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Abstract

Prognostics and health management (PHM) is an engineering discipline that aims to
maintain system behaviour and function and ensure mission success, safety and effec-
tiveness. Prognostics is defined as the estimation of remaining useful life. It is the
most critical part of this process and is a key feature of maintenance strategies since the
estimation of the remaining useful life (RUL) is essential to avoiding unscheduled main-
tenance. Prognostics is relatively immature compared to diagnostics, and a challenging
task facing the research community is to overcome some of the major barriers to the
application of PHM technologies to real-world industrial systems. This thesis presents
research into methods for addressing these challenges for industrial applications. The
thesis work focuses on prognostic approaches for three different engineering systems with
different characteristics in terms of the prognostics of operation and maintenance as-
pects. The aim of this thesis is to facilitate better operation and maintenance decision
making. The main benefits of prognostics are in anticipating future failures to increase
uptime, implementing dynamic maintenance planning toward decreasing total costs and
decreasing energy consumption. Therefore, there is a need for methods that can be used
in these cases to classify the health states and predict the remaining useful life of assets.
The studied engineered systems in this thesis are railway tracks, batteries and rolling
element bearings.

In a railway system, the track geometry has to be maintained to provide a safe and
functional track. Therefore, track degradation of ballasted railway track systems has to
be measured on a regular basis to determine when to maintain the track by tamping.
Tamping aims to restore the geometry to its original state to ensure an efficient, comfort-
able and safe transportation system. To minimise the disruption introduced by tamping,
this action has to be planned in advance. Track degradation forecasts derived from regres-
sion methods are used to predict when the standard deviation of a specific track section
will exceed a predefined maintenance or safety limit. In this thesis, a particle-filter-based
prognostic approach for railway track degradation for railway switches is proposed. The
particle-filter-based prognostic will generate a probabilistic prediction result that can
facilitate risk-based decision making.

Li-ion batteries are another important components in engineering system and bat-
tery life prediction matters. Li-ion batteries are commonly used in a wide range of
consumer electronic devices, electric vehicles of all types, military electronics, maritime
applications, astronaut suits, and space systems. Many critical operations depend on
such batteries as a reliable power source. It is therefore important for the user to get an
accurate estimate of the battery end of discharge because an unforeseen discharge of a
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battery could have catastrophic consequences. To address this issue, a Bayesian hierar-
chical model (BHM)-based prognostics approach was applied to Li-ion batteries, where
the goal was to analyse and predict the discharge behaviour of such batteries with vari-
able load profiles and variable amounts of available discharge data. The BHM approach
enables inferences for both individual batteries and groups of batteries. Estimates of
the hierarchical model parameters and the individual battery parameters are presented,
and dependencies on load cycles are inferred. The operational and reliability aspects,
end of life (EoD) and end of life (EoL), are studied; it is shown that predictions of the
EoD can be made accurately with a variable amount of battery data. Without access to
measurements, e.g., predicting performance of a new battery, the predictions are based
only on the prior distributions describing the similarity within a group of batteries and
their dependency on the load cycle. A discharge cycle dependency is identified helping
with estimation of battery reliability.

Batteries have become a very important engineering system, rotating machines have
played an important role, possibly the most important role, in the field of engineering.
They have been used to drive the industrialisation of the world. For rotating machinery,
rolling element bearings are a vital component and have several failure modes. Hence,
there is significant need to monitor the health of bearings and detect degraded states and
upcoming failures as early as possible to avoid serious accidents and equipment failure.

For rotating machinery, rolling element bearings are a vital component and have sev-
eral failure modes. Hence, there is significant need to monitor the health of bearings
and detect degraded states and upcoming failures as early as possible to avoid serious
accidents and equipment failure. For rolling element bearings, an investigation in using
FEM models for estimating bearing forces from acceleration measurements was con-
ducted. This study was performed at a paper mill where a bearing monitoring system
was installed. The purpose of the study was to feed the bearing rating life L10 (a bearing
life length calculation) with estimations of the dynamic bearing forces to continuously
update the L10 calculation by generating a dynamic L10. In a second study for bearing
lifetime prediction, a Bayesian hierarchical modelling (BHM) approach , which includes
different data sources, such as enveloped acceleration data, in combination with degra-
dation models and prior distributions of other parameters, was developed, in which the
bearing rating life calculation can be included. The proposed prognostics methodology
can be used in cases where there is less or noisy data. The above approach can even be
used in cases whereby there is no prior knowledge of the system or little measurement
data on the conditions. The presented BHM approach can also be used to predict the
remaining useful life (RUL) of bearings both in situations in which the bearing is con-
sidered to be in a healthy state and in situations after a defect has been detected

Keywords: Prognostics and health management (PHM), diagnostics, Bayesian hier-
archical modelling, bearing rating life L10, bearing, Li-ion battery, remaining useful life,
particle-filter, model-based, data-driven, prognostics, railway track geometry.
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Chapter 1

Introduction

“The future depends on what we do in the present.”

M. Ghandi

The goal of this section is to discuss certain key concepts that provide an understand-
ing of the background to prognostics and health management background and the moti-
vation of this thesis. This thesis addresses the PHM approach applied to condition-based
maintenance technology, specifically concerning three different applications of engineering
systems: railway track geometry, butteries and rolling element bearings.

1.1 Background and motivation

One of the major problems in industry is the extension of the useful life of high-performance
systems. Proper maintenance plays an important role by extending the useful life, reduc-
ing the life cycle costs and improving the reliability and availability. The reliability of a
component or system is a measurement of its performance regarding its intended function
above a minimum standard for a specified period of time in defined circumstances. Prog-
nostics and health management (PHM) is an engineering discipline that aims to maintain
the system behavior and function while ensuring mission success, safety and effectiveness.
Health management using a proper condition-based maintenance (CBM) deployment is
a worldwide accepted technique and has grown to be very popular in many industries
over the past few decades. These techniques are relevant in environments where the
prediction of a failure and the prevention and mitigation of its consequences increase
profits and enhance the safety of the facilities concerned. Prognosis is the most critical
part of this process and is currently recognised as a key feature in maintenance strategies
since the estimation of the remaining useful life (RUL) is essential. PHM can provide a
state assessment of the future health of a system or of components of interest, e.g., when
a degraded state has been found. Using this technology, one can estimate how long it
will take before the equipment will reach a failure threshold under future operating and
environmental conditions. PHM technology is relatively immature compared to diagnosis
technology, and a challenging task facing the research community is to overcome some of
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4 Introduction

the major barriers obstructing the application of PHM technology to real-world industrial
systems. One major challenge is in actually predicting the RUL since it often depends
on multiple parameters that are time and operational dependent. These relationships
and models have to be derived from a physical understanding about the system or by
measuring its degradation behaviour.

PHM addresses the prediction of future conditions and how to manage the health of an
asset. In complex industrial applications, fault propagation is often difficult to predict,
especially where multiple dependencies and complex relations exist between different
process parameters and the asset health. In most cases, the degradation data for the
entire life of the components are not available, and no explicit relationship has been
established between damage and the measured health condition. Therefore, there is a
need for methods that can be used in these cases to classify the health states and predict
the remaining useful life.

This thesis presents research into methods for addressing these challenges in industrial
applications. During the last decade, the number of works within the field of prognostics
and health management of engineering systems has increased.
From a maintenance ”health management” perspective, engineering systems can be di-
vided into two main groups:

• repairable and

• non-repairable systems

Minimal repair

Imperfect repair

Perfect repair, similar 
to replace by new

Time

Fa
ilu

re
 ra

te

Failure

New system

Figure 1.1: Effects of different maintenance actions [1]

For repairable systems, three types of repairs are defined, as shown in Fig. 1.1. A
perfect repair makes the unit as good as new, a minimal repair restores the unit to its
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condition just before the failure occurred, and an imperfect repair results in the unit
being better than it was prior to failure but not as good as new [1]. The replace by new
action can be considered the next failure after a perfect repair.

This thesis work focuses on prognostic approaches for three engineering systems with
different characteristics in terms of prognostics (data-driven or model-based prognostics)
of operation and maintenance aspects:

1. Rolling element bearings: Considered as a non-reparable or repairable system
whereby data and physical models are used to predict the end of life.

2. Li-ion batteries: Considered as a non-reparable system whereby data and physical
models are used to predict end of discharge and end of life.

3. Railway track geometry: Considered as a reparable system whereby data and a
physical degradation models are used to predict the remaining technical life.

1.2 State-of-the-art review and problem formulation

This section presents a state-of-the-art review of PHM for each engineering system, i.e.,
rolling element bearing, Li-ion batteries, and railway tracks geometry, in Sections 1.2.1–
1.2.3. The problem formulations of these three engineering systems are also addressed in
this section for these systems.

1.2.1 Rolling element bearings

Bearings are normally considered as non-repairable units, as in consumer cars, where,
e.g., a failed wheel bearing is replaced and not restored. However, for some cases in
applications concerning expensive and large bearing, the bearings can be restored. In
most cases, a rolling element bearing is considered as a non-repairable item. It is replaced
when a defect is detected or when the provided service no longer satisfies specifications.
Bearings can however also be restored; whether a bearing is being considered as a re-
pairable or non-repairable unit is dependent on the application and the economic aspects
characterising each case. The degradation rate of a bearing is driven by external factors
built into the system and the operation (speed, load, etc.). For example, in a large wind
turbine, bearings can be restored depending on the failure mode.

In a wind turbine, the bearing loads and rotating speeds vary considerably due to
constantly changing winds. In this type of industry, the failure of a single roller or
bearing can lead to the stoppage of power generation, therein having costly consequences.
Another example wherein bearings play a vital role is in the paper industry. In a paper
machine, where the pulp is being transformed into paper, rotating components, such
as bearing-mounted rollers, play an important part in driving the wire with the pulp
through the process. In this type of industry with a serial layout, the failure of a single
roller or bearing could also lead to the stoppage of several production steps, therein
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having costly consequences. To ensure and maximise the asset availability, a condition-
based maintenance (CBM) strategy can be implemented. Therefore, bearing life time
prognosis plays a significant role in reducing plant down time.

Figure 1.2: Different types of bearings: a) ball bearings and b) sensorised bearings [Courtesy of
SKF]

Rolling element bearings, shown in Fig. 1.2, are a central component in rotating ma-
chinery and have several failure modes. Hence, there is a significant need to monitor
the health of a bearing and detect faults early to increase the operating life. The sig-
nals extracted by a monitoring system can be used to predict the remaining useful life.
If appropriate maintenance actions have not been performed, catastrophic failure can
result. Vibrations, oil debris and temperatures can be used to detect the degradation
behaviours of bearings. Vibrations in a machine are due to the dynamic behavior of the
parts produced by the exciting force. These vibrations can be measured, extracted, and
analysed. The main objective in condition monitoring using, e.g., vibration analysis or
oil analysis, is to detect degraded bearing health before a failure occurs. This assessment
of the condition can be useful in providing early warnings using vibration analysis. This
early warning information is normally used in maintenance planning, but it can also be
useful for returning the production equipment to a new state of health. Various methods
have been developed to analyse vibration signals: time-domain, frequency-domain and
time-frequency analyses. By tracking the changes in the amplitude of the signal, vibra-
tion signals are used to characterise machinery and its components. By assessing the
changes in a vibrating system, one can predict that there might be a problem with the
machinery and that there is need for condition monitoring toward planning maintenance
actions. Previously, vibration signals have been utilised for the evaluation of damage
to systems [2]. These signals are assessed to obtain the relationships among the bear-
ing’s failure mechanisms and signal strength for a specific frequency to which the level
of damage can be predicted. In most cases, spall damage grows quickly, and hence, it is
difficult to predict damage and plan for maintenance. Hence, there is a need to imple-
ment condition-based maintenance (CBM) methods for extending the life of the bearings.
The RUL prediction of rolling element bearings is complex because of several variables
influencing the behavior of bearings. A failure in a single component in a bearing could
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lead to higher costs, higher risk to personnel and greater vulnerability to the surrounding
environment.

Problem formulation

In the design phase, bearing life calculations are normally conducted using the designed
static conditions. The load is described as a static component, and using bearing data,
the L10 can be calculated. The L10 represents an estimation of a probabilistic measure
of a point in time where it is estimated that 10% of the bearing population has failed.
This measure can of course be adjusted if a lower business risk than that presented by
the 10% is required. In practice, it is often difficult to estimate the remaining life of
an individual bearing, especially since the aspects that govern the degradation can vary
from case to case.

As shown in Fig. 1.3, phase 1 describes the nominal operating mode of a system.
This corresponds to the latent phase (phase 1) on the left side of the figure. This step
is necessary to put phase 2 into perspective, as each system of a certain type may very
well start at a different nominal operating condition. The second step in this approach is
modelling the degradation phase (phase 2). This step is necessary to fill in the knowledge
gap between the machine’s nominal operating mode and its non-functional mode. This
is crucial for prediction to improve the estimation of the bearing RUL by dynamically
updating the L10 so that the bearing life length can be calculated.
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Figure 1.3: Health Index: a) example of phases1 and 2 of the asset degradation process b) 
Bearing health index signal
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Several studies can be found in the literature for predicting a bearing’s life time [3,4].
A physical degradation model for roller bearings situated in an aircraft engine was devel-
oped by Bolander et al. [5] with the limitation of only spall on the outer raceway being
considered. Due to challenges facing the physical degradation model, several studies, such
as [6–11], on bearing prognostics that extract features from the vibration signal have been
implemented. A stress-based fatigue life model was developed for ball bearings [12]. This
proposed model provides better predictions than previous bearing life models, with a lim-
itation being the exclusion of uncertainties; the Lundberg and Palmgren model and the
Ioannides-Harris model were utilised. The results from the above studies were limited to
a particular use case and are difficult to apply to other case studies. There are several
other factors, such as the parameters for different operational conditions, load, speed,
lubrication, contamination, temperature and other environmental aspects, and weather
conditions, that need to be considered to achieve better RUL predictions. The type of
parameter affects the bearing life. Therefore, when a fault initiation has been detected,
we need to know how many operational hours remain. These challenges motive the
development of PHM technology and the prediction of the future behaviors of bearing
RUL for incorporating time-varying contextual, operational and condition data as well
as historical data in different phases of an asset’s life.

1.2.2 Li-ion batteries

Batteries are normally considered as a non-repairable item. Similarly to a light bulb and
its burning wire, non-rechargeable batteries are disposed of when the battery charge is
consumed. Rechargeable batteries are also normally considered as non-repairable items
even though they can be used several times. The recharging process is not an action
performed to retain or restore the battery’s function; it is considered as a part of oper-
ation. However, the properties of a rechargeable battery can degrade and result in, e.g.,
a failed recharging functionality. For certain applications, some batteries, such as lead-
acid batteries, can be restored, but in this case, they represent a non-repairable system.
Typically, the battery is replaced when the charging functionality is lost. In some cases,
restoration can occur, as in the bearing case, depending on the cost of restoration vs.
replacement.

Lithium-ion (Li-ion) batteries (see typical battery examples in Fig. 1.4) are a com-
monly used battery type in, e.g., consumer electronics, electric vehicles of all types,
military electronics, and maritime and space systems. Li-ion batteries have many advan-
tages over other battery technologies, e.g., longer cycle lives, shorter recharge times, low
self-discharge rates, and high power densities. However, the battery capacity decreases
with time and usage, eventually failing to provide satisfactory performance. The ability
to predict the EoD and also possibly the degradation of the initial charge has increased in
importance, especially for unmanned battery-powered vehicles such as exploratory rovers,
submarines, and UAVs (Unmanned Aerial Vehicles). An important operational aspect of
these types of systems is the ability to maximise the usage of the system considering the
available battery charge without jeopardising a mission. For example, most such systems
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must be able to return to base before the battery discharge reaches a threshold beyond
which the return trip would be jeopardised. For example, for space missions, such as
Mars-based rovers in a hypothetical mission that operates from a home base, it is es-
sential to understand the discharge behaviour of batteries due to the remote operational
locations of such missions. A Mars rover would need to collect samples from different lo-
cations on Mars. To collect each sample, a certain amount of battery charge is consumed.
To complete the mission along a planned route, the rover needs to predict the available
remaining charge that will be consumed for each observation point and whether it should
travel to certain observation points or return to home base. A lack of this ability could
result in catastrophic consequences.

It is evident that the probability of mission failure can be reduced by improving the
prognostic capability for determining the remaining battery charge. In these cases, it may
not be appropriate to consider standard battery prediction methods used in the consumer
electronics industry, which are often based on lookup tables alone; such tables may be
dependent on the battery use times. Therefore, it is important to implement prognostic
and health management (PHM) technology for critical systems to successfully predict
and manage the lifetimes of batteries, monitor their health state in real time, evaluate
their performance and predict the RUL. However, it is not always easy to predict the
EoD because this depends on the utilised physical degradation models and run-to-failure
data, which are not always available.

Fig. 1.5 shows typical discharge behaviours over time with variable loads. The output
voltage of a battery gradually decreases with use (see, e.g., Fig 1.5). If the voltage level of
the battery is below a predefined threshold, the voltage cannot drive a load, and the bat-
tery needs to be recharged. This threshold voltage can be used as the EoD condition. Due
to certain physical phenomena, a battery degrades with repeated charging-discharging
cycles, and the degradation depends on the operating conditions. The discharging char-
acteristics also vary because inherent electro-chemical reactions also change in nature.
The decrease in the capacity of a battery over time is manifested in an increase in the
internal impedance. For the above-mentioned reasons, it is important to understand
the behaviour of the battery and to predict the RUL (here, the EoD) so that one can
make the necessary decisions for mitigating relevant risks. The main objective con-
cerning the lithium-ion batteries in this study is to measure the battery discharge and
predict the EoD considering the operating conditions. Various types of methods that can
predict battery discharge have been developed. The most common prognosis methods
are physics-based approaches, which use mathematical formulations based on physical
phenomena or principals, and data-driven approaches [13–15].

Data-driven methods are independent of physical/expert knowledge and can be devel-
oped based on statistical models that describe the degradation behaviour of the batteries.
Data-driven methods can be classified into two categories. Methods of the first category
measure the internal impedance of the battery using electro-chemical impedance spec-
troscopy (EIS) methods. Various methods are based on EIS methods [16] and non-linear
filtering methods [17,18]. Non-linear filtering methods depend on modelling the battery
degradation. The main disadvantage of EIS is that such methods are time intensive and
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Figure 1.4: Example of different types of Li-Ion batteries [source: wikipedia and internet]

cost inefficient. Xing et al. [19] noted that methods of this category require measurements
in conditioned environments because they are sensitive to noise. Methods of the second
category measure the capacity of each cycle of the battery. Various types of methods can
be found in the literature; for example, He et al. [20] proposed an empirical exponential
model to fit capacity-fading curves. An empirical second-order polynomial regression
model and a least square estimation were introduced by Micea et al. [21] to predict the
battery degradation behaviour. Similarly, Xing et al. [19] proposed an ensemble model
that fuses exponential and polynomial regression models using a Bayesian particle filter
(PF) approach. Numerous publications have also addressed [15,17,22–26] physics-based
prognostic approach.

Problem formulation

The ability to perform a battery-powered mission is dependent on both operational and
availability aspects of the battery such as EoD and reliability. Reliability is defined
as the “ability of an item to perform a required function under given conditions for a
given time interval”. Reliability R(t) is related to the failure probability F (t), where
R(t) = 1 − F (t), which means that the lack of ability to perform the required function
is related to a failure instead of the usage of the battery as in recharging strategies. The
upper part of the figure shows a battery that has been discharged under a variable load
(which can be seen in the lower part of the figure), where the thin green line represents
a model and the thick red line represents experimental data.

The EoD for a rechargeable battery is normally not considered as a failure event;
rather, it is an operational issue. However, if analysing a non-rechargeable battery, the
EoD could be equal to the EoL and hence a failure, which means that it becomes a
reliability problem, similar to a light bulb with a limited lifetime. The main challenge
is that the measured capacity is dependent upon the threshold voltage and that this
threshold voltage further relies on the available capacities in different cycles.

Selecting an appropriate prognostic algorithm for a particular application is crucial to
the ultimate success of a prognostic programme [27]. For example, in prognostics using a
neural network, the neural network is not typically established in a probabilistic frame-
work [28] and instead estimates the EoD as a single time point. Another problem is that
the degradation of the battery also depends on external factors such as the temperature,
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Figure 1.5: Upper panel: Battery discharge cycle in voltage (V). Lower panel: Variable load in
Ampere (A)

discharge rate, and depth of discharge [24].
As mentioned earlier, several types of prognostics technologies can be found in the

literature. However, the applicability of such technologies in industry remains a challenge
for different reasons, i.e., the time-consuming calculations (depending on the requirements
and the applications), lack of required data, missing data or noisy measurements and
models.

1.2.3 Railway track geometry

The third engineering system addressed in this thesis is a ballasted railway track, wherein
the track geometry is considered. Geometry degradation of ballasted track systems has to
be measured on a regular basis, and such tracks must be maintained via tamping. Tamp-
ing aims to restore the geometry to its original shape to ensure an efficient, comfortable
and safe transportation system. A well-known challenge for railway infrastructure man-
agers (IMs) is ensuring the required railway service capacity and quality by maintaining
and restoring the track functionality. Tamping moves ballast material under the sleepers
to elevate degraded sections; this action attempts to keep the track geometry within spec-
ified limits. Failing to ensure this geometry could result in safety and comfort issues and
thus speed restrictions or closed line sections. Condition-based maintenance technology
could incorporate the use of PHM technologies.

A railway track consists of many different components, and one major aspect related
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Figure 1.6: Railway track degradation [29]

to maintenance is in retaining and restoring the track geometry, especially for ballasted
tracks ( see an example Fig. 1.6). This is done to avoid increased wear and/or de-
railment risks. The track geometry degrades over time and is dependent on different
environmental aspects as well as the traffic load. The traffic load is cyclical in nature,
and the degradation can be described as two processes: the settlement process, mainly
driven by the traffic load in between maintenance actions, and a degradation process
characterising the restorability. A track is designed using tangent track sections, curved
track sections and railway switches and crossings, which are all normally mounted on
concrete slabs or ballast [30]. Ballasted tracks are less expensive but can experience
greater dynamic changes compared to the more stable and expensive slab tracks. This
service is performed by planning and executing a variety of maintenance actions. For
ballasted tracks, which currently represent the majority of railway networks, tamping is
an important action that aims to restore the designed geometrical shape of the track.
Tamping has to be conducted along the network on a regular basis to counteract the
track degradation induced by failing ballast and substructure support. Tamping moves
ballast material under the sleepers to elevate degraded sections; this action aims to keep
the track geometry within specified limits. Failing to ensure this geometry could result in
safety and comfort issues and thus speed restrictions or closed line sections. The degra-
dation of the track geometry is quantified by five factors: longitudinal level, alignment,
cant (cross-level), twist and gauge [31].

Measurement trains are normally used to monitor track geometry over large distances.
Most measurement trains measure the acceleration of the wheels and transform these data
into displacements along the track and perpendicular to the track. The displacements are
measured for both rails and can be presented for different wavelength intervals. Then,
the averages of the track geometry parameters are calculated using standard deviations.
Another important aspect of railway track tamping is the tamping of railway switches
and crossings (S&Cs). Due to their more complicated mechanical structure compared
to tangent and curved tracks, railway switches have to be tamped in a special manner.
Typically, the S&Cs are not tamped when the adjacent line sections are tamped because
two different tamping machines are used, which makes them particularly interesting in
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terms of monitoring and prediction.

Many general methods exist for predicting the RUL of systems and components.
From the literature, the most common prognosis methods are physics-based approaches,
which use mathematical formulations based on physical phenomena or principals, and
data-driven approaches. Many physics-based degradation models have been developed for
railway track settlement that can also be used for prognostics, e.g., the British model [32],
German model [33], Japanese model [34], South African model [35], and US model [36].
As a result of a European project, a track degradation model has also been suggested
by ORE (Office de Recherches et d’Essais de l’Union Internationale des Chemins de Fer,
1988) [37]. Other studies have further described how settlement is affected by different
vehicles [38] and high-speed trains [39, 40]. Data-driven approaches rely on monitored
data that are used to learn a system’s behaviour. These approaches can be further
categorised into statistical models (e.g., regression and autoregressive models), stochastic
models (e.g., reliability and covariate-based hazard models and Markov models), and
machine learning (e.g., neural network and support vector machine). Although stochastic
approaches and machine learning have shown advances in prognostics in various areas
[27], statistical methods are commonly used for predicting railway track irregularities
and planning track maintenance such as tamping [41]. The statistical methods include
linear [42], polynomial [43], and exponential regression models [44] as well as grey box
models [45]. Stochastic models for track geometry degradation are based on the Markov
chain model [46] and Gamma process [47].

Problem formulation

The Swedish Infrastructure manager (IM) currently uses a linear regression model to
predict when the track geometry will reach a maintenance or safety limit (Fig. 1.7 shows
an example whereby after the initial settlement, a gradual decrease in track quality occurs
over time, followed by a rapid loss in quality due to the aging of the track). For general
risk-based maintenance planning, the output of a prognostic model should include a
distribution related to the estimated RUL [27].

The distribution should preferably describe the inherent uncertainty of the degra-
dation process and future operation as well as the errors associated with the utilised
prediction techniques. Then, the prognostics decisions can be based on a probabilistic
forecast rather than on a specific deterministic value without any associated probability.
Today, many railway IMs are focusing on risk-based maintenance planning, which is the
main motivation of this study. This need is being addressed by proposing an alternative
method for track geometry prognostics that offers a probabilistic prediction toward facil-
itating risk assessments and avoiding uncertainties due to noise since sigma (the stander
deviation) is noisy, and it is sometimes difficult to give accurate predictions using linear
regression.

Regression-based prognostic techniques are simple and fast and work well when the
covariance function is well defined such as for low noise in the data and simple behaviours
characterising the degradation model. If there is significant noise in the data, this method
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Figure 1.7: Typical diagram of track degradation and restoration over time

faces difficulties in determining relationships, especially when one-to-many relationships
exist between the inputs and output [14]. One disadvantage of data-driven approaches is
the limited ability to run scenarios for future increases in traffic and axle load, especially
where the increase contains uncertainty.

1.3 Research aim and goal

The goal of this research and thesis is to answer the research question formulated below,
i.e., to improve the prognostic and health management of engineering systems to facilitate
better operation and maintenance decision making.

1.4 Research questions

The following research questions (RQs) have been formulated based on the defined prog-
nostic needs of the three engineering areas, i.e., bearings, batteries and railway track
degradation.

1. How does one incorporate time-varying contextual, operational and condition data
as well as historical data to predict remaining asset life in different phases of an
asset’s life?

