algorithm is called by CConditionAnalyzer . The model parameters are stored in the CBearingData class when a model-based RUL estimation is applied. The accuracy calculations, as deﬁned in equation 1refeq:1, which were used to determine degradation features were implemented in the
CBearingFeatureExtractor class. The best degradation feature, the RUL model parameters, and the alarm level are
input parameters for the RUL estimation algorithm that was implemented in the CMetropolisHastings class. The
RUL algorithm returns the time of the last operation date.
The plug-in implementations are tested with unit tests. Unit tests are carefully designed to test the smallest components.
Unclear deﬁnitions of unit testing leads to bad and inconsistent testing and makes the software error-prone [37]. This
guarantees the reliability of the framework being run and can be updated in real-time.
A sequence diagram of fault detection and RUL estimation with the suggested realization of the framework are shown
in Figure 4. The performance of the framework is measured by an internal timer initialized in the ﬁrst call. Elapsed
times for data loading, feature extraction, fault detection, and RUL estimation are recorded. However, RUL estimation
is not executed if the result from fault detection is negative, indicating a non-faulty bearing.
A very important aspect of a system is its conﬁguration complexity [38]. A complex algorithm does not need to be
complex to conﬁgure; e.g. [39]. Complicated conﬁgurations can be error-prone and time-consuming, which increases
the cost of the system. The meta-parameters of the algorithms play the key role in the evaluation of the conﬁguration
complexity. The conﬁguration complexity can be evaluated based on the meta-parameters in the plug-in implementation:
alarmLevelFault, motherWavelet, nOfDecompLevels, degParamWeights, alarmLevelRUL, RULmodelParameters and
nOfSimulations.
5
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Figure 4: Sequence diagram of fault detection and RUL estimation
4.1

Speciﬁc algorithm descriptions

The plug-in’s implementation of the fault detection algorithm uses time-frequency domain features. The algorithm
exploits discrete spline wavelet decomposition with bior6.8 as the basis wavelet [40]. The squared envelope spectrum
of the reconstructed signals is searched for characteristic fault frequencies for each wavelet decomposition level, and
the peaks are detected based on local maxima. The peak detection algorithm uses a user-deﬁned alarm level.
A method proposed by Zhang et.al. [41] for degradation feature selection was integrated into a plug-in; the method
deﬁnes the feature goodness metrics of correlation, monotonicity, and robustness. The optimal degradation feature is
selected using a weighted linear combination of the proposed metrics:
(1)
maxJ = ω1 Corr(X) + ω2 M on(X) + ω3 Rob(X),
X∈Ω

where J is the score value, Ω is the set of candidate degradation features, and ωi is the weight for individual metrics.
The implemented RUL estimation algorithm is based on the adaptive Metropolis-Hastings algorithm so it can calculate
the parameters for the degradation model. The Metropolis-Hastings algorithm is a sampling algorithm based on
Markov-Chain-Monte-Carlo (MCMC) algorithm [42]. MCMC methods aim to solve multi-dimensional integrals using
numerical approximations. The Metropolis-Hastings algorithm generates a random walk using a proposal density and a
method for rejecting some of the proposed moves. In our study, an Adaptive Metropolis (AM) algorithm is used where
the Gaussian proposal distribution is updated along the process using the complete information cumulated so far [43].
A simple exponential degradation model is used in the evaluation [44, 45]:
Deg = c exp(bt),
(2)
where c and b are the model parameters, t is the time, and Deg is the degradation indicator. The exponential model is
very often used in RUL estimation for REBs, although different modiﬁcations have been suggested [46].

