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Abstract

Prognostics and health management (PHM) is an engineering discipline that aims to maintain the 
system behaviour and function, and assure the mission success, safety and effectiveness. Health 
management using a proper condition-based maintenance (CBM) deployment is a worldwide 
accepted technique and has grown very popular in many industries over the past decades. These 
techniques are relevant in environments where the prediction of a failure and the prevention and 
mitigation of its consequences increase the profit and safety of the facilities concerned. Prognosis 
is the most critical part of this process and is nowadays recognized as a key feature in 
maintenance strategies, since estimation of the remaining useful life (RUL) is essential.

PHM can provide a state assessment of the future health of systems or components, 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, in future operating conditions and future 
environmental conditions. This thesis focuses especially on physics-based prognostic approaches, 
which depend on a fundamental understanding of the physical system in order to develop 
condition monitoring techniques and to predict the RUL.

The overall research objective of the work performed for this thesis has been to improve the 
accuracy and precision of RUL predictions. The research hypothesis is that fusing the output of 
more than one method will improve the accuracy and precision of the RUL estimation, by 
developing a new approach to prognostics that combines different remaining life estimators and 
physics-based and data-driven methods. There are two ways of acquiring data for data-driven 
models, namely measurements of real systems and syntactic data generation from simulations. 
The thesis deals with two case studies, the first of which concerns the generation of synthetic data 
and indirect measurement of dynamic bearing loads and was performed at BillerudKorsäs paper 
mill at Karlsborg in Sweden. In this study the behaviour of a roller in a paper machine was 
analysed using the finite element method (FEM). The FEM model is a step towards the 
possibility of generating synthetic data on different failure modes, and the possibility of 
estimating crucial parameters like dynamic bearing forces by combining real vibration 
measurements with the FEM model. The second case study deals with the development of 
prognostic methods for battery discharge estimation for Mars-based rovers. Here physical models
and measurement data were used in the prognostic development in such a way that the 
degradation behaviour of the battery could be modelled and simulated in order to predict the life-
length. A particle filter turned out to be the method of choice in performing the state assessment 
and predicting the future degradation. The method was then applied to a case study of batteries 
that provide power to the rover.

Keywords: Prognostics, Degradation, FEM, Modelling, Particle Filter, CBM, RUL
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Thesis

This thesis consists of two parts. Part I gives an overview of the research area and the work 
performed. Part II consists of the appended papers. 
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Chapter 1: Introduction

1.1. Background 

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, reducing the 
lifecycle 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. Prognostics and health 
management (PHM) is an engineering discipline that aims to maintain the system behaviour and 
function, and assure the mission success, safety and effectiveness. Health management using a 
proper condition-based maintenance (CBM) deployment is a worldwide accepted technique and 
has grown very popular in many industries over the past decades. These techniques are relevant 
in environments where the prediction of a failure and the prevention and mitigation of its 
consequences increase the profit and safety of the facilities concerned. Prognosis is the most 
critical part of this process and is nowadays recognized as a key feature in maintenance 
strategies, since 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. Using this technology, one can estimate how long it 
will take before the equipment will reach a failure threshold, in future operating conditions and 
future environmental conditions. This thesis focuses especially on physics-based prognostic 
approaches, which depend on a fundamental understanding of the physical system in order to 
develop condition monitoring techniques and to predict the RUL.

Many methods have been used to predict the RUL of systems and components. The most 
common methods are physics-based, using mathematical formulations based on physical 
principles and a data-driven approach for diagnosis and prognosis. By comparing different 
technologies and assessing their cost, complexity, and robustness, one finds that there is a variety 
of promising technologies. In practical, each and every technology or method has its own 
advantages and disadvantages but they are often used in combination in several applications. 
There are several prognostic approaches that have been developed in the literature with 
conformity from a simple historical failure rate models to highly complex physics-based models.
(Vachtsevanos et al., 2006; Dragomir et al., 2009). The model based on the physics of failure 
allows prediction of the system behaviour using an analytical formulation of the system 
processes, including the damage mechanisms. The models developed based on Physics 
phenomenon are convenient for defining the dynamics of time-varying systems, variability in 
environmental stressors, transients, with different operating modes nonetheless it has major 
disadvantage such that it needs tremendous efforts to develop and validate the model.
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The main advantage of these approaches to CBM over a data-driven approach is their ability to 
incorporate a physical understanding of the monitored system (Luo et al., 2003). Data-driven 
models miss the link between the data and the physical world, thus questioning the reliability of 
the applied algorithm, while physical models make the prediction of results intuitive because of 
their use of cause-effect relationships. The main drawback of physics-based models is the effort 
required to develop them. Moreover, they require the assumption of complete knowledge of the 
physical processes, and parameter tuning may require expert knowledge or learning from field 
data. Finally, such high-fidelity models may be computationally expensive to run. On the one 
hand, these models are very useful for describing the behaviour of time-varying systems, taking 
into account different operating modes, transients, and the variability of environmental 
conditions. On the other hand, the greater the complexity of the model is, the greater is the effort 
required to develop and validate it (Galar et al., 2013).