2. How does one provide a probabilistic prognostic result for risk-based maintenance
planning?

3. How does one handle, from a prognostic perspective, systems with a cyclic operation
behavior in combination with a degradation process?

4. How does one handle, from a prognostic perspective, systems for which little his-
torical or condition monitoring data are available and include the individual and
group-level variations in the data sets?
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Table 1.1: The relation between the research questions and appended papers

Research papers RQ1 RQ2 RQ3 RQ4

Paper I �P

Paper II � � �
Paper III �P � � �
Paper IV � �
Paper V � � � �

Here, � represents answered questions, and �P represents partially answered ques-
tions,

1.5 Research scope and limitations

The scope of this research consists of investigating prognostics approaches for three en-
gineering systems: railway track geometry, Li-ion batteries and rolling element bearings.
However, there are limitations when developing and implementing a PHM approach for
these systems. The individual studies are limited to specific data sets.

• Rolling element bearings: In this study, research on rolling element bearings is
limited to the analysis of bearing condition using vibration data.

• Li-ion batteries: In this research, PHM algorithm development is limited to specific
lithium-ion (Li-ion) batteries and specific sets of battery electric circuit model is
used.

• Railway track geometry: In this research, PHM algorithm development is limited
to the track geometry degradation of railway switches. Furthermore, the research
is not focused on the efficiency of the algorithm implementation.

This thesis only looks into a set of PHM methods. The thesis does not address the
management’s part of PHM.

1.6 Methodological approach

In this work, three engineering systems, which are non-repairable and/or repairable, have
been investigated: rolling element bearings, batteries, and railway track geometry.

In this research, all cases follow a quantitative approach based on preprocessing and
data analysis, and we develop suitable prognostics algorithms for each scenario. In this
thesis, experiments are performed using data from lab experiments, field tests and histor-
ical data sources, as summarised in Table 1.2. Field tests were performed at a paper mill,
whereby modal analysis of a paper mill roller was performed. Vibration measurements
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Table 1.2: Summery of approaches

Research approach
Engineering systems

Rolling element bearing Li-Ion bat-
tery

Railway track
geometry

- Data from paper mill - NASA
data repos-
itory

- Trafikverket

Data collection - Test-rig data from SKF
Gothenburg

Data processing
(cleaning)

� � �

Degradation mod-
elling available

� � �

Parameter estimation � � �
Methods and algo-
rithms

BHM, FEM BHM PF

RUL Prediction � � �

were performed on an SKF CoMo system to measure bearing house acceleration at the
BillerudKorsnas paper mill. Battery discharge load cycle data were obtained from the
NASA data repository. Track geometry data of the railway switches at Trafikverket as
well as database and run-to-failure bearing test data were analysed from SKF Gothen-
burg, including acceleration measurements of failing bearings. Research development
process presented in this thesis is explained in Fig. 1.8

Methodology applied to answer the research questions:

• To make probabilistic failure time predictions based on time-varying measurement
data and physical models, a study was performed wherein a particle-filter-based
approach was applied to degradation data together with a machine learning tech-
nique. The study was performed using data from the railway sector, where the
track geometry degradation was predicted to establish a failure time distribution.

• A prognostic approach using Bayesian hierarchical modelling (BHM) was devel-
oped to improve the prognostic capability by including individual and group-level
variations in the data sets and to create a robust approach that can be applied with
or without measurement data. This approach has been implemented for a battery
discharge case and is now being implemented for bearing life prognostics.

• An investigation on using complex FEM models and lumped parameter models
for estimating bearing forces from acceleration measurements was performed. This
study was performed at a paper mill of BillerudKorsnas where the SKF bearing
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monitoring system was installed. The purpose of the study was to feed the L10

bearing life length calculation with estimations of the dynamic bearing forces to
continuously update the L10 calculation, thereby providing a dynamic L10 calcula-
tion.

• For bearing life length prediction, the developed Bayesian hierarchical approach can
include different data sources, such as enveloped acceleration data, in combination
with degradation models and prior distributions of other parameters, where the
L10 calculation can be included. By including the prior distribution in the L10

calculation, the approach can utilise the initial study wherein the dynamic L10 was
generated.

The proposed prognostics methodology can be used in cases where there is less data
or noisy data. Moreover, the above approach can be used in cases where there is no prior
knowledge of the system. Ultimately, the obtained results can be used to support the
validity of the research approach, as they are in agreement with theoretical and logical
expectations. These methods can also be applied to future systems to further evidence
the validity of the proposed algorithms.

RQ2 RQ4 RQ1 RQ3 

Figure 1.8: Research development process presented in this thesis
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1.7 Thesis organisation

This doctoral thesis consists of two part: the first part of the thesis consists of 6 chapter,
and the second part of the thesis includes five journal papers:

Chapter 2 provides the proposed prognostics approach for RUL prediction using a par-
ticle filter applied to the railway track geometry. The results of the proposed method
are compared to the results of an existing approach. Chapter 3 provides the proposed
advanced prognostics approach for EoD prediction using the Bayesian hierarchical ap-
proach for Li-ion batteries. Chapter 4 first describes an approach for utilising bearing
acceleration data in bearing life length calculations and then presents a method for bear-
ing life prediction using the Bayesian hierarchical approach for rolling element bearings.
Chapter 5 highlights the original research contributions of this thesis. Chapter 6 sum-
marises the research presented in this thesis as a conclusion and suggests the scope of
future research.



Chapter 2

PHM for railway infrastructure

Railways are an important transportation system for modern society and have been
experiencing increasing demands from the public and industries due to the increase in
adaptation, populations and traffic flow. To meet these needs, IMs have to reduce un-
expected failures, increase train capacities and reduce overall costs. To fulfill the above
requirements, effective maintenance planning requires a prognostic capability.

This chapter summarises the proposed prognostics approach for RUL prediction using
a particle filter for railway track geometry. The results of the proposed method are
compare to the results of an existing approach.

2.1 Method (model, data and algorithm process)

The proposed particle-filter-based prognostics approach is demonstrated via a case study
of four different S&Cs. Particle-filter-based prognostics enables the use of a Bayesian
problem formulation. Both physical models and data can be incorporated into the
method, and the state vector formulation links the state of the system to numerous inputs.
Particle filter methods can be used to model multivariate deterioration processes and are
not limited to standard state distributions. Therefore, these methods are suitable for
conducting risk-based maintenance planning. Particle-filter-based prognostics has grown
in popularity and has been implemented in many applications; for example, numerous
publications address this topic in applications concerning crack growth [26,48–52], pneu-
matic valves [53], wind turbines [54], and aircraft actuator systems [55]. The proposed
approach is demonstrated by examining four different railway S&Cs. The standard de-
viation of the longitudinal track degradation is studied, and forecasts of the intersection
points related to the maintenance limit are derived.

The study presented in this thesis considers the prognostics of the changing standard
deviation of an S&C section. The first step in this study was to estimate the time at
which the standard deviation (σ) will reach the maintenance limit of 1.8 mm (true EoL).
This was performed by fitting the ORE model to a complete set of track degradation

19



20 PHM for railway infrastructure

data for the four S&Cs, as shown in Table 2.2. The second step was to predict the track
degradation for S&Cs 1 and 3 using the regression and particle filter methods. S&C
No.1 was chosen because it had different properties than the other S&Cs (see Table 2.1).
These four case studies illustrate how the data-driven regression-based approach and
model-based approach perform when less data is available for estimating the RUL. The
initial distribution of the ORE model parameters that were used in the particle filter
method were assumed to be normally distributed, therein taking the mean and standard
deviation of the estimated parameters for all four S&Cs. The results obtained by the
particle filter method and the regression method were then compared with the estimated
true EoL in Table 2.2.

Degradation modelling and data

z1

Left rail Right rail

z2

z1

[mm]

Vertical level

σ1+

σ1

z2

[mm]

Track position [km]

σ2+

σ2

Measurement
& 

Band pass filter
Averaging SDH

-z

y
x

y

y

Figure 2.1: Track geometry data collection scheme. The vertical level (z-axis) along the lon-
gitudinal direction (y-axis) is measured for both rails. A moving average of the standard is
given.

The track geometry degradation model used in this study was proposed by ORE [37].
The equation below consists of two parts: the deterioration directly after maintenance
or tamping, σ0, and the traffic-induced degradation, which is dependent on the traffic
volume T , dynamic axle load Q and speed V .
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σ = σ0 + hT α(2Q)βV γ (2.1)

where h is a constant and the parameters α, β and γ are estimated from experimental
data. From historic operational data, the remaining load (or traffic volume) can be
predicted before reaching a particular threshold defined by experts. The RUL of the
track can thus be calculated based on the induced load reaching a particular threshold.

Table 2.1: Descriptions of the S&Cs used in this study.

S&C
No.

Switch
length
(J-L)[m]

Front joint
(O-J)[m]

Switch
panel
(J-S)[m]

Closure
panel
(S-C)[m]

Crossing
panel
(C-L)[m]

Rear joint
(L-R)[m]

1 65 0.5 23.3 24.9 16.8 12.9
2 54 0.2 21.5 20.1 12.4 8.1
3 54 0.2 21.5 20.1 12.4 8.1
4 54 0.2 21.5 20.1 12.4 8.1

Table 2.2: Estimated EoL for the S&Cs using a complete set of measurement data.

S&Cs No. Estimated EoL [Months]

1 62
2 81
3 28
4 66

The degradation model used by the particle filter is based on the ORE model, where
the model parameters were fitted to the degradation data (SDH), excluding the S&C
that was used in the prediction. The fitted models are depicted in Fig. 2.2. The ORE
degradation model, as shown in Eq. 2.1, can be rewritten as

SDH = SDH0 + ecT α (2.2)

where ec = h(2Q)βV α. The other parameters were considered constant as follows:
axle load Q = 20 tons, speed V = 70 km/h, β = 3, and γ = 1. The parameters c and α
were then fitted from degradation data using the Matlab implementation of the Nelder-
Mead simplex search algorithm (fminsearch) [56] with the squared error as the primary
function. The intersection with the threshold of SDH = 1.8 mm defines the estimated
EoL (the point in time at which the track degradation reaches the maintenance limit)
for the ORE model.
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To obtain the ORE-based degradation model that describes the state transition of
the dynamic Bayesian network, the derivative was taken with respect to traffic volume
(T ):

SDH(Ti) = SDH(Ti−1 + ecT (α− 1) (2.3)

Based on the parameter estimation, the initial distributions for the model parameters
were set as c0 ∼ N(−4.7, 1.0) and α0 ∼ N(1.1, 0.2), the process noise and measure-
ment noise were set as ω0 ∼ N(0, 0.05) and v0 ∼ N(0, 0.1, respectively, and the initial
distribution of the condition was SDH(T0) + v0 .

The detailed measurement process ( see track geometry data collection scheme Fig. 2.1)
and further explanation can be found in the included paper II.

Particle-filter-based prediction approach

Particle filtering uses Bayesian estimators through Monte Carlo simulation. This tech-
nique uses a number of hypothetical states, known as particles, of the studied system,
takes samples of the unknown states and attaches different weights to them. These
weights represent the probability masses estimated using Bayesian recursions [57]. Par-
ticle filters use a two-step procedure: first, particles are produced using a Monte Carlo
approach with a predefined probability distribution; then, the weights of the particles
are normalised. In the second step, particles with negligible weight are replaced with
particles with higher weight values to reduce computability problems. The weight of
each particle at each instant contains probabilistic information about the particle. The
process performed in the second step is called resampling, and its main objective is to
avoid a situation in which all but one weight are close to zero [58]. Once resampling
is completed, the states are estimated using the new samples. The whole process is
then iteratively repeated using the probability distribution obtained by the resampled
particles, with each subsequent iteration creating new particles for the next iteration.
As mentioned previously, particle-filter-based prediction methods assume that the state
space equations can be represented as a first-order Markov process with additive noise
and conditionally independent output [58]. The system can be defined as follows:

xk = fk−1(xk−1) + ωk−1 (2.4)

zk = hk(xk) + vk (2.5)

Here, xk is the system state at the current step k, xk−1 is the system state at the
previous step, zk is the measurement, N is the number of weighted particle, f is the state
evolution model, and h is the measurement model. Both f and h are nonlinear functions
with noise ωk and v, respectively. Resampling is a significant step in the particle filter
process. Several types of particle filter resampling methods have been developed; one
such method is the sequential importance resampling (SIR) filter [58]. This filter uses
the SIR resampling method, in which the posterior filtering distribution, denoted as
p(xk|Zk), is approximated by a set of N weighted particles. (xi

p|wi
p); i = 1, 2, 3, .....N until
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sampled from a distribution, q(x). A detailed algorithm process flowchart can be seen in
the attached paper II.

2.2 Results and discussion
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Figure 2.2: Parameter estimation and estimated EoL using the ORE model and measurement
data.
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Figure 2.3: Comparison of the RUL predictions from regression and state estimation using
particle filters for different S&Cs.

The prognostic performances of the particle filter and regression method after each
measurement (SDH) are shown in Fig. 2.3 for the four S&Cs. For S&C Nos. 1, 2, and
4, the two methods achieve similar performances; however, for S&C No. 3, the particle
filter performs better for long-term prognostics. The results from the particle-filter-based
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prognostics are compared with the results of commonly used regression methods, and the
prediction error is derived by subtracting the estimated RUL from the true RUL for each
method. The true RUL is difficult to establish from the standard deviation of the track
degradation data due to the fluctuations of the standard deviation over time. Therefore,
the true RUL is generated using the complete set of data. In this study, four S&Cs
were used to estimate the distribution of the model parameters; the mean value and
standard deviation were used to set the initial distributions. This is an important step
in implementing the suggested method, and more work can be conducted regarding the
estimation of accurate input distributions, considering different aspects of the S&C such
as, age, type, and location. A substantial advantage of the particle filter method is its
ability to use dynamic input variables represented by a probabilistic distribution. For
example, in this case, the traffic volume (million gross tons) and the axle load of the
rolling stock could change over time. The load could also be associated with uncertainty
based on the uncertainties in the cargo loads. This uncertainty can be represented in the
load variable and can propagate along with all the other uncertainties and measurement
noise to form a probabilistic result of the RUL prediction. This property allows for new
opportunities for risk-based maintenance decisions compared to normal linear regression
or physical model approaches. The probabilistic result obtained by the particle filter
method is an advantage that can be used for risk-based maintenance decisions based
on uncertainties of the input parameters to the physical model. The particle-filer-based
approach generates errors that are similar to or smaller than those of the regression
method in the studied case, especially for longer prediction times. In other words, the
particle filter methods show improved ability to predict the RUL when the amount of
data is limited. The main advantage of the particle-filter-based prognostic approach is
its ability to generate a probabilistic result based on the uncertainties of the input model
parameters. The probabilistic result can be used for risk-based maintenance decisions
considering the uncertainties of parameters that can affect track degradation.





Chapter 3

PHM for Li-ion batteries

Lithium-ion batteries have become an integral part of daily life. They represent a
commonly used battery type in, e.g., consumer electronics devices, electric vehicles of all
types, military electronics, and maritime and space systems. An important operational
aspect of different types of systems is the ability to maximize the usage of the system
considering the available battery charge without jeopardizing a mission. The ability to
perform a battery-powered mission is dependent on both operational and availability
aspects of the battery such as EoD and reliability. To fill these gaps, this work pro-
poses a Bayesian hierarchical model-based prognostics for Li-ion batteries. The proposed
framework is implemented using the NASA repository battery dataset. This chapter
summarises the proposed advanced prognostics approach for EoD prediction using the
Bayesian hierarchical approach for Li-ion batteries.

3.1 Method (model, data and algorithm process)

This section presents a Bayesian hierarchical model (BHM)-based EoD prognostics for
Li-ion batteries. Two batteries with 16 discharge events each were used together with a
simplified battery circuit model of the battery. The approach is demonstrated by exam-
ining detailed discharge voltage profiles during different discharging cycles with variable-
load profiles. The effects of the available measurement data were also investigated. To
demonstrate the BHM approach and group-level dependencies, we need more than one
battery and more than one discharge cycle. Access to additional batteries and load cycles
is always desirable, as more details regarding the prior distributions would emerge.

Data and battery model

Li-ion batteries were used to demonstrate the performance of our proposed BHM for bat-
tery prognosis. The proposed method was verified using data from the NASA prognostics
data repository [59]. The batteries were discharged under different loads (I ) between 1 A
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and 4 A. The data used for the algorithm development and testing were generated using
the battery testbed described in [16].

To emphasize the hierarchical structure and reduce the increased complexity associ-
ated with a large number of battery parameters, we chose the simplified battery circuit
model shown in Fig. 3.1 to model the battery discharge. This model is a simplified version
of the model presented in Shankar et al. [60]. The uncertainty σ reflects both modelling
and measurement errors. The capacitance of the battery changes linearly with the charge,
where the large capacitance Cb = Cb0 +Cb1 × qb holds the charge qb of the battery. Cb0

and the slope Cb1 are the intercept and slope, respectively. Due to the changes in the
polarization of the charge concentration, a non-linear drop will be obtained from Rcp–
Ccp. Rp is the parasitic resistance because of self-charge, and Rs is the resistance due to
an I-R drop

cp

b

s

p

Figure 3.1: Battery equivalent circuit model, simplified version [60]: v is the battery voltage, I is
the load, qb is the electric charge across Cb, and Rcp, Rs, and Rp are the resistance parameters.
The battery capacitance depends linearly on the charge, Cb = Cb0+Cb1×qb, where the intercept
Cb0 and slope Cb1 are given in Table 3.1.

All the voltages, resistances, charges, and capacitances were measured in volts, ohms,
coulombs, and coulombs per volt (or farads), respectively. The listed model parameters
are based on PCoE NASA lab measurements. We are interested in predicting the EoD of
the battery, which is defined here as when the battery voltage drops below the threshold
of 2.7 V.

Prognostics using a Bayesian hierarchical approach

Bayesian prognostic algorithms can be divided into two classes, Bayesian-hierarchical-
based and Bayesian non-hierarchical-based methods, which are also called group-level
and single-level models, respectively [61]. The method considers different layers, which
are hierarchical in nature. The first layer consists of single-battery parametric models for
describing the voltage changes during discharging in different cycles. This layer approxi-
mates the discharging processes that can be used to estimate the EoDs and the releasable
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capacities. In addition, the second layer is designed to model how the parameters of the
first layer model changes with further charging/discharging cycles. This layer is used to
account for the effects of different batteries and battery degradation in terms of their
influence on discharging profiles. Based on these two layers, the discharge profiles of
future cycles, their EoDs, and the RUL can be predicted. The hierarchical model can
produce results with or without measured discharge data.

The hierarchical model structure

The three levels of the BHM shown in Fig. 3.2 are considered in this study. The graphi-
cal representation illustrates the complete hierarchy and summarises the model in simple
figures without extensive notations of the distributions and the dependencies between
parameters. The implementation of the model follows standard references in Bayesian
hierarchical modelling ( see, e.g., [62–64]). We also adopt standard notations by renaming
the electrical components to θ to more easily match the proposed model structure with
standard models found in these sources. Another benefit of this is that changing or ex-
tending the battery model (e.g., with more dynamical components) will mainly affect the
function h (θ1jk, . . . , θ6jk, I1jk, . . . , Iijk) in Fig 3.2, leaving the model structure unchanged.
The first-level model consists of the individual battery and its model parameters, denoted
as θ. The second-level model consists of prior distributions for the parameters in level one
and is parameterized by the hyperparameter φ following the notations in [62, 64]. The
third layer defines the prior distributions for φ that are vague and non-committal [62].
The hierarchical model describes the behaviour of the group of batteries in a particular
load cycle. In contrast to non-hierarchical models whose second-level parameters (hyper-
parameters) for the prior distributions are fixed, the hierarchical model estimates these
parameters from the available data. The group-level predictors combined with a descrip-
tion of the similarities between the batteries at different discharge cycles are essential to
achieving a robust estimation and prognostics when measurement data are not available.

Level 1: The individual battery

Let vijk denote the measured discharge voltage for time sample i, discharge number j,
and battery number k. Given the parameters θ1jk, . . . , θ7jk and the load I1jk, . . . , Iijk
(amps) up to the current sample, the voltage is assumed normally distributed

p(vijk|θj, I1jk, . . . , Iijk) = N (μijk, σjk) (3.1)

μijk = h (θ1jk, . . . , θ6jk, I1jk, . . . , Iijk) , (3.2)

σjk = θ7jk, (3.3)

during i = 1, 2, . . . , njk samples and j = 1, 2, . . . , Jk cycles.
The function h (θ1jk, . . . , θ6jk, I1jk, . . . , Iijk) describes the computations of the voltage

given the load and parameters in the battery circuit model in [60]. The uncertainty σjk =
θ7jk reflects both modelling and measurement errors. The equivalent circuit model is
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Figure 3.2: A three-level hierarchical Bayesian battery model. The graphs illustrate the distribu-
tions for each parameter and their dependencies in the hierarchical level. The first-level model
consists of the individual battery model parameters, denoted as θ. The equivalent circuit model
is noted as h (θ1jk, . . . , θ6jk, I1jk, . . . , Iijk) and is shown in Fig. 3.1. The mapping of the param-
eters θ to the specific electrical components in the model is given in Table 3.1. The second-level
model consists of prior distributions for the parameters in level one. The distributions of the
third level are the prior distributions for the second-level parameters.

shown in Fig. 3.1. The mapping of the parameters θ to the specific electrical components
in the model is given in Table 3.1.

Level 2: The group of batteries

The parameters θ1jk, . . . , θ5jk (electrical components in Table 3.1) are positive and there-
fore assumed log-normally distributed [63].

p (θljk|φl2−1, φ2l) = lnN (μ = φ2l−1, σ = φ2l) , (3.4)

for l = 1, 2, 3, 4, 5. The parameters θ6jk indicate that the initial battery charge qb is
dependent on the load cycle j. This means that the recharge capability of the battery,
in terms of the initial charge, is degrading with load cycles j. Because this parameter
is positive, we model it with an exponential relationship (i.e., a log-normal distribution
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and a linear regression on log scale) following [63]:

p (θ6jk|φ11, φ12, φ13, j) = lnN (μ, σ) , (3.5)

μ = φ11 + φ12 × j, (3.6)

σ = φ13. (3.7)

The last parameter, θ7jk = σjk, is the standard deviation in (3.1) and is log-normally
distributed

p (θ7jk|φ14, φ15) = lnN (μ = φ14, σ = φ15) . (3.8)

Table 3.1: The mapping of the electrical components in Fig. 3.1 to the parameter vector θ.

Electrical circuit components Cb0 Cb1 Rs Rcp Ccp qb σ
Mapping of the parameters θ1 θ2 θ3 θ4 θ5 θ6 θ7

Level 3: The distributions of the hyperparameters

For the hyperparameters φl = σ, l = 2, 4, 6, 8, 10, 13, 15, at the second level, we assign
non-informative gamma priors with α = β = 0.001, following [62]. The other hyperpa-
rameters are assigned uniform distributions on a very large scale; see, for instance, [62–64].

3.2 Results and discussion

Parameter estimation is required for most physics-based models so that they perform
at acceptable accuracy levels. The slice sampling method [65] is used in the proposed
approach because of its simplicity and to avoid excessive tuning [62].The prediction of
the EoD of the battery is based on the posterior predictive distribution [64] and relies on
estimated parameters given different amounts of available data.

Fig. 3.3 shows the estimation results for the individual parameters described in equa-
tion (3.2) and their prior distributions defined in equations (3.4–3.8). The blue circles

and red squares are median parameter values obtained for the two batteries using the
hierarchical model structure, where the corresponding bold and thin horizontal whiskers
represent the 50% and 95% confidence intervals, respectively. The blue bold curves are
the estimated prior distributions for the parameters, and the green bold curves represent
group-level regression curves. The thin curves represent the confidence distributions and
regression curves based on a subset of samples from the posterior distribution.

The parameter θ6jk represents the initial battery charge qb. As shown in Fig. 3.3, θ6jk
presents a load cycle dependence, whereas the remaining parameters θ1jk, . . . , θ5jk and
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Figure 3.3: Estimation results for the individual parameters in (3.2) and their prior distri-
butions defined in (3.4–3.8). The blue circles (k = 1) and red squares (k = 2) are median
parameter values obtained for the two different batteries using the hierarchical model structure.
The numbers inside the markers represent discharge cycle j for each battery. A clear dependency
on j can be observed for θ6jk (representing the initial battery charge qb in Table 3.1) but can
not be observed for the other parameters. The corresponding bold and thin horizontal whiskers
(barely visible behind the markers due to the informative likelihood) represent the 50% and 95%
confidence intervals, respectively, for the posterior distributions of the parameters θijk given the
observed data. The blue bold curves are the estimated prior distributions for the parameters,
and the green bold curves represent the group-level regression curves. The thin curves represent
the confidence distributions and the regression curves based on a subset of samples from the
posterior distribution.
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Figure 3.4: Posterior predictive battery voltages p
(
vrepi,1,1|I

)
of the first battery during the first

load cycle. The four panels show snapshots of sequential estimations and predictions based on an
increasing amount of available data. The first panel shows the prediction based only on the prior
distributions and no voltage measurements of the battery. The second panel is based on voltage
measurements of the battery during the first 25%, the third panel is based on measurements
during the first 75%, and the fourth panel is based on all measurements. The histograms show
the predicted EoD voltage, i.e., when the prediction reaches the 2.7 V threshold, for the battery
based on different amounts of measurement data.
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θ7jk indicate no significant load dependencies. The posterior uncertainties represented by
the whiskers are relatively small, as the widths of the whiskers are in many cases hidden
behind the marker representing the median posterior value.

Fig. 3.4 shows the posterior predicted battery voltages p
(
vrepi,1,1|I

)
of the first battery

during the first load cycle. The four-panel graph shows snapshots of sequential estima-
tions and predictions based on an increasing amount of available data for this particular
battery and load cycle. The first panel shows the prediction based solely on the prior
distributions and no voltage measurements of the battery. The second panel is based on
the voltage measurements of the battery during the first 25%, the third panel is based on
measurements during the first 75%, and the fourth panel is based on all measurements.
The histograms show the predicted EoD voltage, i.e., when the prediction reaches the 2.7
V threshold, for the battery based on different amounts of measurement data. Fig. 3.4
shows how the uncertainty of the prediction is reduced when the amount of measurement
data used in the prediction increases. The result shows that the method is able to pro-
duce a prediction distribution with a median value close to the true EoD regardless of the
presence of measured voltage data. As expected, the result shows how the uncertainty is
being reduced when including increasingly more measured voltage data.

