Reliability Estimation Based on Condition Monitoring Data
by
Yang Liu

A thesis submitted in partial fulfillment of the requirements for the degree of
Master of Science

Department of Mechanical Engineering
University of Alberta

© Yang Liu, 2016

ABSTRACT

Reliability estimation based on condition monitoring data contains two important parts:
thresholding and probability density estimation. Thresholding is to determine a critical level of
an indicator corresponding to the transition of system states. Probability density estimation is to
estimate the probability density function (PDF) of the indicator value over a certain time period.
Existing reliability estimation methods usually require prior knowledge such as design criteria
and past experiences or event data such as time-to-failure data to determine a threshold for
estimating reliability; while the information as such might be costly and impractical to acquire
for expensive or highly reliable systems. Therefore, there is a demand on the reliability
estimation methods which can determine thresholds and estimate probability density relying on
solely condition monitoring data. However, very few studies are reported in this respect.
A method falling into this type is recently reported. The reported method jointly uses one-class
support vector machine (OC-SVM) solution path for thresholding and kernel density estimation
(KDE) for probability density estimation to estimate system reliability based on only condition
monitoring data. This thesis studies in-depth the reported method and finds that there are four
aspects that are unclear and deficient. These four aspects are thus investigated and the
suggestions are provided to address the concerns. The findings of this thesis are listed as follows:
(1) The impact of the width parameter of OC-SVM on reliability estimates is investigated and
an applicable range for width parameter selection is given to acquire reasonable reliability
estimates;
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(2) The impact of the bandwidth parameter of KDE on reliability estimates is investigated and
an applicable range for bandwidth selection is given to acquire reasonable reliability
estimates;
(3) The impact of the sliding window size of KDE on reliability estimates is investigated. A
strategy of variable window size is developed to enable stationary data to be used for
probability density estimation. The results show that the proposed strategy can provide not
only the reliability estimates comparable to the fixed sliding window size but also the
reliability estimates corresponding to the transition of system states;
(4) The impact of outliers is investigated and a strategy of removing outliers is developed for
KDE to ensure reasonable reliability estimates can be obtained.
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Chapter 1
Introduction

1.1.Reliability Estimation
Engineering systems are designed to perform sophisticated functions. For example, in the oil
sands industry, heavy haulers need to carry tons of ore from one location to another and slurry
pumps need to experience the medium containing high wear ingredients like sands. The
components like gears and impellers in such systems are subject to cyclic stress and/or excessive
wear which may lead to unexpected failures of the whole system and end up with the loss in
production and profit.
To alleviate such loss, one can implement maintenance actions to prevent the occurrence of
unexpected failure, in which reliability plays an important role in making maintenance decisions
[1]. Reliability describes the ability of a system to work properly for a specified time period
under a specified environment. The process of estimating reliability is referred to as reliability
estimation; therefore, a proper execution of reliability estimation is crucial to the success of
reliability based maintenance actions.
Reliability estimation methods are widely reported in existing literature [2][3][4][5][6][7]
where the data used generally fall into two types, namely event data and condition monitoring
data. Reliability estimation methods can also be differentiated by these two types of data. This
thesis divides the existing reliability estimation methods into two classes, namely reliability
estimation based on event data and reliability estimation based on condition monitoring data.
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This section introduces particularly the two types of data and the relevant reliability estimation
methods will be introduced in Sections 1.2 and 1.3, respectively.
Event data refer to the information of what had happened to the system such as installation,
start-up, shutdown and failure, and also the information of what had been done to the system
such as repair/replacement and overhaul [1]. One type of event data widely used in reliability
estimation is time-to-failure data or lifetime data which refer to the length of time for an
individual system from the start to the failure of operation. For example, the time-to-failure data
of an LED light may be 50,000 hours from the first time use to the ultimate failure.
Condition monitoring data refer to the versatile data measured by monitoring devices such as
thermometers, pressure gauges, vibration sensors and acoustic emission sensors, which include
value-type data, waveform data, and multidimensional data [1]. All these types of data are time
series data which are gathered at a specified time interval over a certain time period. Typical
value-type data include oil analysis data, temperatures, pressures, moistures, etc. Waveform data
display a pattern of waveform which typically include vibration signals and acoustic signals.
Ultrasonic data and visual images which display images are typical multidimensional data.

1.2. Reliability Estimation Based on Event Data
Reliability is defined as the probability that a system will perform its intended functions
satisfactorily for a specified time period under specified operating conditions [8].
Computationally, reliability is the probability that a system has a lifetime greater than a certain
interested length of time. A probability density function (PDF) of system lifetime which is also
called the lifetime distribution is usually adopted to estimate the reliability. Several popular
lifetime distributions are lognormal, exponential and Weibull distribution [9].
2

In practical applications, lifetime distribution can be determined based on available
information of event data among which time-to-failure data are the most widely reported [10].
First, assume that the lifetime of system be a random variable and follow a certain type of
lifetime distribution, for example, Weibull distribution. Goodness of fit test may be used to select
the best distribution type. Then, estimate the parameters of the selected lifetime distribution
based on available time-to-failure data using parameter estimation methods [11]. Once the
parameters of the lifetime distribution are determined, the reliability of system can be estimated.
Reliability estimation based on event data has been studied for decades [11][12][13][14][15]
[16][17]. The event data such as time-to-failure data are collected from a large group of systems
that have the same characteristics (e.g. designed to achieve the same function, produced from the
same batch and operated under similar working and operating conditions). The time-to-failure
data of a large number of such systems are used to obtain the lifetime distribution for the entire
group. The reliability of any individual system belonging to this group can thus be estimated.
However, there are some drawbacks. Reliability estimated using lifetime distribution based on
event data cannot depict the specific condition of an individual system at a certain time point.
For example, the reliability of a pump is estimated as 80% based on event data, but it is
impossible to know which specific pumps fall into the 20% of failure probability and fail at the
time when the reliability is estimated. Also, time-to-failure data are not always available
especially for expensive or highly reliable systems. In the case where time-to-failure data are
limited or even not available, reliability estimation based on event data is difficult to apply.
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1.3. Reliability Estimation Based on Condition Monitoring Data
Due to the limitations of event data, condition monitoring data attract more and more interests in
reliability estimation over the recent decade. With proper processing of the data, one could
possibly obtain the reliability that reflects the ability of a specific system fulfilling its anticipated
design function rather than a reliability estimated for a group of systems based on event data.
As mentioned in Section 1.1, there are three types of condition monitoring data. Usually, the
value-type data could be directly used to represent system condition. For example, when the
crack size on gear tooth is greater than a certain value, the gearbox could be treated as having a
failure [18]. However, value-type data as such are difficult to obtain with non-intrusive means in
practice which makes online reliability estimation impossible. Some other value-type data such
as environmental temperatures may not be sensitive to the change of system health condition.
Waveform data and multidimensional data are usually not directly used for reliability
estimation. Data processing needs to be implemented to extract quantitative measures, the socalled health indicator or indicator, as the representation of system health conditions. For
example, the root mean square (RMS), standard deviation and Kurtosis are used as the indicator
of the health of a gearbox [19]. A large number of indicators have been studied in the reported
literature [20][21][22][23][24]. Existing methods for reliability estimation usually comprise two
key parts: thresholding and probability density estimation which are introduced in the following.
Thresholding refers to the process of determining a critical level of the indicator corresponding
to the transition of system states. The critical level of the indicator is also called threshold which
is usually a pre-specified constant value [8][11][12][13]. The performance of the system is
regarded as deviating from the expected normal state if the indicator value exceeds the threshold.
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Thresholds are traditionally determined with prior knowledge [25][26], for example past
experiences, design criteria, etc. The event data have also been used to determine the thresholds.
For example, in the reported study [27], time-to-failure data are used to estimate the average
availability of drill bits which is treated as the threshold for making maintenance decision for
drill bits. In the case where prior knowledge or time-to-failure data are not available, thresholds
can be determined directly from condition monitoring data. In the reported study [28], a
boundary between normal and abnormal data was determined based on condition monitoring
data and was treated as a threshold for reliability estimation. Thresholding methods will be
reviewed in Section 2.1.
Probability density estimation refers to the process of estimating the PDF of indicator values
over a certain time period. In the reported studies [29][30][31][32], it is assumed that the
indicator values over a certain time period follow an identical statistical distribution described by
a PDF. As reported in [33], probability density estimation methods are able to obtain the PDF of
a given set of data. Therefore, it is applicable to use probability density estimation methods to
obtain the PDF of indicator value for reliability estimation. Reported methods for probability
density estimation fall into two categories: parametric methods and nonparametric methods [34].
Parametric methods estimate the PDF of data with the assumptions that the type of PDF is
known and with unknown finite parameters. Nonparametric methods estimate the PDF of data
based on the data themselves and regardless of the prior information of the type of PDF [35].
Probability density estimation methods will be reviewed in Section 2.2.
The studies in [36][37][38][39][40] reported the applications of reliability estimation by means
of thresholding and probability density estimation. With the acquired threshold and PDF of
indicator values, the reliability is estimated as the probability that the indicator value does not
5

exceed the threshold value. Compared to reliability estimation based on event data, the reliability
estimation based on condition monitoring data can provide reliability estimates in accordance
with the change of indicator value and reflect the degradation process of individual systems.
Also, it can estimate the reliability for expensive or highly reliable systems for which the event
data such as time-to-failure data are not always available [3][4].
However, reliability estimation based on condition monitoring data requires condition
monitoring devices and the threshold of indicator value is difficult to determine when there are
not sufficient data [3][4].

1.4. Research Objectives
As described above, condition monitoring data based reliability estimation has some significant
advantages over the event data based one, but determining the threshold of indicator value is a
challenging task. As a matter of fact, in many reported studies on condition monitoring data
based reliability estimation [36][37][38][39][40][41][42], the threshold is determined using event
data and condition monitoring data are used only to obtain the probability density function (PDF)
of indictor value. Therefore, for the systems for which it is too costly or impractical to obtain
event data, particularly the time-to-failure data, there is a demand for reliability estimation
methods which use only condition monitoring data to perform both thresholding and probability
density estimation. Unfortunately, very few studies are reported in the literature. One reported
study [28] which estimated reliability based on condition monitoring data falls into this type and
implies a possible direction for addressing this kind of problem.
The reported study [28] proposed a method jointly using one-class support vector machine
(OC-SVM) solution path algorithm and kernel density estimation (KDE) to estimate the
6

reliability of a water pump. The OC-SVM is used to determine threshold of pump health
indicator and the KDE is used for probability density estimation of pump health indicator. The
details of the method will be given in Section 4.2. This thesis investigates in-depth this method
and finds four aspects of the method that may be deficient and need further investigations:
(1) The threshold determined by OC-SVM is sensitive to the width parameter of OC-SVM
[43][44][45][46][47], but its selection was not given in the reported method.
(2) Probability density function determined by KDE significantly relies on the selection of
bandwidth parameter of KDE [48][49]. The reported method provided a formula to calculate
the parameter value but without any explanations.
(3) In the reported method [28], condition monitoring data were subjectively split into multiple
time windows in each of which the data were assumed stationary and used for KDE. This
may not be appropriate as time window may contain non-stationary data which will
adversely affect the results of probability density estimation.
(4) It is widely agreed that outliers have negative effects on the analysis of condition monitoring
data and the assumption that data do not have outliers may provide the result of reliability
estimation non conforming to the truth [50][51]. In the reported method, outliers were
removed from the data for training OC-SVM but were kept for KDE. The effects of outlier
need to be further investigated.
Accordingly, this thesis investigates the above four aspects and provides insights that could be
utilized to enhance the robustness of the reported method for potential practical applications. The
investigations and contributions are summarized as follows:
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(1) Investigate the impact of the width parameter of OC-SVM on the reliability estimates and
provide suggestions on its selection.
(2) Investigate the impact of the bandwidth parameter of KDE on the reliability estimates and
provide suggestions on its selection.
(3) Investigate the impact of the time window size for KDE on the reliability estimates and test
the applicability of using variable time window size for KDE.
(4) Investigate the impact of outliers in the data for OC-SVM and KDE on the reliability
estimates.

1.5. Thesis Organization
The thesis is organized as follows. Chapter 2 presents the literature review of reliability
estimation based on condition monitoring data. Chapter 3 presents the fundamentals of OC-SVM
and KDE. Chapter 4 presents the investigations results and also introduces simulation data and
experiment data used for investigations. Chapter 5 summarizes the results and lists future topics.
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Chapter 2
Literature Review

As mentioned in Section 1.4, reliability estimation based on condition monitoring data is the
focus of this thesis. When doing reliability estimation, there are two key parts that need to be
considered which are thresholding and probability density estimation. This chapter first reviews
the reported methods for thresholding and probability density estimation, respectively. The
methods reviewed are not limited to the applications in the realm of reliability estimation. The
recently reported reliability estimation methods based on thresholding and probability density
estimation are reviewed at last.