Conversely, the data-driven model dependent on the relationships that are derived by training 
data obtained from the system. The data can be obtained or generated from a test rig. If the data is 
obtained from virtual test-rig then this data is called as synthetic data. In general, condition 
monitoring systems classically use thresholds limits for obtaining features in time series data and 
spectral band for several parameters like for vibration signals, temperatures, lubricant analyses, 
and other observable condition indicators. A data-driven approach constantly looks for a 
condition indicator signal from a set of random variables from a stochastic process characterized 
by probability distributions. This will be carried out under the assumption of steady-state 
operating conditions.

Moreover, the two main aspects of the CBM process, according to Jardine et al. (2006), are 
diagnostics and prognostics. Diagnostics is concerned with determining the current health state of 
the system and finding the faults that have occurred. It also deals with identification of the failed 
component and the root cause of the failure. Prognostics is used to forecast the future health 
states of the system, often involving a temporal prediction of the time at which the system will 
not be operational any longer. Diagnosis and prognosis can be performed using different 
approaches, e.g. physics-based and data-driven approaches.

In the real-world prognostic processes, the trends of the characteristic parameters are diversified, 
making them difficult to predict with a single prediction method. The study shows that, in some 
cases, two methodologies used in conjunction produce more accurate results (Bagul et al., 2008).
The resulting methodology is termed as a hybrid approach merging the physics-based and the 
data-driven approaches, as shown in Figure 1.1.
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Figure 1.1: Diagnosis and prognosis approaches

1.2. Problem formulation

In recent years, many different types of machine health diagnosis and prognosis technologies 
have been developed and presented in research papers, but only a few have found their way to 
industrial applications. Diagnosis and prognosis literature mainly focuses on the development of 
algorithms for the classification of faults and prediction of the remaining useful life of systems. 
Prognosis and health management (PHM) technology is relatively immature compared to 
diagnosis technology, and a challenging task for the research community is to overcome some of 
the major barriers obstructing the application of PHM technology to real-life industrial systems. 
A major challenge is to actually predict the RUL since it often depend on multiple parameters 
that are time and operational dependent. These relationships and models have to be derived from 
physical understanding of the system or by measuring its degradation behaviour. 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 to classify the health states and predict the remaining 
useful life.

1.3. Research question

The following research question has been formulated for the research work presented in this 
thesis. 

How can a model-based prognostic method be designed by using different data sources 
and models eg. synthetic degradation data, historical data, operation data, maintenance 
data, and degradation models, in order to predict remaining useful life?
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1.4. Objective 

The main objective of the research performed for this thesis has been to develop a methodology 
that will facilitate decision making in operation and maintenance and enhance its effectiveness, 
by developing a new approach to prognostics that will combine different remaining life 
estimators and physics-based and data-driven methods. 

1.5. Research methodology 

The aim of this research is to answer the research question formulated above. To answer this 
question different steps were taken, resulting in different studies.

To begin with, a literature review was carried out to find out the state of the art regarding 
physics-based prediction algorithms and hybrid approaches for RUL predictions. 

For this research a bearing application was chosen and a case study was set up at a paper mill,
where a physical model of a bearing-supported roller was developed. The purpose of this model 
was to generate synthetic data for failure modes for which real data would be difficult to 
generate. The model was also to be used to predict input parameters for the existing life-length 
models of a bearing, with the aim of improving their accuracy by adding time-dependent 
information.  

A literature review was carried out and a framework was developed for a hybrid approach which 
could be implemented in the case study. Initial work was carried out in which bearing faults were 
classified using a data-driven approach for diagnostic purposes. 