Sequential hierarchical estimation is, however, costly when probability assessment and
risk analysis of a mission are desired. On the other hand, hierarchical estimation of the
group-level parameters in the model can be obtained from prior calculations for different
batteries and under different conditions and then used as fixed parameters on a mission.
This will limit the number of parameters that need to be sequentially estimated.The
assumptions made regarding the distributions used in the model are based on standard
modelling choices for measurement errors, parameters and hyperparameters that are
strictly positive and parameters describing dispersion see, e.g., [62–64].

In this work, future battery load is known, as can be observed in Fig. 3.4. A common
scenario in prognostics is when the load is uncertain. In this case, the load (and other
conditions) may be appropriately described as unknown and stochastic, a condition that
can easily be accommodated in the Bayesian framework. Many previously developed
methods (such as data-driven neural networks and Gaussian process regression [14, 15]
need a considerable amount of training and testing data, which may or may not be
available due to safety or resource concerns. In the BHM method, the uncertainty of
the predictions also varies with the amount of input measurement data, as observed in
Fig. 3.4. With less input data, the method generates predictions with higher uncertainty,
whereas less uncertainty is achieved with larger amounts of input data. As opposed
to prediction errors, the measured data show the dynamics involved when modelling
discharge cycles. The data also give an indication of typical discharge conditions under
which the model may have prediction difficulties. This cannot be observed by evaluating
the errors. The prediction intervals are presented to illustrate how well the proposed
model describes the prediction errors.

The predicted value exhibits greater uncertainty mainly due to the absence of mea-
surement data to characterize the given battery. The results rely on the similarity infor-
mation captured by the prior distributions shown in Fig. 3.3. For the particle-filter-based
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prognostics approach [17,66,67], the uncertainty of the prediction cannot be determined
without input measurement data. The other above-mentioned prediction methods [15]
have varying degrees of uncertainty because of the availability of measurement data.
However, the BHM approach has a fairly high computational burden compared to other
prognostics methods such as particle-filter-based methods. Typically, BHM calculations
take longer than simple particle filter and artificial neural network methods because
the calculation time for the BHM method depends on the MCMC algorithm and the
computation time associated with evaluating the posterior distribution. The BHM pro-
duces distribution-based predictions of the EoD for each discharge cycle measurement.
By updating different variable loading profile conditions or other changes in the model
parameters, the Bayesian approach can update the prediction in real time.

To avoid additional complexity, a simple version of the battery model was used to em-
phasize the BHM concept and its advantages over other methods. As the signal-to-noise
ratio (SNR) is very good, σ in equation (3.3) will in our case capture both measurement
noise and modelling errors. Finding an electrical-circuit model that can capture the
discharge cycles and leave residuals that are measurement noise (i.e. independent and
normally distributed) at our SNR levels is difficult. Therefore, any goodness-of-fit test
for the assumed distribution of the measured voltages will most certainly fail, regardless
of our assumed distribution.

The main advantage of the BHM approach is that the relationships between the model
parameters and their prior distributions can be expressed in different hierarchical levels
and for additional data such as different load cycles, batteries, batches and environmental
conditions. The method also illustrates how the load cycle dependency of the electric
charge θ6 (qb) on the capacitor Cb can be identified and introduced in the approach.
The knowledge of group-level predictors contributes to obtaining more informed prior
distributions as shown in Fig. 3.3, for the varying-load cases, which is useful for the
cases shown in included III. We demonstrated this concept using the three hierarchical
levels shown in the included paper III with different load cycles and batteries. At the
second hierarchical level, the reliability of the battery can also be analysed by examining
the degradation of the recharging capability. This degrading recharging capability can
be seen in Fig. 3.3, where the initial battery charge is plotted (θ6) and the degradation
can be seen for each load cycle j. By analysing the distribution of this parameter, a
prediction of the reliability (probability of the EoL) can be made. The presented BHM
approach can hence be used to predict the probability of EoD and EoL for the battery.

The probabilistic results of the approach can be used to estimate the risk associated
with a mission, resulting from a failed or battery or a discharged battery, by introducing
the consequences of a lack of power. This work is does not considering the consequences
of any loss of function and hence the associated risk. The presented BHM approach
grants the possibility of using and combining prior knowledge of statistical behaviours of
a system, measurement data of function states and physical models including contextual
information to generate a probabilistic forecast. The probabilistic EoD or EoL results
can then be used to assess, e.g., economic and safety risks.

The prediction of the EoD can provide valuable information for operational plan-
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ning. The prognostics approach can also be beneficial on a more general level, e.g., for
predictive maintenance, where the EoL of specific functions needs to be estimated to
avoid failures that can restrict operation. The probabilistic result provided by the BHM
method represents an advantage that can be used for risk-based maintenance decisions
based on uncertainties characterizing the input parameters to the physical model.

For battery EoD prognostics, the main reasons for applying Bayesian hierarchical
analysis are that the Bayesian hierarchical structure [62, 63] can account for individual
and group-level variations when estimating group-level regression coefficients [63], and it
can obtain reasonable estimates for battery parameters with small sample sizes [64].



Chapter 4

PHM for rolling element bearings

Rolling element bearings are a vital component of any rotating machinery and have
several failure modes. Hence, there is a significant need to monitor a bearing’s health
and detect degraded states and upcoming failures as early as possible.

This chapter is divided into two parts; the first part presents an approach for utilising
bearing acceleration data in bearing life length calculations and the second part presented
a method for bearing life prediction using BHM.

4.1 Modelling and monitoring

The first step in data-driven prognostics is to gather measures of the system status.
The measures are then classified to distinguish between healthy and faulty conditions or
conditions in-between. The evolution of these classification regimes can be analysed to
predict a point in time at which the status will have reached the faulty case. This requires
that the faulty regime be defined in the classification system or, more conveniently, if
the evolution path from a healthy case to a faulty case can be defined. For systems
with long failure development times or safety-critical systems, run-to-failure data can
be difficult to obtain. To solve this problem, prior testing of the systems can be used
to define the failure modes. Another approach is to use a physical model to replicate
different failure modes. Fig. 4.1 shows an example wherein two variables, Feature - X
and Feature - Y, are plotted for a healthy case. The coordinates are clustered in an area
marked with an H (Healthy). If no historical failure data exist, different failure areas F1,
F2 and F3 could be defined using synthetic data generated by a physical model. The
area non-fault-found(NFF) represents a state that is not represented by the model or by
the real data. This NFF information can be used to update the synthetic dataset. The
evolution of the variables, and hence the evolution of a healthy cluster towards any of
the clusters representing a failure, can then be analysed to predict the point in time at
which the failure will occur.

To pursue the synthetic data concept to define different failure modes, a study was
performed at a paper mill. The purpose of the study was to analyse the dynamic be-
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Figure 4.1: Appearance of NFF data

haviour of a paper machine roller; to this end, an FEM model was developed. The model
can be used as a basis for further analysis of different failure modes related to changes in
the dynamic response. The model can also be used to define filters for different failure
modes generating features describing different states of the system, i.e., states that can
be tracked and predicted for lifetime estimation.

For the development of condition monitoring techniques, it is therefore important to
understand and model the physical behaviour of the system in question. In the study
presented in this work, the behaviour of a roller in a paper machine was analysed using
FEM. The physical FEM model was compared with vibration measurements collected
from an online monitoring system and an experimental modal analysis. When imple-
menting a condition-based maintenance strategy (CBM), it is important to understand
the system behaviour and model the physical behaviour of the system in question. This
thesis presents the behaviour of a roller in a paper machine analysed using FEM. The
physical FEM model was compared with vibration measurements collected from an online
monitoring system and an experimental modal analysis.

FEM modelling and data

The dynamic properties of a single roller were simulated using a developed FEM model;
see Fig. 4.2. Modal analysis was performed in ANSYS, where the mode shapes and the
eigenfrequencies were calculated. The FEM model consisted of a flexible roller (diameter
of 0.51 m) supported by two bearings and a bearing housing connected to a rigid ground
at both ends. The face of the solid roller in the model was covered by an ebonite rubber
(E-modulus of 2500 MPa and density of 1550 kg/m3) sheet fixed to the roller. The felt
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wire was not included in the model. The mesh was created by selecting a minimum edge
length of 7.8947e-005 m.

5,44 m
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x z
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Figure 4.2: a) CAD model of the paper machine roller and b) zoomed-in part of the bearing
housing.

The numbers of nodes and elements were 448486 and 182846, respectively. Using the
contact tool in ANSYS, the tolerance value was given, thereby generating the allowable
gap in the contact zone, e.g., between the rolling elements and the outer and inner rings
of the bearing. However, to increase the performance, a face sizing and selection of
reasonable element sizes were performed. The total mass of the roller in the FEM model
was verified and matched the specified mass value of the roller of 1450 kg.

Measurements

Two types of measurements where conducted for this work: an experimental modal analy-
sis (tap-test) and a vibration measurement using an online measurement system installed
at the factory. The detailed measurement procedure can be found in the included paper
IV in this thesis; however, the thesis briefly explains online monitoring measurements.
Vibration data are collected by a 3-axial accelerometer mounted on the bearing house
in Fig. 4.3, and a Multilog IMx and the SKF @ptitude Observer software are used for
the data acquisition and analysis. The measurement setup for the roller is depicted in
Fig. 4.3. From the SKF @ptitude software, data using time samples of 3.2 seconds (sam-
ple rate of 5120 Hz) were extracted each day for one week. For the seven samples, the
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machine was in operation, and the average roller speed was 535 rpm with an insignifi-
cant variation. The time signals were exported to Matlab, and an average of the power
spectra (rectangular window and NFFT=16384 samples) was calculated across the seven
days. In addition, frequency markers for critical components were extracted from the
SKF @ptitude software.

Figure 4.3: (a) Sensor location and tap-test force excitation point. (b) Photo along the z-axis
of the roller with mounted sensors.

The developed model can be used to generate synthetic data i.e., for different structure
problems. However, during the study the need for estimating actual bearing forces during
operation was identify as a key aspect for predicting the remaining useful life.

Dynamic bearing rating life

Based on the need for estimating the bearing forces the model was used to generate a
filter (transfer function) between the measured acceleration on the bearing house and the
force applied to the outer ring by the roller elements. This transformation was performed
to generate an estimate of the dynamic bearing force, which could be used as an input
to the bearing rating lifetime calculation.

Basic rating life : According to ISO 281 [68], the basic rating life of the bearing is
L10 = (C/P )p, where C is the basic dynamic load rating [kN ] and P is the equivalent
dynamic bearing load. L10 is the basic rating life at 90% reliability, and p is the exponent
of the lifetime equation. ISO 281 [68] is employed for the rolling element bearing selection
based on the operating life, in which is defined as the number of revolutions until the
first sign of fatigue or spalling occurs on a rolling element or the raceway of the outer
race, inner race or raceway.

Bearing life calculations are normally conducted using the designed static conditions.
The load is described as a static component, and together with bearing data, L10 can be
calculated. L10 represents an estimation of a probabilistic measure of a point in time at
which it is estimated that 10% of the bearing population has failed. This measure can
of course be adjusted if a lower business risk than that presented by 10% is required.
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In practice, it is often difficult to estimate the remaining life of an individual bearing,
especially since the aspects that govern the degradation can vary from case to case.

The aim of this work is to improve the estimation of bearing RUL by dynamically
updating the L10 bearing life length calculation. Using the FEM, a transfer function
representing the relation between bearing acceleration and bearing forces was generated
and used to convert the acceleration signal into an estimation of the dynamically changing
bearing force. The estimated force is then used as input to the bearing life length
calculation generating an updated L10 calculation for each time step.

Bearings are an important and critical part of most rotating machines. The lifetime of
a bearing can be defined as the number of revolutions or hours of operation, at a constant
speed, required for the failure criterion to develop. Factors that can affect bearing life are
load, revolution, temperature, lubrication and improper mounting of the bearing (e.g.,
misalignment, deformation, and contamination).

A bearing life model can be applied to predict future failure risks, e.g., the SKF
bearing life model shown in Eq. 4.1 below (based on the SKF handbook).

L10 = askf (C/P )p, (4.1)

where C is the basic dynamic load rating [kN ], P is the average predicted load, L10

is the basic rating life at 90% reliability, p = 10/3 for a roller bearing, and askf is the life
adjustment factor (fatigue limit, lubrication, and cleanliness).

In industrial systems that have rotating machines, several operating conditions are
not constant. Such operating conditions are the magnitude and direction of the load,
temperature, lubricating conditions, speed, etc., which vary according to the state. It
is difficult to calculate the bearing life for these types of conditions in particular. To
accomplish this, the first step is to sample a limited number of load cases and then
reduce the load spectrum. During operation, each block should be characterised for a
specified percentage or fraction of time. Due to degradation principles, the bearing life
for heavier and normal loads is shorter than that for lighter loads. To identify different
types of blocks, the shock and peak loads must be differentiated independently of the
frequency of revolution.

The load and operating conditions of the bearing should be averaged to a constant
value for normalisation. For a particular load condition, the life fraction represented
by the number of operating hours or revolutions expected from each duty interval must
also be included. Thus, the lifetime under the variable operating conditions L10m can be
calculated.

L10m = 1/
k∑

n=1

ui/L10mi
(4.2)

For continuous operation conditions, the bearing life can be rated using the following
equation:

where L10m is the SKF rating life at 90%, L10mi
is the fractional SKF rating life under

a constant condition, and ui is the lifecycle fraction under the condition 1,2..., in which
u1 + u2......un = 1
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4.1.1 Bearing force estimation

Measures of the dynamic load can help improve the bearing life model. To extend a
normal vibration-based bearing monitoring system, measures of the dynamic force can be
included. Such measures can be obtained by mounting additional force sensors or strain
gauges on the bearing. However, such sensors can be difficult to install and would add an
extra cost to the system. Another approach is to use the existing accelerometer signals
and convert them into an interpretation of the bearing forces; see Fig. 4.4. To this end,
a transfer function from the force excitation points in the bearing to the accelerometer
position has to be derived. Normally, the force excitation points in a bearing change with
the roller element position but can for simplicity be expressed as a force in the x and
y directions. Other directions could be included if needed, e.g., for a bearing life-length
calculation. The transfer function can theoretically be experimentally measured, but this
requires access to the inside of the bearing. Another approach to deriving the transfer
function is to create a simple dynamic model of the systems or a more complicated FEM
model whereby the transfer function can be expressed.

0 0.5 1 1.5 2 2.5 3

-2

-1

0

1

2

Transfer function 
Acceleration to force Estimated force

Acceleration signal

Figure 4.4: Dynamic life model based on online force calculation

From the CoMo system, a set of short-burst (3 sec) acceleration signals were analysed
and converted into synthetic force signals. The accelerations were scaled to a force signal
using a scale factor (1200). The scaled acceleration signals were fitted to a normal
distribution. Then, the standard deviations were used to generate a set of synthetic force
signals with random content normrnd(0, std, size()). The transfer function from the
acceleration measurement to the bearing force was created by taking the inverse of the
transfer function generated by ANSYS FEM and then adjusted for low frequencies. Some
parameters were as follows: constant static load P = 33.6 kN, Year 0-10 and 20-70, and
ideal dynamic force normally distributed μ =0 and σ = 0.5(500N) Year 10-20, dynamic
force normally distributed μ=0 and σ = 15 (15 kN). The L10 life was reduced to 36 years.

This example assumes that the bearing was abused 1/7 of the time. This is illustrated
(Fig. 4.5) by 10 years of abuse (years 10-20).
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Figure 4.5: Dynamic life model based on online force calculation

4.1.2 Results and discussion

The result from the FEM modal analysis performed in ANSYS are shown in Fig. 4.6,
which shows the first two bending modes in the x and y directions (40, 41, 114 and 138
Hz) of the roller.

The third mode, not depicted in the figure, presents a radial mode shape at 77 Hz,
where the radius is changing uniformly over the whole length of the roller. This mode
should hence give a response in the y direction and in the measurement. Additionally,
bending modes at 174 and 238 Hz were derived. The frequency response function (FRF)
derived from the tap-test and power spectral density (PSD) of the online measurement
are presented in Fig. 4.7. By examining the tap-test result, the first mode was detected
at 33 Hz. Additional modes were detected at 95, 131, 159 and 248 Hz. The 33 Hz
mode coincides with the increased PSD of the online measurement signal in the same
frequency range. The rotational frequency and its integer multiples are marked by a dot
for the online-measured PSD in Fig. 4.6. The indicators derived from the SKF ptitude
Observer software based on mechanical models of the bearing and gear signatures are
also marked in the PSD. By looking at the coherence, the tap-test showed a good quality
up to approximately 600 Hz.

The model will serve as a basis for further implementations of different failure modes
related to changes in the dynamic response. This model can then be used for defining
filters of different failure modes generating features describing different states of the
system, states which can be tracked and predicted for life-length estimation. In the
FEM model, the ebonite rubber sheet covering the solid roller was modelled with a rigid
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Figure 4.6: Modal analysis of the FEM model. The figure shows the first two bending modes in
x and y directions.
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Figure 4.7: Top: tap-test FRF and averaged power spectrum of the online measurement. In
the spectrum, the r/min harmonics (*) and frequency markers for the motor, gear, roller and
bearing (FTF, BSF, BPFO, and BPFI) are shown. The right y-axis scale refers to the online
measurement. Bottom: The coherence of the tap-test measurement.



4.2. Bayesian hierarchical approach for bearing life prediction 45

connection to the roller. This could lead to a stiffer model generating a higher value of
the first eigenfrequencies in the x and y directions around 40 Hz when compared to the
first mode at 33 Hz in the tap-test. Furthermore, the mounting of the bearing house
was connected to a rigid ground in the model. A weaker ground support could affect
the eigenmodes by lowering the eigenfrequencies of the system. The first bending mode
of the roller at 33 Hz could also be detected in the online measurement, as presented
in Fig. 4.7. In the tap-test, the roller was excited at a single location 300 mm from
the roller edge, whereas the excitation during operation in the online monitoring data is
more complex and includes excitations from the bearing contact, felt wire modes, roller
contact, and rotational effects such as unbalance. The excitation during operation is
furthermore distributed over the roller, in contrast to the single point of excitation of the
tap-test.

4.2 Bayesian hierarchical approach for bearing life

prediction

In complex industrial applications, fault propagation is often difficult to predict, espe-
cially when multiple dependencies and complex relations exist among various process
parameters and the asset health. In most cases, degradation data for the entire lives
of the components are not available, and no explicit relationship has been established
between damage and the measured health conditions. Therefore, there is a need for meth-
ods that can be used to classify the health status and to predict the RUL. A schematic
diagram of a ball bearing is shown in Fig. 4.8, the rolling element bearing is considered
as a complex component, which has several failure modes, is the central component in ro-
tating machinery. Hence, there is a considerable need to monitor the health of a bearing
and to detect faults early to increase the operating life.

In a recently published article on bearing degradation and life prediction, the au-
thors addressed the issue related to incomplete signals for RUL prediction of a nonlinear
degradation system [69, 70]. In another recently published article by Rodriguez [71] the
RUL prediction for multiple-component systems based on a systems-level performance
indicator was studied, where a system-level performance indicator is computed based on
the performance of each component. Several case studies and algorithm development
processes were addressed in a recently published book [72].

In this work, a three level BHM are considered, as shown in Fig. 4.11 illustrates
the complete hierarchical approach, which is also a standard technique for showing the
dependence in the hierarchy and between parameters [62].

4.2.1 Method (model, data and algorithm process)

This section presents a Bayesian hierarchical model (BHM)-based RUL prognostic ap-
proach for rolling element bearings life using 14 envelope acceleration data in combination
with a degradation model and prior knowledge of the bearing rating life. We begin our



46 PHM for rolling element bearings

 

Figure 4.8: Schematic diagram of a ball bearing [74].

analysis using a bearing rating life calculation L10h and an estimate of its associated
failure time distribution. The approach is illustrated using run-to-failure vibration mea-
surements taken at constant load and speed.

Data description and degradation modelling

In this section the data collection and the degradation model is described. The vibration
run-to-failure data used in this study was generated by a test rig at SKF. The degradation
model was selected form the literature [73].

The vibration data were collected with a 3-axial accelerometer mounted on the bearing
house. A Multilog IMx and the SKF @ptitude Observer software were used for data
acquisition. With the SKF @ptitude software, 1.6 seconds of measured data (sample
rate 2560 Hz) were extracted in each bearing test until the level reached the threshold
value of 3gE, which is considered to be the failure threshold. A typical damaged raceway
of a bearing after a test is shown in Fig. 4.9.

The exponential degradation model is designed to describe the degradation processes
that follow the exponential-type degradation trend. In the literature, the prediction mod-
els are often classified according to different terms, see e.g. [27, 48, 73, 75, 76]. According
to the type of model [76] they can be categorised into the following three groups: (i)
physical degradation models, (ii) stochastic processes models and (iii) statistical models,
seen in detail in Fig. 4.10, with a detailed explanation in reference [76, 77].

To predict the state of health behaviour, a degradation model that describes the
relation between the bearing inputs, i.e., load and speed, and the degradation needs
to be developed or selected. Bearing degradation behavior is a complex phenomenon
that is affected by several conditions (e.g. loading, speed, temperature, humidity and
other operating conditions). Bearing degradation is stochastic in nature due to inherent
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                                                                                      (a) 

 

         (b) 

Figure 4.9: (a) & (b) Outer race spalling for faulty bearings.

Table 4.1: The operating condition parameters.

Load [kN] 18

C/P 2.16

Po 4.9

Speed [rpm] 1800

Lubrication Shell Turbo 100.0.201/m

Support bearing 1309 ENT9

Test bearings 21312E

randomness in manufacturing and during operation [78]. Using the BHM approach we
adopted the exponential degradation model as a signal model, which is one of the most
widely used stochastic process models.

This work proposes a BHM-based RUL estimation for bearing life. The hierarchical
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Figure 4.10: RUL prediction modelling approaches.

model uses the failure time distribution associated to the bearing rating life L10h as a
prior knowledge in combination with run-to-failure measurements and an exponential
degradation model see ( Eq. 4.3). L10h is calculated using the bearing rating life de-
scribed in the handbook of SKF, according to standard [68] . Using the L10h value the
associated distribution was estimated . A three level of the hierarchical model structure
are presented in the section below.

The hierarchical model structure

In this work, a three level BHM are considered, as shown in Fig. 4.11 illustrates the
complete hierarchical approach, which is also a standard technique for showing the de-
pendence in the hierarchy and between parameters [62]. The method implementation
follows standard references in Bayesian hierarchical modelling see, e.g., [62–64]. The
first-level model describes the jth individual bearing and its model parameters denoted
by μj, λj, dj, and σj. The second-level model contains the prior distributions for the
parameters in the first level and is parameterised by the hyper-parameters μμ, σμ, μλ, σλ,
αd, σd and ασ, βσ. The third layer defines the hyper prior distributions that are vague
and non-committal [62] except for the failure time distribution that is based on L10h cal-
culations. The hierarchical model describes the behaviour of the group of bearings under
a particular operating condition. With measurements from our batch, we use the pro-
posed hierarchical model to estimate more specific prior distributions for our particular
conditions. The three levels of the model are described in detail below.

Level 1: The individual bearing

Here yij represents the ith time sample of the vibration envelop signal (RMS) of the jth
bearing, with the associated time vector tij for that particular bearing. The exponential
degradation modelling used in the first level is expressed as:

yij ∼ lnN(h(μj, λj, dj, tij), σj), (4.3)
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Figure 4.11: A three-level hierarchical bearing model. The graphs illustrate the distributions for
each parameter and their dependencies in the hierarchical level. The first-level model contains
the individual bearing model parameters, denoted as μj , λj , dj, and σj. The second-level model
consists of prior distributions for the parameters in the first level. The distributions in third
level are the hyper prior distributions for the second-level parameters.

where
h(μj, λj, dj, tij) = μj + eλj(tij−dj) (4.4)

is the signal model (in log scale) for the jth bearing, parameterised by μj, λj, and dj.
The uncertainty σj reflects both modelling errors and measurement noise.

We use a log-normal distribution to describe the measurements as the RMS values
are strictly positive. Note that for log-normally distributed data the expected value (in
original scale) is given by exp(h(μj, λj, dj, tij)) + 0.5σ2

j and h(μj, λj, dj, tij) will instead
represent the expected value of log(yij) in log scale.

Level 2: The group of bearings

The second layer contains the distributions for the parameters in the first layer and
describe the variations associated with our particular batch of bearings (j = 0, ..., 14)
and in our operating conditions

μj ∼ N (μμ, σμ) , (4.5)

λj ∼ lnN (μλ, σλ) , (4.6)

dj ∼ Weibull (αd, σd) , (4.7)

σj ∼ Gamma (ασ, βσ) . (4.8)
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These distributions captures the similarity in the behavior of our group and if they behave
similar, then these prior distributions will be sharp and if they deviate then the prior
distributions are wider to capture the dissimilarity among them.

Here μj in (4.5) is normally distributed as it can take negative values due to our choice
of using log-normally distributed measurements in (4.3). The exponential increase λj is
log-normally distributed as it is non-negative. The failure times are Weibull distributed
[68] and finally the standard deviation parameter σj is gamma distributed following
[62–64].

Level 3: The distributions for the hyper-parameters

For the hyperparameters μμ, σμ, μλ, σλ and ασ, βσ at the second level, we assign hyper
prior distributions that are vague and non-committal

μμ ∼ N (0, 10) , (4.9)

σμ ∼ Gamma (0.01, 0.01) , (4.10)

μλ ∼ N (0, 10) , (4.11)

σλ ∼ Gamma (0.01, 0.01) , (4.12)

ασ ∼ Exp (10) , (4.13)

βσ ∼ Exp (10) , (4.14)

following [62–64]. However, for the parameters αd and σd governing the failure time dis-
tribution in (4.7) we use an informed hyper prior distribution based on L10h calculations
and a factor of one thirds standard deviation around L10h

α′
d ∼ lnN(ln (0.7), 0.33), (4.15)

σd ∼ lnN(ln (344), 0.33), (4.16)

where αd = α′
d + 1 in the Weibull distribution in (4.7). These choices will constrain the

prior distribution of failure time around L10h in absence of measurements. A standard
deviation of one third (0.33) allows the prior parameters αd and σd in the prior distribu-
tion (4.7) to vary around its median values 1.7 and 344, respectively, obtained from the
L10h calculations described in the next paragraph. The αd = α′

d+1 re-parametrisation in
the Weibull distribution will restrict the parameter αd to always exceed one and at the
same time return a median value of 1.7 instead of 0.7, following the procedure proposed
in [62]. This will force the Weibull distribution to zero at time zero. The set of parameter
values (1.7 and 344) will constrain the prior distribution of failure times around L10h and
the standard deviation (0.33) will allow it to adjust to our specific batch and operation
conditions.
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Table 4.2: Life adjustment factor a1 [SKF handbook]

Reliability Failure probability SKF rating life Factor
n Lnm a1

% % million revolutions -
90 10 L10m 1
95 5 L5m 0.64
96 4 L4m 0.55
97 3 L3m 0.47
98 3 L2m 0.37
99 1 L1m 0.25

L10h to Weibull calculations

The L10h (L10h with hour as an unit) for the bearings used in this study was calculated
using the formula in [68]

L10h =
106

60 · n
(
c

p

)3

(4.17)

where c/p = 2.16 and the speed n = 1800 rpm, resulting in L10h = 93.312h. Hence, 10%
of a bearing population will have failed after approximately 93 hours. In this work, it is
assumed that the L10h follows a Weibull distribution. To estimate the Weibull parameters
(to use in the hyper prior distribution described earlier), the failure probability function
of a Weibull distribution

F (t) = 1− exp(−t/σd)
αd , (4.18)

was used together with relations between different values of failure probability, seen
Table. 4.2.