2.1. Thresholding
In condition monitoring, health indicators are used to track the conditions of a system. As a
competent indicator, its values should vary along with the change of system health conditions.
When the indicator value reaches a certain level, the performance of the system could be
regarded as deviating from the normal condition or having a fault or a failure. The certain level
of indicator value is so-called the threshold of the indicator or the failure threshold [52].
Thresholding refers to the process of determining the threshold. Existing methods for
thresholding fall into three categories [25][26]: (1) design standard based thresholding, (2)
experience based thresholding, and (3) model based thresholding. The selection of an appropriate
threshold value is a challenging task. An over-estimated threshold may cause excessive use of
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the system and lead to unexpected system downtime; while an under-estimated threshold may
increase repair or replacement rates and results in high maintenance costs [52].
Design standard based methods are usually provided by manufacturers [1][36][53]. For
example, International Organization for Standardization (ISO) 3685 recommends the permissible
wear level for cutting tools [54]. When the wear level reaches the specified permissible level, the
cutting tool is considered worn out. The level of permissible tool wear is specified ranging
between 0.15 mm and 1.00 mm. The choice needs to be made depending upon the operating
conditions and materials of the tools [55].
Experience based methods use the experiences collected from the past use of similar systems to
determine a threshold. A large number of experience based methods are reported in literature.
Wang et al. [56] determined that a display panel had failure when the light intensity of the
illumination falls to 50% of the original level based on past experiences. Lu et al. [57] used 1.6
inches as the failure threshold of metal fatigue crack length based on their experiences and this
threshold value was also used by other researchers [25][52]. Experience based methods usually
require significant amount of historical data about the operation of the system to determine a
threshold and sometimes it may be subjective [56].
Model based methods treat the failure threshold as a random variable which follows a
statistical distribution or can be obtained from available formulas. Nystad et al. [58] assumed the
failure threshold of erosion level of choke valves to be a random variable following the Gamma
distribution. The failure threshold is regarded as locating within a certain range that was
estimated with the Gamma distribution. When the indicator value enters the range, the valve is
considered having high probability of failure. When the indicator value is beyond the upper
10

bound, the valve is considered failure. Yu et al. [52] and Wang et al. [56] assumed the failure
threshold of fatigue crack length to be a random variable following the normal distribution. The
mean and the variance of the normal distribution were estimated based on historical data. Xiang
et al. [59] assumed that the failure threshold of a repairable system could follow four different
statistical distributions and found that the Weibull distribution outperformed its counterparts in
terms of determining thresholds for the system.
Model based methods may also use available formulas. Wang et al. [60] proposed a stepwise
function to estimate the threshold of an indicator for a gearbox system. The stepwise function
includes formulas for calculating the thresholds for the scenarios of early fault, transition from
fault to failure and final failure. Son et al. [10] detected the failure of automotive battery based
on the threshold determined by the following formula:
=
where D represents the failure threshold,

+

.

,

(2.1)

represents the fixed effect parameter, μθ represents

the mean of samples, and T0.5 represents the median life of a population estimated by failure data.
Guo et al. [61] used a pre-specified mathematical formula to estimate the threshold of the
operating temperature signaling the failure of the gearbox in wind turbines.
To apply model based methods, one needs to know in advance which statistical distribution the
random variable of threshold follows or the formula for estimating failure thresholds. The main
flaw is that these methods are not applicable when the required data are not available. Recently,
Hua et al. [28] proposed a model based method which is able to provide failure thresholds
without knowing the prior information of the model. The reported method adopts one-class
support vector machine (OC-SVM) as a universal model to determine the threshold. The
11

threshold is represented by a boundary which is internally created by OC-SVM for
distinguishing normal data from abnormal data. In this way, determining whether an indicator
value exceeds the threshold turns into determining whether the indicator value belongs to the
abnormal data class. Hua et al. [28] used OC-SVM as a part of the reliability estimation method
to identify abnormalities from a high pressure water descaling pump based on condition
monitoring data. The applications of OC-SVM in thresholding are also reported by other
researchers. Fernández-Francos et al. [62] used OC-SVM to determine the fault threshold for
bearings of high speed rotating machinery based on vibration signals. Hu et al. [63] used OCSVM to estimate failure threshold for turbo pumps of rocket engine based on vibration signals.
The drawback of OC-SVM based thresholding is that the threshold is not in an explicit form as
statistical distributions or formula based methods, because OC-SVM model is a black box [64].
Also, the performance of OC-SVM may be compromised if its parameters are not properly
selected [44].
Figure 2.1 illustrates the categorization of thresholding methods and the reviewed studies of
each category. In summary, the standard and experience based methods are favorable in
thresholding for a group of many systems. Model based methods are favorable in thresholding
for individual systems. For the systems which have a large amount of failure data available,
statistical distribution or formula based thresholding is applicable; for expensive or highly
reliable systems which have limited failure data, the universal model based thresholding is a
good choice.
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Thresholding

Design standard based
methods
[1][40][53][54][55]

Experience based
methods
[25][57]

Statistical distribution
based
[10][52][56][58][59]

Model based
methods

Specified formula
based
[10][60][61]

Universal model
based
[28][62][63]

Figure 2.1 Categorization of thresholding methods

2.2. Probability Density Estimation
Existing methods for probability density estimation can be divided into two categories:
parametric methods and nonparametric methods [34]. Parametric methods assume that data
follow a statistical distribution which can be represented by a probability density function (PDF)
but with unknown finite parameters. Once the parameters are estimated, the PDF is fully
determined. When the parameters are not available, parameter estimation methods need to be
used. Maximum likelihood estimation (MLE) [33] and least squares estimation (LSE) [29] are
commonly used methods to estimate the parameters of PDF. The process of estimating the
parameters of PDF using MLE is described as follows:
Given a set of measured data or samples x1, x2, ..., xn which are assumed to follow a certain
type of statistical distribution with a PDF of f(x). According to MLE, we have the following
function:
( ; )=∏

( ; ),
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(2.2)

where L (xi;θ) is the likelihood function and f (xi;θ) is the PDF of the data with unknown
parameter θ. Taking the partial derivative of the logarithm of the likelihood function with
respective to parameter θ and setting the derivative to 0, the following equation is obtained:
( ; )

=

∏

( ; )

≡ 0.

(2.3)

By solving Eq. (2.3), the estimate of parameter θ can be obtained by:
( ) = arg max

( ; ).

(2.4)

The PDF of the samples can thus be determined and available for probability estimation.
Commonly used statistical distributions for probability density estimation include Gaussian
distribution, Weibull distribution, exponential distribution and Gamma distribution. Raykar et al.
[66] estimated the PDF of two dimensional data using multivariate Gaussian distribution of
which parameters were estimated using the MLE method. Varanasi et al. [67] obtained the PDF
of environmental noise data by using Gaussian distribution. The parameters of the PDF were
estimated using the MLE method. Arenberg et al. [68] estimated the probability of the
occurrence of defects on fused silica using Weibull distribution and the MLE method was used
for estimating the parameters of the Weibull distribution. Parametric methods rely on good
understanding of data to select proper type of statistical distribution and require a large amount
of data to acquire appropriate parameters for the statistical distributions.
Nonparametric methods estimate the PDF of data based on the data themselves [35] and do not
require assumptions on which statistical distributions the data should follow. Popular
nonparametric methods are histogram, k-nearest neighbors (KNNs) and kernel density estimation
(KDE). Reviews of nonparametric methods can be found in [33][34][69][70]. Histogram which
can provide a quick visualization of probability density is the first widely used probability
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density estimation method and is regarded as the simplest among its counterparts [33][65]. The
histogram is determined by two parameters, the bin width and the starting position of the first bin.
Given a set of data or samples x1, x2, ..., xn which are first divided into a certain number of bins.
The PDF of the samples is represented by the fraction of samples in each bin and is described as
follows [33]:
( )=

[

]
[

]

,

(2.5)

where p(x) is the probability density of the sample x and n is the number of samples. Different
bin widths and starting positions provide different shapes of probability density.
Several reported studies using histogram for probability density estimation are listed here.
Wang et al. [71] used histogram to estimate the PDF of load samples for transmission gears of
heavy duty excavators. Mazzuchi et al. [72] estimated the lifetime distribution of mechanical
equipment using histogram. Buchta et al. [73] obtained the failure frequency of large power units
based on the PDF of operation and repair times estimated by histogram.
The shape of PDF obtained by histogram is not smooth, so it is not easy to draw a contour to
represent the probability density of data. Histogram requires a very large amount of data to solve
high dimensional problems, so it is usually used for one or two dimensional data.
KNN can be used to estimate the PDF of data in high dimensional spaces [74]. For a set of
samples x1, x2, …, xn, the kth nearest neighbor density estimation in d dimensions is defined as
follows [33]:
( )=

/
( )

=

/
( )
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,

(2.6)

where f(x) represents the probability density at the sample x, n represents the sample size, Vk(x)
represents the volume of the d dimensional sphere with radius rk(x) and cd represents the volume
of unit sphere.
Raykar [66] used KNN to estimate the PDF of an unknown probability distribution based on
the samples of two dimensional feature vectors. Zamini et al. [75] used KNN to estimate the PDF
of the lifetime of brake pads. Kung et al. [76] reported the use of KNN to estimate the PDF of
high dimensional samples. KNN is suitable for high dimensional samples and can provide simple
and flexible estimation of probability density [76]. However, the estimated probability density
tends to be affected by local noise [33]. Also, the PDF obtained by KNN might have a heavy tail.
These drawbacks limit the application of KNN in estimating the entire probability density [33].
Kernel density estimation (KDE) has been developed to overcome the drawbacks of KNN in
recent decades. Given a set of samples x1, x2, ..., xn, the PDF estimated by KDE can be described
as follows [33]:
( )=

∑

,

∈

,

(2.7)

where n is the number of samples xi, h is the bandwidth, D is the number of dimensions, and K(•)
is the kernel function. KDE is an essential part of this thesis. Its fundamentals will be further
introduced in Section 3.2.
Reported studies of KDE for probability estimation are as follows. Hua et al. [28] used KDE to
estimate the failure probability for a high-pressure descaling pump based on vibration signals.
Ebrahem et al. [29] used KDE to obtain the PDF of lifetime for laser devices based on
degradation data of operating current. Ferracuti et al. [30] used KDE to estimate the PDF of fault
for induction motors based on current signals. Cho et al. [31] developed a method using KDE to
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perform off-line and on-line probability density estimation based on vibration signals. KDE is
capable of dealing with high dimensional samples and providing smooth PDFs [33]. The
drawback is that the selection of bandwidth for kernel function may affect the performance of
KDE. In the event that an inappropriate bandwidth is selected, an over or under smoothed PDF
may be obtained which cause unreliable probability estimations.
Figure 2.2 illustrates the categorization of probability density estimation based on the reviewed
literature. In terms of pros and cons of each category, Ebrahem et al. [29] provided good insights
through the comparisons between parametric and non-parametric methods. In the tests, the
exponential and Weibull distributions of parametric method and KDE of non-parametric method
were chosen for comparisons. Simulation data generated from linear degradation model and
experiment degradation data of laser operating current were used. The results implied that
parametric methods tend to outperform KDE when statistical distributions are known; while
KDE tends to perform better when the statistical distributions are not selected properly.

Probability density estimation

Parametric methods

Nonparametric methods

Prior distribution
[66][67][68]
K-nearest
neighbors
[66][74][75][76]

Histogram
[33][65]

Kernel density
estimation
[28][29][30][31]

Figure 2.2 Categorization of probability density estimation methods
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2.3. Reliability Estimation Using Condition Monitoring Data
As mentioned at the beginning of this chapter, reliability estimation methods consist of two parts,
thresholding and probability density estimation. Sections 2.1 and 2.2 reviewed existing methods
for thresholding and probability density estimation, respectively. These methods can be utilized
for reliability estimation by using either event data or condition monitoring data. Since the focal
point of this thesis is reliability estimation based on condition monitoring data, this section
reviews specifically reported studies in this respect. The reported studies on reliability estimation
based on condition monitoring data are limited. In the following we summarize the studies
reported in recent years.
Feng et al. [41] estimated the reliability of the cylinder of diesel engine based on compression
pressures in the cylinder. Design standard was adopted to specify the failure threshold of
compression pressure. A parametric method was used to estimate the probability density where
the compression pressure data are assumed to follow the normal distribution.
Hua et al. [42] proposed a method of reliability assessment based on dynamic probability
model for a centrifugal pump. The failure threshold was a critical value of pressure based on
design standard provided by manufacturer. Nonparametric method of KDE was used to obtain
the probability density function for the monitored pressure measurements.
Ding et al. [36] estimated the reliability of the cutting tool by jointly using tool wear data and
condition indicators extracted from vibration signals. A parametric method was used where tool
wear data were assumed to follow the lognormal distribution. A threshold of wear level was
chosen based on the standard on cutting tools. Two indicators, root mean square and peak in time
domain, which showed the pattern of the wear of cutting tool were also used. A model which
18

relates the wear level to the two indicators was developed to estimate the reliability based on
condition monitoring data.
Ebrahimi [5] proposed two models to indirectly estimate the reliability of ship hulls and
airplane structures. A predetermined crack length was set as the failure threshold. Parametric
methods of Gaussian distribution and Brownian motion were used to fit the fatigue crack length
data.
Gao et al. [37] estimated reliability for aircraft engine based on mixed condition monitoring
data. Multiple failure modes were considered. Failure threshold for each failure mode was
determined based on prior experiences. Two reliability analysis models were used. One was
Gamma process model for modeling degradation and the other was Wiener process model for
modeling random disturbance effects. Reliability of aircraft engine was estimated based on a
combination of these two models.
Hua et al. [28] proposed a method that used one-class support vector machine (OC-SVM) to
determine failure threshold and kernel density estimation (KDE) to estimate failure probability
density based on indicators extracted from vibration signals of a descaling pump. As mentioned
in Section 2.1, the threshold was the boundary between normal and abnormal data of indicator.
KDE estimated the probability density based on the indicator values windowed over different
time periods. The reliability is estimated for each window and a trend is obtained to exhibit the
change of reliability over different time periods. This method offers a promising direction for
reliability estimation based on only condition monitoring data.
It is found that the reported methods mainly determine thresholds based on recommended
standards or prior experiences; while few model based methods are reported. The reported
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probability density estimation methods are versatile for reliability estimation. Parametric
methods are dominant when the prior knowledge of data is available such as the distribution of
condition monitoring data. Otherwise, nonparametric methods are utilized.