To develop a physics-based prognostic algorithm for RUL predictions for bearings, the state of 
the art of battery discharge predictions was studied and further developed with the aim of 
merging the prediction techniques with existing models of bearing life estimations. 
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Chapter 2: Condition-based maintenance

2.1. Maintenance strategies

Maintenance can be defined as the combination of all the technical and administrative actions, 
including supervision actions, intended to retain an item in, or restore it to, a state in which it can 
perform a required function (EN-13306, 2010). Maintenance can be divided into two main parts: 
corrective maintenance, which deals with failed functions, and preventive maintenance, which 
deals with non-failed functions, e.g. a function with a degraded state, as shown in Figure 2.1.
Furthermore, preventive maintenance can in turn be divided into two parts: scheduled 
maintenance and condition-based maintenance (CBM). 

Figure 2.1: Maintenance strategies based on EN-13306 (2010) and the CBM process
Mohammed, O. D. (2015)

CBM is, as mentioned above, a preventive maintenance strategy which includes a combination of 
condition monitoring and/or inspection and/or testing, analysis and the ensuing maintenance 
actions (EN-13306, 2010). The aim of CBM is to create a maintenance action based on an 
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observation of the current health state of the systems in question. The state of the system or 
component can be determined, for example, by monitoring the evolution of vibration levels over 
time, i.e. by condition monitoring, which is one of the fundamental tools of CBM. Condition 
monitoring methods keep track of the current health condition and evaluate the status over time, 
in contrast to inspection, which only checks for conformity. The methods for the condition 
monitoring of machines are classified according to the signals and measurement methods that are 
used (Zhou et al., 2007) i.e. vibration analysis, acoustic emission, thermographic analysis and 
lubrication analysis.

A special case of CBM is predictive maintenance, where the maintenance is carried out following 
a forecast derived from repeated analysis or known characteristics and evaluation of the 
significant parameters of the degradation of the item (EN-13306, 2010). This thesis deals with 
predictive maintenance and aims to improve the prognostic capability of this strategy.

2.2. Vibration measurement and analysis 

The vibrations in a machine are governed by the dynamic properties of the part where the 
vibrations are occurring and the exciting force. By measuring the vibration, information about the 
dynamic properties of the part and the exciting force can be extracted and analysed. The role of 
vibration analysis in condition monitoring is to detect the status of a function before a failure 
occurs in order to give a warning as early as possible. Early detection allows the maintenance 
personnel to schedule the shutdown of a machine, so that it will be safer and more cost-efficient. 
There are multiple ways to analyse vibration signals, e.g. time-domain analysis, frequency-
domain analysis and time-frequency analysis,

Figure 2.3: Example-model of bearing vibrations (Randall & Antoni, 2011)
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Vibrations are used to trend machinery and its components, e.g. by tracking changes in the signal 
amplitude. These changes indicate that some problems have occurred with the systems or 
machinery and that further monitoring is required until maintenance can be performed. Vibration 
can be defined as unexpected motion of a machine which is produced by external or unexpected 
force. Vibration can be measured by specific equipment, e.g. an accelerometer, which converts 
the vibration signal to an electrical signal for further analysis. However the machine vibration is 
measured, several sinusoidal waveforms or motions (as shown in Figure 2.3) are usually found, 
and they combine to give an overall time waveform. To improve the use of this waveform, a 
Fourier analysis is performed using specialized equipment to convert the time domain to a 
frequency domain. This technique is known as the fast Fourier transform (FFT).

Figure 2.4: Vibration measurement architecture

A typical architecture of a vibration measurement system for a bearing is illustrated in Figure 2.4.
Several steps are taken in order to obtain the data from the real system for insertion in the 
database for analysis. In the system example in Figure 2.4, a data acquisition (DAQ) unit takes 
samples using a 3-axial accelerometer mounted on the bearing house. The vibration data are then 
collected from the DAQ unit by a monitoring service and stored in a database. The data can then 
be analysed by an analysing tool online in connection with the monitoring service or in 
connection with historical data in the database. Diagnostic procedures can be implemented in the 
analysis tool, which will decide if any maintenance action has to be carried out. Online data 
together with historical data can be used for the purpose of predicting the bearing status. 
However, the prognostic part is not a common part and requires knowledge regarding the 
degradation behaviour of the measurement object.
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2.3. Diagnostics and prognostics 