An estimate of the values was obtained by solving a system of equations using two
sets of this equation with different failure probabilities in percentage (%) (1, 2, 3, 4,
5, 10) and with related scale factors a1. A scale factor of 1 represents the L10h failure
time. This was done for all combinations in Table 4.2, resulting in 15 sets of parameter
values; see Table 4.4 and Table 4.3. The mean value of these estimates (α + 1 = 1.7
and σ = 344) was used to describe the initial failure time Weibull distribution of the
bearings. A graphical representation of all 15 estimated Weibull distributions, including
the mean distribution, can be seen in Fig. 4.12.

4.2.2 Results and discussion

The model uses the bearing rating life L10h and its associated failure time distributions
as a prior knowledge in combination with run-to-failure measurements of 14 bearings
together with an exponential model (see equation 4.3) of the bearing degradation. In
this work, we start our analysis using L10h and its associated failure time distribution
together with realistic variations around the distribution parameters to constrain our
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Table 4.3: Weibull distribution and αd values

(%) 10 5 4 3 2 1
10 1.61 1.59 1.64 1.66 1.67
5 1.51 1.69 1.70 1.73
4 1.87 1.77 1.78
3 1.71 1.76
2 1.79

Table 4.4: Weibull distribution and σd values

(%) 10 5 4 3 2 1
10 367 386 367 362 352
5 429 347 343 331
4 286 311 310
3 335 320
2 309
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Figure 4.12: Estimated Weibull distributions and the distribution based on the mean α+ 1 and
σ (thick red curve).

prior beliefs of the failure time distribution prior to our measurements. When data
becomes available, estimates of failure times representative of our specific batch and
conditions can be inferred.

Figs. 4.13–4.14 shows the posterior predictive bearing vibration envelope signals. The
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bearing number is denoted by j, where j = 0, 1, ..., 13. The blue curve represents the
envelope measurements yij (gE). The red solid line shows the exponential model fitted
to the data. The light red areas illustrate the 2.5% and 97.5% confidence intervals. As
shown in Figs. 4.13–4.14, the confidence interval is larger for measurements whereby the
enveloped signal deviated more (e.g. bearing no. j = 7) compared to the exponential
behaviour of the model than for measurements with smaller deviations (e.g., bearing
no. 9). Signals with a larger deviation compared to the exponential model behaviour,
resulting in the same behaviour as in Figs. 4.13–4.14 present a wider distribution for the
predicted RUL.

In Fig. 4.15, the red graph represents the prior Weibull distribution of bearing life in
(4.7) without access to any measurements, using the informed hyper-prior distribution
associated to the L10h and a 33% standard deviation of the Weibull parameters. The
bold red line represents the prior distribution in (4.7) using the median hyper-parameter
values, αd = 1.7 and σd = 344, i.e. the median of the hyper-prior distributions in
(4.15). The thin red lines represent 100 credible hyper-parameters drawn from the hyper
prior distribution in (4.15) and depicts the possible variations of the prior distribution
controlled by the hyper prior distributions. The blue graph represents the updated prior
distribution for our particular conditions, when we have access to our 14 run-to-failure
measurements. The thin blue lines represent 100 credible prior distributions given the
data and depicts the possible variations combining both the uncertainty in the data and
the allowed variations defined by the hyper prior distributions. The blue dots represent
the mean value of the posterior failure times d̂j for our j = 0, ..., 13 bearings. (The dots
are randomly scattered vertically to see their identity.)

The initially calculated L10h bearing rating life of approximately 93 h and its asso-
ciated Weibull distribution (see Fig. 4.15 thick red curve) were over-estimating the life
of the bearings. Using the BHM approach, which combines the prior knowledge and the
measurement data this estimate could be changed to represent the real lifetimes (blue
thick curve). The initial failure distribution based on the designed L10h value could also
be updated based on changes in the input parameters of the bearing life (L10h) rating
calculation e.g., a changing load p during operation.

Several types of prognostics technologies have been reported in the literature. How-
ever, the applicability of such technologies in industry remains a challenge, mainly due
to the time-consuming calculations (which are dependent on the requirements and the
applications) and the lack of required data and health status models directly related to
the physical parameters. This work presented a BHM for bearing life prediction. The
BHM can use data from different groups of bearings to characterise the similarities and
group-level dependencies of the bearings see, for example, [70, 79].

The bearings can be grouped based on material hardening, location in a plant, and
operation or maintenance actions. The data from the different groups are then used to
estimate individual model parameters. The method can also provide RUL predictions
based on prior distributions, such as the Weibull distribution associated with the bearing
rating life (L10h). This method is beneficial when little or no measurement data are avail-
able for a particular bearing. A typical situation is RUL prediction for a newly installed
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bearing or for bearings with little data. Hierarchical estimates of the group-level param-
eters in the model can be obtained from prior calculations for different bearing groups
or for individual bearings under different conditions. The parameter values can be fixed
during operation but can also be changed if required. Fixing the parameters in the model
limits the number of parameters that need to be sequentially estimated. The Bayesian
approach is commonly applied to account for the effects of parameter or data uncertainty
in condition monitoring and to obtain more precise RUL predictions [80]. In these cases,
the RUL prediction is based on stochastic degradation processes and performance degra-
dation data modelling, where the distribution of the RUL is inferred, making it easy to
quantify the uncertainty in the prediction results [81]. The BHM is a method for gen-
erating a probabilistic forecast of parameters associated with a degradation model and
other input values. The BHM approach enables inference for both individual bearings
and groups of bearings. Estimates of the hierarchical model parameters and the indi-
vidual bearing parameters are presented, although the investigated dataset was obtained
from a single group of bearings. Bearing life is normally calculated in the design stage
using the method of bearing rating life, giving a failure time L10h. In the presented BHP
approach, this prediction is the driving force in the first phase of the bearing life, where
all data sources indicate a healthy bearing. In the second phase, when the data indicate a
degraded bearing, the measurement data become important in the calculation, resulting
in an inferred prediction distribution. Historical degradation behaviour and failure times
can also be used to train the model to obtain a better prediction system. By including
more information of temperature, load, operation and maintenance conditions, etc. more
precise (narrower) priors could be achieved using group level regressions. In a real oper-
ational environment, with an accumulation number of measurements of failed bearings
for different batches and conditions, the hierarchical model can estimate more specific
prior distributions. The system will hence learn and improve over time.
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Figure 4.13: Posterior predictive bearing vibration envelope signals. The bearing number is
denoted by j, The blue curve represents the envelope measurements yij (gE). The red solid line
shows the exponential model fitted to the data. The light red areas illustrate the 2.5% and 97.5%
confidence intervals.
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Figure 4.14: Posterior predictive bearing vibration envelope signals. The bearing number is
denoted by j, The blue curve represents the envelope measurements yij (gE). The red solid line
shows the exponential model fitted to the data. The light red areas illustrate the 2.5% and 97.5%
confidence intervals.
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Figure 4.15: The red graph represents the prior Weibull distribution of bearing life in (4.7)
without access to any measurements, using the informed hyper-prior distribution with L10h and
the allowed standard deviation of 33% around L10h. The bold red line represents the prior
distribution in (4.7) using the median hyper-parameter values, αd = 1.7 and σd = 344, i.e. the
median of the hyper-prior distributions in (4.15). The thin red lines represent 100 credible hyper-
parameters drawn from the hyper prior distribution in (4.15) and depicts the possible variations
of the prior distribution controlled by the hyper prior distributions. The blue graph represents
the updated prior distribution for our particular conditions, when we have access to our 14 run-
to-failure measurements. The thin blue lines represent 100 credible prior distributions given
the data and depicts the possible variations combining both the uncertainty in the data and the
allowed variations defined by the hyper prior distributions. The blue dots represent the mean
value of the posterior failure times d̂j for our j = 0, ..., 13 bearings. (The dots are randomly
scattered vertically to see their identity.)





Chapter 5

Research contributions

This thesis presents the following original research contributions:

5.1 Research contributions

Railway track geometry

• A particle filter (PF)-based prognostics approach is proposed for railway track
degradation.

• The particle-filter-based prognostics approach is able to generate a probabilistic
result based on the uncertainties of the input model parameters.

• The proposed method can be used for risk-based maintenance decisions based on
uncertainties of the input parameters to the physical model.

• The main advantage of the proposed particle filter approach over pure regression
and physical models is that it enables a Bayesian formulation of a problem.

Li-ion batteries

• A Bayesian hierarchical model (BHM) is proposed for the EoD prognostics of bat-
teries.

• The BHM provides prognostics of individual and groups of batteries.

• The BHM method can address cases with or without measurement data.

• A discharge cycle dependency can also be identified in the result, thereby providing
the opportunity to predict the battery reliability.
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Rolling element bearings

• The BHM approach enables the relationships between the bearing model parame-
ters and their prior distributions to be expressed in different hierarchical levels and
to be used to predict the RUL of bearings.

• The probabilistic results of the BHM approach, together with the economical con-
sequences of failure, can be used to estimate the business risk of the bearing appli-
cation and to assess different operation and maintenance strategies by simulating
different future load conditions and maintenance actions.

• Bearing rating life calculations of failure times and their distribution can be used
to constrain our prior distribution of the failure time before measurements are
available. As data become available, estimates more representative of our specific
batch and operating conditions can be inferred.

• By updating the L10h calculation dynamically e.g. by using estimated bearing
forces from acceleration data operational condition can be included life prediction.

• The initial bearing rating life calculation and distribution can be replaced or com-
bined with measures of previous failure times for similar batches and conditions to
obtain a more specific prior distribution.

5.2 Summary of the appended papers

5.2.1 Paper I

Title: Hybrid modelling for failure diagnosis and prognosis in the transport
sector. Acquired data and synthetic data.

Abstract : Safety in transport is a key issue. Railway and aerospace sectors have a
need for ways to predict the behaviour of trains and aircraft respectively. With this
information, maintenance tasks for the correct operation of the assets can be carried
out for reducing the number of failures that can cause an accident. However, the lack of
enough data of the faulty state of those systems makes this to be difficult. Because of that
either hidden faults or unknown faults can occur. As regulations in transport are very
restrictive, components are usually substituted in early states of their degradation which
implies a loss of useful life of those components. In this article, a methodology to overcome
this limitation is presented. This methodology consists in the fusion of data obtained
from two sources: data acquired from the real system and synthetic data generated using
physical models of the system. These physical models should be constructed in such a way
that they can reproduce the main failure modes that can occur in the modelled system.
This data fusion that creates a hybrid model not only allows to classify the condition of
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the system according to the aforementioned failure modes but also to define new data that
do not belong to any of those failure modes as a new failure mode, improving diagnosis
and prognosis processes.

Contribution : This paper extends the work reported in Mishra et. al, 2014, in which
I participated in discussion, originated part of the conceptual idea and wrote part of the
first draft of the manuscript.

5.2.2 Paper II

Title: Particle filter-based prognostic approach for railway track geometry

Abstract : Track degradation of ballasted railway track systems has to be measured
on a regular basis, and these tracks must be maintained by tamping. Tamping aims
to restore the geometry to its original shape to ensure an efficient, comfortable and
safe transportation system. To minimise the disturbance introduced by tamping, this
action has to be planned in advance. Track degradation forecasts derived from regression
methods are used to predict when the standard deviation of a specific track section will
exceed a predefined maintenance or safety limit. This paper proposes a particle filter-
based prognostic approach for railway track degradation; this approach is demonstrated
by examining different railway switches. The standard deviation of the longitudinal track
degradation is studied, and forecasts of the maintenance limit intersection are derived.
The particle filter-based prognostic results are compared with the standard regression
method results for four railway switches, and the particle filter method shows similar or
better result for the four cases. For longer prediction times, the error of the proposed
method is equal to or smaller than that of the regression method. The main advantage of
the particle filter-based prognostic approach is its ability to generate a probabilistic result
based on input parameters with uncertainties. The distributions of the input parameters
propagate through the filter, and the remaining useful life is presented using a particle
distribution.

Contribution : The main idea of this work was inspired by my stay at NASA in 2015.
I learned PF-based algorithms while I was at NASA and applied them to railway track
degradation. I participated in the formulation of ideas based on the work done at NASA,
conducted a study of track geometry using the PF approach, and wrote most of the first
draft of the manuscript.

5.2.3 Paper III

Title: Bayesian hierarchical model-based prognostics for lithium-ion batteries

Abstract : To optimise operation and maintenance, knowledge of the ability to perform
the required functions is vital. The ability is governed by the usage of the system (opera-
tional issues) and availability aspects like reliability of different components. This paper
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proposes a Bayesian hierarchical model (BHM)-based prognostics approach applied to
Li-ion batteries, where the goal is to analyse and predict the discharge behaviour of such
batteries with variable load profiles and variable amounts of available discharge data. The
BHM approach enables inferences for both individual batteries and groups of batteries.
Estimates of the hierarchical model parameters and the individual battery parameters
are presented, and dependencies on load cycles are inferred. A BHM approach where
the operational and reliability aspects end of life (EoD) and end of life (EoL) is studied
where its shown that predictions of EoD can be made accurately with a variable amount
of battery data. Without access to measurements, e.g. predicting a new battery, the
predictions are based only on the prior distributions describing the similarity within the
group of batteries and their dependency on the load cycle. A discharge cycle dependency
can also be identified in the result giving the opportunity to predict the battery reliabil-
ity.

Contribution : I participated in the formulation of ideas and discussion of new ap-
proaches. The work was carried out based on a Bayesian data analysis course that I
took, which helped me to apply a Bayesian hierarchical approach to prognostics and
health management for Li-ion batteries. Battery data was taken from the NASA Ames
Lab. I wrote most of the first draft of the manuscript.

5.2.4 Paper IV

Title: Simulations and measurements of the dynamic response of a paper
machine roller

Abstract : The paper industry is a highly automated industry that includes many dif-
ferent production steps, in which a variety of machine components are used. In a paper
machine, where the pulp is being transformed into paper, rotating components such as
bearing-mounted rollers play an important part in driving the wire with the pulp through
the process. In this type of industry with a serial layout, the failure of a single roller or
bearing could lead to the stoppage of several production steps, with costly consequences
as a result. To ensure and optimise asset availability, a condition based maintenance
(CBM) strategy could be implemented. However, CBM is dependent on an appropriate
condition monitoring (CM) technique to detect a physical phenomenon that defines the
state of critical components or systems. For the development of CM techniques, it is
therefore important to understand and model the physical behaviour of the system in
question. In this paper, the behaviour of a roller in a paper machine is analysed using the
finite element method(FEM). The physical model was compared with vibration measure-
ments collected from an online monitoring system and an experimental modal analysis.

Contribution :I participated in the formulation of ideas and conducted the FEM, data
measurement, and wrote most of the first draft of the manuscript.
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5.2.5 Paper V

Title: Bearing life prediction with informed hyperprior distribution: A Bayesian
hierarchical approach

Abstract : A Bayesian hierarchical model (BHM) is developed to predict bearing life
using envelope acceleration data in combination with a degradation model and prior
knowledge of the bearing rating life. The BHM enables the inference of individual bear-
ings, groups of bearings, or bearings operating under certain conditions. The key benefit
of the BHM approach is that the relationships between the bearing model parameters
and their prior distributions can be expressed at different hierarchical levels. We begin
our analysis using a bearing rating life calculation L10h and an estimate of its associated
failure time distribution. Realistic variations to constrain our prior distribution of the
failure time are then applied before measurements are available. When data become
available, estimates more representative of our specific batch and operating conditions
are inferred, both on the individual bearing level and the bearing group level. The pro-
posed prognostics methodology can be used in situations with varying amount of data.
The presented BHM approach can also be used to predict the remaining useful life (RUL)
of bearings both in situations in which the bearing is considered to be in a healthy state
and in situations after a defect has been detected.

Contribution : I participated in formulation of ideas, initiated the conversation with
SKF to obtain run-to-failure data in order to develop the prognostics technique, and
analysed the data. I wrote most of the first draft of the manuscript.





Chapter 6

Conclusions and future research

6.1 Conclusions

The conclusion of this comprehensive thesis is presented in this section. The conclusions
are presented for each paper and are related to the research questions posed at the
beginning of the thesis. Additional details and results are presented in the appended
papers.

Paper I

The first step in data-driven prognostics is to gather measurements of the system status.
The measurements have to then be classified to distinguish between healthy and faulty
conditions or intermediate conditions. The evolution of these classification regimes can
be analysed to predict a point in time at which the status has reached the faulty state.
This requires that the faulty regime be defined in the classification system or, more
conveniently, if the evolution path from a healthy to faulty case can be provided. However,
in systems where minimal failure data are available, this poses a problem. Paper I
describes a method for solving this issue by creating a set of synthetic data points that
can be used to classify the faulty stage. This approach can also be used to define the
evolution of the system degradation by adopting such a model. The paper addresses
these issues with systems for which minimal historical or condition monitoring data are
available (partially RQ4) using synthetic failure data.

Paper II

Paper II describes a particle-filter-based approach implemented for a railway case wherein
the track degradation is predicted. The study for this case shows that the particle-filter-
based approach generates errors that are similar to or smaller than those of the regression
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method, especially for longer prediction times. In other words, the particle-filter-based
methods demonstrate an improved ability to predict the RUL when the amount of data is
limited (RQ4). The main advantage of the particle-filter-based prognostics approach is
its ability to generate a probabilistic result based on the uncertainties of the input model
parameters (RQ2). The probabilistic result could be used for risk-based maintenance
decisions considering the uncertainties of parameters that can affect track degradation.
Particle filtering is a viable method that allows us to explicitly represent and manage the
uncertainties inherent in the studied system and to handle non-linear and non-stationary
models with non-Gaussian noise. Hence, the main advantage of the proposed approach
over pure regression and physical models is that it allows a Bayesian formulation of a
problem. Both physical models and data can be incorporated into the method, and the
state vector formulation can link the system state to numerous inputs. The particle
approach can also address time-varying operational conditions such as changing traffic
volumes (million gross tons) and the axle load of the rolling stock. The load could also
be associated with uncertainty based on the uncertainties in the cargo loads (RQ1).
This uncertainty can be represented in the load variable and can propagate along with
all the other uncertainties and measurement noise to form a probabilistic result of the
RUL prediction.

Paper III

In paper III, the predicted EoD and EoL are addressed by a BHM approach. The BHM
performs well for varying load profiles of battery discharge cycles and can predict the
EoD of a battery. The proposed method can provide a common prediction framework
for combining all discharge cycles to predict the EoD. As can be seen in the results, this
method can address cases with or without data. The difference between the predicted
EoD and the true EoD, in terms of both the dispersion and central tendency, is reduced
when introducing more measurement data. When using all available measurements, the
prediction is in good agreement with the true discharge profile. Predictions based solely
on the prior distributions and no measurement data can be achieved but have increased
uncertainty. Furthermore, this method is also beneficial when sequential measurement
and estimation are costly and when probability assessment and risk analysis prior to a
mission are desired. As can be seen in the results, the proposed method can capture
additional relationships between parameters (such as the load cycle dependencies) and
use them to improve prognostics. The BHM approach permits inference at both the
individual battery level and battery group level. Hence, paper III addresses RQ2,3, and
4 and partially RQ1 since different phases of the battery life are not considered.

Paper IV

The purpose of this study was to analyse the dynamic behaviour of a paper machine roller
by developing an FEM model. The model can generate synthetic data when minimal
historical data are available (partially RQ4). It can also serve as a base for further
implementations of different failure modes related to changes in the dynamic response.
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This model could then be used for defining filters for different failure modes, generating
features describing the different states of the system. These states can be tracked and
predicted for life-length estimation. The result of the study showed a slight deviation
between the simulated (synthetic) eigen-frequencies and the measured eigen-frequencies.
The result of this study could also be used to estimate the bearing load, which has a
direct impact on the bearing life length. This aspect is addressed in this thesis (chapter
4). Paper IV, together with chapter 4 in this thesis, hence addresses RQ1 by proposing
a method for dynamic load estimation during the first phase of the bearing life.

Paper V

Paper V presents a prediction approach for bearing life during different phases of its
life. In this paper, we start our analysis using the L10 rated bearing life and realistic
variations around the L10 rated bearing life to constrain our prior beliefs of the failure
time distribution for our case. Without any measurements from a specific batch and
operating conditions, the L10 and realistic variations around the L10 rated baring life
are the best estimates of the failure time distribution. With measurements from our
batch, we use a hierarchical model to estimate more specific prior distributions for our
particular condition. More measurements of failed bearings allow us to obtain more
specific distributions for the failure times. Hence, paper V addresses RQ 1,2,3, and 4.

6.2 Future research

Rolling element bearings

One of the major issues in the PHM society is the lack of required data and the state of
the health model’s direct relation to the physical parameters, instead of an empirical or
other type of model. To make predictions regarding a rolling element bearing’s life, future
work must address the issue of the lack of data related to the phenomena affecting the
life. More information on the usage and environmental context is needed to improve the
bearing life prognostic capability of the BHM approach; however, this is a difficult task
for many industrial applications since more data generally means higher data acquisition
costs. More effort should also be spent on finding new measures of vital phenomena,
such as actual bearing forces. Other aspects that require further consideration are how
typical installation or maintenance actions will affect the life of a bearing.

Li-Ion batteries

Future studies should investigate the prediction capability of the BHM approach when
incorporating different usages and environmental contexts in the prognostics. In addition,
a sequentially updating algorithm must be further investigated to reduce the computation
time for real-time online applications. Future studies can also address the issue with
specific or general battery models for different types of batteries and manufactures.
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Railway track geometry

This study did not focus on the efficiency of the algorithm implementation, which can
be considered in future studies. For railway track geometry prediction, the main future
issue lies in obtaining accurate input data, e.g., maintenance actions and other precursors,
which can affect the degradation.

Future research should also investigate fusion technologies to utilize specific properties
of different prognostic algorithms, combine their individual predictions into an improved
prognostic, and predict the super RUL.
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MODELIZACIÓN HÍBRIDA PARA EL DIAGNÓSTICO Y PRONÓSTICO 
DE FALLOS EN EL SECTOR DEL TRANSPORTE. DATOS 

ADQUIRIDOS Y DATOS SINTÉTICOS. 
 

ABSTRACT: 
Safety in transport is a key issue. Railway and aerospace 
sectors have a need for ways to predict the behaviour of 
trains and aircraft respectively. With this information, 
maintenance tasks for the correct operation of the assets can 
be carried out for reducing the number of failures that can 
cause an accident. However, the lack of enough data of the 
faulty state of those systems makes this to be difficult. 
Because of that either hidden faults or unknown faults can 
occur. As regulations in transport are very restrictive, 
components are usually substituted in early states of their 
degradation which implies a loss of useful life of those 
components. 
 
In this article, a methodology to overcome this limitation is 
presented. This methodology consists in the fusion of data 
obtained from two sources: data acquired from the real 
system and synthetic data generated using physical models 
of the system. These physical models should be constructed 
in such a way that they can reproduce the main failure modes 
that can occur in the modelled system. This data fusion that 
creates a hybrid model not only allows to classify the 
condition of the system according to the aforementioned 
failure modes but also to define new data that do not belong 
to any of those failure modes as a new failure mode, 
improving diagnosis and prognosis processes. 
 
Keywords: maintenance, condition monitoring, detection, 
prognosis, transport, railway, safety, hybrid modelling, fault 
modelling, synthetic data 

RESUMEN: 
La seguridad en el campo del transporte es un punto crítico. Así, el sector 
ferroviario y el de la aeronáutica precisan de formas para predecir el 
comportamiento de trenes y aeronaves, respectivamente. Con esta 
información se pueden llevar a cabo las gestiones de mantenimiento 
necesarias para el correcto funcionamiento de los activos y reducir el 
número de fallos que puedan causar un accidente. Sin embargo, la falta 
de datos suficientes sobre estados con fallo de dichos sistemas hace que 
esta tarea sea complicada. Esta carencia de información hace que se 
puedan producir fallos ocultos o fallos desconocidos. Al tratarse la 
normativa del sector del transporte muy restrictiva en este aspecto, se 
tiende a reemplazar los componentes en estados tempranos de su 
degradación, lo que supone un desaprovechamiento de la vida de dichos 
componentes. 
 
En el presente artículo se propone una metodología para abordar esa 
limitación. Dicha metodología consiste en la fusión de datos de dos 
fuentes: por un lado, los datos adquiridos del sistema real; y, por otro 
lado, datos sintéticos generados a través de modelos físicos. Dichos 
modelos físicos han de estar construidos de forma que sean capaces de 
reproducir los principales modos de fallo que pueden ocurrir en dichos 
sistemas. Esta fusión de datos, que forma un modelo híbrido, permite no 
sólo clasificar el estado del sistema según los modos de fallo 
previamente estipulados, sino también definir nuevos modos de fallo que 
no concuerden con ninguno de los modos de fallo anteriores, mejorando 
los procesos de diagnosis y prognosis. 
 
Palabras clave: mantenimiento, monitorización de la condición, 
detección, prognosis, transporte, ferroviario, seguridad, modelización 
híbrida, modelización de fallo, datos sintéticos 

 
1.- INTRODUCTION 
 
Condition based maintenance (CBM) is a kind of maintenance which has increased exponentially in the last years, 
specially for its capability to predict future failure, improving the reliability and safety of the monitored asset. CBM 
consists in two main processes: diagnosis and prognosis [1],[2]. Diagnosis implies the detection of failures that are 
produced by the appearance of their corresponding failure modes and once they have been detected their identification 
and vigilance to carry out an analysis of the health of the system. For its part, prognosis implies to carry out a 
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prediction. This concept applied to the field of maintenance consists of determining the remaining useful life (RUL) of 
an asset or a component [3]. Both diagnosis and prognosis form the coupling of condition monitoring where the 
optimization of the diagnosis process is a key to obtain good results in the prognosis process [4]. 
 