2.4. Summary
This chapter reviews condition monitoring data based reliability estimation methods in terms of
thresholding and probability density estimation. Sections 2.1 and 2.2 categorized and reviewed
existing methods for thresholding and probability density estimation, respectively. Section 2.3
reviewed existing methods specifically for reliability estimation based on condition monitoring
data. Pros and cons of different categories of methods are commented and the suggestions are
made for one to select appropriate options in possible scenarios.
It is noticed from the reviewed studies that the universal model based thresholding is rarely
reported for reliability estimation; however, this is in demand for expensive or highly reliable
systems for which the standards, experiences, known distributions and formulas for thresholding
are unavailable. Hua’s method [28] offered a promising direction, but there are some unclearness
and deficiencies in this reported method in terms of parameter selection and data processing.
Therefore, this thesis puts effort on addressing these concerns and the findings will be presented
in Chapter 4.
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Chapter 3
Fundamentals of One-Class Support Vector Machine and Kernel
Density Estimation

This chapter presents the fundamentals of one-class support vector machine (OC-SVM) and
kernel density estimation (KDE) which are the two key parts of the reliability estimation utilizing
condition monitoring data.

3.1. Fundamentals of One-Class Support Vector Machine (OC-SVM)
The OC-SVM was developed by Schölkopf [43] which aims to address the classification
problem that only one class of data is available for classification. The one class of data available
will be referred to as original data or training data as appropriate and the data to be determined
whether belonging to the class of original data will be referred to as test data hereafter. The OCSVM is first trained by the original data and a boundary is created that enables all original data to
be on only one side of the boundary. Next, suppose the boundary is a straight line in the original
space, the test data locating at the same side of the original data are considered belonging to the
same class. In practice, the boundary is usually non-linear. OC-SVM introduces a mapping
function

which projects the original data to a high dimensional feature space in which a

boundary is created in the form of hyperplane to ensure that all original data are on the same side
of the boundary. Figure 3.1 illustrates how OC-SVM dissects the feature space. The solid
straight line is the hyperplane (boundary) determined by OC-SVM. The distance from the
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hyperplane to the origin which is maximized by OC-SVM is represented by ‖ ‖. The distance
between a data point lying on the false class side and the hyperplane is denoted by . The dots on
the hyperplane are the support vectors.

Feature Space

‖ ‖
ξ

Support Vector

Hyperplane

Origin

Figure 3.1 Separation of data using OC-SVM
Consider a dataset

=(

,

,…

) ∈R

×

that contains N training data points. OC-SVM

aims to learn a function ( ) that returns +1 in a small region consisting of all the training data
points and returns -1 for the other data points. Mathematically, the target is to learn the weight
vector

=(

,…,

) and an offset ρ for the function of ( ) with the following form:

( )=
where
practice,

1,

∙ ( ) −

−1,

≥ 0,

otherwise,

(3.1)

describes the non-linear mapping from the original space to the feature space. In
cannot be directly calculated, so kernel function is used to represent the inner product

of the mapping of two data points, x and y, as:
( , )=

( ) ∙ ( ) ,
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(3.2)

where K(•) represents the kernel function. For example, the Gaussian kernel has the following
function form:

( , ) = exp(

ǁ

ǁ

),

(3.3)

where σ represents the kernel parameter and needs to be properly selected.
To find the hyperplane that separates the training data from the origin with the maximum
margin, the following quadratic optimization problem is modeled:
min

, ,

‖ ‖ +

∙ ( ) ≥

s. t.

where

∑

− ,

(3.4)

− ,

(3.5)

≥ 0, ∀ = 1, … , ,

(3.6)

∈ (0,1] is a given constant representing the upper bound on the fraction of outliers and

the lower bound on the fraction of support vectors and

is a slack variable representing the

distance between a data point, x, lying on the false class side and the plane in its virtual class side,
ρ is an offset. The w,

and ρ are decision variables of the optimization model.

The Lagrangian function of the above optimization problem can be expressed as:

( , , , , )=
∑
where

,

respect to

1
1
‖ ‖ +
2
(

∙ ( )−

−

−

+ )−∑

,

(3.7)

≥ 0 are the Lagrange multipliers. Setting the partial derivatives of Eq. (3.7)with
, and

to 0, w and

can be expressed as:
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( ),

=∑
=

−

(3.8)

,∑

≤

= 1.

(3.9)

Substituting Eqs. (3.8) and (3.9) into Eq. (3.7), the terms with

and ρ are canceled. The Eq.

(3.7) can be transformed to the following quadratic optimization problem:
∑,

min

, ∑

≤

s. t. 0 ≤
where

( ,

),

(3.10)

= 1.

(3.11)

which is the Lagrange multiplier is the new decision variable, ν is a given constant

representing the upper bound on the fraction of outliers and the lower bound on the fraction of
support vectors, N is number of data and K is kernel function.
According to Karush-Kuhn-Tucker conditions, the data points can be classified into three
categories: (1) the data points with
0<

<

= 0 locate within the boundary, (2) the data points with

are on the boundary and the corresponding

which satisfy

=

is equal to 0, and (3) the data points

fall outside the boundary. The data points with

> 0 are the so-called

support vectors.
Solving Eqs. (3.10) and (3.11), we can express
= ∑

∑

as:
( ,

where n is the number of support vectors which satisfy
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)

,

= 0 and 0 <

(3.12)
<

.

3.1.1.OC-SVM Solution Path
The OC-SVM model has several parameters which include ѵ, N and ρ that need to be specified
properly to ensure a successful classification. Lee et al. [77] developed an algorithm to estimate
the entire path of OC-SVM solutions to simplify the selection of parameters. This algorithm is
facilitated by an alternative formula of OC-SVM in which parameter λ=νNρ is used to replace
parameters ѵ, N and ρ. Using the OC-SVM Solution Path, the quadratic optimization problem of
Eqs. (3.4), (3.5) and (3.6) is transformed as [77]:
min
s.t.

,

‖ ‖ +∑

,

(3.13)

∙ ( ) ≥1− ,
≥ 0, ∀ = 1, … , .

(3.14)
(3.15)

By using the Lagrange technique, the solution of w can be expressed as [77]:
= ∑

( ).

(3.16)

The Karush-Khun-Tucker conditions for the constrained optimization problem also require that:
( ( ) − 1 + ) = 0,

(3.17)

= 0,

(3.18)

≥ 0,

(3.19)

where αi and βi are the Lagrange multipliers and ( ) =
( ) = 1 defines the hyperplane with a distance

‖ ‖

∙ ( ) . The

( ) that enables

from the origin.

At the beginning of this algorithm, a sufficiently large value of λ is set to ensure that all the
data points fall inside the margin. The margin is defined as follows:
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∗

( )=
where

∗

∙ ( ) ≤ 1, ∀ = 1, … , ,

( ). Finding the most extreme point

=∑

(3.20)

from the origin, the initial value of λ

can be obtained as:
= max ∑
To obtain the entire solution path,

( ) ( ).

(3.21)

to 0. Accordingly, ‖ ‖ increases and

decreases from

the distance of the margin decreases. As the distance of margin decreases, the data points cross
the margin and move from inside to outside of the margin; while the corresponding

changes

from 1 to 0. During this process, the algorithm monitors the following three subsets:
=

∶ ( ) > 1,

=

∶ ( ) = 1, 0 <

=

∶ ( ) < 1,

=0 ,

(3.22)

<1 ,

(3.23)

=1 .

(3.24)

When the λ changes to a value that all data points are entering region E in Eq. (3.23) from
region R in Eq. (3.22) or leaving region E from region L in Eq. (3.24), the optimal λ can be
determined. The detailed derivation of the algorithm can be found in [77].
3.1.2.Reported Methods for σ Selection
Kernel function is critical to the performance of OC-SVM. Many kernel functions are available
in the literature in which the Gaussian kernel function is the most widely used one [44]. As
presented in Eq. (3.3), the Gaussian kernel has a width parameter
The impact of

that needs to be specified.

on reliability estimation will be investigated in Section 4.3. This section

introduces three reported methods for estimating . The three methods will be used in verifying
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the findings acquired from the investigations. The mathematical definition for each method is
given, but its derivation is not provided since it is not the focus of this thesis.
Method 1: Automated Method Based on Variance and Mean (VM)
This method obtains an optimal value of

by using the variance and mean of kernel matrix [46]:
∀( ≠ ),

max
where

( ,

) = exp (

ǁ

ǁ

) represents the kernel function,

represents the mean of the kernel matrix,
the kernel matrix where =

(

(3.25)

)

=

∑

∑

( ( ,

)

)

=

∑

∑

( ,

)

represents the variance of

, n represents the number of data points, and represents a

small number to make the denominator nonzero.
Method 2: Maximum Distance Method (MD)
This method uses the maximum distance between data points to select
=

( )

[47]:

,

(3.26)

where dmax represents the maximum distance between data points and δ represents the width of
boundary in kernel space.
Method 3: Distance from the Farthest and Nearest Neighbors Method (DFN)
This method utilizes the farthest and the nearest distance from data samples to their neighbors to
obtain an optimal value of

[44]. The farthest neighbors of data samples are treated as the

boundary to separate the normal data and abnormal data. The nearest neighbors are considered
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having the closest structures to data samples. An objective function is formulated to obtain the
optimal

by maximizing the following difference:
max

( )= ∑

max

( )− ( )

− ∑ min

( )− ( ) ,

where x represents a data point, n represents the number of data points, and

(3.27)
( )−

( )‖ represents the distance between two mappings in the feature space. The first term of the
function is the mean of the farthest distances of data points and the second term is the mean of
the nearest distances of data points. The mapping function from the original space to the feature
space is not available, so Eq. (3.27) is simplified using the monotonicity of the exponential
function. The optimal
max

can thus be obtained by solving the following optimization problem:

( )= ∑

)− ∑

exp (−

exp (−

).

(3.28)

3.2. Fundamentals of Kernel Density Estimation (KDE)
KDE is a non-parametric probability density estimation method that has been studied for more
than 50 years. Consider a random variable X which follows a particular statistical distribution
and a dataset,

=(

,

,…

) ∈R

×

, is observed from the same distribution. KDE is able

to estimate the probability density function (PDF) of the random variable X using the dataset
by the following expression:
( )=

∑

,

(3.29)

where h represents the bandwidth, M represents the dimensions of a data point, N represents the
number of data points, and K(•) represents the kernel function. The kernel function is usually
assumed symmetric about 0 and satisfies the following condition [33]:
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( ) ≥ 0,

( )

= 1.