Diagnostics is conducted to investigate or analyse the cause or nature of a condition, situation, or 
problem, whereas prognostics is concerned with calculating or predicting the future based on the 
rational study and analysis of available pertinent data. Diagnostics is the process of detecting and 
identifying a failure mode within a system or sub-system. Machine fault diagnostics is a 
procedure for mapping the information obtained in the measurement space and/or features in the 
feature space to machine faults in the fault space. This mapping process is also called pattern 
recognition. Traditionally, pattern recognition has been carried out manually with auxiliary 
graphical tools such as a power spectrum graph, phase spectrum graph, cepstrum graph, AR 
spectrum graph, spectrogram, wavelet scalogram, and wavelet phase graph, to name a few. 
However, manual pattern recognition requires expertise in the specific area of the diagnostic 
application, and therefore highly trained and skilled personnel are needed. Consequently, 
automatic pattern recognition is highly desirable. This can be achieved by classifying signals 
based on the information and/or features extracted from the signals. Machine diagnostics with an 
emphasis on practical issues has been discussed in Williams et al. (1994). Various topics in fault 
diagnosis with an emphasis on model-based and AI approaches are described in Korbicz et al. 
(2004).

Moreover, there are different definitions of prognostics in the literature; for example, the 
International Organization for Standardization (ISO) has defined prognostics as “the estimation 
of time to failure and risk for one or more existing and future failure modes” (ISO 13381-1, 
2004). On the basis of this definition, prognostics can also be referred to as “prediction of a 
system’s lifetime”, as it is a process whose objective is to predict the remaining useful life (RUL) 
before a failure occurs, given the current machine condition and past operation profile (Jardine 
et al., 2006). Basically, as mentioned earlier, prognostics is mostly referred to as a prediction 
process which forecasts the future health states of the system, often involving a temporal 
prediction of the time at which the system will not be operational any longer (Medjaher et al.,
2009).

2.4. Remaining useful life estimation

The RUL can be defined as the length of time from the current life to the end of the useful life as 
shown in Figure 2.6. Usually, determining that time precisely is difficult and, therefore, all good 
RUL estimations should generally include three output values: the time to failure, the deviation of 
the estimation, and the state when it is not possible to predict the RUL. Determining the RUL is 
tricky and requires many steps. Note that the RUL is always based on risk assessment; without 
considering the risk, the RUL calculation can be meaningless, as mostly no-one wants to run a 
machine to failure due to the financial and time costs involved in doing so. However, this
depends on the maintenance strategy. As illustrated in Figure 2.7, there are some ways to prolong 
the life of a machine. For example, if faults are detected early, it is possible to take counter-
measures to correct abnormal behaviour and prolong the RUL, sometimes even dramatically. 
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Such counter-measures can be as simple as adding more lubrication to the bearing or correcting 
the misalignment of two shafts connected by a coupling. These types of defects should be 
detected early in order to fix the problem before any secondary failures occur, or the problem will 
progress from a defect to a failure. It may be possible to accomplish this automatically by making 
actuators act according to the output of diagnostic tools. This type of self-maintenance or 
engineering-immune system can be the missing element linking maintenance and production
(Wesley Hines & Usynin, 2008; Lee et al., 2014).

RUL
Failure Time

Present time

Failure state level

St
at

e

Different Operation 
Condition

RUL

Time
Figure 2.6: Probability distribution for the end of life (EOL) for different load cases given a 

failure state level: the concept of remaining useful life

Prognosis Diagnosis End of useful life

Catastrophic failure
of system

Prolonging life by 
counter measures

Prolonging life by relieving 
operational load

Fault determination
Of sub-system

Time

Figure 2.7: Degradation level of machine (Mishra et al., 2014)

Most machines are not detached from the production line immediately after failure, and usually it 
is not even wise to repair them as soon as possible. The standard procedure is to prolong the life 
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of a machine by a temporary repair or a “quick fix”. With accurate estimation of the RUL, it may 
be possible to prolong the life of the machine by online maintenance or by relieving the 
operational stress, as illustrated in Figure 2.7. If this is successful, the maintenance task can be 
scheduled for a more appropriate moment in the future, thus supporting and optimizing 
production. Usually prognostics comes after diagnostics, but Figure 2.7 illustrates that this is not 
always the case. Machines can degrade without any serious fault (e.g. due to a cracked tooth in a
gear or a dent in a bearing). Faults like bearing spalling or worn teeth in a gear can start a 
degradation which can progress a long time before any faults can be observed with diagnostic 
measurements tools.