In the systems of the transport sector where many components and subsystems are involved in the operation, it is 
difficult to obtain a complete fault catalogue corresponding to all the individual systems and to the different 
combinations when they work together and produce new faults. This implies that a great number of faults cannot be 
detected and those that are not detected cannot be isolated or properly monitored, as shown in Fig. 1). 
 

 
Fig. 1: Fault detection and prediction processes 
 
Those failure modes that can be monitored by condition indicators that show the associated symptoms are controlled 
and the failure frequency is reduced using robust designs and/or conservative maintenance. In the transport sector, the 
cost is a secondary variable as in other sectors such as energy or chemistry for which safety is more important than 
other factors of efficiency and reliability to avoid any accident [5],[6]. Thus, early replacements of components are 
needed according to strict regulations. In fact, regulations in the transport sector, firstly applied to the aeronautic sector 
and now to railways, force to apply very restrictive criteria for reliability, availability, maintainability and safety 
(RAMS), as expressed in the standard EN 50126-5. 
 
This paradigmatic change in the prognosis of transport systems requires new approaches due to the fact that the use of 
degradation patterns for prognosis [7], as shown in Fig. 2), where the failure modes and their evolutions were partially 
known a priori becomes obsolete. 
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Fig. 2: Evolution of the reliability of a system during time 
 
The real scenario a maintainer has to face up is that where only a number of components or subsystems fail in early 
stages of their life or some elements are deliberately operating until failure due to their low criticality [8]. However, all 
the critical elements that can affect the reliability and specially the safety of the system are replaced in early stages of 
their degradation, not even near to the maintenance limit, which is established according to different standards, such as 
the EN 13848-5 for the railway sector. This lack of data is also given by the early replacements done when 
opportunistic maintenance is carried out. 
 
Thus, this paper proposes that the prognosis of systems of the transport sector should consist of pieces of information 
from different sources, taking into account that a historic database of faults is unfeasible due to over-protection and 
excessive maintenance tasks done to the system in a strongly regulated environment that does not permit any 
deterioration and that must assure a high reliability. These pieces of information are made up by the partial degradation 
of the subsystems until their replacement, the physical knowledge behind them and the integration of faults that can 
occur, and they are not taken into account in the design phase. All this information must contribute to estimate the RUL 
when the lack of historic information is a handicap. Moreover, the information from the design phase should be fused 
with real data in such a way that predictions have acceptable confidence intervals to take maintenance and operation 
decisions based on them. 
 
2.- CLASSIC SYSTEM MODELLING 
 
Physical models, models based in data or symbolic models can be used to carry out CBM. Physical modelling is based 
in the knowledge behind system which is modelled and they are given by equations [9]. These equations, either 
ordinary or partial derivative equations, can be classified as follows: 

 Balance equations (e.g. chemical reactions). 
 Physical or chemical equations of state (i.e. equations that relate state variables of the system). 
 Phenomenological equations (e.g. Fourier’s law of heat conduction). 
 Interconnection equations (e.g. Kirchhoff’s current law). 

 
Once the equations are defined, they can be simplified using linearizations, approximations and order reductions, 
among others [9], with the objective of obtaining a more affordable mathematical resolution. 
 
Physical models are very useful to describe the response of time varying systems, taking into account different 
operation conditions, transients and variable environmental conditions. Moreover, modelling different failure modes is a 
key to assure the correct representation of the response of the systems [10],[11]. However, the more effects are added 
and the greater the complexity of the model, the greater the effort needed to develop and validate it. Consequently, there 
is a need to define a limit in the model complexity. 
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The main advantage of physical models compared to the data-driven approach is the aforementioned physical 
knowledge of the monitored system [12]. In the data-driven approach the causality between the data and the physical 
world is lost in such a way that the reliability of the algorithms is questioned. Different techniques related to the 
modelling based on data are described in [1],[2]. 
 
Finally, symbolic models [13]use technical specifications of components, tests and recommendations of manufacturers, 
work orders, maintenance reports and experience given by a maintenance crew. This information can be found in either 
numeric or commonly semantic way. In the latter case, two situations should be distinguished: if the information is 
typed, it can be used to create causal relations of faults progress in contrast to if the information is transmitted orally, it 
is more difficult to obtain detailed descriptions of complex dependencies and time-varying responses. 
 
3.- HYBRID MODELLING 
 
The hybrid modelling approach proposed in this paper is based on the fusion of data obtained from different sources 
with the aim of carrying out a prognosis analysis of a system. This kind of modelling has some advantages, as for 
example the case of an aircraft. Data can be obtained from an aircraft when it is operating without any fault. However, 
when a key performance indicator (KPI) of the system exceeds the pre-established maintenance limit, relevant 
maintenance tasks are carried out. This implies that data can only be recorded until near time tm, the time when the limit 
is exceeded, as shown in Fig. 3). There are other two limits after the maintenance limit. The first one is the service limit 
which corresponds to the limit in which the system is not in suitable conditions for functioning. Therefore, the system 
reaching to that limit (near time tser) should be avoided. Finally, the system is not going to be allowed to reach the safety 
limit (near time tsaf) for the following reasons: 

 Safety: some failure put at risk both the system and people. 
 Cost: a fault can lead to very high economic losses. 
 Environmental issues: the effect of a fault can be harmful for the environment. 

 

 
Fig. 3: Trend analysis for the remaining useful life estimation 
 
Consequently, data from the real system cannot be acquired in some faulty conditions, in such a way that only data in 
healthy conditions (H) can be recorded, as shown in Fig. 4) taking into account two indicators. Nevertheless, different 
failure modes that can occur in the system can be simulated by using physical models. For that purpose, those failure 
modes have to be previously defined by different techniques such as reliability centred maintenance (RCM) or failure 
mode and effect analysis (FMEA), among others. 
 
Once the failure modes have been identified and have been modelled in a physical model, data can be generated by 
simulations, obtaining “synthetic data”. Fig. 5) shows data from the real system related to healthy conditions (H) and 
data related to three faulty conditions (F1, F2 y F3) obtained by a physical model. 
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Fig. 4: Healthy data acquired from the real system 
 
Thus, the final data set have data acquired from the real system when it is in healthy conditions and synthetic data 
generated by a physical model that represents the different failure modes identified in the system. The combination of a 
model based on data and a physical model is called hybrid modelling. Once data from these two sources are obtained, 
the data are classified and a tuning process is carried out to optimize this classification. 
 

 
Fig. 5: Data acquired from the real system in healthy conditions and synthetic data generated by a physical model in 
faulty conditions 
 
3.1.- CLASSIFICATION PROCESS 
 
Supervised classification, also known as machine learning, is used in this methodology. It uses data where it is known 
which group each individual belongs and the objective is to find a relation between the individuals and the groups in 
such a way that it is possible to assign a group to a new individual. 
 
This kind of classification is used due to the fact that the groups to which data belong are known. Moreover, the 
techniques of this kind of classification (machine vector support, k nearest neighbour or neural networks, among others) 
are not able to distinguish the source of the input data and this “blind” classification is taken as an advantage. 
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3.2.- TUNING PROCESS 
 
Once the classification process is carried out, newly acquired data can be easily classified to some of the defined 
groups. However, it can occur that new data do not correspond to any of those groups. This situation is known as non 
fault found (NFF). Fig. 6) shows a graph in which this situation occurs. Data that do not belong to any of the predefined 
groups (H, F1, F2 y F3) are labelled as NFF. There are two main reasons for appearing NFF data: 

 The physical model is not sensitive to one of the identified failure modes, in such a way that newly acquired 
data is not similar to the generated data. 

 NFF data is related to a failure mode that has not been previously identified. 
 

 
Fig. 6: Appearance of NFF data 
 
The appearance of NFF data has to be used to update and complete the classification system. This kind of data is 
considered as a new category related to other failure modes and, in combination with the healthy data acquired from the 
real system and the faulty synthetic data generated, the supervised classification is carried out again. The process of 
automatic updating of the classification criterion is called tuning process. Once the tuning process is carried out a better 
knowledge of failure evolution is obtained, carrying out the prognosis process in an easier way. Fig. 7) shows a scheme 
of this process. 
 

 
Fig. 7: Tuning process in the classification system 
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4.- FROM DATA FUSION TO INFORMATION FUSION IN THE RAILWAY SECTOR 
 
The methodology proposed in the previous section is based on the fusion of data coming from two sources: the 
monitored system itself and its physical modelling. Nevertheless, symbolic models have to be added to the previous 
data, introducing information related to the assets and their management. This information comes from work orders or 
different maintenance and/or management sources, such as the supervisory control and data acquisition (SCADA), the 
enterprise resource planning (ERP) or the computer maintenance management software (CMMS), among others [14]. 
This kind of information is based on the experience of workers and maintenance and management responsible that 
monitor the state of the assets, as well as the manufacturers of the components and systems. 
 
The transport sector has been specially sensitive to all the progresses in diagnosis and prognosis because of users 
demanding service quality without compromising systems safety. It also has to be taken into account that the 
complexity of transport systems has increased using mechatronic elements and the intrusion of persuasive computing in 
the sector. Due to all of these reasons, a huge amount of information has been generated which can be used for better 
estimating the useful life of systems, subsystems and components. This kind of information is abundant in the railway 
sector, as shown in Fig. 8), where there are many systems, from the rolling stock until the rail and the signalling 
elements. 
 
On the one hand, there are physical models for the degradation of components or subsystems, such as rail, wheel, 
sleepers and even overhead power cables and pantographs. On the other hand, different condition monitoring 
techniques, either onboard or in the rail, provide data about wheel and rail geometry, ballast quality, etc., as well as 
regularly done non-destructive testing. This data is merged with information related to maintenance reports of each 
subsystem, information about stocks, maintenance planning, map routes of engine drivers, timetables, work orders, laws 
and directives in the railway sector, standards, etc. These last sources form an amount of information that, despite being 
them of a different nature compared to acquired and synthetic data, can be used to complement the rest of data. 
 

Physical models

Data repository

Offline rail
monitoring

Online onboard
monitoring

Symbolic models

 
Fig. 8: Data sources in the railway sector 
 
The combined use of data (acquired or synthetic) and symbolic models is known as information fusion. In general, the 
data and information fusion, which is shown in Fig. 9), allows train maintenance and railway infrastructure managers to 
have a better knowledge of the state of different assets and to be able to manage and define the maintenance needs with 
the aim of the assets being operating without failures and assuring the safety of both the train and the passengers. 
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Fig. 9: Information fusion for decision making [14] 
 
5.- CONCLUSIONS 
 
A methodology to improve the diagnosis and prognosis processes has been presented in this paper. The lack of data 
related to failures or accidents in some systems is unfavourable when predicting them. That is why the generation of 
synthetic data by using physical models which cover a wide range of failure modes and their coupling with existing data 
from the real system provides a great knowledge of the possible conditions of the monitored asset. Moreover, in case 
the system is responding in an unexpected way, the use of the data related to that state is suggested to retrain and 
improve the classification system. 
 
The special interest of this methodology in complex systems has been analysed, as it is more difficult to predict failure 
in that kind of systems. Thus, this methodology is a step forward for the knowledge of the state of systems in which 
safety is a critical issue, as in the transport sector in general and in the railway sector in particular. 
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a b s t r a c t

Track degradation of ballasted railway track systems has to be measured on a regular basis,
and these tracks must be maintained by tamping. Tamping aims to restore the geometry to
its original shape to ensure an efficient, comfortable and safe transportation system. To
minimize the disturbance introduced by tamping, this action has to be planned in advance.
Track degradation forecasts derived from regression methods are used to predict when the
standard deviation of a specific track section will exceed a predefined maintenance or
safety limit. This paper proposes a particle filter-based prognostic approach for railway
track degradation; this approach is demonstrated by examining different railway switches.
The standard deviation of the longitudinal track degradation is studied, and forecasts of the
maintenance limit intersection are derived. The particle filter-based prognostic results are
compared with the standard regression method results for four railway switches, and the
particle filter method shows similar or better result for the four cases. For longer prediction
times, the error of the proposed method is equal to or smaller than that of the regression
method. The main advantage of the particle filter-based prognostic approach is its ability to
generate a probabilistic result based on input parameters with uncertainties. The distribu-
tions of the input parameters propagate through the filter, and the remaining useful life is
presented using a particle distribution.

� 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Tracks are an essential part of railway infrastructure, and track degradation due to varying loads, different environments
and different actions on the track plays a critical role in track performance. A track is designed using tangent track sections,
curved track sections and railway switches and crossings, which are all normally mounted on concrete slabs or ballast [1].
Other assets such as bridges and level crossings are normally not mounted on ballast. Ballasted tracks are less expensive but
can experience greater dynamic changes compared to the more stable and expensive slab tracks.

A well-known challenge for railway infrastructure managers (IMs) is ensuring the required railway service capacity and
quality by maintaining and restoring the track functions. This service is performed by planning and executing a variety of
maintenance actions. For ballasted tracks, which currently represent the majority of railway networks, tamping is an impor-
tant action that aims to restore the design geometrical shape of the track. Tamping has to be conducted along the network on
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a regular basis to counteract the track degradation induced by failing ballast and substructure support. Tamping moves bal-
last material under the sleepers to elevate degraded sections; this action aims to keep the track geometry within specified
limits. Failing to ensure this geometry could result in safety and comfort issues and thus speed restrictions or closed line
sections. The degradation of the track geometry is quantified by five factors: longitudinal level, alignment, cant (cross-
level), twist and gauge [2].

Measurement trains are normally used to monitor track geometry over large distances. Most measurement trains mea-
sure the acceleration of the wheels and transform this value into displacement along the track and perpendicular to the
track. The displacements are measured for both rails and can be presented for different wavelength intervals. Then, the aver-
ages of the track geometry parameters are calculated using standard deviation. In Sweden, this calculation is performed over
a sliding track segment window of 200 m, and this procedure is regulated by the IM. The indicator of track degradation used
for tamping is the standard deviation of the longitudinal level, filtered in the wavelength range of 3–25 m. Tamping is usually
performed using train-based tamping machines, which normally travel at a speed of approximately 2 km/h. The tamping
intervention thus occupies the track and reduces the effective network capacity. To limit this effect, tamping campaigns
are typically planned up to 18 months in advance; therefore, effective maintenance planning requires a prognostic capabil-
ity. Another important aspect of railway track tamping is the tamping of railway switches and crossings (S&Cs). Due to their
more complicated mechanical structure compared to tangent and curved tracks, railway switches have to be tamped in a
special way. Typically, the S&Cs are not tamped when the adjacent line sections are tamped because two different tamping
machines are used, which makes them particularly interesting in terms of monitoring and prediction.

Many general methods exist for predicting the remaining useful life (RUL) of systems and components. The most common
prognosis methods are physics-based approaches, which use mathematical formulations based on physical phenomena or
principals, and data-driven approaches.

Many physics-based degradation models have been developed for railway track settlement that can also be used for prog-
nostics, e.g., the British model [3], German model [4], Japanese model [5], South African model [6], and US model [7]. As a
result of a European project, a track degradation model has also been suggested by ORE (Office de Recherches et d’Essais de
l’Union Internationale des Chemins de Fèr, 1988) [8]. Other studies have further described how settlement is affected by dif-
ferent vehicles [9] and high speed trains [10,11]. An overall model for both track deterioration and track settlement that
includes component fatigue, wear and rolling contact fatigue was presented by [12]. The stochastic approach defines the
track degradation model based on the uncertainties of the track behaviour, whereas mechanistic models are based on the
mechanical properties of the track structure [13,14]. Some of the statistical models and mechanistic models are presented
in the literature [1,8,15].

Data-driven approaches rely on monitored data that are used to learn a system’s behaviour. These approaches can be fur-
ther categorized into statistical models (e.g., regression and autoregressive models), stochastic models (e.g., reliability and
covariate-based hazard models and Markov models), and machine learning (e.g. neural network and support vector
machine). Although stochastic approaches and machine learning have shown advances in prognostics in various areas
[16], the statistical methods are commonly used for predicting railway track irregularities and planning track maintenance,
such as tamping [17,18]. The statistical methods include linear [19], polynomial [20], and exponential regression models [21]
as well as grey box models [22]. Stochastic models for track geometry degradation are based on the Markov chain model [23]
and Gamma process [24]. The regression-based prognostic techniques are simple and fast and work well when the covari-
ance function is well defined, such as for low noise in the data and simple behaviour of the degradation model. If there is
significant noise in the data, this method makes it more difficult to determine relationships, especially when one-to-
many relationships exist between the inputs and the output [25]. A disadvantage of the data-driven approaches is the lim-
ited ability to run scenarios for future increases in traffic and axle load, especially where the increase contains uncertainty.

Today, the Swedish IM uses a linear regression model to predict when the track geometry will reach a maintenance or a
safety limit. For general risk-based maintenance planning, the output of a prognostic model should include a distribution
related to the estimated RUL [16]. Preferably, the distribution should describe the inherent uncertainty of the degradation
process and future operation as well as the errors associated with the prediction techniques used. Then the prognostics deci-
sions can be based on a probabilistic forecast rather than on a specific deterministic value without any associated probabil-
ity. Today, many railway IMs are aiming for risk-based maintenance planning, which is the main motivation for this study.
This study aims to accommodate this need by proposing an alternative method for track geometry prognostics that offers a
probabilistic prediction.

Particle filter-based prognostics allow the use of a Bayesian problem formulation. Both physical models and data can be
incorporated into the method, and the state vector formulation links the state of the system to numerous inputs. Among
these techniques, particle filters were recently developed for prognostics in Prognostic and Health Management (PHM).
The particle filter methods can be used to model multivariate deterioration processes and are not limited to standard state
distributions. Therefore, these methods are suitable for conducting risk-based maintenance planning. Particle filter-based
prognostics has grown in popularity and has been implemented for many applications; numerous publications address this
topic in applications for crack growth [26–31], Li-ion batteries [27,32–44], pneumatic valves [45], wind turbines [46], and
Aircraft actuator systems [47].

This paper proposes a particle filter-based prognostic approach for railway track degradation. The approach is demon-
strated by examining four different railway S&Cs. The standard deviation of the longitudinal track degradation is studied,
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and forecasts of the intersection points related to the maintenance limit are derived. The particle filter-based prognostic
results are compared with the standard method results using regression.

In Section 2, the case study used in this study is described. Section 3 summarizes the degradation models used for prog-
nostics. Section 4 proposes a prognostic approach for RUL using particle filters. The results of the proposed approach are
compared to the results of an existing approach in Section 5. Section 6 discusses the proposed approach based on the results,
and Section 7 suggests the scope for further research.

2. Case study

The proposed particle filter-based prognostic approach is demonstrated in a case study of four different S&Cs. The vertical
displacement of the track is measured in the longitudinal direction using a measurement train approximately four times a
year. The displacement data is filtered by the measurement system to deliver a band-pass filtered signal that includes wave-
lengths between 3 and 25 m. The standard deviation is then derived using a moving average with a window size of 200 m.
The standard deviation used in this study (SDH) is then derived by calculating the average value of the left and right rails, as
shown in Fig. 1. The specific properties of each S&C can be found in Table 1, which shows the IDs of the different S&Cs con-
sidered in this study. A typical S&C consists of three panels: a switching panel, closure panel and crossing panel. The front
joint before the switching panel and the rear joint after the crossing panel are also considered as additional lengths for cal-
culating the standard deviation of the track geometry.

The S&Cs in this study were chosen from the same line section to ensure similar load profiles for each S&C. However, dif-
ferent local conditions, such as weather and geotechnical properties, as well as individual S&C properties could still create
deviations in the boundary conditions for the degradation behaviour.

An S&C can be divided into different parts, as shown Fig. 2. In this study, the standard deviation for the whole S&C was
included except for the point machine section and the crossing section. These sections were excluded from the analysis since
they include additional components, such as the point machine components and the crossing nose, compared to the rest of
the S&Cs. The behaviour of these sections could be further studied in future research.

3. Degradation modelling

The particle filter estimates the system state by extrapolating from a prior state and noisy measurements. Using this
approach requires a degradation model describing the state transition. To predict the behaviour, a model that describes
the relation between the track geometry inputs, i.e., load and speed, needs to be developed or selected from the existing
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Fig. 1. Track geometry data collection schematic. The vertical level (z-direction) along the longitudinal direction (y-direction) is measured for both rails. A
moving average of the standard.
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models. Using the existing degradation models, the proposed approach can be used to predict the time for the next tamping
action. Geometry degradation is a complex phenomenon that occurs due to loading and unloading traffic cycles and results
in both elastic and plastic deformation. As shown in Fig. 3, after the initial settlement, a gradual decrease in track quality
occurs over time, followed by a rapid loss in quality due to the ageing of the track. The initial settlement is often not included
in the 18-month prognostic since it occurs directly after tamping.

The track geometry degradation model used in this study was proposed by ORE [10]. The equation below consists of two
parts: the deterioration directly after maintenance or tamping r0 and the traffic-induced degradation, which is dependent on
the traffic volume T, dynamic axle load Q and speed V.

r ¼ r0 þ hTað2QÞbVc ð1Þ

where h is a constant and the parameters a, b, and c are estimated from experimental data. From the historic record of the
operational data, the remaining load (or traffic volume) can be predicted before reaching a particular threshold defined by
experts. The RUL of the track can thus be calculated based on the induced load reaching a particular threshold.

Table 1
Descriptions of the S&Cs used in this study.

S&C
No.

Switch length (J-L)
[m]

Front joint (O-J)
[m]

Switch panel (J-S)
[m]

Closure panel (S-C)
[m]

Crossing panel (C-L)
[m]

Rear joint (L-R)
[m]

1. 65 0.5 23.3 24.9 16.8 12.9
2. 54 0.2 21.5 20.1 12.4 8.1
3 54 0.2 21.5 20.1 12.4 8.1
4. 54 0.2 21.5 20.1 12.4 8.1
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Fig. 2. Schematic drawing of an S&C deviation is calculated and averaged for the left and right rails.
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Fig. 3. Typical diagram of track degradation and restoration over time.
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4. Method

The study presented in this paper considers the prognostic of the changing standard deviation of an S&C section. Fig. 3
shows a theoretical graph of the track degradation. The deteriorated track geometry is represented by the calculated stan-
dard deviation of the changing track geometry. The first step in this study was to estimate the time when the standard devi-
ation (r) will reach the maintenance limit of 1.8 mm (true end-of-life). This was done by fitting the ORE model to the
complete set of track degradation data for the four S&Cs, as shown in Table 2. The second step was to predict the track degra-
dation for S&Cs 1 and 3 using the regression and particle filter methods. S&C No. 1 was chosen because it had different prop-
erties than the other S&Cs (see Table 1), and S&C No. 3 was chosen because it had more limited data than the other S&Cs. This
four case studies illustrate how the data-driven regression-based approach and model-based approach perform when less
data is available for estimating the RUL. The initial distribution of the ORE model parameters that were used in the particle
filter method were assumed to be normally distributed, taking the mean and standard deviation of the estimated parameters
for all four S&Cs. The results of the particle filter method and the regression method were then compared with the estimated
true end-of-life in Table 2.

4.1. Particle filter-based prediction approach

Particle filtering uses Bayesian estimators through Monte Carlo simulation. This technique uses a number of hypothetical
states, which are also known as particles, of the studied system, takes samples of the unknown states and attaches different
weights to them. These weights represent the probability masses estimated using Bayesian recursions [48]. Particle filters
use a two-step procedure: first, particles are produced using a Monte Carlo approach with a predefined probability distribu-
tion; second, the weights of the particles are normalized. In the second step, particles with negligible weight are replaced
with particles with higher weight values to reduce computability problems; the weight of each particle at each instant con-
tains probabilistic information about the particle. The process performed in the second step is called resampling, and its
main objective is to avoid a situation in which all the weights but one are close to zero [49]. Once resampling is completed,
the states are estimated using the new samples. At this point, the whole process is iteratively repeated using the probability
distribution obtained by the resampled particles, with each subsequent iteration creating new particles for the next iteration.

As mentioned previously, particle filter-based prediction methods assume that the state space equations can be repre-
sented as a first-order Markov process with additive noise and conditional independent output [49]. The system can be
defined as follows:

xk ¼ f k�1ðxk�1Þ þxk�1 ð2Þ

zk ¼ hkðxkÞ þ tk ð3Þ
where xk is the system state at the current step k, xk�1 is the system state at the previous step, zk is the measurement, N is the
weighted particle, f is the state evolution model, and h is the measurement model. Both f and h are nonlinear functions with
noise of xk and t, respectively.

Resampling is a significant step in the particle filter. Several types of particle filter resampling methods exist, one of which
is the sequential importance resampling (SIR) filter. The SIR resampling particle filter algorithm accepts a model of the expli-
cit discrete time-variant form. The SIR resampling method has the advantages that the weights are easily evaluated and the
density can easily be sampled. One of the most important properties of the SIR resampling algorithm is the advantage that
any resampling procedure can be integrated.

This study uses the SIR resampling method, in which the posterior filtering distribution denoted as pðxkjZk) is approxi-
mated by a set of N weighted particles fðxipwi

pÞ; i ¼ 1;2;3 . . .Ng until sampled from a distribution, q(x). This is the same as

pðxÞ; i:e:;pðxÞ > 0 ) qðxÞ > 0 for all x 2 Rnx , where R is the set of real numbers and nx is the dimension of the measurement
vector. Then, the important weights wi

k are normalized:

wk
i

pðxikÞ=qðxikÞPN
j¼1pðxikÞ=qðxikÞ

Step 1: Important weights wi
k are normalized: ð4Þ

Table 2
Estimated end-of-life for the S&Cs using the com-
plete set of measurement data.

S&C No. Estimated end-of-life [Months]

1 62
2 81
3 28
4 66
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The total weight
P
i
wi

k ¼ 1 and the posterior distribution can be estimated as

pðxkjZkÞ �
XN

i¼1

wi
kdðxk � xikÞ Step 2: The posterior distribution can be estimated: ð5Þ

After substituting Eq. (2) into the above equation, the prediction step becomes

pðxkjZkÞ �
XN

i¼1

wi
kf k�1ðxik�1Þ Step 3: The posterior distribution can be estimated: ð6Þ

Similarly, the weights are also updated according to the following relation:

�wi
k ¼ wi

k

pðZkjxikÞpðxikjxik�1Þ
qðxikjxik�1ZKÞ

Step 4: The weights are updated: ð7Þ

wi
k ¼

�wi
kPN

j¼1 �w
i
k

During this process, a few of the importance weights degenerate such that they become close to zero. In this case, a very
poor representation of the system state is given. To address this issue, the weights can be resampled; in fault prognostics, the
SIR particle filter is used in both the estimation process and the prediction state. The basic logical flowchart in this study is
adapted from [50], as shown in Fig. 4.