(3.30)

Kernel function and the bandwidth h are the most important parameters for KDE. Once the
kernel function K and the bandwidth h are specified, the probability density can be estimated for
a set of data points x using Eq. (3.29). Figure 3.2 shows the shapes of some kernel functions and
their formulas are listed in Table 3.1.
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Figure 3.2 Plots of sample kernel functions
Table 3.1 Sample kernel functions
Name

Kernel Function
( )=

Gaussian

√2
1
( ) = ,| | ≤ 1
2

Uniform
Triangular
Epanechnikov

1

( ) = 1 − | |, | | ≤ 1
3
( ) = (1 −
4

), | | ≤ 1

The kernel function determines the shape of the PDF of the data points and the bandwidth
determines the width of the shape. The PDF of all data points is the sum of the kernel functions
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of each data point based on Eq. (3.29). Figure 3.3 uses the Gaussian kernel to illustrate how the
kernel function of each data point constructs the PDF. The red dots represents the data points
used for probability density estimation. Blue dashed lines represents the kernel function of each
data point. The black solid line represents the PDF. The bandwidth parameter used is h=4.
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Figure 3.3 Illustration of KDE using Gaussian kernel

The selection of bandwidth h has impact on the PDF. It is reporeted in [33] that a small
bandwidth may lead to under-smoothing of PDF and a large bandwidth may lead to oversmoothing of PDF. Figure 3.4 illustrates the effects of different bandwidth values on the shape of
PDF. The Gussian kernel and the same set of data points prodcuing Figure 3.3 are used here.
Two bandwidths of ℎ = 1 and ℎ = 10 are tested. Figure 3.4 shows that when h=1 a spiky shape
of PDF is yielded which is difficult to discribe and explain; while when h=10 a very smooth PDF
is yielded but it may be too broad to represent the nature of the data. Therefore, the bandwidth
should be carefully selected when using the Guassian kernel for probability density estimaton
which is also suggested by [33][78][79].
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Figure 3.4 KDE using Gaussian kernel with different bandwidth values
The following four reported methods for selecting the bandwidth parameter h are summarized
next. They will be used in verifying the findings acquired in Section 4.4. Mathematical formulas
are given for each method; however, the detailed derivations are not provided since it is not the
focus of this thesis. The Matlab programs for Methods 2, 3 and 4 below were available from the
online resource [80].
Method 1: Hua’s Method
Hua et al. [28] selects the bandwidth for KDE using the following expression:
ℎ=

(

)

,

(3.31)

where dk represents the maximum distance among data points in the kth time window and n
represents the number of data points in each time window. When the data points are normalized
to [0, 1], h is approximately equal to (2n)-1/2.
Method 2: Mean Integrated Squared Error (MISE)
Silverman [33] proposed a method to determine the bandwidth based on MISE. The MISE is
defined as:
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( )− ( )

=

,

(3.32)

where ( ) reprents the kernel based PDF and ( ) represents the true PDF. A formula is given
to obtain the bandwidth h as follows:

ℎ

/

( )
( ) (

=

/

)

,

(3.33)

where K represents the kernel function, R represents the integral for any squared function of K, f
represents the density function, and n represents the number of data points. When the Gaussian
kernel is used for the kernel function and the normal distribution is used for the true PDF,
minmizing the MISE gives an optimal bandwidth, ℎ∗ , as follows:
ℎ∗ = 1.06

,

(3.34)

where σ represents the sample standard deviation.
Method 3: Direct Plug-in Method (DPI)
Ruppert et al. [81] proposed the DPI method for bandwidth selection based on asymptotic mean
squared error (AMSE) which is expressed as follows:

ℎ
where

= 35

represents the prior variance,

(
.

.

(

)
)

/

,

represents the pre-estimator,

prior bandwidth that minimizes the AMSE of an estimator for θ22,
bandwidth that minimizes the conditional AMSE of

represents the
represents the prior

, and a and b represent the boundary

values which can be estimated based on the observed data points.
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(3.35)

Method 4: Least Square Cross-Validation Method (LSCV)
The LSCV method [82] is an expansion of the integrated square error method [33] and estimates
the bandwidth by solving the following optimization problem:
CV (ℎ) =

,

( )=

( )

(

− ∑

)

∑

,

( ),
,

(3.36)
(3.37)

where K represents the kernel function and n represents the number of data points. The optimal
bandwidth can be obtained by the following minimization:
h*= argminh CVLS(h).

(3.38)

3.3. Summary
This chapter presents the fundamentals of OC-SVM and KDE, respectively. The OC-SVM will
be used for thresholding in Section 4.3 and KDE will be used for probability density estimation
in Section 4.4. The reported methods for selecting width parameter of OC-SVM introduced in
Section 3.1.2 will be used to test the observations obtained in Section 4.3. The reported methods
for selecting bandwidth parameter of KDE introduced in Section 3.2 will be used to test the
observations obtained in Section 4.4.
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Chapter 4
Reliability Estimation Using One-Class Support Vector Machine
and Kernel Density Estimation

This chapter investigates the four aspects of Hua’s method which have vagueness and
deficiencies. Simulation data with different noise levels are generated and used for the
investigations. Three experiment data sets are also used for testing the validity of the obtained
results. This chapter is organized as follows. Section 4.1 presents the simulation data and the
experiment data. Section 4.2 introduces Hua’s method and brings forward the four aspects to be
investigated. Section 4.3 investigates the impact of the width parameter σ of one-class support
vector machine (OC-SVM) on reliability estimation. Section 4.4 investigates the impact of the
bandwidth parameter h of kernel density estimation (KDE) on reliability estimation. Section 4.5
investigates the impact of the window size on reliability estimation. Section 4.6 investigates the
impact of outliers on reliability estimation.

Section 4.7 summarizes the results of the

investigations.

4.1. Data Preparation
This thesis focuses on a system whose working conditions can be split into two stages, the early
stage and the late stage. Condition monitoring data and health indicators developed from
condition monitoring data can both be used to represent the two stages as long as they show the
desired pattern as described below. For simplicity, condition monitoring data and health
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indicators will be referred to as indicators hereafter. At the early stage, the system works under
normal condition and the indicator trend exhibits the pattern of a horizontal straight line with
allowable fluctuations around a particular value. At the late stage, a fault occurs to the system
and the indicator trend exhibits a monotonically ascending or descending pattern with the rate of
change increasing along with time. Accordingly, at the early stage, the reliability has the value of
1 and at the late stage the reliability starts to decrease until reaches 0. This chapter uses both
simulation data and experiment data which show the trend with the desired pattern.
4.1.1.Simulation Data
Simulation data are generated by the following equation [23]:
x(t)=xTrue(t)+ε(t),

(4.1)

where x(t) represents the indicator value at time t, xTrue (t) represents the true value of indicator at
time t and ε(t) represent the additive noise. To obtain a degradation pattern, exponential function
is used to generate the true values of the indicator. The additive noise follows Gaussian
distribution with the mean of 0 and the standard deviation of 1. The equation is given as:
x(t)=10+10-3et+bε(t), b>0,

(4.2)

where b is the coefficient used to generate the desired noise effects. Figure 4.1 shows the trend of
true values where no noise is added. The true values remain the same from the beginning to
about time 650 which corresponds to the turning point indicating the transition of system
conditions from normal to abnormal.
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Figure 4.1 The plot of true values of simulation data
In practical scenarios, the degradation data collected may contain noise due to various random
factors e.g. environmental conditions, instrument errors, human errors, etc. To generate the
degradation data with different noise effects, the reported measure called relative noise level
(RNL) [83] is used. The RNL is defined as follows:
RNL =

(
(

)
)

,

(4.3)

where STD represents standard deviation. The standard deviation of noise is also referred to as
noise level. The RNL values range within (0, 1) where 0 means there is no noise at all and 1
means noise dominates the true values of the data.
For simulation data, the “Data”’ in Eq. (4.3) is represented by the term, x(t), of Eq. (4.2); the
( ), of Eq. (4.2). When a set of time series data

“Noise” in Eq. (4.3) is represented by the term,

of x(t) and ( ) are generated, the RNL value can be calculated for the time series data using Eq.
(4.3). By varying the value of coefficient b, a desired RNL value for a given set of simulation
data can be achieved. For experiment data, the “Data”’ in Eq. (4.3) is a set of time series data of
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health indicator values extracted from collected condition monitoring data; the “Noise” in Eq.
(4.3) is not available, so the reported k-nearest-neighbors regression method is used to estimate
the noise level by the following expression [84]:

( )=

where

⁄
⁄

∑

represents the estimate of the data point

(

−

) ,

(4.4)

by using k-nearest neighbors regression, k

represents the number of the nearest data points from

, and n represents the sample size of the

whole dataset. With the available “Data” and “Noise”, the RNL can be calculated for experiment
data using Eq. (4.3).
The intent of introducing the RNL measure is to represent the noise effects in different datasets,
so that we can investigate the performance of reliability estimation method is for different noise
conditions. In terms of reliability estimation, the reliability estimates mainly remain at the value
of 1 at the early stage since the systems are usually working normally during this period. One
may be more interested in the period when reliability estimates decrease after a certain time point
(turning point) at the late stage. For this reason, the noise effects for the late stage are attached
more importance than those for the early stage. To measure the noise effects, we should calculate
the RNL value using only the data for the late stage. However, in this thesis we compute the
RNL value using the entire set of data instead. The reason is explained as follows.
For a given set of degradation data, the noise determined by the random factors is assumed to
follow an identical distribution, so the noise level remains approximately unchanged over time.
At the early stage, the true values of degradation data are relatively stable, so the variations of
the degradation data are mainly governed by the noise. As a result, the RNL value will be large
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at the early stage. At the late stage, the true values of degradation data increase or decrease as
time passes, which causes the standard deviation of the degradation data increased. Because the
noise level remains stable over the entire time period, the RNL value will decrease at the late
stage.
For illustration purposes, in this thesis we use the simulation data and experiment data that
have apparent changes (increases or decreases) in the true values of data at the late stage and do
not have very long time length at the early stage. This enables the variations of the values of the
entire dataset to be mainly caused by the variations of the values of the data at the late stage.
Therefore, the RNL value computed using the entire dataset will approximate the one using the
data at the late stage.
In practice, the RNL value may need to be computed using only the data at the late stage when
the early stage is very long, because the long early stage will cause the standard deviation of the
entire degradation data insensitive to the change of the values of the data at the late stage. As a
result, the RNL value of the entire dataset will deviate much from the one using only the data at
the late stage.
The RNLs used to simulate different environment conditions are 0.1, 0.2, 0.3, 0.4, 0.5, 0.6 and
0.7. The RNLs of 0.1, 0.2 and 0.3 represent the scenarios where the noise effects are small
relative to the simulation data and the RNLs of 0.6 and 0.7 represent the scenarios where the
noise effects are significant. The RNLs of 0.4 and 0.5 have noise effects in between. The seven
RNLs are selected because the experiment data to be used are within this range. Figure 4.2 shows
the plots of simulation data with different RNLs.
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Figure 4.2 The plots of simulation data with different RNLs
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To investigate the impact of outliers, outliers with higher values are added to the simulation
data. The position at which the outlier is added is chosen from a uniform distribution within a
specified time span. Figure 4.3 shows the simulation data with 1 and 5 outliers.
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Figure 4.3 The plots of simulation data with 1 and 5 outliers
4.1.2.Experiment Data
(1) Water Pump Data
The experiment data of a water pump are used. The data were read from the figure provided in
[28]. The pump worked for 2184 hours and then failed. Between time 900 and 1000 hours, the
sealing rings of the water descaling pump were found worn out. Vibration signals were collected.
The indicator of root mean square of the vibration data was computed. Figure 4.4 shows the
indicator values of the first 1230 hours. The RNL is computed as 0.17.
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Figure 4.4 Degradation data of water pump

(2) Planetary Gearbox Data
The run-to-failure experiment data of a planetary gearbox test rig are used. The data were
obtained by Reliability Research Lab, University of Alberta [85]. The experiment was operated
for 762 hours. The experiment stopped when the gear teeth lost more than 60% materials. Two
low sensitivity accelerometers and two high sensitivity accelerometers were used to collect the
vibration signals. A 5-minute time span of vibration signals were collected every two hours.
The indicator used is the first order sideband with the larger amplitude in the frequency
spectrum. This sideband indicator was reported being able to reflect the growth of gear tooth
wear and used for prognosis of planetary gearbox condition in [23]. This thesis uses a subset of
the indicator values computed by [23] to generate a degradation dataset which contains 1445 data
points corresponding to the experiment time from the 320th hour to the 762th hour. From the
start of experiment to the 319th hour, the sideband values generally remain stable.
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Figure 4.5 shows the trend of sideband starting from the time point “0” corresponding to the
experiment time at the 320th hour. At time point 485, obvious pits were found on gear teeth
during the inspection. The pits caused the sideband values to increase until time point 604 as
shown in the figure. After time point 604, the sideband values started to decrease until time point
927. A possible reason for this phenomenon is that the pits were removed due to the abrasive
function of gear tooth engagement. However, the sideband values around time point 927 are even
smaller than those in the stable stage. This is difficult to explain. After time point 927, the loss of
a large volume of gear tooth materials caused the sideband values to increase rapidly to a higher
level until the experiment terminated. The RNL is computed as 0.7 which implies very large
noise effects.
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Figure 4.5 Degradation data of planetary gearbox

(3) Bearing Data
The run-to-failure data of a bearing test rig are used [86]. Four bearings on one shaft were tested.
The bearings were working at 2000 rpm rotation speed under 6000 lbs radial load until the
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system failed. Two high sensitivity accelerometers were used on each bearing to collect vibration
signals. The vibration signals were collected every 10 minutes for 1 second snapshoot. Details of
the bearing test rig can be found in [87]. The bearing # 1 had an outer race failure around 700
time point. The indicator of kurtosis, the fourth standardized moment, was computed using the
vibration signals. The equation of the kurtosis is given as follows [88]:

Kurtosis =

∑

[ ( )
(

]

)

,

(4.5)

where x(t), t = 1, 2, …, T represents data series, T represents the length of the data series, μ and
σ2 represent the mean and the variance of the data series, respectively.
Figure 4.6 shows the trend of the indicator. The RNL is computed as 0.19.
18
16
14
12
10
8
6
4
2

0

200

400

600

800

1000

Time

Figure 4.6 Degradation data of bearing
4.1.3.Data Normalization
Data normalization will be conducted to each dataset in order to ensure the results obtained are
applicable to other cases without limitations. For reliability estimation, it is reasonable to assume
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that a set of training data, Xtr=(x1,…xn)T, which correspond to the normal condition of the system
are available. A new data point, xi, can thus be normalized by following expression:
=

)

(
)

(

(

)

, =

+ 1, + 2, … .