2.5. Dynamic bearing life calculation

The bearing is an important and critical part of most rotating machines. The life 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
- improper mounting of the bearing

o misalignment
o deformation
o contamination.

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

Figure 2.8: SKF bearing life model 

Life adjustment factor
o Fatigue limit
o Lubrication
o Cleanliness

Rated load- for 10^6 revolutions to failure
= 10/3 for roller bearing

Average predicted load

p
skf10 (C/P)aL
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Generally, in traditional industrial systems that have rotating machines, several operating 
conditions are not constant. Examples of such operation conditions are the magnitude and 
direction of the load, the temperatures, lubricating conditions, speeds, etc., which vary according 
to the state. It is difficult to calculate the bearing life for these types of conditions especially. In 
order to accomplish this, the first step is to sample a limited number of load cases and then reduce 
the load spectrum or duty cycle for the condition in question, as shown in Figure 2.9.

In these cases, a histogram of the load blocks can be constructed by considering the different load 
levels that have accumulated across the load spectrum. During operation, each block should be
characterized for a specified percentage or fraction of time. Due to degradation principles, the 
bearing life for heavier and normal loads is faster than that for lighter loads. To identify different 
types of blocks, it is compulsory to differentiate the shock and peak loads independently of the 
frequency of revolutions, as shown in Figure 2.9.

The load and operating conditions of the bearing should be averaged to a constant value for 
normalization. For a particular load condition, the life fraction represented by the number of 
operating hours or revolutions expected from each duty interval is also to be included. Hence, if 
the following are true (SKF, 2012):
N1 = the number of revolutions required for a particular load condition, P1,
N = the expected number of revolutions for all the dynamic load cycles after completion,
U1 = the cycle fraction under load condition P1,
then the following is true:
U1 = N1/N, which means a calculated life of L10m1.

Figure 2.9: Duty intervals with a constant bearing load, p, and the number of revolutions N (SKF,
2012)

For continuous operation conditions, the bearing life would be rated using the following equation
(SKF, 2012):
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= (1)

where L10 m is the SKF rating life at 90%  and L10mi is the fractional SKF rating life under a 
constant condition, and where ui is the lifecycle fraction under the condition 1,2 …, where u1

+u2…..un = 1

2.5.1 Indirect vibration measurement with an accelerometer and conversion to force 

Vibration measurements for diagnostic purposes constitute a common method and are widely 
used in industry, especially for bearing monitoring, as mentioned in the previous sections. To 
improve the bearing life model described in the previous section 2.5, measures of the dynamic 
load would be preferable. To expand a normal vibration-based bearing monitoring system,
measures of the dynamic force could be included. Such measures could be obtained by mounting 
additional force sensors or strain gauges on the bearing. However these might sometimes be 
difficult to install and would add an extra cost to the system. Another approach could be to use 
the existing accelerometer signals and convert them into an interpretation of the bearing forces,
see Figure 2.10. To accomplish this, 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 
two directions, x and y. 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 system or a more complicated FEM model where the transfer 
function can be expressed. 

Figure 2.10: Dynamic life model based on online force calculation
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Chapter 3: Model-based prognostics

This chapter describes the thesis research contribution regarding model-based prognostics. The 
work will be submitted for publication in a scientific journal after further studies.

After diagnosis for faults has been carried out through fault detection, isolation and identification, 
model-based prognosis is generally implemented. In order to estimate the remaining useful life 
(RUL) of a system, the damage state of the system is analysed to predict the future degradation. 
An estimation of the end of life is carried out, adopting the approach devised by Daigle & Goebel 
(2011), as illustrated in Figure 3.1.

Model-based prognosis is usually carried out after the diagnosis, when the faults have been 
detected, isolated and identified. The damage state of the system is estimated and its future 
degradation is predicted to determine the RUL of the system. Various studies have been 
published in the area of prognostic methods, and they are presented in Sections 2.3 and 2.4. There 
are two methods for estimation of the RUL: end-of-life prediction using a probability distribution 
function and deterministic RUL estimation when the output variable crosses a particular 
threshold. The first method was developed by Daigle & Goebel (2011) and involves model-based 
prognosis for estimation of the end of life (EOL), as shown in Figure 3.1

Figure: 3.1 Model-based prognosis (Daigle & Goebel, 2011)

The second method was developed by Saha et al. (2009a) and involves using a probability 
density function for determining the RUL. The degradation of isolated gate bipolar transistors 
was analysed and then prognosis was carried out by using particle filters. 