During the prognosis process, this tracking routine is run until long-term prediction is achieved, which is represented by
time tp. Then, Eq. (2) is used to propagate the posterior probability density function (pdf) until xi fails to meet the system
specifications at time tiEOL. The RUL pdf is given by the distribution of wi

p. Fig. 4(b) shows the flow diagram of the prediction
process.

Fig. 4. (a) Estimation process; (b) Prediction process.
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This study used conventional multinomial resampling, where a set of new particles are drawn from the posterior pdf by
using the inverse of the cumulative density function to sample a uniform random number. The first N numbers are taken
from the uniform distribution

uk � Uð0;1Þ k ¼ 1; . . . ;N

Then, a new particle xi is selected such that uk 2
Pi�1

s¼1ws;
Pi

s¼1ws

h i
t, where w denotes the particle weight.

4.2. Implementation

The degradation model used in the particle filter is based on the ORE model, where the model parameters were fitted to
the degradation data (SDH), excluding the S&C that was used in the prediction. The fitted models are depicted in Fig. 5. The
ORE degradation model, as shown in Eq. (1), was rewritten as
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Fig. 5. Parameter estimation and estimated end-of-life using the ORE model and measurement data.

232 M. Mishra et al. /Mechanical Systems and Signal Processing 96 (2017) 226–238



SDH ¼ SDH0 þ ecTa ð8Þ
where ec ¼ hð2QÞbVc. The other parameters were considered constant: axle load Q = 20 tons; speed V = 70 km/h; b = 3; and
c = 1. The parameters c and a were then fitted from degradation data using the Matlab implementation of the Nelder-Mead
simplex search algorithm (fminsearch) [51] with the squared error as the primary function. The intersection with the thresh-
old of SDH = 1.8 mm defines the estimated end-of-life (the point in time when the track degradation reaches the mainte-
nance limit) for the ORE model.

To determine the ORE-based degradation model that describes the state transition of the dynamic Bayesian network, the
derivative was taken with respect to traffic volume (T):

SDHðTiÞ ¼ SDHðTi�1Þ þ ecaTða�1Þ
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Based on the parameter estimation, the initial distributions for the model parameters were set as
c0 � Nð�4:7;1:0Þ and a0 � Nð1:1;0:2Þ, the process noise and measurement noise were set as
x0 � Nð0;0:05Þ and v0 � Nð0;0:1Þ, respectively, and the initial distribution of the condition was SDHðT0Þ þ vo.

5. Results

Fig. 6 shows the 18-months prognostic results for four S&C’s. The graph compares the regression method to the particle
filter method for the predicted RUL 18 months prior to the estimated end-of-life. Fig. 7 shows the histogram of the particle
filter RUL. The histograms show the distributions of the 18-month prediction generated by the particle filter. For comparison,
the probabilistic results shown in Fig. 7 cannot be produced by the regression method since the distribution deviates from a
normal distribution.
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Fig. 7. The particle distribution (grey bars) for the particle filter prognostic of the S&C No. 1 (a), S&C No. 3 (b), S&C No. 2 (c), and S&C No. 4 (d)The dashed
line shows the median value, and the Y-axis shows the count.
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The prognostic performance of the particle filter and regression method after each measurement (SDH) are shown in
Fig. 8 for the four S&Cs. For S&C No. 1, 2, 4 the two methods show similar performance, but for S&C No. 3, the particle filter
performs better for the long-term prognostics.

6. Discussion

Tamping is a maintenance action for ballasted railway track systems that aims to restore a degraded track geometry to its
original shape. To minimize the disturbance introduced by tamping, these actions have to be planned in advance. Track
degradation forecasts derived from regressions are used to predict when the standard deviation for a specific track section
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Fig. 8. Comparison of the RUL predictions from regression and state estimation using particle filters for S&C No. 1 (a), S&C No. 3 (b), S&C No. 2 (c), and S&C
No. 4 (d) The allowable error bound value a is set to 0.2. The figures show the deviation of the prognostic compared to the elapsed time. The slope of the
curve represents the remaining time to ‘‘failure” (RUL) for each point in time.
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will exceed a predefined maintenance or safety limit. This forecast is often made 18 months before the actual event and gives
the expected time remaining before maintenance intervention is needed. By adopting a particle filter-based approach, the
forecast results include not only the most likely time of the failure but also the prediction distribution, which allows a
risk-based maintenance decision to be made. This paper proposes a particle filter-based prognostic approach for railway
track degradation to facilitate a risk-based maintenance decision process. This study presents relevant research in the area
of track degradation modelling and particle filter-based prognostics. This approach is then demonstrated on a set of standard
deviations of measured longitudinal track geometry for four railway switches. A railway switch is a more complicated
mechanical structure than an ordinary railway line section; therefore, two parts of the railway switches were excluded in
this study: the switch panel and the crossing panel. Because these sections need to be handled separately, they were not
analysed in this study. The results from the particle filter-based prognostics are compared with the results of commonly used
regression methods, and the prediction error is derived by subtracting the estimated RUL from the true RUL for each method.
The true RUL is difficult to establish from the standard deviation of the track degradation data due to the fluctuations of the
standard deviation over time. Therefore, the true RUL is generated using the complete set of data. Another important aspect
of the particle filter method is the selection of the initial distribution of the parameters in the degradation model. In this
study, four S&Cs were used to estimate the distribution of the model parameters; the mean value and standard deviation
were used to set the initial distributions. This is an important step for implementing the suggested method, and more work
can be conducted regarding the estimation of accurate input distributions, considering different aspects of the S&C, such as,
age, type, and location. In Fig. 8, S&C No. 3 shows that the particle filter methods have improved ability to predict the RUL
when the amount of data is limited. When more data are available, such as for S&C No. 1, both methods show less prediction
error. In the four example cases, the particle filter approach performs better than or as good as the regression method. The
particle filter approach also offers the opportunity to combine physical degradation models of the asset with measurement
data. In this study, a degradation model for ballasted track has been used which can handle different cases of ballasted tracks.
By grouping S&Cs, with common degradation behaviours, the estimation of the model parameters could be improved with a
reduced uncertainty in the prediction as a result. Another substantial advantage with the particle filter method is its ability
to use dynamic input variables represented by a probabilistic distribution. For example, in this case, the traffic volume (mil-
lion gross tons) and the axle load of the rolling stock could change over time. The load could also be associated with uncer-
tainty based on the uncertainties in the cargo loads. This uncertainty can be represented in the load variable and can
propagate along with all the other uncertainties and measurement noise to form a probabilistic result of the RUL prediction.
This property allows new opportunities for risk-based maintenance decisions compared to normal linear regression or phys-
ical model approaches.

This study did not focus on the efficiency of the algorithm implementation. However, one could argue that the particle
filter approach requires more computational time than the regression method. Typically, particle filter calculations take
longer than simple regression methods. However, for track geometry prediction, calculation time is not an issue since the
failure development time of the track settlement is separate dimension from the particle filter calculation time. As an exam-
ple, the prognostic graphs presented in Fig. 5 required approximately one second each to calculate using the regression
method, whereas the particle filter method required approximately 5–10 s. The calculation time for the particle filter method
is of course dependent on the resampling method and the number of particles used.

The probabilistic result of the particle filter method is an advantage that can be used for risk-based maintenance decisions
based on uncertainties of the input parameters to the physical model. The results can thus answer questions such as the
following:

– What is the economic risk of postponing the tamping action, e.g., by two months, if the load distribution is changing?
– What is the risk of speed reductions for a specific line section if the number of trains are predicted to increase with a spec-
ified uncertainty?

The proposed method can produce new predictions of the RUL distribution for each new SDH measurement, granting a
real time prediction. Refereeing to the SDH measurement, linear regression also possess this capability. However, by adding
different load conditions or other changes in the model parameters the particle filter approach could update the prediction in
real time.

The results shown in Fig. 7 shows that the particle distribution could be generated by stochastic processes producing a
different distribution than a normal distribution. The advantages of using particle filters demonstrated in previous studies
(e.g., for battery life prediction [25]) are supported by this study.

7. Conclusions

The particle filer-based approach generates errors that are similar to or smaller than those of the regression method in the
studied case, especially for longer prediction times. In other words, the particle filter methods show improved ability to pre-
dict the RUL when the amount of data is limited. The main advantage of the particle filter-based prognostic approach is its
ability to generate a probabilistic result based on the uncertainties of the input model parameters. The probabilistic result
could be used for risk-based maintenance decisions considering the uncertainties of parameters that can affect track degra-
dation. Particle filtering is a viable method that allows us to explicitly represent and manage the uncertainties inherent in the

236 M. Mishra et al. /Mechanical Systems and Signal Processing 96 (2017) 226–238



studied system and to handle non-linear and non-stationary models with non-Gaussian noise. Hence, the main advantage of
the proposed approach over pure regression and physical models is that it allows a Bayesian formulation of a problem. Both
physical models and data can be incorporated into the method, and the state vector formulation can link the system state to
numerous inputs.
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a r t i c l e i n f o 
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Bayesian hierarchical model 

Prognostics 

End of discharge 

Lithium-ion battery 

a b s t r a c t 

To optimise operation and maintenance, knowledge of the ability to perform the required functions is vital. The 

ability is governed by the usage of the system (operational issues) and availability aspects like reliability of differ- 

ent components. This paper proposes a Bayesian hierarchical model (BHM)-based prognostics approach applied 

to Li-ion batteries, where the goal is to analyse and predict the discharge behaviour of such batteries with variable 

load profiles and variable amounts of available discharge data. The BHM approach enables inferences for both 

individual batteries and groups of batteries. Estimates of the hierarchical model parameters and the individual 

battery parameters are presented, and dependencies on load cycles are inferred. A BHM approach where the 

operational and reliability aspects end of life (EoD) and end of life (EoL) is studied where its shown that predic- 

tions of EoD can be made accurately with a variable amount of battery data. Without access to measurements, 

e.g. predicting a new battery, the predictions are based only on the prior distributions describing the similarity 

within the group of batteries and their dependency on the load cycle. A discharge cycle dependency can also be 

identified in the result giving the opportunity to predict the battery reliability. 

© 2017 Elsevier Ltd. All rights reserved. 

1. Introduction 

The use of electrically powered systems and especially battery pow- 

ered systems has grown in substantially in recent decades, resulting in 

demands for increased battery performance. Battery technology devel- 

opment was initially driven by the telecom industry and the cell phone 

market, but it is now being boosted by other markets such as the markets 

for battery-powered ground-based and aerial vehicles. Global trends to- 

wards a fossil-fuel-free society is also increasing investment in battery 

technology. 

Lithium-ion (Li-ion) batteries are a commonly used battery type e.g., 

in consumer electronics, electric vehicles of all types, military electron- 

ics, and maritime and space systems. Li-ion batteries have many ad- 

vantages over other battery restriction, e.g., longer cycle lives, shorter 

recharge times, low self-discharge rates, and high power densities. How- 

ever, battery capacity decreases with time and usage, eventually failing 

to provide satisfactory performance. 

Battery performance metrics, such as capacity or state of charge 

represent important information and the ability to predict the end of 

discharge (EoD) has grown in importance, especially for unmanned 

battery-powered vehicles such as exploratory rovers, submarines, and 

UAVs (Unmanned Aerial Vehicles). An important operational aspect for 

∗ Corresponding author at: Division of Operation and Maintenance Engineering, SKF-University Technology Centre, Luleå University of Technology, Luleå 97187, Sweden. 

E-mail address: madhav.mishra@ltu.se (M. Mishra). 

these types of systems is the ability to maximize the usage of the system 

considering the available battery charge without jeopardizing a mission. 

For example, most such systems must be able to return to base before 

the battery discharge reaches a threshold limit beyond which the return 

trip would be jeopardized. 

There are many types of unmanned vehicle and robots, which in- 

clude a variety of different systems, from automatic robotic hovering 

vehicles and lawn mowers to unmanned space vehicles. Depending on 

the system and the severity of the consequences of a discharged bat- 

tery, different methods can be used for predicting the EoD or the point 

whereby the mission should be aborted or recalculated. For example, for 

space missions, such as Mars-based rovers a hypothetical that operate 

from a home base, it is essential to understand the discharge behaviour 

of batteries due to the remote operational locations of such missions. 

The Mars rover needs to collect samples from different locations on 

Mars. For every collected sample, a certain amount of battery charge 

is consumed. To complete the mission along a planned route, the rover 

needs to predict the available remaining charge that will be consumed 

for each observation point and whether it should travel to certain ob- 

servation points or return to the origin home base. A lack of this ability 

could result in catastrophic consequences. 
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It is evident that the probability of mission failure can be reduced 

by improving the prognostic capability for determining the remaining 

battery charge. In these cases, it may not be appropriate to consider 

standard battery prediction methods used in the consumer electronics 

industry, which are often based on lookup tables alone; such tables may 

be dependent on the battery use times. Therefore, it is important to 

implement a prognostic and health management (PHM) technology for 

critical systems to successfully predict and manage the lifetime of batter- 

ies, monitor their health state in real time, evaluate the performance and 

predict the remaining useful life (RUL). PHM technology for real-world 

industrial systems is relatively immature compared to diagnosis tech- 

nology. It is not always easy to predict the EoD because this depends on 

the utilized physical degradation models and run-to-failure data, which 

are not always available. 

The output voltage of a battery gradually decreases with use. If the 

voltage level of the battery is below a predefined threshold, it cannot 

drive a load and the battery needs to be recharged. This threshold volt- 

age can be used as the EoD condition. Due to certain physical phenom- 

ena, a battery degrades with repeated charging-discharging cycles, and 

the degradation depends on the operating conditions. The discharging 

characteristics also range because inherent electro-chemical reactions 

also change. The decrease in the capacity of a battery over time is mani- 

fested in an increase in the internal impedance. For the above-mentioned 

reasons, it is important to understand the behaviour of the battery and to 

predict the remaining useful life (here, the EoD) so that one can make 

the necessary decisions for mitigating relevant risks. The main objec- 

tive concerning the lithium-ion batteries in this study is to measure the 

battery discharge and predict the EoD considering the operating con- 

ditions. There exists various types of methods that can predict battery 

discharge. The most common prognosis methods are physics-based ap- 

proaches, which use mathematical formulations based on physical phe- 

nomena or principals, and data-driven approaches [1–3] . 

Data-driven methods are independent of physical/expert knowledge 

and can be developed based on statistical models that describe the degra- 

dation behaviour of the batteries. Data-driven methods can be classified 

into two categories. Methods of the first category measure the inter- 

nal impedance of the battery using electro-chemical impedance spec- 

troscopy (EIS) methods. Various methods are based on EIS methods 

[4] and non-linear filtering methods [5,6] . Non-linear filtering methods 

depend on modelling the battery degradation. The main disadvantage 

of EIS is that such methods are time intensive and cost inefficient. Xing 

et al. [7] noted that methods of this category require measurements in 

conditioned environments because they are sensitive to noise. Methods 

of the second category measure the capacity of each cycle of the battery. 

Various types of methods can be found in the literature; for example, He 

et al. [8] proposed an empirical exponential model to fit capacity fading 

curves. An empirical second-order polynomial regression model and a 

least square estimation were introduced by Micea et al. [9] to predict 

the battery degradation behaviour. Similarly, Xing et al. [7] proposed 

an ensemble model that fuses exponential and polynomial regression 

models using a Bayesian particle filter approach. 

Numerous publications have addressed [3,5,10–14] physics-based 

prognostic approach. The main challenge in this category is that the 

measured capacity is dependent upon the threshold voltage and that 

this threshold voltage further relies on the available capacities in dif- 

ferent cycles, which makes any comparison difficult. Another problem 

is that the degradation of the battery also depends on external factors 

such as the temperature, discharging rate, and depth of discharge [12] . 

Selecting an appropriate prognostic algorithm for a particular ap- 

plication is crucial to the ultimate success of a prognostic programme 

[15] and Zhang et al. [16] presents and explained a new method to es- 

timate and predict the RUL for degrading systems with recovery. For 

generating probabilistic results, Bayesian approaches represent promis- 

ing techniques for the EoD estimation of batteries. A hierarchical model 

that depends on Bayesian approaches combining both discharging and 

degrading processes to predict EoD was proposed by Xu et al. [12] . The 

Bayesian framework provides probability distributions that provide ad- 

vantages over point value estimates such as quantifying the risk of fail- 

ure and addressing uncertainties [17] . For example, for prognostics us- 

ing a neural network, the neural network is not typically established in 

a probabilistic framework [18] and instead estimates the EoD as a single 

time point. 

For battery EoD prognostics, the main reasons for applying Bayesian 

hierarchical analysis are that the Bayesian hierarchical structure 

[19,20] can account for individual and group-level variations when es- 

timating group-level regression coefficients [20] and it can obtain rea- 

sonable estimates for battery parameters with small sample sizes [21] . 

The variations in the different hierarchical levels can be expressed and 

analysed for different cases such as different battery batches, load cases, 

and temperatures. This variation is difficult to represent using other pre- 

diction approaches [20] . The hierarchy means that we use the measured 

data of several batteries under different conditions to estimate informa- 

tive prior distributions [19] The prior distributions will capture similar- 

ities of the behaviours within the group of batteries and under similar 

conditions [20] . These distributions will assist to make better inference 

(e.g. prognostics and parameter estimates) and are especially helpful in 

difficult situations, such as prognostics for new batteries without access 

to any measurements or for batteries where measurements are either 

sparse, noisy or partly missing [20,21] . 

This paper presents a Bayesian Hierarchical Model (BHM)-based EoD 

prognostic for Li-ion batteries. Two batteries with 16 discharge events 

each were used together with a simplified battery circuit model of the 

battery. The approach is demonstrated by examining detailed discharge 

voltage profiles during different discharging cycles with variable load 

profiles. The effects of the available measurement data are also investi- 

gated. To demonstrate the BHM approach and group-level dependencies 

we need more than one battery and more than one discharge cycle. Ac- 

cess to more batteries and load cycles is always desirable, as more details 

regarding the prior distributions would emerge. 

This paper is organized as follows. Section 2 describe Data and Bat- 

tery Model. Section 3 proposes a prognostic approach using a BHM. 

The results are presented in Section 4 . Section 5 discusses the pro- 

posed approach based on the results with future research directions, 

and Section 6 concludes the paper. 

2. Data and battery model 

2.1. Data description 

We present a case study of a Li-ion battery to demonstrate the perfor- 

mance of our proposed BHM for battery prognosis. The proposed method 

has been verified using data from the NASA prognostics data repository 

[22] . The batteries were discharged under different loads ( I ) between 

1 A and 4 A. The data used for the algorithm development and testing 

were generated using the battery testbed described in [4] . This testbed 

allows for the charging and discharging of batteries and collecting rel- 

evant information to estimate the state of the battery [2] . Fig. 1 repre- 

sents the combination of the discharging cycles of two Li-ion batteries 

of the same type with total sixteen discharging cycles used in the study. 

Fig. 1 shows the distribution of the discharging cycles to demonstrate 

their discharging behaviour over time. 

2.2. Description of the model 

The main focus of this paper is to investigate the properties Bayesian 

hierarchical structure in prognostics and not to develop new battery 

models. To emphasize the hierarchical structure and reduce the in- 

creased complexity associated with a large number of battery param- 

eters, we choose the simplified battery circuit model shown in Fig. 2 to 

model the battery discharge. It is a simplified version of the model pre- 

sented in Sankararaman et al. [23] . This relatively simple battery model 

is sufficient to capture the major dynamics behavior of the battery, but 
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Fig. 1. Battery discharge cycles for different batteries and load cycles. 
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Fig. 2. Battery Equivalent Circuit Model, simplified version [23] : v are the battery volt- 

ages, I is the load, q b is the electric charge across C b , and R cp , R s , and R p are the resistance 

parameters. The battery capacitance depends linearly on the charge, 𝐶 b = 𝐶 b0 + 𝐶 b1 × 𝑞 b , 

where the intercept C b0 and slope C b1 parameters are given in Table 1 . 

ignores temperature effects and other minor issue like battery processes. 

The uncertainty 𝜎 reflect both modelling and measurement errors. The 

capacitance of the battery changes linearly with the charge, where large 

capacitance 𝐶 b = 𝐶 b0 + 𝐶 b1 × 𝑞 b , holds the charge q b of the battery. C b0 
and slope C b1 are intercept and slope respectively. Due to the changes 

in the polarization of the concentration, the non-linear drop will be ob- 

tained from R cp – C cp . R p models is the parasitic resistance because of 

self-charge and R s is the resistance due to 𝐼 − 𝑅 drop 

This model can easily be replaced by more advanced and accu- 

rate battery models (see, e.g., [23] ). All the voltages, resistances, 

charges, and capacitances were measured in volts, ohms, coulombs, and 

coulombs per volt (or farads), respectively. The listed model parameters 

are based on PCoE NASA lab measurements. We are interested in pre- 

dicting the EoD of the battery, and is defined here when the battery 

voltage dips below 2.7 (V) a threshold. 

3. Prognostics using a bayesian hierarchical model 

According to the utilized model structure, Bayesian prognostic al- 

gorithms can be divided into two classes: Bayesian Hierarchical based 

and Bayesian non-Hierarchical based, which are also called group-level 

models and single-level models, respectively [24] . The main limitation 

of the prognostic approach using the Bayesian non-Hierarchical Model 

is that this approach does not use, optimally, data available from mul- 

tiple cycles and batteries, for estimating the EoD of a particular cycle. 

The method considers different layers, which are hierarchical in nature. 

The first layer consists of single-battery parametric models to describe 

the voltage changes during discharging in different cycles. This layer 

approximates the discharging processes that can be used to estimate 

the EoDs and the releasable capacities. In addition, the second layer is 

designed to model how the parameters of the first layer model change 

with further charging/discharging cycles. This layer is used to account 

for the effects of different batteries and battery degradation in terms of 

their influence on discharging profiles. Based on these two layers, the 

discharge profiles of future cycles, their EoDs, and the remaining useful 

life can be predicted. The hierarchical model can produce results with 

or without measured discharge data. This hierarchical model represents 

a promising framework for battery prognostics. 

3.1. The hierarchical model structure 

The three levels of the BHM shown in Fig. 3 are considered in this 

study. The graphical representation illustrates the complete hierarchy 

[see e.g. 19 ], and summarizes the model in simple figures without exten- 

sive notations of the distributions and the dependencies between param- 

eters. The implementation of the model follows standard references in 

Bayesian hierarchical modelling (see e.g [19–21] ) .We also adopt stan- 

dard notations by renaming the electrical components to 𝜃, to more eas- 

ily match the proposed model structure with standard models found in 

these sources. Another benefit of this is that changing or extending the 

battery model (e.g., with more dynamical components) will mainly af- 

fect the function ℎ ( 𝜃1 𝑗𝑘 , … , 𝜃6 𝑗𝑘 , 𝐼 1 𝑗𝑘 , … , 𝐼 𝑖𝑗𝑘 ) in Fig 3 , leaving the model 
structure unchanged. The first-level model consists of the individual bat- 

tery and its model parameters, denoted as 𝜃. The second-level model 

consists of prior distributions for the parameters in level one and is pa- 

rameterized by the hyperparameter 𝜙 following the notations in [19,21] . 

The third layer defines the prior distributions for 𝜙 that are vague and 

non-committal [19] . The hierarchical model describes the behaviour of 

the group of batteries in a particular load cycle. In contrast to non- 

hierarchical models whose second-level parameters (hyperparameters) 

for the prior distributions are fixed, the hierarchical model estimates 

these parameters from the available data. The group-level predictors 

combined with a description of the similarities between the batteries at 

different discharge cycles are essential for achieving a robust estimation 

and prognostics when measurement data are not available. 

3.1.1. Level 1: The individual battery 

Let v ijk denote the measured discharge voltage for time sample 

i , discharge number j , and battery number k . Given the parameters 

𝜃1 𝑗𝑘 , … , 𝜃7 𝑗𝑘 and the load 𝐼 1 𝑗𝑘 , … , 𝐼 𝑖𝑗𝑘 (Ampere) up to the current sam- 

ple, the voltage is assumed normally distributed 

𝑝 ( 𝑣 𝑖𝑗𝑘 |𝜽𝑗 , 𝐼 1 𝑗𝑘 , … , 𝐼 𝑖𝑗𝑘 ) =  

(
𝜇𝑖𝑗𝑘 , 𝜎𝑗𝑘 

)
(1) 

𝜇𝑖𝑗𝑘 = ℎ 
(
𝜃1 𝑗𝑘 , … , 𝜃6 𝑗𝑘 , 𝐼 1 𝑗𝑘 , … , 𝐼 𝑖𝑗𝑘 

)
, (2) 

𝜎𝑗𝑘 = 𝜃7 𝑗𝑘 , (3) 

during 𝑖 = 1 , 2 , … , 𝑛 𝑗𝑘 samples and 𝑗 = 1 , 2 , … , 𝐽 𝑘 cycles. 
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Fig. 3. A three-level hierarchical Bayesian battery model. The graphs illustrate the distributions for each parameter and their dependencies in the hierarchical level. The first-level 

model consists of the individual battery model parameters, denoted as 𝜃. The equivalent circuit model is noted as ℎ ( 𝜃1 𝑗𝑘 , … , 𝜃6 𝑗𝑘 , 𝐼 1 𝑗𝑘 , … , 𝐼 𝑖𝑗𝑘 ) and is shown in Fig. 2 . The mapping of the 
parameters 𝜃 to the specific electrical components in the model is given in Table 1 . The second-level model consists of prior distributions for the parameters in level one. The distributions 

of the third level are the prior distributions for the second-level parameters. 

Table 1 

The mapping of the electrical components in Fig. 2 to the parameter vector 𝜃. 

Electrical circuit components C b0 C b1 R s R cp C cp q b 𝜎

Mapping of the parameters 𝜃1 𝜃2 𝜃3 𝜃4 𝜃5 𝜃6 𝜃7 

The function ℎ ( 𝜃1 𝑗𝑘 , … , 𝜃6 𝑗𝑘 , 𝐼 1 𝑗𝑘 , … , 𝐼 𝑖𝑗𝑘 ) describes the computations 
of the voltage given the load and parameters in the battery circuit model 

in [23] . The uncertainty 𝜎𝑗𝑘 = 𝜃7 𝑗𝑘 reflects both modelling and measure- 

ment errors. The equivalent circuit model is shown in Fig. 2 . The map- 

ping of the parameters 𝜃 to the specific electrical components in the 

model is given in Table 1 . 