(4.6)

It should be noted that Eq. (4.6) is unable to guarantee the normalized data are within the range
of [0, 1], since the collection of condition monitoring data is an ongoing process. However, with
the normalization, the values of the collected data can be restrained in a relatively small range as
opposed to the original range, so the negative effects on OC-SVM and KDE due to the large
differences in the original data values could be effectively mitigated.

4.2. Introduction to Hua’s Method
Hua et al. [28] jointly used OC-SVM solution path and KDE for estimating system reliability.
Figure 4.7 shows the frame work of Hua’s method.
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Figure 4.7 Frame work of Hua’s method [28]
The method uses the sliding window technique to split the entire time span into multiple
sliding windows. The size of the sliding window is a preset fixed value. The sliding windows
could be overlapping depending on the selection of the sliding distance between sliding windows.
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When the sliding distance is smaller than window size, the sliding windows will be overlapping
and vice versa. For each sliding window, KDE uses all the collected data available in the sliding
window to estimate the PDF of the data in the sliding window. Once it is done, the probability
density of any data points in the range covered by the PDF is available.
Next, a group of data points with a preset number, Nsplit, are chosen from the range of the PDF
and the interval, , between every two neighboring data points are identical. The product of
and Nsplit should cover the range of the PDF. The selection of

and Nsplit will be discussed in

Section 4.4. The chosen data points then enter into the OC-SVM process and are labeled as
normal or abnormal data by the OC-SVM solution path algorithm. Once all the chosen data
points are labeled, the PDF obtained from KDE is used to estimate the reliability, namely the
probability of the labeled normal data points, for the sliding window by the following expression:
=∑

, = 1, … ,

,

(4.7)

where Ri represents the reliability for the ith sliding window, pj represents the probability density
of jth labeled normal data point and Nnormal represents the number of labeled normal data points
and is no larger than Nsplit. Such process is repeated until the reliability for each sliding window
is estimated.
There are four important aspects that are not described clearly in Hua’s method [28]: (1) the
selection of the width parameter of OC-SVM, (2) the selection of the bandwidth parameter of
KDE, (3) The selection of the window size of KDE, and (4) The removal of outliers for OCSVM and KDE. The four aspects relate to thresholding and probability density estimation which
may have negative impact on reliability estimation if not properly addressed.
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The aspects (1), (2) and (3) are associated with parameter selection. The parameters are the
width parameter, σ, of OC-SVM, the bandwidth parameter, h, of KDE, and the window size for
KDE. As they are not correlated mathematically, it is assumed that they are independent to each
other in terms of the influences on reliability estimates. However, for the investigations in the
following sections, when one parameter is studied, the other parameters will be properly selected
to avoid any adverse impact on the interested one.

4.3. Selection of the Width Parameter of OC-SVM for Reliability Estimation
As reported in [43][44][45][46][47], the width parameter, σ, of the Gaussian kernel is important
to the performance of OC-SVM. The function of the Gaussian kernel is as follows:

( , ) = exp

ǁ

ǁ

,

(4.8)

A small value of σ will yield an under-estimated threshold which may cause normal data to be
misclassified as abnormal data and results in a smaller reliability value than the true one. On the
contrary, a large value of σ will yield an over-estimated threshold which may cause abnormal
data to be misclassified as normal data and results in a larger reliability value than the true one.
This section investigates the impact of σ value on reliability estimates using the enumeration
method.
4.3.1.Selection of the Width Parameter Using the Enumeration Method
Practically, the real reliability of a system being monitored is not accessible, so the optimal value
of σ is difficult to determine. However, a reasonable trend of reliability estimates can be defined
as per its relation to the trend of degradation data of the interested system. This thesis uses
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incomplete enumeration method [89] to observe a wide range of σ values and find out a
particular range of σ values that can offer a reliability trend satisfying the following Evaluation
Criteria:
(1) At the early stage, the reliability starts from 1 and remains at 1; then the reliability decreases
after a turning point at which a fault occurs.
(2) At the late stage, the reliability trend should be in line with the degradation trend of the data;
it means that the decrease in reliability values should correspond to the change of
degradation data values.
(3) The reliability trend should change gradually without sudden spikes or drops; however, a
small scale fluctuation is allowed.
To find out an applicable range of σ values, the incomplete enumeration method will be
executed per the following steps:
Step 1: Create a set of σ values by an interval of the order of magnitude as: [0.0001, 0.001, 0.01,
0.1, 1, 10, 100, 1000].
Step 2: Estimate the reliability for each σ value and determine an applicable range of σ value
based on the Evaluation Criteria.
Step 3: Create a subset of σ values with an appropriate interval based on the results of Step 2.
Step 4: Repeat Steps 2 and 3 until the obtained reliability estimates all satisfy the Evaluation
Criteria.
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The key parameters other than the σ value are fixed for the tests. The number of training data is
200. The window size is 200. The sliding distance of the window is 50. Hua’s method is selected
for bandwidth selection. These parameters remained the same, unless otherwise mentioned.
The simulation data with RNL=0.2 is first tested. Figure 4.8 shows the obtained reliability
trends. The simulation data show the start of observable increases in value around time 650. It is
seen that for σ values equal to 1, 10, 100 and 1000, the reliability trends are straight lines with
reliability close to 1. The reliability estimates based on these σ values cannot reflect degradation
pattern of simulation data; therefore, the four σ values are ruled out by the Evaluation Criterion
(1). For σ=0.1, the reliability estimates start to decrease around time 850 and show a degrading
trend. However, the turning point of the decrease of reliability occurs later than the one in
simulation data; therefore, the σ value of 0.1 is ruled out by the Evaluation Criterion (2). For
σ=0.01, the reliability estimates start to decrease around time 650 and show a reasonable
degrading trend. The reliability estimates based on the σ value of 0.01 satisfy all Evaluation
Criteria. For σ=0.001, the reliability estimates decrease to 0.9122 at time 200 while the
simulation data are quite stable. For σ=0.0001, the reliability estimates drop to 0.34 and remain
at this value until time 600. Both σ values of 0.001 and 0.0001 are ruled out by the Evaluation
Criteria (1) and (2).
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Figure 4.8 Reliability estimates with σ values from 0.0001 to 1000 (RNL=0.2)
The σ value of 0.01 is selected based on Step 2. A subset of σ values between 0.001 and 0.01
are chosen with an interval of 0.001. Then Steps 3 and 4 are implemented. Figure 4.9 shows that
the reliability estimates for σ values from 0.002 to 0.01 are able to reflect a degradation pattern
with the turning point at time 650. At time 950, the reliability estimates drop to around 0.1. The σ
values from 0.002 to 0.01 offer the reliability trends satisfying the Evaluation Criteria.
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Figure 4.9 Reliability estimates with σ values from 0.001 to 0.01 (RNL=0.2)
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Next, simulation data with RNL=0.3 is tested. The σ values for testing are the same as Case
RNL=0.2. Figure 4.10 shows that the reliabilty estimates with σ values of 0.1, 1, 10, 100 and
1000 do not satisfy the Evaluation Criteria (1) or (2). Similar to Case RNL=0.2, the reliability
estimates show a pattern that satisfies the Evaluation Criteria when σ value equals to 0.01. Also,
the σ values equal to 0.0001 and 0.001 do not satisfy the Evaluation Criteria (1) or (2), as the
reliability estimates show unexpected drops at the early stage.
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Figure 4.10 Reliability estimates with σ values from 0.0001 to 1000 (RNL=0.3)
Following the Steps 3 and 4, a subset of σ values between 0.001 to 0.01 are further tested. The
selected σ values are from 0.001 to 0.01 with an interval of 0.001. Figure 4.11 shows that the σ
values from 0.002 to 0.01 have similar degradation pattern and can reflect the degradation of the
data. For the σ values of 0.002 and 0.003, the reliability estimates at time 200 decrease to 0.9680
and 0.9857, respectively. As per Evaluation Criterion (3), these small scale fluctuations are
allowed. In summary, the σ values from 0.002 to 0.01 are all appicable for Case RNL=0.3.
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Figure 4.11 Reliability estimates with σ values from 0.01 to 0.1 (RNL=0.3)
It is noticed that the trends of reliability decrease slower for Case RNL=0.3 than for Case
RNL= 0.2. The reliability estimates at time 950 are around 0.5 for RNL=0.3, while they are
around 0.1 for RNL=0.2. Such differences are caused by the noise effects on the data. The first
200 data points are used as trainning data for the OC-SVM, so the noising data are regarded as
the part of the normal data by OC-SVM. When the degradation starts, the data values are still
within the range of noise levels, so the trend of data exhibits a stable pattern. When the data
values exceed the range of noise levels, the trend of data starts to show degradation pattern. This
means that the noise delays the data showing the degradation pattern. Since the trend of
reliability reflects the degradation trend of the data, the reliability estimates also drop slower for
Case RNL=0.3 than for Case RNL=0.2. Based on the observation, it is expected that as the RNL
increase, the reliability estimates will decrease slower and slower; in other words, for the same
time point, the reliability estimates for the larger RNL values will be greater than those for the
smaller RNL values.
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Next, simulation data with RNL=0.5 are tested. The results are similar to the Case RNL=0.3.
Figure 4.12 shows that when σ=0.001, the obtained reliability estimates satisfy the Evaluation
Criteria while other σ values do not.
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Figure 4.12 Reliability estimates with σ values from 0.0001 to 1000 (RNL=0.5)
The subset of σ values is selected between 0.001 and 0.01 and the results are shown in Figure
4.13. The results are quite similar to Case RNL=0.3 as shown in Figure 4.11. Also as expected,
the reliability estimates decrease slower than Case RNL=0.3 due to the larger noise. Taking
σ=0.01 as an example, the reliability estimates are 0.9762 at time 800 and 0.5270 at time 950 for
Case RNL=0.3 and are 0.9977 at time 800 and 0.8522 at time 950 for Case RNL=0.5.
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Figure 4.13 Reliability estimates with σ values from 0.001 to 0.01 (RNL=0.5)
In terms of data pattern (Figure 4.1), it is noticed that the degradation degree (the degree of the
increase of data value after time 650) of RNL=0.5 is reduced as compared to the ones of
RNL=0.2 and RNL=0.3 in Figure 4.2. Since the degradation degree of the simulation data
without noise is known, it may be concluded that the reliability estimates obtained for Case
RNL=0.5 are not able to fully represent the true degradation degree of the system. However, it is
not caused by the deficiency of the method; this is due to the overwhelming effects of noise. The
solution to improve the results is to conduct de-nosing prior to using the reliability estimation
method. Nevertheless, this is not the scope of this thesis and will not be further discussed.
At last, simulation data with RNL = 0.7 is tested. Figure 4.14 and Figure 4.15 show the results
similar to Case RNL=0.5. This is not beyond our expectation, so no further descriptions are
provided here. Again, the noise effects are overwhelming which makes the reliability estimates
be unable to reflect the true degradation of the data.
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Figure 4.14 Reliability estimates with σ values from 0.0001 to 1000 (RNL=0.7)
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Figure 4.15 Reliability estimates with σ values from 0.001 to 0.01 (RNL=0.7)
In summary, based on the investigations under the cases with different RNLs, it is found that
when σ values locate at the range of [0.002, 0.01], reliability estimates that satisfy the Evaluation
Criteria can be expected. In terms of the cases with RNLs greater than 0.3, de-nosing of data
prior to reliability estimation are recommended in order to access applicable reliability estimates.
Be noted that the investigations on the cases with RNLs of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, and 0.7 are
all conducted, but for illustration purposes only the cases with RNLs of 0.2, 0.3 0.5 and 0.7 are
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provided with figures. Table 4.1 provides a summary of the observations from all cases
conducted on which it can be concluded that a reasonable trend of reliability estimates could be
expected if the σ value of OC-SVM is selected between 0.002 and 0.01. Of course, one could
further conduct enumeration starting from this range to access more favorable results of
reliability estimation. One thing to be strongly recommended is that for the data with large noise
it is better to carry out a de-noising process prior to reliability estimation.
Table 4.1 Observations of σ values for different RNLs
RNL

Applicable range
for σ values

0.1
0.2
0.3

0.002 ≤ σ ≤ 0.01

0.4
0.5

0.002 ≤ σ ≤ 0.01

Observations
σ <0.002

0.002 ≤ σ ≤ 0.01 Reliability estimates are acceptable to
Evaluation Criteria.
σ >0.01

0.6
0.7

0.002 ≤ σ ≤ 0.01

Reliability estimates have drops at early stage
and are unacceptable to Evaluation Criteria (1)
and (2).