5

Experimental results

A popular REB dataset from the Center for Intelligent Maintenance Systems (IMS) of the University of Cincinnati
was used in the evaluation. Much research has analyzed the IMS dataset [48, 49, 50, 51, 47, 52, 53]. In these run-to-a6
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Table 1: IMS BEARING DATA SPECIFICATIONS
BEARING INFORMATION
Bearing model
Bearing type

Rexnord ZA-2115
Double row bearing

VIBRATION MEASUREMENTS
Number of bearings
Sampling frequency
Sampling length
Shaft rotation speed
Inner race fault frequency (BPFI)
Outer race fault frequency (BPFO)
Rolling element fault frequency (BSF*2)
DATASET 1
Number of measurements
Recording duration
Detected bearing faults
DATASET 2
Number of measurements
Recording duration
Detected bearing faults
DATASET 3
Number of measurements
Recording duration
Detected bearing faults

4
20480 Hz [47]
20480 data points
33.3 Hz
297 Hz
236 Hz
278 Hz
2156
34 days 12 hours
Bearing 3 / BPFI, Bearing 4 / BSF
984
6 days 20 hours
Bearing 1 / BPFO
4448
31 days 10 hours
Bearing 3 / BPFO

failure-tests, four Rexnord ZA-2115 double row bearings were installed on one shaft. The shaft rotation (2000 RPM)
and the radial load (6000 LBS) were constant during the test-runs and all bearings were force-lubricated. During the
test-runs, the designed lifetime of the bearing was exceeded for all failures. The IMS bearing data speciﬁcations are
collected in Table 1.
Datasets for the evaluation were selected based on recent ﬁndings by [47]. Selected cases of faulty bearings include an
inner fault in bearing 3 (Dataset 1) and an outer race fault in bearing 1 (Dataset 2). Vibration signals were processed
through the realizations of the IFilter and ITransform interfaces, which provide feature extraction methods. The
resulting features are shown in Table 2.
Table 2: VIBRATION SIGNAL FEATURES
STATISTICAL TIME DOMAIN FEATURES
FEATURE
1. Root Mean Square (RMS)
2. Crest Factor
3. Shape Factor
4. Impulse Factor
5. Shannon Entropy
6. Log Energy Entropy
7. Skewness
8. Kurtosis
FREQUENCY DOMAIN FEATURES
Squared Envelope Spectrum
9. - Amplitude of characteristic defect frequency (1. harmonic)
TIME-FREQUENCY DOMAIN FEATURES
Re-constructed signal of Wavelet Decomposition Levels (bior6.8)
Squared Envelope Spectrum
10. - Amplitude of characteristic defect frequency (1. harmonic)

DESCRIPTION
The power content
The ratio of the peak amplitude to the RMS
The RMS divided by the signal mean
The maximum of the peak amplitudes divided by
the signal mean
The degree of uncertainty
The degree of uncertainty
Asymmetry measure of the PDF of the signal
The impulsiveness of the signal

The fault detection algorithm calculates the squared envelope spectrum of a vibration signal. The amplitudes of the
characteristic fault frequencies are identiﬁed from the envelope spectrum using peak detection. The fault state indication
7
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is determined using an alarm level three times the mean of the maximum amplitude of the envelope spectrum of the
steady state (i.e., non-faulty) signal. The alarm level was justiﬁed earlier based on the noise level of non-faulty vibration
signals.
The left side of Figure 5 illustrates the fault detection for both bearings, with bearing 3 on the top and bearing 1 on
the bottom. The dotted red line represents the fault detection time. The blue line represents the amplitude of the ball
pass frequency of the inner race (BPFI) in the envelope spectrum of the vibration signal. The orange plot is the highest
amplitude of the BPFI in the envelope spectrum of the re-constructed signals. The BPFI was detected after testing
bearing 3 for 31.5 days (Figure 5). The wavelet decomposition was determined for twelve levels, resulting in the highest
frequency band from 5 kHz to 10 kHz. The wavelet ﬁltering does not give any earlier indication of the fault compared
to the envelope spectrum. The ball pass frequency of the outer race (BPFO) was detected at 3.8 days into the testing of
bearing 1. The wavelet ﬁltered signal provided fault detection 1.1 days earlier than the envelope spectrum.
RUL estimation was processed following fault detection using the adaptive Metropolis-Hastings MCMC algorithm.
The best degradation feature was determined using the goodness metrics deﬁned in equation 1. Table 3 includes the
goodness metrics calculations for the selected features. All the features were normalized to the same sampling rate and
the features were smoothened using a moving average with a window of 20 samples. In terms of time, the window is
3.3 hours to give adequate resolution for RUL estimation. The exponential model from equation (2) was ﬁtted to the
degradation curves of both cases using the least squares approximation. As a result, the prior estimates of the model
parameters (c,b) and the error variance were obtained. The Metropolis-Hastings MCMC algorithm was executed with
the prior parameters to estimate the RUL.
Table 3: DEGRADATION GOODNESS METRICS
1
0.438