3.1.2. Level 2: The group of batteries 

The parameters 𝜃1 𝑗𝑘 , … , 𝜃5 𝑗𝑘 (electrical components in Table 1 ) are 

positive and therefore assumed log-normally distributed [20] 

𝑝 
(
𝜃𝑙𝑗𝑘 |𝜙𝑙2−1 , 𝜙2 𝑙 

)
= ln  

(
𝜇 = 𝜙2 𝑙−1 , 𝜎 = 𝜙2 𝑙 

)
, (4) 

for 𝑙 = 1 , 2 , 3 , 4 , 5 . The parameters 𝜃6 jk indicate that the initial battery 
charge q b is dependent on the load cycle j . This means that the recharge 

capability of the battery, in terms of the initial change, is degrading 

with load cycles j . Because this parameter is positive, we model it with 

an exponential relationship (i.e., a log-normal distribution and a linear 

regression in log scale) following [20] : 

𝑝 
(
𝜃6 𝑗𝑘 |𝜙11 , 𝜙12 , 𝜙13 , 𝑗 

)
= ln  ( 𝜇, 𝜎) , (5) 

𝜇 = 𝜙11 + 𝜙12 × 𝑗, (6) 

𝜎 = 𝜙13 . (7) 

The last parameter, 𝜃7 𝑗𝑘 = 𝜎𝑗𝑘 , is the standard deviation in (1) and is 

log-normally distributed 

𝑝 
(
𝜃7 𝑗𝑘 |𝜙14 , 𝜙15 

)
= ln  

(
𝜇 = 𝜙14 , 𝜎 = 𝜙15 

)
. (8) 

3.1.3. Level 3: The distributions for the hyper-parameters 

For the hyperparameters 𝜙𝑙 = 𝜎, 𝑙 = 2 , 4 , 6 , 8 , 10 , 13 , 15 , at the second 
level, we assign non-informative gamma priors with 𝛼 = 𝛽 = 0 . 001 , fol- 
lowing [19] . The other hyperparameters are assigned uniform distribu- 

tions on a very large scale; see, for instance, [19–21] . 

3.2. Parameter estimation 

Parameter estimation is required for most physics-based models so 

that they perform at acceptable accuracy level. These parameter esti- 

mates are based on historical data, operating conditions and usage pro- 

files. Modelling of the parameters can be performed using probability 
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Fig. 4. Estimation results for the individual parameters in (2) and their prior distributions defined in ( 4–8 ). The blue circles ( 𝑘 = 1 ) and red squares ( 𝑘 = 2 ) are median parameter 
values obtained for the two different batteries using the hierarchical model structure. The numbers inside the markers represent the particular discharge cycle j for each battery. A clear 

dependency on j can be observed for 𝜃6 jk (representing the initial battery charge q b in Table 1 ) but can not be observed for the other parameters. The corresponding bold and thin 

horizontal whiskers (barely visible behind the markers due to the informative likelihood) represent the 50% and 95% confidence intervals, respectively, for the posterior distributions of 

the parameters 𝜃ijk given the observed data. The blue bold curves are the estimated prior distributions for the parameters, and the green bold curves represent the group-level regression 

curves. The thin curves represent the confidence distributions and the regression curves based on a subset of samples from the posterior distribution. (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this article.) 

density functions (PDFs) from the obtained data and prior knowledge 

about such data. The most common form of assessing a PDF to assume 

Gaussian properties of the PDF and to represent it by estimating mean 

and variance of the distribution, thereby taking advantage of their sim- 

plicity and ease of interpretation [1] . The posterior probabilities can 

be approximated using Markov Chain Monte Carlo (MCMC) methods 

[19,21,25] . A sampling method that can produce samples from poste- 

rior distributions is required. The slice sampling method [26] is used 

in the proposed approach because of its simplicity and to avoid exces- 

sive tuning [19] . We rescaled the parameters prior to sampling to re- 

duce correlations, following [19] . As the scaled parameter dependencies 

are small the performance of slice sampling is good [19] . The inference 

is calculated from 10,000 samples from the posterior distribution with 

converged chains. Prognostics using a BHM includes describing details 

of the posterior and prior distributions and the dependence on the par- 

ticular load cycle. The BHM framework was introduced by Lindley and 

Smith [27] . A solution for the posterior distribution for the hierarchical 

model using MCMC was presented in [28] . 
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Fig. 5. Posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖𝑗𝑘 

|𝐼) given a load I ijk . The panels represent different load cycles j and batteries k . The black dotted curve represents the measured voltages 
v ijk (V), with values shown on the left axis, and the green solid curve represents the measured load I ijk (A), with values on the right axis. The red curve shows the median posterior 

predicted voltage, and the red and blue areas illustrate the 50% and 95% prediction intervals. The ratio of measurements that are inside the 50% and 95% prediction interval are 60.4% 

and 97.3%, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

3.3. Predictions 

The prediction of the EoD of the battery is based on the posterior pre- 

dictive distribution [21] and relies on estimated parameters given dif- 

ferent amounts of available data. Predictions based on BHM can produce 

an estimate EoD based on risk and uncertainty. These predictions also 

depend on the different load cycles, environment and available data. 

4. Results 

The estimation results for the individual parameters and their cor- 

responding prior distributions are described in Section 4.1 . and shown 

in different panels in Fig. 4 . Then, in Section 4.2 ., prediction results of 

the EoD are presented for different amounts of available data in five 

different figures. Figs. 5 and 6 illustrates the performance of the BHM 

in the ideal case when measurements of all battery voltages are avail- 

able. Figs. 7 and 8 illustrates the performance of the BHM if no data of 

the battery voltage is available. The BHM is in this case only running 

on the physical model and the prior knowledge. Fig. 9 depicts the first 

discharge cycle I i , 1, 1 for four different cases where the availability of 

battery voltage data is varying from 0 to 100% of the mission time. 

4.1. Parameter estimation results 

Fig. 4 shows the estimation results for the individual parameters de- 

scribed in Eq. (2) and their prior distributions defined in Eqs. (4–8) . 

The blue circles and red squares are median parameter values obtained 

for the two batteries using the hierarchical model structure, where the 

corresponding bold and thin horizontal whiskers represent the 50% and 

95% confidence intervals, respectively. The blue bold curves are the esti- 

mated prior distributions for the parameters, and the green bold curves 

represent group-level regression curves. The thin curves represent the 

confidence distributions and regression curves based on a subset of sam- 

ples from the posterior distribution. 

The parameter 𝜃6 jk represents the initial battery charge q b . As shown 

in Fig. 4 , 𝜃6 jk shows a load cycle dependence, while the remaining pa- 

rameters 𝜃1 𝑗𝑘 , … , 𝜃5 𝑗𝑘 and 𝜃7 jk indicate no significant load dependencies. 

The posterior uncertainty represented with the whiskers are relatively 

small, as the width of the whiskers are in many cases hidden behind the 

marker representing the median posterior value. 

4.2. Prediction results 

Figs. 5 –6 shows different load cycles from two different batteries 

and show the posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖𝑗𝑘 

|𝐼) given a load 
I ijk . The panels represent different load cycles j and batteries k . The 

black dotted curve represents the measured voltages v ijk (V), with val- 

ues shown on the left axis, and the green solid curve represents the 

measure load I ijk (A), with values on the right axis. The red curve shows 

the median posterior predictive voltage, and the red and blue areas il- 

lustrate the 50% and 95% prediction intervals, respectively. The ratio 

of measurements that are inside the 50% and 95% prediction interval 

are 60.4% and 97.3%, respectively. For evaluation purposes, we can 

evaluate the number of observations that fall within these intervals in 

relation to the total number of observations [20,21] . In Figs. 5 –6 , 60.4% 

and 97.3% of the actual observations fall within the 50% and 95% pre- 

diction interval, respectively. 
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Fig. 6. Posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖𝑗𝑘 

|𝐼) given a load I ijk . The panels represent different load cycles j and batteries k . The black dotted curve represents the measured voltages 
v ijk (V), with values shown on the left axis, and the green solid curve represents the measured load I ijk (A), with values on the right axis. The red curve shows the median posterior 

predicted voltage, and the red and blue areas illustrate the 50% and 95% prediction intervals. The ratio of measurements that are inside the 50% and 95% prediction interval are 60.4% 

and 97.3%, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Figs. 7 –8 shows different load cycles from two different batteries and 

show the posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖𝑗𝑘 

|𝐼) given a load I ijk . 
The panels represent different load cycles j and batteries k . As opposed to 

the predictions shown in Figs. 5 and 6 , the individual model parameters 

here are not estimated based on individual battery data; rather, they rely 

solely on the information given by the prior distributions in Eqs. (4–8 ). 

The histograms show the predicted end-of-charge voltage, i.e., when 

the prediction reaches the 2.7 (V) threshold, for the batteries and load 

cycles. The prediction shown in Figs. 7 and 8 is less accurate mainly due 

to the absence of measurement data for the particular battery. The ratio 

of measurements that are inside the 50% and 95% prediction interval 

are 57.6% and 92.1%, respectively. 

Fig. 9 shows the posterior predicted battery voltages 𝑝 ( 𝑣 rep 
𝑖, 1 , 1 |𝐼) of 

the first battery during the first load cycle. The four-panel graph shows 

snapshots of sequential estimations and predictions based on an increas- 

ing amount of available data for this particular battery and load cycle. 

The first panel shows the prediction based solely on the prior distribu- 

tions and no voltage measurements of the battery. The second panel is 

based on the voltage measurements of the battery during the first 25%, 

the third panel is based on measurements during the first 75%, and the 

fourth panel is based on all measurements. The histograms show the pre- 

dicted EoD voltage, i.e., when the prediction reaches the 2.7 (V) thresh- 

old, for the battery based on different amounts of measurement data. 

Fig. 9 shows how the uncertainty of the prediction is reduced when the 

amount of measurement data used in the prediction increases. The re- 

sult shows that the method is able to produce a prediction distribution 

with a median value close to the true EoD regardless of the presence 

of measured voltage data. As expected, the result shows how the un- 

certainty is being reduced when including increasingly more measured 

voltage data. 

5. Discussion 

Several types of prognostics technologies can be found in the liter- 

ature. However, the applicability of such technologies in the industry 

remains a challenge mainly due to the time-consuming calculations (de- 

pending on the requirements and the applications), lack of required data 

and models. 

To address some of these limitations, this paper presents a Bayesian 

hierarchical model (BHM) to facilitate end of discharge (EoD) predic- 

tion. This BHM uses existing data from different load cycles and batteries 

to characterize similarities and group-level dependencies. The informa- 

tion is then used in the estimation process for individual model param- 

eters. The method can provide EoD predictions based solely on prior 

distributions. This is beneficial when little or no measurement data are 

available for a particular battery. A typical situation is EoD prediction 

for a future battery or for predictions with missing data or noisy mea- 

surements. 

Sequential hierarchical estimation is, however, costly when proba- 

bility assessment and risk analysis of a mission are desired. On the other 

hand, hierarchical estimation of the group-level parameters in the model 

can be obtained from prior calculations for different batteries and un- 

der different conditions and then used as fixed parameters on a mission. 

This will limit the number of parameters that need to be sequentially 

estimated. The assumptions made regarding the distributions used in 

the model are based on standard modelling choices for measurement 

errors, parameters and hyperparameters that are strictly positive and 

parameters describing dispersion [see e.g. [21,20,19] ]. 

In this study, future battery load is known, as can be observed in 

Figs. 5–9 . A common scenario in prognostics is when the load is uncer- 

tain. In this case, the load (and other conditions) may be appropriately 
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Fig. 7. Posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖𝑗𝑘 

|𝐼) given a load I ijk . As opposed to the predictions shown in Figs. 5 and 6 , the individual model parameters here are not estimated 
based on individual battery data; rather, they rely only on the information given by the prior distributions ( 4–8 ). The histograms show the predicted end-of-charge voltage, i.e., when 

the prediction meets the 2.7 (V) threshold, for the batteries and load cycles. The ratio of measurements that are inside the 50% and 95% prediction interval are 57.6% and 92.1%, 

respectively. 

described as unknown and stochastic; a condition that can easily be ac- 

commodated in the Bayesian framework. A straightforward Monte-Carlo 

implementation is to base our predictions on not just one specific load 

sequence, as we did in Figs. 7 –8 , but on many credible load realizations. 

The possible load realizations can then be updated during the mission 

when access to new measurements are available, in a similar way as in 

Fig 9 . Many previously developed methods (such as data-driven neu- 

ral networks and Gaussian process regression [2,3] need a considerable 

amount of training and testing data, which may or may not be available 

due to safety and resource concerns. In the BHM method, the uncer- 

tainty of the predictions also varies according to different amounts of 

input measurement data, as observed in Fig. 9 . With less input data, 

the method generates predictions with higher uncertainty ( Figs. 7 –8 ), 

whereas less uncertainty is achieved with larger amounts of input data 

( Figs. 5 and 6 ). As opposed to prediction errors, the measured data shows 

the dynamics involved when modelling discharge cycles. It also gives 

an indication of typical discharge conditions that the model may have 

prediction difficulties with. This cannot be observed by evaluating the 

errors. The prediction intervals is presented to illustrate how well that 

the proposed model describes the prediction errors. 

The predicted value exhibits greater uncertainty mainly due to the 

absence of measurement data to characterize the given battery. The re- 

sults rely on the similarity information captured by the prior distribu- 

tions shown in Fig. 4 . For the particle-filter-based prognostic approach 

[5,29,30] , the uncertainty of the prediction cannot be determined with- 

out input measurement data. The other above-mentioned prediction 

methods [3] have varying degrees of uncertainty because of the avail- 

ability of measurement data. However, the BHM approach has a fairly 

high computational burden as compared to other prognostic methods, 

such as, the particle filter. Typically, BHM calculations take longer than 

simple particle filter or artificial neural network methods because the 

calculation time for the BHM method depends on the MCMC algorithm 

and the computation time associated with evaluating the posterior dis- 

tribution. The BHM produces distribution-based predictions of the EoD 

for each discharge cycle measurement. By updating different variable 

loading profile conditions or other changes in the model parameters, 

the Bayesian approach can update the prediction in real time. 

To avoid additional complexity, a simple version of the battery 

model has been used to emphasize the BHM concept and its advantages 

over other methods. As the signal-to-noise ratio (SNR) is very good, 𝜎

in Eq. (3) will in our case capture both measurement noise and mod- 

elling errors. To find an electrical-circuit model that can capture the 

discharge cycles and leave residuals that are measurement noise (i.e. 

independent and normally distributed) at our SNR levels is difficult. 

For this reason any goodness of fit test for the assumed distribution of 

the measured voltages will most certainly fail, regardless of what distri- 

bution we would assume. For this reason, we simply assume normally 

distributed errors, creating fairly realistic 50% and 95% prognosis in- 

tervals. The 95% intervals seem to match the ratio of measurements 

that are inside the intervals (i.e. 97.3% and 92.1% for the predictions 

in Figs. 5 –6 and Figs. 7 –8 , respectively). However, it may be argued 

that the ratio of measurements that are inside the 50% intervals may 

be larger than anticipated (i.e. 60.4% and 57.6% for the predictions in 

Figs. 5 –6 and Figs. 7 –8 , respectively) indicating that the 50% prediction 

intervals are too wide using a normal distribution. Due to the simplicity 

of the battery model and the high SNR, the prediction uncertainty in 

Figs. 5 –6 mainly has its origin in modelling errors rather than measure- 

ment noise. Alternative choices for the distribution of the measurement 

noise and modelling error, in Eq. (1) and shown in Fig. 3 , may contribute 

to improved measurements within the 50% intervals. 
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Fig. 8. Posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖𝑗𝑘 

|𝐼) given a load I ijk . As opposed to the predictions shown in Figs. 5 and 6 , the individual model parameters here are not estimated 
based on individual battery data; rather, they rely only on the information given by the prior distributions ( 4–8 ). The histograms show the predicted end-of-charge voltage, i.e., when 

the prediction meets the 2.7 (V) threshold, for the batteries and load cycles. The ratio of measurements that are inside the 50% and 95% prediction interval are 57.6% and 92.1%, 

respectively. 

The ability to perform a battery powered mission is dependent on 

both operational and availability aspects of the battery, like EoD and 

reliability. Reliability is defined as the “ability of an item to perform a 

required function under given conditions for a given time interval ”. Reli- 

ability R ( t ) is related to the failure probability F ( t ) where 𝑅 ( 𝑡 ) = 1 − 𝐹 ( 𝑡 ) , 
which means that the lack of ability to perform the required function is 

related to a failure, instead of the usage of the battery like recharging 

strategies. 

This study is presenting an approach for estimating the probability 

of an item (Battery) to perform a required function under different load 

conditions for a given time interval. The end of discharge (EoD) for a 

rechargeable battery is normally not considered as a failure event, rather 

an operational issue. However, if analysing a non rechargeable battery 

the EoD could be equal to the EoL and hence a failure, which means that 

it becomes a reliability problem, similar to a light bowl with a limited 

life length. The main advantage of the BHM approach is that the rela- 

tionships between the model parameters and their prior distributions 

can be expressed in different hierarchical levels and for additional data 

such as e.g. different load cycles, batteries, batches, environmental con- 

ditions etc. The method also illustrates how the load cycle dependency 

of the electric charge 𝜃6 ( q b ) over the capacitor C b can be identified and 

introduced in the approach. The knowledge of group-level predictors 

contributes to more informed prior distributions as shown in Fig. 4 for 

the varying load cases, that is useful for the cases shown in Figs. 7 –9 . 

We demonstrated this concept using the three hierarchical levels shown 

in Fig. 3 with different load cycles and batteries. At the second hierar- 

chical level, the reliability of the battery can also be analysed by looking 

at the degradation of the recharging capability. This degrading recharg- 

ing capability can be seen in Fig. 4 where the initial battery charge is 

plotted ( 𝜃6 ) and where the degradation can be seen for each load cy- 

cle j . By analysing the distribution of this parameter a prediction of the 

reliability (probability of the EoL) can be made. The presented BHM ap- 

proach can hence be used to predict the probability of EoD and EoL for 

the battery. 

The probabilistic results of the approach can be used to estimate the 

risk associated to a mission, due to a failed battery or a discharged bat- 

tery, by introducing the consequences of the lack of power. This paper 

is not considering the consequences of any loss in function and hence 

not the associated risk. The presented BHM approach grants the pos- 

sibility to use and combine prior knowledge of statistical behaviors of 

a system, measurement data of function states and physical models in- 

cluding contextual information to generate a probabilistic forecast. The 

probabilistic EoD or EoL result can then be used to assess e.g. economi- 

cal or safety risks. 

The prediction of the EoD can provide valuable information for op- 

erational planning. The prognostic approach can also be beneficial on a 

more general level, e.g., for predictive maintenance, where the end of 

life (EoL) of specific functions needs to be estimated to avoid failures 

that can restrict operation. The probabilistic result of the BHM method 

is an advantage that can be used for risk-based maintenance decisions 

based on uncertainties characterizing the input parameters to the phys- 

ical model. 

Future studies should investigate the prediction capability of the 

BHM approach when incorporating different usages and environmental 

contexts in the prognostics. In addition, it is essential to further inves- 

tigate a sequential updating algorithm to reduce the computation time 

for real-time online applications. 
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Fig. 9. Posterior predictive battery voltages 𝑝 ( 𝑣 rep 
𝑖, 1 , 1 |𝐼) of the first battery during the first load cycle. The four panels show snapshots of sequential estimations and predictions based on 

an increasing amount of available data. The first panel shows the prediction based only on the prior distributions and no voltage measurements of the battery. The second panel is based 

on voltage measurements of the battery during the first 25%, the third panel is based on measurements during the first 75%, and the fourth panel is based on all measurements. The 

histograms show the predicted EoD voltage, i.e., when the prediction reaches the 2.7 (V) threshold, for the battery based on different amounts of measurement data. 

6. Conclusions 

The BHM performs well for varying load profiles of battery discharge 

cycles and can predict the EoD of a battery. The proposed method can 

provide a common prediction framework for combining all discharge 

cycles to predict the EoD. As can be seen in the results, this method 

can address cases with or without data. The difference between the pre- 

dicted EoD and the true EoD, in terms of both the dispersion and central 

tendency, is reduced when adding more measurement data. When us- 

ing all the available measurements, the prediction is in good agreement 

with the true discharge profile. Predictions based solely on the prior 

distributions and no measurement data can be achieved but have in- 

creased uncertainty. Furthermore, this method is also beneficial when 

sequential measurement and estimation is costly and when probability 

assessment and risk analysis prior to a mission is desired. 

As can be seen in the results, the proposed method can capture addi- 

tional relationships between parameters (such as the load cycle depen- 

dencies) and use it to improve prognostics. The BHM approach permits 

inference at both the individual battery level and group of battery level. 
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Simulations and measurements of the dynamic 
response of a paper machine roller

The paper industry is a highly automated industry that includes many different production steps, in which a variety 

of machine components are used. In a paper machine, where the pulp is being transformed into paper, rotating 

components such as bearing-mounted rollers play an important part in driving the wire with the pulp through the 

process. In this type of industry with a serial layout, the failure of a single roller or bearing could lead to the stoppage of 

several production steps, with costly consequences as a result. To ensure and optimise asset availability, a condition-

based maintenance (CBM) strategy could be implemented. However, CBM is dependent on an appropriate condition 

monitoring (CM) technique to detect a physical phenomenon that defines the state of critical components or systems. 

For the development of CM techniques, it is therefore important to understand and model the physical behaviour of the 

system in question. In this paper, the behaviour of a roller in a paper machine is analysed using the finite element method 

(FEM). The physical model was compared with vibration measurements collected from an online monitoring system and 

an experimental modal analysis.

Keywords: condition monitoring, physical modelling, simulation, ANSYS, FEM.
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1. Introduction
The paper industry is a highly competitive and capital-intensive 
market that is under increasing price pressure. A high production 
rate and capacity is therefore essential to achieve a large return 
on the investment. In a paper machine, where the pulp is being 
transformed into paper, rotating components such as bearing-
mounted rollers play an important part in driving the wire with 
the pulp through the process. In this type of industry with a serial 
layout, the failure of a single roller or bearing could lead to the 
stoppage of several production steps, with costly consequences as 
a result. By implementing a condition-based maintenance strategy 
(CBM), potential failures and degraded states can be detected at 
an earlier stage, which could increase the asset availability[1]. The 
effectiveness of predictive maintenance and CBM in paper mills 
has been investigated by Al-Najjar[2] and Sachdeva et al[3]. However, 
CBM is dependent on finding an appropriate condition monitoring 
(CM) technique to detect a physical phenomenon that defines the 
state of critical components in the system. For the development or 
selection of adequate CM techniques, it is important to understand 
and model the physical behaviour of the system in question. By 
creating physical models of different failure modes, filters can be 
created to generate features representing each failure mode. For 
rotating machines, features based on models are commonly used 
to monitor the degradation of, for example, bearings and gears[4,5]. 
Physical models can also be used for prognostic purposes, where 
the degradation behaviour of different functions can be modelled 
and simulated in order to predict the technical life-length. Different 
approaches to life-length predictions have been developed in 
recent years by Jardine et al[1] and Sikorska et al. One approach for 
remaining life estimation is to use state degradation models and 
Bayesian methods, for example Kalman filtering[6,7] and particle 
filtering[8]. By increasing knowledge of the physical behaviour of a 
paper machine roller, such as the dynamic response[9], the possibility 
of implementing an accurate life-length prediction method also 
increases.

This paper presents an initial study of the dynamic properties of 

a roller in a paper machine. To analyse the dynamic properties of 
a roller a finite element method (FEM) model has been developed. 
The FEM simulations are compared with online vibration 
measurements during operation and an impact hammer test during 
standstill. The present work was carried out in the BillerudKorsnäs 
production unit in Karlsborg, Sweden, and focused on one roller 
located in the wire section, see Figure 1. 

2. FEM modelling
The dynamic properties of a single roller were simulated using 
an FEM model developed in NX8.5, see Figure 2. Modal analysis 
was performed in ANSYS, where the mode shapes and the eigen-

Figure 1. Overview of the wire section
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frequencies were calculated. The FEM model consisted of a flexible 
roller (diameter 0.51 m) supported by two bearings and the bearing 
housing, connected to a rigid ground at both ends. In the model, 
the face of the solid roller was covered by an ebonite rubber sheet 
(E-modulus 2500 MPa, density 1550 kg/m3) fixed to the roller. The 
felt wire was not included in the model. The mesh was created by 
selecting a minimum edge length of 7.8947e–005 m. The number 
of nodes and elements were 448,486 and 182,846, respectively. By 
using the contact tool in ANSYS, the tolerance value was given, 
generating the allowable gap in the contact zone, for example 
between the rolling elements and the outer and inner ring of the 
bearing. However, to increase the performance, a face sizing and 
selection of reasonable element sizes were carried out. The total 
mass of the roller in the FEM model was verified and matched the 
specified mass value of the roller of 1450 kg.

3. Measurements
For this study, two types of measurement were conducted: an 
experimental modal analysis (tap-test) and a vibration measurement 
using an online measurement system installed in the factory. The 
result from the experimental model analysis was compared with 
the dynamic properties derived from the FEM model and the result 
from the online vibration measurement.

3.1 Experimental modal analysis

To investigate the modal properties of the roller a tap-test was 
performed during standstill (non-rotating). Due to symmetry, only 
one side of the roller was measured. The felt wire was not in contact 
with the roller during the tap-test. The roller was excited by a 7 kg 
hammer equipped with a force transducer (sensitivity 0.18 mV/N)  
located 300 mm from the roller edge at the top of the roller in 
the negative y-direction, see Figure 3. The vibration response was 
measured with a miniature uni-axial accelerometer, B&K type 
4508, in the y-direction on the bearing house, denoted AccY in 
Figure 3. B&K LAN XI 3050-B-6/0 and B&K PULSE software 
were used for data acquisition and post-processing. The frequency 
response function (FRF) and coherence were computed from input 
and output spectra, applying a transient window on the input force 
signal and an exponential window on the output acceleration signal.

3.2 Online monitoring measurements

The wire section of the paper machine is monitored using an SKF 
online condition monitoring system. Vibration data are collected by 
a three-axial accelerometer mounted on the bearing housing (Figure 
3) and a Multilog IMx and the SKF @ptitude Observer software 
are used for the data acquisition and analysis. The measurement 
set-up for the roller is depicted in Figure 3. From the SKF @ptitude 
software, time data samples of 3.2 s (sample rate 5120 Hz) were 
extracted each day for one week. For the seven samples the machine 
was in operation and the average roller speed was 535 r/min with 
an insignificant variation. The time signals were exported to Matlab 
and an average of the power spectra (rectangular window and  
NFFT = 16,384 samples) was calculated across the seven days. In 
addition, frequency markers for critical components were extracted 
from the SKF @ptitude software.