Reliability estimates show a flat pattern and
are unacceptable to Evaluation Criteria (1) and
(2).

Remarks
De-nosing of
data is not
required
De-nosing of
data is
recommended
De-nosing of
data is required

4.3.2.Testing with Simulation and Experiment Data
This section tests the observations of σ values obtained with the simulation data. Three reported
methods, automated method based on variance and mean (VM) [46], minimum distance method
(MD) [47] and distance from the farthest and nearest neighbors method (DFN) [44] mentioned in
Section 3.1.2, are also tested using the observations. At first, the σ value is calculated using each
reported method. Next, the calculated values are compared with the obtained applicable range of
[0.002, 0.01]. If the values are within the applicable range, it is expected to provide favorably
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reliability estimates. At last, figures are plotted to verify the expectations. Both simulation and
experiment data are used for testing.
(1) Results of simulation data
Table 4.2 shows the results of σ values calculated by the three reported methods. It is seen that
only the VM method provides the σ values within the applicable range of [0.002, 0.01]; the σ
values of other methods are all above 0.01. Based on Table 4.1, it is expected a flat pattern of
reliability estimates for the MD and DFN methods. Figure 4.16 shows the results which are in
agreement with our expectation.
Table 4.2 The σ values calculated using reported methods for simulation data
Method
VM [46]
MD [47]
DFN [44]

σ values of simulation data
RNL=0.1
0.0023
0.4363
0.1752

RNL=0.2
0.0076
0.4363
0.1823

RNL=0.3
0.0094
0.4363
0.1762

RNL=0.4
0.0021
0.4363
0.1865

RNL=0.5
0.0020
0.4363
0.1698

RNL=0.7
0.0083
0.4363
0.1901
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Figure 4.16 Reliability estimates for simulation data using reported σ selection methods

(2) Results of experiment data
Three sets of experiment data described in Section 4.1.2 are used for testing. Table 4.3 shows the
σ values obtained using the three reported method. It is seen that only the VM method provides
the σ values within the applicable range for all three data sets while other methods do not. It is
noted that gearbox data has RNL=0.7. Based on Table 4.1, the reliability estimates may not
reflect the degradation pattern of the data if the de-noising of data is not performed.
Table 4.3 The σ values calculated using reported methods for experiment data
Method
VM [46]
MD [47]
DFN [44]

Water pump data (RNL=0.17)
0.0037
0.4363
0.1799

σ values of experiment data
Gearbox data (RNL=0.7)
0.0034
0.4363
0.1826

Bearing data (RNL=0.19)
0.0055
0.4363
0.1799

Figure 4.17 shows the reliability estimates using water pump data with RNL=0.17. It is seen
that only the VM method provides a reasonable reliability trend. The data of water pump start
degrading around time 800 hour. The reliability estimates slightly decrease at early stage and
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start degrading around time 800 hour until time 1000 hour at which the reliability reach 0. The
MD and DFN methods provide a flat pattern of reliability estimates which is in agreement with
our expectation.
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Figure 4.17 Reliability estimates for water pump using reported σ selection methods

Figure 4.18 shows the reliability estimates using gearbox data. The gearbox data has RNL=0.7,
so the degradation pattern is not clear. The MD and DFN methods provide a flat pattern of the
reliability estimates. The reliability estimates based on the VM method reflect the changes of
gearbox data. However, the reliability estimates are affected by the large noise. De-noising
methods are required before applying the reliability estimation.
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Figure 4.18 Reliability estimates for planetary gearbox using reported σ selection methods

Figure 4.19 shows the reliability estimates using bearing data with RNL=0.19. The VM
method provides a reliability trend reflecting the degradation trend of bearing data while other
methods do not. The reliability estimates at the early stage are close to 1 and start to decrease at
time 650 until reach 0.1 around time 900.
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Figure 4.19 Reliability estimates for bearing units using reported σ selection methods
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4.3.3.Summary
In Section 4.3, we have investigated the impact of σ values of OC-SVM on reliability estimation.
Based on the tests using simulation data with various noise effects, the σ values within the range
of [0.002, 0.01] are recommended for reliability estimation. Three reported methods for σ
selection are employed to test the validity of the observations. The results show that the VM
method which consistently provides σ values lying in the recommended range outperformed its
counterparts for all tested simulation data and experiment data. This shows the good applicability
of our recommendations on the selection of σ in practical applications. The results also suggest
that it need to carry out de-nosing process for the data with RNL values greater than 0.3 in order
to obtain reasonable reliability estimates.

4.4. Selection of the Bandwidth Parameter of KDE for Reliability Estimation
Bandwidth, h, selection is critical for KDE [78][79][90][91][92][93][94][95][96][97]. A small
value of h will yield a spiky shape of PDF which is difficult to interpret [33]. A large value of h
will yield an over-smooth PDF and hide the structure of data [33]. This section investigates the
impact of h value on the reliability estimates using the enumeration method.
4.4.1.Selection of the Bandwidth Parameter Using the Enumeration Method
This section will use the Evaluation Criteria introduced in Section 4.3 to evaluate the obtained
reliability estimates. The incomplete enumeration method is used to find out the proper range of
bandwidth, h, in accordance with the same steps introduced in Section 4.3. The σ value of OCSVM is selected to be 0.003 based on the observations of Section 4.3. Other parameters remain
the same as Section 4.3.
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The simulation data with RNL=0.2 are first tested and the results are shown in Figure 4.20. It is
found that when h equals to 10, 100 and 1000, the reliability estimates drop to 0 at time 200
which does not satisfy the Evaluation Criteria (1) and (2) stated in Section 4.3. When h equals to
1, the reliability estimates drop to 0.4 at time 200 and remain at this value until time 800. After
time 800, the reliability estimates decrease to 0.1 at time 950. The trend does not satisfy the
Evaluation Criteria (1) and (2) stated in Section 4.3. When h equals to 0.0001, 0.001, 0.01 and
0.1, the reliability estimates reflect the degradation pattern of the simulation data and satisfy all
the Evaluation Criteria stated in Section 4.3. Based on Figure 4.20, h values greater than 1 are
ruled out by the Evaluation Criteria and h values less than and equal to 0.1 can yield reasonable
reliability estimates.
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Figure 4.20 Reliability estimates with h values from 0.0001 to 1000 (RNL=0.2)

Figure 4.21 shows the PDFs of the data for each time window with different h values. It is
found that the PDFs with h values equal to 1, 10, 100 and 1000 are overly smooth and obscure
the structure of data. Such PDFs have larger ranges of data values than the true one. For example,
Figure 4.22 shows the PDF for the first sliding window from time 0 to 200 when h=10. The
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normalized data points within [0,1] are used to determine the PDF while the PDF obtained by
KDE covers the range from -30 to 30 approximately. Because the data points within [0,1] are
also used for training OC-SVM, those out of this range are considered abnormal. As a result, a
small reliability value is yielded. The PDFs with h equal to 1, 100 and 1000 have similar shapes
and small reliability values are yielded for each time window. In the following, the scenarios
with h0.1 are further investigated.
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Figure 4.21 The PDF for each sliding window with h values from 0.0001 to 1000 (RNL=0.2)
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Figure 4.22 The PDF for the first sliding window with h=10 (RNL=0.2)

Figure 4.20 shows that h of 0.0001, 0.001, 0.01 and 0.1 can provide reasonable reliability
estimates; however, the shapes of the PDFs are quite different based on Figure 4.21. For h=0.1,
the shape of PDF is reasonably smooth as desired; while for h=0.0001, 0.001 and 0.01, the
shapes of PDF are spiky. It is reported that such spiky PDF is not suitable for probability density
estimation [33]. However, the trends of reliability estimates with h equal to 0.0001, 0.001, 0.01
and 0.1 satisfy the Evaluation Criteria stated in Section 4.3 and show the same favorable pattern
as the one with h=0.1. The results we have obtained are not in agreement with the reported study.
The study in [33] is interested in the probability of unknown data points which depends on the
shape of the PDF, so the selected h value must show the proper shape of PDF. Based on Eq.
(4.7) in Section 4.2, reliability is determined by the sum of the products of the interval, ,
between adjacent data points and the probability density, p, of the normal data points. The
normal data points are identified by OC-SVM and are obtained by splitting the range of PDF
based on a pre-selected number of splits, Nsplit. When h is too large the range of PDF is stretched
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making more split data points locate outside of the range of the original data points and resulting
in smaller reliability estimates than the true ones. A small value of h does not have this
disadvantage. Nevertheless, the reliability estimates are also influenced by other parameters such
as Nsplit and .
The interval, , is determined by the range of the PDF and the number, Nsplit. For example,
given that the range of the PDF is [0,1], when Nsplit=10000,

=

= 10 . The interval, ,

performs as a sampling frequency such that if a sufficient small interval value is chosen, the split
data points will be able to capture the true shape of the PDF and the reliability estimates will thus
meet the Evaluation Criteria. On the contrary, if the interval is not small enough, the true shape
of the PDF may not be captured. As a result, the reliability estimates may be larger or smaller
than the true ones and thus cause the trend of reliability estimates not satisfying the Evaluation
Criteria.
Based on above discussions, one can simply select a very large Nsplit value for a given h to
expect good reliability estimates since Nsplit is inversely proportional to . The negative effect of
this is the loss of computational efficiency. As mentioned in Section 3.2, the overall PDF of all
original data points is the sum of the kernel function of each data point and the width of kernel
function is determined by h. For this reason, it would be reasonable to select a value of Nsplit
based on h so that the split data points are able to capture the main shape of the kernel function
of each data point, and thus the overall PDF. Inspired by this idea, given a set of training data,
Xtr=(x1,…xn)T, the following expression is formulated:
(

)

(

)

=
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≤ ℎ,

(4.9)

where a is a coefficient relating h to Nsplit and needs to be determined. The maximum difference
among the training data points is used to approximate the range of overall PDF. For the
normalized data, Eq. (4.9) can be simplified as:
≥

.

(4.10)

To look for a proper value of a, we have conducted tests for various combinations of h and
Nsplit. The intent is to find a value of a such that when a certain h value is picked an appropriate
Nsplit value can be automatically determined. The simulation data with RNL=0.2 are adopted and
are normalized to the range of [0,1]. Figure 4.23 shows the plots of reliability estimates under
different Nsplit values with h equals to 0.0001, 0.001, 0.01 and 0.1. The Evaluation Criteria are
adopted to assess the reliability estimates. As discussed above, larger Nsplit values can provide
better reliability estimates. Figure 4.23 shows that the results are in agreement with this
observation. Take h=0.0001 as an example, when Nsplit ≥3000 the reliability estimates satisfy the
Evaluation Criteria. When Nsplit ≤2000, the reliability estimates show large scale fluctuations
which are not reasonable.
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Figure 4.23 Reliability estimates with different h and Nsplit (RNL=0.2)

More h values between 0.01 and 0.1 are investigated in order to get proper a values. Only the
quantitative results are given here. By plugging the pairs of h and Nsplit values into Eq.
(4.10), the values of a are obtained. Table 4.4 lists the smallest applicable Nsplit values, the
corresponding CPU times, and the calculated a values based on the tests. The obtained a values
are rounded to the nearest integer.
Table 4.4 Selection of a for different combinations of Nsplit and h (RNL=0.2)
Bandwidth h
0.0001
0.001
0.01
0.02
0.03
0.04
0.05
0.06
0.07
0.08
0.09
0.1

Split Number Nsplit

CPU time (s)
7.6
1.65
0.437
0.350
0.234
0.406
0.468
0.347
0.343
0.359
0.359
0.328

3000
300
30
30
20
16
16
16
10
10
10
10
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Coefficient a
3
3
3
2
2
2
2
2
1
1
1
1

Based on the results in Table 4.4.1, we can choose a as follows: when h0.01, a=3; when
0.02h0.06, a=2; when 0.06h0.1, a=1. It is also found that when h0.01 the consumed CPU
times are relatively comparable. With above observations, a rule of thumb for the selection of h
and Nsplit is given as:
,

ℎ ≤ 0.01

=

.
30,

(4.11)