2
0.342

3
0.418

4
0.348

5
0.424

6
0.453

7
0.359

8
0.328

9
0.270

10
0.235

Figure 5 represents RUL estimation with 5% - 95% conﬁdence. RUL estimation was done after the last measurement
date (the dashed black line). Time intervals between the fault detection time and the last measurement date were
approximately two days in both cases. The solid blue line is the estimate of the degradation feature. The estimate
was calculated using the exponential model with the model parameters obtained from the RUL algorithm at the last
measurement date. The estimation conﬁdence limits were calculated using the model parameters at 5% - 95% conﬁdence.
The alarm level for the degradation feature (the solid red line) was set to 3.5. The threshold was set higher than the last
degradation feature values in both cases for evaluation purposes. The dashed red line represents the last operation date
of the bearing. The last operation date was determined when the 5% conﬁdence limit reached the alarm threshold.
Table 4: FRAMEWORK PERFORMANCE TESTS
Intel Core i5-6440HQ CPU 2.60GHz - 100 RUNS / FUNCTION
FUNC.2
FUNC.5
FUNC.10
Mean [s]
0.1616
0.0325
0.1303
Std [s]
0.0313
0.0258
0.0365

FUNC.13
24.6400
0.5709

Intel Core i5-4300 CPU 1.90GHz - 100 RUNS / FUNCTION (Fig.4)
FUNC.2
FUNC.5
FUNC.10
Mean [s]
0.2385
0.0490
0.3256
Std [s]
0.0137
0.0356
0.2200

FUNC.13
56.1089
2.7115

Performance tests for the developed framework were run on two CPUs. Table 4 includes averages of 100 runs for
the main functions deﬁned in the sequence diagram (Figure 4). It is notable that the function call getAssetData()
(FUNC.2) also includes the function call getMeasurementData() that reads vibration signal data from external
ﬁles, which is an operation dependent upon a hard drive. The function call estimateRUL() depends on how many
measurements were collected since the bearings started to be used. Other than RUL estimation calculations, execution
times of the main functions are not signiﬁcantly large. However, the performance test should be run on embedded
systems that include less computing power.

6

Conclusions

Tribotronic systems are installed in different environments with various conﬁgurations. These systems are vulnerable;
consequently, complex algorithms are developed to interpret measurements from modern sensors and to make decisions
8
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Figure 5: Fault detection (LEFT) and RUL estimation (RIGHT): Bearing 3(TOP), Bearing 1(BOTTOM)

to control the actuators that give feedback to a tribosystem. The fundamental phenomenon of interacting surfaces is the
main motivator to build such self-adjusting tribotronic systems.
This paper introduced a unique Tribotronic plug-in software framework that offers assets and data management, feature
extraction, fault detection, and RUL estimation for tribotronic systems. The plug-in implementation targets REBs.
Further, the plug-in implementation is interchangeable; ergo, it perfectly ﬁts with other tribosystems, such as gears.
The framework is platform-independent and also applies to embedded systems. It is extensible and implements
functionalities that require considerable amounts of computing power can be implemented in lower-level programming
languages. Unit testing capabilities increase the reliability of the implemented plug-in.
The experimental evaluation of the tribotronic plug-in framework were done using bearing vibration data acquired from
NASA’s prognostics data repository. The evaluation included a run-through from feature extraction to fault detection
to RUL estimation. The purpose of the evaluation was not to introduce fault detection or RUL estimation methods,
but to show that the framework can handle complex algorithms and produce reliable results. The performance tests
demonstrate that the running times are short on ordinary CPUs; however, the lengths of the vibration measurements can
be considerably longer, which leads to longer running times. The conﬁguration complexity of the implemented plug-in
is low from the point of view of the total number of meta-parameters.
Future research should focus on performance testing of the framework on embedded systems and benchmarking the
framework in other tribotronic systems.
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