4. Results
The results from the FEM modal analysis performed in ANSYS can 
be seen in Figure 4, which shows the two first bending modes in the 
x- and y-directions (40 Hz, 41 Hz, 114 Hz and 138 Hz) of the roller. 
The third mode, not depicted in the Figure, is a radial mode shape 
at 77 Hz, where the radius is changing uniformly over the whole 
length of the roller. Hence, this mode should give a response in the 
y-direction and in the measurement. Additionally, bending modes 
at 174 Hz and 238 Hz were derived. 

The frequency response function (FRF) derived from the tap-
test and power spectral density (PSD) of the online measurement 
are presented in Figure 5. By examining the tap-test result the first 
mode was detected at 33 Hz. Additional modes were detected at  
95 Hz, 131 Hz, 159 Hz and 248 Hz. The 33 Hz mode coincides with 
the increased PSD of the online measurement signal in the same 
frequency range. The rotational frequency and its integer multiples 

Figure 2. (a) CAD model of the paper machine roller; (b) zoomed in 

view of part of the bearing housing

Figure 3. Measurement set-up. Top: drawing of sensor location 

and tap-test force excitation point; Bottom: photo along the 

z-direction of the roller with mounted sensors
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are marked by a dot for the online measurement PSD in Figure 5. 
Also marked in the PSD are the indicators, derived from the SKF 
@ptitude Observer software, based on mechanical models of the 
bearing and gear signatures. By looking at the coherence, the tap-
test showed a good quality up to approximately 600 Hz.

5. Discussion and conclusion
The purpose of this study is to analyse the dynamic behaviour of a 
paper machine roller where an FEM model has been developed. The 
model will serve as a base for further implementations of different 
failure modes related to changes in the dynamic response. This model 
could then be used for defining filters for different failure modes, 
generating features describing the different states of the system, states 
which could be tracked and predicted for life-length estimation. 

In the FEM model, the ebonite rubber sheet covering the solid 
roller was modelled with a rigid connection to the roller. This 
could lead to a stiffer model generating a higher value of the first 

eigen-frequencies in the x- and y-directions around 40 Hz when 
compared to the first mode at 33 Hz in the tap-test. Furthermore, the 
mounting of the bearing housing was connected to a rigid ground in 
the model. A weaker ground support could affect the eigen-modes 
by lowering the eigen-frequencies of the system. The first bending 
mode of the roller at 33 Hz could also be detected in the online 
measurement, as presented in Figure 5. In the tap-test, the roller 
was excited at a single location 300 mm from the roller edge, whilst 
the excitation during operation for the online monitoring data is 
more complex, including excitations from the bearing contact, felt 
wire modes, roller contact and rotational effects, such as unbalance. 
The excitation during operation is furthermore distributed over the 
roller in contrast to the single-point excitation of the tap-test.

The reason for the deviation of eigen-modes in FEM simulation 
when compared to the measurements will be further investigated 
in future studies. In the FEM model, the roller, bearings, bearing 
housing and the rigid ground were included, hence excluding the felt 
wire. In future studies the effect of the felt wire will be investigated. 
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Bearing Life Prediction With Informed Hyperprior
Distribution: A Bayesian Hierarchical Approach

Madhav Mishra, Member, IEEE, Jesper Martinsson, Kai Goebel, and Matti Rantatalo

Abstract—A Bayesian hierarchical model (BHM) is developed
to predict bearing life using envelope acceleration data in com-
bination with a degradation model and prior knowledge of the
bearing rating life. The BHM enables the inference of individual
bearings, groups of bearings, or bearings operating under certain
conditions. The key benefit of the BHM approach is that the rela-
tionships between the bearing model parameters and their prior
distributions can be expressed at different hierarchical levels.
We begin our analysis using a bearing rating life calculation
L10h and an estimate of its associated failure time distribution.
Realistic variations to constrain our prior distribution of the
failure time are then applied before measurements are available.
When data become available, estimates more representative of
our specific batch and operating conditions are inferred, both
on the individual bearing level and the bearing group level. The
proposed prognostics methodology can be used in situations with
varying amount of data. The presented BHM approach can also
be used to predict the remaining useful life (RUL) of bearings
both in situations in which the bearing is considered to be in a
healthy state and in situations after a defect has been detected.

Index Terms—Bayesian hierarchical model, bearing life predic-
tion, probability distribution, prognostics, remaining useful life,
bearing life rating L10h.

I. INTRODUCTION

ONE of the major interests in industry is the extension

of the useful life of high-performance systems. Proper

maintenance plays an important role by extending the useful

life, reducing the life cycle costs and improving the reliability

and availability. The reliability of a component or system is a

measurement of its performance with respect to its intended

function above a minimum standard for a specified period

of time under defined circumstances. Prognostics and health

management (PHM) is an engineering discipline that aims to

maintain the system behaviour and function while ensuring

mission success, safety and effectiveness. Health management

using a proper predictive maintenance (EN13306 [1]) de-

ployment is a worldwide-accepted strategy that has become

popular in many industries in past decades. These techniques

are relevant in environments where the prediction of a failure

and the prevention and mitigation of its consequences increase
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the profit and safety of the facilities concerned. Prognosis is

the most critical part of this process and is a key feature in

this maintenance strategy since the estimation of the remaining

useful life (RUL) is essential. PHM can provide a state

assessment of the future health of systems or components of

interest, e.g., when a degraded state has been found. With

this technology, one can estimate how long it will take before

the equipment will reach a failure threshold under the future

operating and environmental conditions. A major challenge

in PHM is to accurately predict the RUL, which it often

depends on multiple parameters that are time and operation

dependent. These relationships and models have to be derived

from physical understanding about the system or by measuring

its degradation behaviour.

Bearings are normally considered to be non-repairable units;

for example, in consumer cars, a failed wheel bearing is re-

placed and not restored. However, in some expensive and large

bearing applications, the bearings can be restored. Whether a

bearing is considered to be a repairable or non-repairable unit

is dependent on the application and the economic aspects. The

degradation rate of a bearing is driven by external factors,

the system design and the operation (speed, load, etc.). For

example, in a large wind turbine, whether a bearing can be

restored depends on the failure mode.

In a wind turbine, the bearing loads and rotating speeds

vary considerably due to changing winds. In this industry, the

failure of a single roller or bearing can lead to the stoppage

of power generation, with expensive consequences. Another

example in which bearings play a vital role is in the paper

industry. In a paper machine where pulp is transformed into

paper, rotating components, such as bearing-mounted rollers,

play an important role in driving the wire with the pulp through

the process. In this type of serial layout, the failure of a

single roller or bearing could lead to the stoppage of several

production steps, with expensive consequences. In this case, a

predictive maintenance strategy can be implemented to ensure

and optimise the asset availability. Therefore, the bearing life

time prognosis plays a significant role in reducing plant down

time.

The rolling element bearing, which has several failure

modes, is the central component in rotating machinery. A

schematic diagram of a ball bearing is shown in Fig. 1.

Hence, there is a considerable need to monitor the health of a

bearing and to detect faults early to increase the operating life.

Vibrations, oil debris and temperature can be used to detect

bearing degradation. Vibrations in a machine are due to the

dynamic behaviour of the parts subjected to an exciting force.

These vibrations can be measured, extracted, and analysed.
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The main objective in condition monitoring via vibration

analysis, oil analysis, etc. is to detect the degradation of

bearing health before failure occurs. This condition assessment

can provide early warnings based on vibration analysis. This

early-warning information is often used to plan maintenance,

but it can also be used to change the operational conditions.

Various methods are used to analyse vibration signals, in-

cluding time-domain, frequency-domain and time-frequency

analysis. Vibration signals are used to trend machinery and

its components by tracking the changes in the amplitude of

signal components. By assessing the changes in a monitored

vibration signal, one can predict problems like spalling of the

bearing raceways and plan maintenance activities. Vibration

signals have been utilised in many applications to evaluate

system degradation [2]. The RUL prediction of rolling ele-

ment bearings is complex because several variables influence

bearing behaviour. A failure in a single component of a bearing

could lead to added cost, a higher risk to the people operating

the machinery and a higher vulnerability of the surrounding

environment.
PHM addresses the prediction of future conditions and

how to manage the health of an asset. In complex industrial

applications, fault propagation is often difficult to predict,

especially when multiple dependencies and complex relations

exist among various process parameters and the asset health.

In most cases, degradation data for the entire lives of the

components are not available, and no explicit relationship has

been established between damage and the measured health

conditions. Therefore, there is a need for methods that can be

used to classify the health status and to predict the RUL.
In a recently published article on bearing degradation and

life prediction, the authors addressed the issue related to

incomplete signals for RUL prediction of a nonlinear degra-

dation system [3]. In another recently published article by

Rodriguez [4] the RUL prediction for multiple-component

systems based on a systems-level performance indicator was

studied, where a system-level performance indicator is com-

puted based on the performance of each component.
Several case studies and algorithm development processes

were addressed in a recently published book [5].
This paper presents a Bayesian hierarchical model (BHM)-

based RUL prognostic approach for bearing life. The model

uses the bearing rating life L10 and its associated failure time

distribution, in combination with run-to-failure measurements

of 14 bearings and an exponential model of bearing degrada-

tion.
The approach is illustrated using run-to-failure vibration

measurements taken at constant load and speed.

II. DATA DESCRIPTION AND DEGRADATION MODELLING

In this section the data collection and the degradation model

is described. The vibration run-to-failure data used in this

study was generated by a test rig at SKF. The degradation

model was selected form the literature [6, 7].

A. Data description
The vibration data were collected with a 3-axial accelerom-

eter mounted on the bearing house. A Multilog IMx and the

 

Fig. 1. Schematic diagram of a ball bearing [8].

(a)

(b)

Fig. 2. (a) & (b) Outer race spalling for faulty bearings.

SKF @ptitude Observer software were used for data acquisi-

tion. With the SKF @ptitude software, data were extracted in

each bearing test until the level reached the threshold value of

3gE, which is considered to be the failure threshold. A typical

damaged raceway of a bearing after a test is shown in Fig. 2.

B. Exponential degradation modelling

The exponential degradation model is designed to describe

the degradation processes that follow the exponential-type

degradation trend. In the literature, the prediction models

are often classified according to different terms, see e.g.

[6, 7, 9–11]. According to the type of model [12] they can

be categorised into the following three groups: (i) physical

degradation models, (ii) stochastic processes models and (iii)
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TABLE I

THE OPERATING CONDITION PARAMETERS.

Load [kN] 18

C/P 2.16

Po 4.9

Speed [rpm] 1800

Lubrication Shell Turbo 100.0.201/m

Support bearing 1309 ENT9

Test bearings 21312E

Physical degrdation model Stochastic process model

- Paris-Erdogan model
-  Forman law crack growth model
-  Fatigue spall initiation and
    and progression model

- Inverse Gaussian process model
- Gamma Process model  
- Wiener process model
-  Auto-regressive model

- Marcovian-based model
- Properional intensity model  
- Proportional hazard model
- Logistic regression model

Statistical model

RUL prediction model

Fig. 3. RUL prediction modelling approaches.

statistical models, seen in detail in Fig. 3, with a detailed

explanation in reference [7, 12].

To predict the state of health behaviour, a degradation model

that describes the relation between the bearing inputs, i.e.,

load and speed, and the degradation needs to be developed

or selected. Bearing degradation behavior is a complex phe-

nomenon that is affected by several conditions (e.g. loading,

speed, temperature, humidity and other operating conditions).

Bearing degradation is stochastic in nature due to inherent

randomness in manufacturing and during operation [13]. Using

the BHM approach we adopted the exponential degradation

model as a signal model, which is one of the most widely

used stochastic process models.

III. PROGNOSTICS METHOD

This paper proposes a BHM-based RUL estimation for

bearing life. The hierarchical model uses the failure time

distribution associated to the bearing rating life L10h as a prior

knowledge in combination with run-to-failure measurements

and an exponential degradation model see (1). L10h is calcu-

lated using the bearing rating life described in the handbook

of SKF, according to standard [12]. Using the L10h value the

associated distribution was estimated [14]. A three level of

the hierarchical model structure are presented in the section

below.

A. The hierarchical model structure

In this paper, a three level BHM are considered, as shown in

Fig. 4 illustrates the complete hierarchical approach, which is

also a standard technique for showing the dependence in the

hierarchy and between parameters [15]. The method imple-

mentation follows standard references in Bayesian hierarchical

modelling (see, e.g., [15–17]). The first-level model describes

the jth individual bearing and its model parameters denoted

by μj , λj , dj , and σj . The second-level model contains the

prior distributions for the parameters in the first level and is

parameterised by the hyper-parameters μμ, σμ, μλ, σλ, αd, σd

and ασ, βσ . The third layer defines the hyper prior distributions

that are vague and non-committal [15] except for the failure

time distribution that is based on L10h calculations. The hierar-

chical model describes the behaviour of the group of bearings

under a particular operating condition. With measurements

from our batch, we use the proposed hierarchical model to

estimate more specific prior distributions for our particular

conditions. The three levels of the model are described in detail

below.

Level 1: The individual bearing: Here yij represents the ith
time sample of the vibration envelop signal (RMS) of the jth

bearing, with the associated time vector tij for that particular

bearing. The exponential degradation modelling used in the

first level is expressed as:

yij ∼ lnN(h(μj , λj , dj , tij), σj), (1)

where

h(μj , λj , dj , tij) = μj + eλj(tij−dj) (2)

is the signal model (in log scale) for the jth bearing, param-

eterised by μj , λj , and dj . The uncertainty σj reflects both

modelling errors and measurement noise.

We use a log-normal distribution to describe the measure-

ments as the RMS values are strictly positive. Note that for

log-normally distributed data the expected value (in origi-

nal scale) is given by exp(h(μj , λj , dj , tij)) + 0.5σ2
j and

h(μj , λj , dj , tij) will instead represent the expected value of

log(yij) in log scale.

Level 2: The group of bearings: The second layer contains

the distributions for the parameters in the first layer and

describe the variations associated with our particular batch of

bearings (j = 0, ..., 14) and in our operating conditions

μj ∼ N (μμ, σμ) , (3)

λj ∼ lnN (μλ, σλ) , (4)

dj ∼ Weibull (αd, σd) , (5)

σj ∼ Gamma (ασ, βσ) . (6)

These distributions captures the similarity in the behavior

of our group and if they behave similar, then these prior

distributions will be sharp and if they deviate then the prior

distributions are wider to capture the dissimilarity among

them.

Here μj in (3) is normally distributed as it can take negative

values due to our choice of using log-normally distributed

measurements in (1). The exponential increase λj is log-

normally distributed as it is non-negative. The failure times

are Weibull distributed [14] and finally the standard deviation

parameter σj is gamma distributed following [15–17].

Level 3: The distributions for the hyper-parameters: For

the hyperparameters μμ, σμ, μλ, σλ and ασ, βσ at the second
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Fig. 4. A three-level hierarchical bearing model. The graphs illustrate the distributions for each parameter and their dependencies

in the hierarchical level. The first-level model contains the individual bearing model parameters, denoted as μj , λj , dj , and σj .

The second-level model consists of prior distributions for the parameters in the first level. The distributions in third level are

the hyper prior distributions for the second-level parameters.

level, we assign hyper prior distributions that are vague and

non-committal

μμ ∼ N (0, 10) , (7)

σμ ∼ Gamma (0.01, 0.01) , (8)

μλ ∼ N (0, 10) , (9)

σλ ∼ Gamma (0.01, 0.01) , (10)

ασ ∼ Exp (10) , (11)

βσ ∼ Exp (10) , (12)

following [15–17]. However, for the parameters αd and σd

governing the failure time distribution in (5) we use an

informed hyper prior distribution based on L10h calculations

and a factor of one thirds standard deviation around L10h

α′
d ∼ lnN(ln (0.7), 0.33), (13)

σd ∼ lnN(ln (344), 0.33), (14)

where αd = α′
d + 1 in the Weibull distribution in (5). These

choices will constrain the prior distribution of failure time

around L10h in absence of measurements. A standard deviation

of one third (0.33) allows the prior parameters αd and σd

in the prior distribution (5) to vary around its median values

1.7 and 344, respectively, obtained from the L10h calculations

described in the next paragraph. The αd = α′
d + 1 re-

parametrisation in the Weibull distribution will restrict the

parameter αd to always exceed one and at the same time return

a median value of 1.7 instead of 0.7, following the procedure

proposed in [15]. This will force the Weibull distribution to

zero at time zero. The set of parameter values (1.7 and 344)

will constrain the prior distribution of failure times around

L10h and the standard deviation (0.33) will allow it to adjust

to our specific batch and operation conditions.

L10h to Weibull calculations: The L10h (L10h with hour

as an unit) for the bearings used in this study was calculated

using the formula in [14]

L10h =
106

60 · n
(
c

p

)3

(15)

where c/p = 2.16 and the speed n = 1800 rpm, resulting in

L10h = 93.312h. Hence, 10% of a bearing population will

have failed after approximately 93 hours. In this paper, it

is assumed that the L10h follows a Weibull distribution. To

estimate the Weibull parameters (to use in the hyper prior

distribution described earlier), the failure probability function

of a Weibull distribution

F (t) = 1− exp(−t/σd)
α
d , (16)

was used together with relations between different values of

failure probability, seen Table. II.

An estimate of the values was obtained by solving a system

of equations using two sets of this equation with different

failure probabilities in percentage (%) (1, 2, 3, 4, 5, 10) and

with related scale factors a1. A scale factor of 1 represents

the L10h failure time. This was done for all combinations in

Table II, resulting in 15 sets of parameter values; see Table IV

and Table III. The mean value of these estimates (α+1 = 1.7
and σ = 344) was used to describe the initial failure time

Weibull distribution of the bearings. A graphical representation
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TABLE II

LIFE ADJUSTMENT FACTOR a1 [SKF HANDBOOK]

Reliability Failure probability SKF rating life Factor
n Lnm a1

% % million revolutions -
90 10 L10m 1
95 5 L5m 0.64
96 4 L4m 0.55
97 3 L3m 0.48
98 3 L2m 0.37
99 1 L1m 0.25

TABLE III

WEIBULL DISTRIBUTION AND αd VALUES

(%) 10 5 4 3 2 1
10 1.61 1.59 1.64 1.66 1.67
5 1.51 1.69 1.70 1.73
4 1.87 1.77 1.78
3 1.71 1.76
2 1.79

TABLE IV

WEIBULL DISTRIBUTION AND σd VALUES

(%) 10 5 4 3 2 1
10 367 386 367 362 352
5 429 347 343 331
4 286 311 310
3 335 320
2 309
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Fig. 5. Estimated Weibull distributions and the distribution

based on the mean α+ 1 and σ (thick red curve).

of all 15 estimated Weibull distributions, including the mean

distribution, can be seen in Fig. 5.

IV. RESULTS AND DISCUSSION

The model uses the bearing rating life L10h and its as-

sociated failure time distributions as a prior knowledge in

combination with run-to-failure measurements of 14 bearings

together with an exponential model (see 1) of the bearing

degradation. In this paper, we start our analysis using L10h and

its associated failure time distribution together with realistic

variations around the distribution parameters to constrain our

prior beliefs of the failure time distribution prior to our

measurements. When data becomes available, estimates of

failure times representative of our specific batch and conditions

can be inferred.

Fig. 6 shows the posterior predictive bearing vibration

envelope signals. The bearing number is denoted by j, where

j = 0, 1, ..., 13. The blue curve represents the envelope mea-

surements yij (gE). The red solid line shows the exponential

model fitted to the data. The light red areas illustrate the

2.5% and 97.5% confidence intervals. As shown in Fig. 6,

the confidence interval is larger for measurements whereby

the enveloped signal deviated more (e.g. bearing no. j = 7)

compared to the exponential behaviour of the model than for

measurements with smaller deviations (e.g., bearing no. 9).

In Fig 7, the posterior distribution of the model parameter

dj is plotted for each bearing. The parameter represents the

distributions in time at which the argument in exponential

part of the signal model (2) is zero, which is considered as

the RUL. Signals with a larger deviation compared to the

exponential model behaviour, resulting in the same behaviour

as in Fig. 6 present a wider distribution for the predicted RUL.

Fig. 8 shows the posterior distributions for mean values of

RMS signal prior to failure. For bearing no 7 (j = 7), a wider

distribution is seen due to increased uncertainty also visible in

Fig. 6.

In Fig. 9, the red graph represents the prior Weibull distribu-

tion of bearing life in (5) without access to any measurements,

using the informed hyper-prior distribution associated to the

L10h and a 33% standard deviation of the Weibull parameters.

The bold red line represents the prior distribution in (5) using

the median hyper-parameter values, αd = 1.7 and σd = 344,

i.e. the median of the hyper-prior distributions in (13). The thin

red lines represent 100 credible hyper-parameters drawn from

the hyper prior distribution in (13) and depicts the possible

variations of the prior distribution controlled by the hyper

prior distributions. The blue graph represents the updated prior

distribution for our particular conditions, when we have access

to our 14 run-to-failure measurements. The thin blue lines

represent 100 credible prior distributions given the data and

depicts the possible variations combining both the uncertainty

in the data and the allowed variations defined by the hyper

prior distributions. The blue dots represent the mean value of

the posterior failure times d̂j for our j = 0, ..., 13 bearings,

shown in Fig. 7.

The initially calculated L10h bearing rating life of ap-

proximately 93 h and its associated Weibull distribution (see

Fig. 9 thick red curve) were over-estimating the life of the

bearings. Using the BHM approach, which combines the prior

knowledge and the measurement data this estimate could be

changed to represent the real lifetimes (blue thick curve). The

initial failure distribution based on the designed L10h value

could also be updated based on changes in the input parameters

of the bearing life (L10h) rating calculation e.g., a changing

load p during operation.

Several types of prognostics technologies have been re-
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ported in the literature. However, the applicability of such

technologies in industry remains a challenge, mainly due to

the time-consuming calculations (which are dependent on the

requirements and the applications) and the lack of required

data and health status models directly related to the physical

parameters. This paper presented a BHM for bearing life

prediction. The BHM can use data from different groups

of bearings to characterise the similarities and group-level

dependencies of the bearings ( see, i.e., [18–20]).

The bearings can be grouped based on material hardening,

location in a plant, and operation or maintenance actions. The

data from the different groups are then used to estimate indi-

vidual model parameters. The method can also provide RUL

predictions based on prior distributions, such as the Weibull

distribution associated with the bearing rating life (L10h). This

method is beneficial when little or no measurement data are

available for a particular bearing. A typical situation is RUL

prediction for a newly installed bearing or for bearings with

little data. Hierarchical estimates of the group-level parameters

in the model can be obtained from prior calculations for differ-

ent bearing groups or for individual bearings under different

conditions. The parameter values can be fixed during operation

but can also be changed if required. Fixing the parameters in

the model limits the number of parameters that need to be

sequentially estimated. The Bayesian approach is commonly

applied to account for the effects of parameter or data uncer-

tainty in condition monitoring and to obtain more precise RUL

predictions [21]. In these cases, the RUL prediction is based on

stochastic degradation processes and performance degradation

data modelling, where the distribution of the RUL is inferred,

making it easy to quantify the uncertainty in the prediction

results [22]. The BHM is a method for generating a probabilis-

tic forecast of parameters associated with a degradation model

and other input values. The BHM approach enables inference

for both individual bearings and groups of bearings. Estimates

of the hierarchical model parameters and the individual bearing

parameters are presented, although the investigated data-set

was obtained from a single group of bearings. Bearing life is

normally calculated in the design stage using the method of

bearing rating life, giving a failure time L10h. In the presented

BHM approach, this prediction is the driving force in the first

phase of the bearing life, where all data sources indicate a

healthy bearing. In the second phase, when the data indicate a

degraded bearing, the measurement data become important in

the calculation, resulting in an inferred prediction distribution.

Historical degradation behaviour and failure times can also be

used to train the model to obtain a better prediction system.

By including more information of temperature, load, operation

and maintenance conditions, etc. more precise (narrower)

priors could be achieved using group level regressions. In a

real operational environment, with an accumulation number

of measurements of failed bearings for different batches and

conditions, the hierarchical model can estimate more specific

prior distributions. The system will hence learn and improve

over time.

Fig. 6. Posterior predictive bearing vibration envelope signals.

The bearing number is denoted by j, The blue curve represents

the envelope measurements yij (gE). The red solid line shows

the exponential model fitted to the data. The light red areas

illustrate the 2.5% and 97.5% confidence intervals.
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Fig. 7. In Fig 7, the posterior distribution of the model param-

eter dj is plotted for each bearing. The parameter represents

the distributions in time at which the argument in exponential

part of the signal model (2) is zero, which is considered as

the RUL.

Fig. 8. Posterior distributions for mean values of RMS signal

prior to failure. For bearing no 7 (j = 7), a wider distribution

is seen due to increased uncertainty.

Fig. 9. The red graph represents the prior Weibull distribution

of bearing life in (5) without access to any measurements,

using the informed hyper-prior distribution with L10h and

the allowed standard deviation of 33% around L10h. The

bold red line represents the prior distribution in (5) using the

median hyper-parameter values, αd = 1.7 and σd = 344, i.e.

the median of the hyper-prior distributions in (13). The thin

red lines represent 100 credible hyper-parameters drawn from

the hyper prior distribution in (13) and depicts the possible

variations of the prior distribution controlled by the hyper

prior distributions. The blue graph represents the updated prior

distribution for our particular conditions, when we have access

to our 14 run-to-failure measurements. The thin blue lines

represent 100 credible prior distributions given the data and

depicts the possible variations combining both the uncertainty

in the data and the allowed variations defined by the hyper

prior distributions. The blue dots represent the mean value of

the posterior failure times d̂j for our j = 0, ..., 13 bearings,

shown in Fig. 7. (The dots are randomly scattered vertically

to see their identity.)
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V. CONCLUSIONS

1) The BHM approach enables the relationships between

the bearing model parameters and their prior distribu-

tions to be expressed in different hierarchical levels and

to be used to predict the RUL of bearings.

2) The probabilistic results of the BHM approach, together

with the economical consequences of failure, can be

used to estimate the business risk of the bearing appli-

cation and to assess different operation and maintenance

strategies by simulating different future load conditions

and maintenance actions.

3) Bearing rating life calculations of failure times and

their distribution can be used to constrain our prior

distribution of the failure time before measurements are

available. As data become available, estimates more rep-

resentative of our specific batch and operating conditions

can be inferred.

4) The initial bearing rating life calculation and distribution

can be replaced or combined with measures of previous

failure times for similar batches and conditions to obtain

a more specific prior distribution.
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