0.01 < ℎ < 0.1

In summary, the investigations using simulation data with RNL=0.2 suggest that the values of
h no greater than 0.1 should be used for reliability estimation and Nsplit should be selected in
accordance with Eq. (4.11). These observations are also applicable for the cases with RNL=0.1,
0.3, 0.4, 0.5, 0.6, and 0.7. Similar to the observations in Section 4.3, when RNL=0.6 and 0.7, denoising method needs to be conducted to obtain reasonable reliability estimates. Due to page
limit, these results are not presented here.
4.4.2.Testing with Simulation and Experiment Data
This section tests the observations of h and Nsplit values obtained in the preceding section. Four
reported methods for selecting h value mentioned in Section 3.2 are used for testing. For each
testing data set, h is estimated using the reported methods and compared with the range of [0.01,
0.1] with Nsplit=30 which is obtained based on the investigations in Section 4.4.1. For the h
values within the range, the reliability estimates are expected to satisfy the Evaluation Criteria.
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(1) Results of simulation data
Simulation data with the RNLs of 0.1 to 0.7 as introduced in Section 4.1 are used for calculating
h values. Table 4.5 lists the calculated h values based on the four reported methods. Only the DPI
method [81] provides the h values greater than 0.1 which is not in the range recommended by
this thesis. Figure 4.24 shows the results using simulation data with RNLs of 0.2, 0.3, 0.4 and 0.5.
The Hua [28], MISE [33] and LSCV [82] methods provide reasonable reliability estimates
satisfying the Evaluation Criteria while the DPI method does not. These results are in agreement
with our expectations.
Table 4.5 The h values calculated using reported methods for simulation data
Method
Hua [28]
MISE [33]
DPI [81]
LSCV [82]

RNL=0.1
0.0500
0.0699
0.2567
0.0586

RNL=0.2
0.0500
0.0668
0.2546
0.0439

h values using simulation data
RNL=0.3
RNL=0.4
RNL=0.5
0.0500
0.0500
0.0500
0.0667
0.0663
0.0591
0.2560
0.2551
0.2495
0.0793
0.0755
0.0589
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Figure 4.24 Reliability estimates for simulation data using reported h selection methods

(2) Results of experiment data
Three sets of experiment data described in Section 4.1.2 are used for testing. Table 4.6 lists the
calculated h values using the four reported methods for each experiment data. It is seen that the
DPI method provides the h values greater than 0.1 for all the experiment data while its
counterparts provide values all within the range of [0.01, 0.1], as recommended by this thesis
research.
Table 4.6 The h values calculated using reported methods for experiment data
Method
Hua [28]
MISE [33]
DPI [81]
LSCV [82]

Water pump data (RNL=0.17)
0.0500
0.0653
0.2532
0.0656

h values using experiment data
Gearbox data (RNL=0.7)
0.0500
0.0724
0.2596
0.0930
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Bearing data (RNL=0.19)
0.0500
0.0431
0.2405
0.0459

Figure 4.25 shows the result of the reliability estimates using water pump data [28]. It is seen
that the DPI method provides the reliability estimates with unexpected declines at early stage
which does not satisfy the Evaluation Criteria while its counterparts perform well as expected.
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Figure 4.25 Reliability estimates for water pump using reported h selection methods

Figure 4.26 shows the reliability estimates using gearbox data [85]. The reliability estimates
using the DPI method are lower than the ones using other three methods. The reliability
estimates are affected too much by the large noise for all four methods. De-noising methods are
required before implementing reliability estimation.
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Figure 4.26 Reliability estimates for planetary gearbox using reported h selection methods

Figure 4.27 shows the reliability estimates using the bearing data [86]. Again, the DPI method
does not perform as well as its counterparts due to the large h value it provides.
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Figure 4.27 Reliability estimates for bearing units using reported h selection methods
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4.4.3.Summary
Section 4.4 has investigated the impact of h values of KDE on reliability estimation. Based on
the tests using simulation data with different noise effects, the h values within the range of [0.01,
0.1] are recommended for reliability estimation. Also, the formula for selecting the value of Nsplit
which is paired with h value is provided. Four reported methods for h selection are used to test
the validity of our observations. The Hua [28], MISE [33] and LSCV [82] methods are found
able to provide h values within the range of [0.01, 0.1] and can provide reasonable reliability
estimation for the tested simulation and experiment data. This shows the good applicability of
our recommendations on the selection of h and Nsplit in practical applications.

4.5. Investigation on the Sliding Window Size for Reliability Estimation
Degradation data are non-stationary data as they usually exhibit a trend wherein the mean and
the variance change over time. In Hua’s method [28], the entire time span in which degradation
data are collected is split into multiple overlapping sliding windows. It is assumed that the data
in each sliding window are stationary as long as the size of the sliding window is sufficiently
small. With this assumption, a fixed size of sliding window is specified and the data in each split
sliding window are used for probability density estimation. However, in Hua’s method, it did not
mention how to determine the sliding window size to ensure the data in the sliding window
stationary. This section investigates the impact of different window sizes on reliability estimates
and attempt to develop a method to estimate reliability using the window sizes varied upon the
change of the stationarity of data.

72

4.5.1.Impact of the Sliding Window Size for Reliability Estimation
Hua’s method [28] adopts two parameters to control the sliding windows, window size and
sliding distance. Refer to Section 4.2 for details on how these two parameters work. This section
investigates the impact of these two parameters on reliability estimates. The simulation data with
RNL=0.2 are used (see Figure 4.2) and the number of training data is 200. The strategy is to fix
one of the two parameters and vary the other to visualize the impact on reliability estimation.
Figure 4.28 shows the results of varying the window size. The sliding distance is fixed to 50
for all testing cases. It can be seen that different values of window size do not affect the
reliability estimates for the early stage up to around time 650; then the differences appear that the
reliability curves of five window sizes are apart from each other as time passes. The reliability
values with the smallest window size of 50 drop the quickest; while the ones with the largest
window size of 300 drop the slowest. The reason is that in each sliding window KDE estimates
the PDF based on only the data in the window; with the same sliding distance, a small window
size means that the sliding window tends to contain a larger fraction of the newcomers of data
points than a large window size. The newcomers possess larger/smaller values of data points due
to the degradation of system conditions. This scenario does not happen to the sliding windows
before time 650 because the newcomers correspond to the normal working condition the same as
their predecessors. After time 650, the newcomers with higher values gradually increase their
fractions in the window and have more influences on the PDF for small window than for large
window. As a result, the reliability estimates of the small window drop quicker than the large
window. As different window sizes give distinctive reliability estimates, its selection is important
to the success of reliability estimation.
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Figure 4.28 Reliability estimates for simulation data with different sliding window sizes

Next, the impact of different sliding distance on reliability estimation is investigated. Figure
4.29 shows the results of varying sliding distances. The window size is fixed to 200 for all tested
cases. It is seen that all the reliability curves almost merge together except for the one with a
sliding distance of 200. Due to this large sliding distance, only four sliding windows are resultant
for reliability estimation which is not practical. Though it still provides the reliability estimates
for each window comparable to others. We believe that the sliding distance has minor impact on
reliability estimates, but its selection depends on the total number of observed data points and the
users’ preferences on reliability monitoring intervals.
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Figure 4.29 Reliability estimates for simulation data with different sliding distances

4.5.2.Variable Sliding Window Size Based Reliability Estimation
Since window sizes have non-negligible influences on reliability estimation, one should carefully
select its value. To provide the sliding window with stationary data, the cumulative sum
(CUSUM) technique is adopted. Stationary data do not change their mean and variance over time
[98]. The CUSUM technique takes the advantage of this property by monitoring the change on
mean and standard deviation of time series data [99]. Suppose that a random variable Z is drawn
from a normal distribution with mean μ and standard deviation σ. CUSUM detects the deviation
of a certain observation from its mean by:
=

,

(4.12)

where di represents the multiple of σ that a certain observation xi deviates from μ. The two
parameters, μ and σ, can be replaced with sample mean and sample standard deviation when a
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number of samples are available. CUSUM adopts two sums to detect the unallowable deviation
which are given by [99]:
= max( 0, (
= max (0, (−

−
−

)+
)+

),
),

(4.13)

where UBi detects positive deviation and LBi detects negative deviation. The initial values of UB0
and LB0 are zeros. The value of m is usually selected to be 0.5 which is appropriate for detecting
1-σ deviation. There is a threshold, l, such that when it is exceeded by either sum, an unallowable
deviation is detected. The l is usually selected to be 3 as suggested in [99].
Figure 4.30 illustrates the strategy of using CUSUM for reliability estimation. In the figure, xi,j
represents the ith indicator value (data point) in the jth sliding window, t represents the time label
of indicator value over the entire time span and RTh represents the threshold of reliability prespecified by users. CUSUM determines when the current sliding window ends and all the
indicator values in the sliding window are used by KDE for probability density estimation. The
obtained PDF of the indicator value combined with the threshold determined by OC-SVM are
then utilized for estimating the reliability for the sliding window. For simplicity, the processes
associated with probability density estimation using KDE and thresholding using OC-SVM are
not shown in the flow chart, The two processes should be included in the highlighted box in
Figure 4.30.
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Figure 4.30 Flow chart of reliability estimation using variable sliding window size

The performance of the proposed strategy is tested with Hua’s water pump data [28]. The
parameters for the tests are set as reported in Hua’s method. The number of training data is 200;
the fixed window size is 200 and the sliding distance is 50. For comparison purposes, the
window sizes of 50, 100 and 300 are also tested. The parameters of CUSUM is set to l=3 and
m=1.5. The width parameter of OC-SVM is selected by the VM method per testing results
obtained from Section 4.3 and the bandwidth of KDE is selected by Hua’s bandwidth selection
method.
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Figure 4.31 shows the original water pump data with several time points labeled for illustration
purposes. Figure 4.32 shows reliability estimates using three fixed window sizes and variable
window sizes.
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Figure 4.31 Water pump data with highlighted characteristic time points
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Figure 4.32 Reliability estimates for water pump with fixed and variable sliding window sizes

For the reliability curve obtained using variable window size, the first sliding window ends at
time 421 and the corresponding reliability shows a little drop from 1 to 0.986. It is observed a
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small increase of indicator value at this time point, but not significant. System is still in the
normal condition. The second sliding window ends at time 701 when it is observed a sudden
jump of indicator value. The reliability drops to 0.9252. After that the indicator values keep
increasing and reliability keeps decreasing until reaches 0 at time 939. Similarly, the sliding
window ends at the time points, 808, 862, 878 and 939 which all correspond to the significant
increase in indicator values.
As compared to the curves of fixed window sizes, the curve obtained using variable window
size is generally above the other curves up to time 701. This is preferred since the original water
pump data do not show obvious value increase before this time point. After time 701, the
reliability curve crosses the ones with window sizes of 200 and 300 and lies in between the ones
with window sizes of 100 and 200.
Since the real reliability values are not available, it cannot be concluded that the variable
window size is better than the fixed ones. Nevertheless, per the observations we believe that the
method using variable window size is able to capture the degradation of the pump system and is
potentially able to estimate the reliability at the interested time point when the abnormality is
happening to the system. This is an advantage over the fixed window sizes which can only
estimate the reliability at a fixed time interval and cannot be adjusted to capture what is
happening dynamically.
4.5.3.Summary
This section investigated the impact of the sliding window size and the sliding distance for
reliability estimation. It is found that the reliability estimates are quite sensitive to the selection
of siding window size, but insensitive to that of sliding distance. To provide the sliding window
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with stationary data, a strategy of variable window size for reliability estimation was developed
by using the cumulative sum technique. The results show that the proposed strategy can provide
not only the reliability estimates comparable to the fixed sliding window size but also the
reliability estimates at the time points when the abnormality occurs to the system.

4.6. Investigation on Outlier Impact for Reliability Estimation
An outlier is an observed data point that is distant from other observations [100]. It may be due
to measurement errors or calculating errors [101]. Outliers can be the maximum or minimum
value of the data. If the outliers are not removed, they may affect the results of reliability
estimates. Hua’s method removes outliers for OC-SVM but does not remove outliers for KDE.
This section investigates the impact of outliers on reliability estimation. The simulation data to
be used are introduced in Section 4.1.1.
4.6.1.Implementation of Outlier Removal
Hua’s method [28] used the Pauta Criterion to remove ouliers for OC-SVM. When applying the
Pauta Criterion, the data are considered following the normal distribution. The mean, μ, and the
standard deviation, σ, of the data are calculated to obtain an upper bound, μ+3σ, and a lower
bound, μ-3σ. When a new data point is beyond these two boundaries, it is treated as an outlier
and is not considered for updating the training data.
Hua’s method did not conduct outlier removal for KDE. Since the value of an outlier will be
way different from the values of other data points, it will potentially influence the PDF of the
data in the form of unwanted long tails. As a result, the reliability estimates will be adversely
affected.
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To test the impact of outlier, a strategy of removing outliers from the data for KDE is
developed. Figure 4.33 gives the flow chart of this proposed strategy. Each data point in a sliding
window is tested using Pauta Criterion. Outliers are all removed from the sliding window and the
remaining data points are used to estimate the PDF. This process is repeated for each sliding
window.

Compute μ and σ using
data points, x1,…,xn, in a
sliding window
i=1
i=i+1

Test data point xi

If ∈
( − 3 , + 3 )?

i=i+1

Yes

No
Remove xi from the
sliding window

No

If i=n ?
Yes

Use KDE to estimate PDF with left
data points in the sliding window

Figure 4.33 Flow chart of implementation of outlier removal for KDE
4.6.2.Investigation on Outlier Impact
In this section, the impact of outliers on reliability estimates is investigated. Two sets of
simulation data which respectively contain 1 and 5 outliers are considered for investigation. The
experiment data of water pump which contain 1 outlier are also used for investigation.
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(1) Simulation data with 1 outlier
The simulation data with 1 outlier as introduced in Section 4.1.1 are used for testing the impact
of the outliers. Figure 4.34 shows that the outlier locates at early stage at time 313 with the value
of 34.56. The left panel of Figure 4.35 shows the PDF of data in each sliding window with the
outlier removed. The right panel shows the PDFs without the outlier removed. It is seen that the
PDFs of sliding windows 4, 5, 6 and 7 have long tails on the right hand side because of the
outlier. The long tails of the PDFs cause a lower reliability estimate. Figure 4.36 shows the
comparison of reliability estimates with and without outlier removed. It is seen that reliability
estimates without removing the outlier have an apparent reliability drop for sliding windows 4, 5,
6 and 7. For the sliding windows that do not have the outlier, reliability estimates are not affected.
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Figure 4.34 Simulation data with 1 outlier (RNL=0.2)
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Figure 4.35 PDFs with (left) and without (right) outlier removed (1 outlier)

1

Reliability

0.8
Reliability including the outlier
Reliability with outlier removed

0.6

0.4

0.2

0
0

313

650

1000

Time

Figure 4.36 Reliability estimates with and without outlier removed (1 outlier)

(2) Simulation data with 5 outliers
The simulation data with 5 outliers as introduced in Section 4.1.1 are also used for testing the
impact of the outliers. Figure 4.37 shows the plot of the simulation data with 5 outliers. Three of
them locate at early stage with large amplitudes and two of them locate at the late stage with
small amplitude at time 668 and large amplitude at time 773. Figure 4.38 shows the PDFs with
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and without removing the 5 outliers. For the outliers located at the early stage, reliability
estimates are similar to the case with 1 outlier. For the outliers at the late stage, the one with
small amplitude is not detected because the values are comparable to the neighbor data points.
Figure 4.39 shows the comparison of reliability estimates with and without the outliers removed.
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Figure 4.37 Simulation data with 5 outliers (RNL=0.2)
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Figure 4.39 Reliability estimates with and without outlier removed (5 outliers)

(3) Water pump data with 1 outlier
The water pump data [28] with 1 outlier as introduced in Section 4.1 are used for testing the
impact of outlier. Figure 4.40 shows that 1 outlier is randomly added to the water pump data at
time 477. The data point at time 701 also has a large value which exists in the original data.
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Figure 4.40 Water pump data with 1 additive outlier
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The reliability with and without removing the outlier are estimated and compared in Figure
4.41. The number of training data is 300. The window size is 100 and the sliding distance is 50.
It is found that Pauta Criterion removed the outlier at time 477 hours and also the non-outlier
data point at time 701 hours. The obtained reliability estimates are able to reflect the degradation
pattern of the data. For the case without removing the outlier, reliability estimates drop around
times 477 and 701 hours. For the data point at time 701, it is close to the late stage, so it may not
be an outlier but a sign of fault for the system. Further study may be required to determine
whether a detected data point at the late stage is an outlier.
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Figure 4.41 Reliability estimates for water pump with and without outliers removed

4.6.3.Summary
Based on the tests using simulation data and experiment data, the impact of outliers on reliability
estimation is investigated. It is found that an outlier can cause a long tail of the PDF and leads to
unexpected decrease in reliability estimates. Therefore, removing outliers from the data for KDE
is a necessary step to ensure the success of reliability estimation. One thing to be noted is that the
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data points with large values at the late stage may not be outliers. Such data points may be a sign
of fault. Further study needs to be conducted to address this problem.

4.7. Comparisons with Hua’s Method
With the observations obtained from previous sections, this section compares the performance of
using the parameters reported in [28] and the parameters recommended by this thesis. In [28], the
water pump data are used for testing Hua’s method and the parameters adopted are as follows.
The number of training data is 200, the fixed window size is 200, the sliding distance is 30, and
the split number, Nsplit, is 300. The selection of width parameter, σ, is not provided in [28]. We
choose σ = 0.004 which is obtained by VM method as presented in Table 4.3. The value of
bandwidth, h, is given as 0.054 in [28]. It is seen that the parameters for Hua’s method are in
compliance with our suggestions where σ lies in the applicable range of [0.002, 0.01], h lies in
the applicable range of [0.01, 0.1] and Nsplit is equal to 300 which is more than enough per our
suggestions. Based on these selected parameters, Hua’s method is expected to provide reasonable
reliability estimates.
Table 4.7 Parameter settings for comparisons
Method

σ

h

Nsplit

CPU time (s)

# of Windows

Hua’s method

0.004

0.054

300

2.26

35

Option 1

0.004

0.1

30

0.3120

35

Option 2

0.004

0.01

30

0.4368

35

Option 3

0.004

0.001

330

1.9188

35

Variable Window Size

0.004

0.054

300

0.5616

12
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To conduct a fair comparison, all the parameters are selected the same as those reported in [28]
except for the parameters of σ, h, and Nsplit which are selected based on our observations. Table
4.7 shows the three selected options of the parameters. The σ is chosen as 0.004 for all three
options the same as that for Hua’s method. The h is chosen based on Eq. (4.11) where the
boundary values of 0.01 and 0.1 are considered. Another small h value of 0.001 is also tested for
interest. The Nsplit is chosen according to the selected h values based on Eq. (4.11). The method
of variable window size is also included for the comparisons, wherein parameters of σ, h, and
Nsplit are selected exactly the same as those for Hua’s method.
Figure 4.42 shows the results of reliability estimates. It is seen that the methods of Option 2,
Option 3 and variable window size provide reasonable reliability estimates satisfying the
evaluation criteria. Hua’s method also provides reasonable reliability estimates but with small
drops at the early stage. Compared to Hua’s method, Option 2 provides better results and
consumes less CPU time as listed in Table 4.7. This is due to the smaller Nsplit selected based on
our observations. The method of variable window size provides smoothest reliability estimates at
the early stage as compared to all its counterparts and consumes smaller CPU time than Hua’s
method due to less number of sliding windows being required as listed in Table 4.7.
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Figure 4.42 Comparisons of reliability estimates using different methods
Option 1 takes h=0.1 which is the boundary value of h based on our observations. It is seen
from Figure 4.42 that the method of Option 1 provides reliability estimates with larger drops than
Hua’s method at the early stage. Users may need to determine its acceptability upon individual
cases. Therefore, it is recommended to choose h=0.01 with Nsplit=30 since as compared to h=0.1
it requires comparable CPU time but provides better results of reliability estimates.

4.8. Summary
This chapter investigates four aspects of reliability estimation using OC-SVM for thresholding
and KDE for probability density estimation based on condition monitoring data. The first aspect
is the impact of the width parameter, σ, of OC-SVM on reliability estimation. An applicable
range of [0.002, 0.01] is found for the σ, which can provide reasonable reliability estimates for
the data with various noise effects. The second aspect is the impact of the bandwidth, h, of KDE
on reliability estimation. An applicable range of [0.01, 0.1] for h and a formula for the number of
splits are found able to provide reasonable reliability estimates for the data with various noise

89

effects. The third aspect is the impact of the sliding window size and the sliding distance of KDE
on reliability estimation. A method is developed to use variable window sizes for reliability
estimation. The method is found able to not only provide applicable reliability estimates but also
compute the reliability estimates for the sliding window corresponding to the transition of system
conditions. The fourth aspect is the impact of outliers for reliability estimation. It is confirmed
that outliers can adversely affect the outcomes of reliability estimation and need to be removed
before the implementation of thresholding and probability density estimation.
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Chapter 5
Summary and Future Work

5.1. Summary
System reliability estimation using condition monitoring data includes two important parts:
thresholding and probability density estimation. This thesis studied a reliability estimation
method which uses one-class support vector machine (OC-SVM) for thresholding and kernel
density estimation (KDE) for probability density estimation. Four aspects were investigated and
the work of this thesis is summarized as follows:
(1) The impact of the width parameter, σ, of OC-SVM on reliability estimation was investigated
by using the enumeration method. Simulation data with different noise effects were used for
investigation. An applicable range of [0.002, 0.01] for σ was found able to provide
reasonable reliability estimates and reflect the degradation pattern of simulation data. For
σ>0.01, the reliability estimates tend to show a flat pattern at late stage, and for σ<0.002, the
reliability estimates tend to drop at early stage. Neither agrees with the degradation pattern of
simulation data nor satisfies the Evaluation Criterion. The effects of different noise levels
were investigated and the results showed that de-noising method is needed for the data with
relative noise level (RNL) greater than 0.3. Three sets of experiment data were tested using
the σ values obtained with three reported methods. Only one method provided σ values
within the range recommended by this thesis and yielded reasonable reliability estimates. It is
concluded that the range of [0.002, 0.01] may be a good option for selecting the width
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parameter, σ, of OC-SVM for reliability estimation. One can select a σ value within the range
as the first step when using the reported method for reliability estimation.
(2) The impact of the bandwidth, h, of KDE on reliability estimation was investigated by the
enumeration method. The data used are the same as those for the cases of width parameter
selection. A range of [0.01, 0.1] for h with Nsplit=30 are recommended for KDE to provide
reasonable reliability estimates. For h>0.1, the reliability estimates tend to drop at early stage
and do not satisfy the Evaluation Criteria. For h<0.01, it requires a large value of Nsplit which
is computationally inefficient. The effects of different noise levels were investigated and the
results show that de-noising method is needed for the data with RNL>0.3. Three sets of
experiment data were tested using h values obtained from four reported methods. Three
methods provided h values within the range recommended by this thesis and yielded
reasonable reliability estimates; while one provided the values of h greater than 0.1 and failed
to provide reliability estimates satisfying the Evaluation Criteria. It is concluded that the
range of [0.01, 0.1] may be a good option for selecting the bandwidth, h, of KDE for
reliability estimation with a recommended split number equal to 30. One can select an h
value within the range and the recommended split number as the first step when using the
reported method for reliability estimation.
(3) The impact of sliding window size and sliding distance for KDE on reliability estimation was
investigated. The results showed that the sliding distance of window has minor effects on
reliability estimation. A smaller sliding distance provides a larger number of reliability
estimates than a larger sliding distance does. Different sliding window sizes do not affect the
performance of reliability estimates at the early stage, but they yield different reliability
estimates at the late stage. Since the true values of the reliability estimates are inaccessible, it
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is difficult to choose an optimal size of time window. A strategy with variable window size
was developed and compared with the one with fixed window sizes. Water pump data were
used to test the performance of the variable window size. The results showed that as
compared to fixed window sizes, the variable window size can provide more stable reliability
estimates close to 1 at the early stage and can capture the transition of system condition at the
time points when abnormality occurs.
(4) The impact of outliers on reliability estimation was tested based on simulation data and
experiment data. The reliability estimates and the probability density functions (PDFs) of
each sliding window with and without removing the outliers were compared. It is found that
the outliers may cause the PDFs of the data having long tails which results in unexpected
decreases in reliability estimates for sliding windows containing the outliers. A strategy of
outlier removal for KDE is developed based on Pauta Criterion. The results showed that
removing outliers for KDE was a necessary step to ensure the success of reliability
estimation. It is also observed that the data points with large values at the late stage may not
be outliers but a sign of fault. The method for identifying true outliers for the late stage needs
to be developed in future.

5.2. Future Work
The objectives of this thesis are to investigate four aspects of a reported method in order to
simplify the use and enhance the performance of the reported method. However, in the study
several other issues are found and need to be addressed in the future:
(1)

Data with large noise effects are not appropriate to be used in reliability estimation. Such
data will result in a flat trend of reliability estimates which are unable to reflect the
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degradation pattern of system health condition. In order to reduce the effects of noise,
proper de-noising methods should be developed and used in the future.
(2)

Outliers need to be removed for reliability estimation. However, unusual data values
appearing at the late stage may not be necessarily the true outliers. They could also be the
sign of faults. Further studies need to be conducted to identify whether a data point with its
value different from its neighbors is a true outlier or not.

(3)

This thesis studied the reliability estimation using a one dimensional time series of a health
indicator. In practice, one health indicator may not be able to fully reflect the degradation
of the system of interest, so multiple health indicators may be required for reliability
estimation. Both OC-SVM and KDE are able to deal with multidimensional data, so the
reported method can be extended to accommodate the case with multiple health indicators.
As more information of system health is available from multiple indicators, more useful
results are expected. This will be a study topic in the future.
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