Kacprzynski et al. (2004) used a finite element model and the Paris law for the propagation of a 
single fatigue crack in a helicopter gear. This method analyses the features of the gear’s vibration 
to reduce the uncertainty levels due to material properties and modelling. The severity of a defect 
of a bearing was defined by means of the surface area through the improved prediction of models 
that make use of a deterministic propagation model with the Paris formula. The parameters were 
set for the damage model by using a recursive least square method. To consider stochastic defect 
propagation, Li et al. (2000) incorporated a lognormal random variable for a deterministic 
propagation model for the estimation of both the mean and the variance. Another study with this 
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type of estimation was conducted by Ray & Tangirala (1996). They used extended Kalman 
filtering for the computation of the damage state of a stochastic process, calculated the RUL and 
implemented decision making for maintenance.

To compute the RUL of a system, Oppenheimer & Loparo (2002) combined a physical model 
based on observers with a life model. For this research they used the Forman law for material 
crack growth to find out the propagation time for crack growth from the initial size. Qiu et al. 
(2002) studied the application of prognostics to a bearing considering the machine element as a 
single-degree-of-freedom system. Their study was based on the use of three different methods: 
the linear damage rule, the damage curve approach and the double linear damage rule; it was 
concluded that the linear damage rule and the damage curve approach provided higher accuracy
for RUL prediction.

To predict the behaviour of a high-power fan bearing and a railroad diesel engine, Cempel (1987)
applied a physics-based model with four different degradation trends.

Chelidze & Cusumano (2004) developed a technique for studying the progression of hidden 
damage in the form of battery discharge in an electromechanical system. The technique was 
based on the assumption that the damage process occurs much more slowly than the speed of the 
observable dynamics of the system. 

In the case of an automotive suspension system, Luo et al. (2003) divided the model of the 
system into two parts: one for a fast behaviour of the system and another for slow damage 
degradation. They developed a prognostic model with multiple models estimated for different 
operating loads to estimate the damage variable. In order to define the damage accumulation of a 
system, Adams (2002) utilized first order nonlinear differential equations in a mathematical 
model to indicate the dynamics of the system. This was carried out by assuming that damage state 
equations are functions of the damage variables only and by disregarding the state vector in the 
damage progression. In some systems there is a need to analyse the hierarchical levels of the 
system and the interaction among them. Lesieutre et al. (1997) specified the hierarchical levels 
for a mechanical system and investigated the damage state at every level of the hierarchy. 
Medjaher & Zerhouni (2009) emphasized the importance of residuals for failure prognostics in a 
hydraulic system. RUL estimation was performed with a physical degradation equation with the 
inclusion of a fault condition and an increase in the resistance of a valve. The values of the 
residuals relating to flow conservation and pressure conservation were used to determine the 
RUL.

Swanson (2001) used a Kalman filter for tracking the modal frequencies of a steel band which 
had a notch where a crack had propagated because of the applied vibration excitation. They used 
the modal frequencies for determining the indicative failure by conditioning the crack 
propagation with externally applied excitation of vibration. They examined the modal frequencies 
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to define the state of the component (i.e. whether it was in a healthy state or a failed state) and 
performed prognosis by analysing the progression of the frequencies. Through the analysis of 
diagnosis and prognosis, Bartram & Mahadevan (2013) studied the degradation mechanisms of a 
seal sensitive to wear in a hydraulic actuator system. The function of the amount of removed 
material was modelled by considering the frictional forces on the seal, the sliding distance and 
the wear rate. Then a particle filter method was applied to perform diagnosis and prognosis by 
calculating the amount of removed material. 

Khan et al. (2011) also used particle filters for estimating the RUL of steam generators in nuclear 
reactors. By measuring the eddy currents in the generators, predictions of crack growth were 
calculated, with the inevitable uncertainties. These were then corrected using an auto-regressive 
model. Orchard & Vachtsevanos (2009) applied particle filters to diagnosis and prognosis 
analyses of the plate of a planetary gearbox by considering fault degradation with the propagation 
of an axial crack. They concluded that deterministic models for damage progression provide 
better long-term predictions, although they are inadequate for the provision of proper confidence 
intervals. Since they implemented a physical model, the use of measured data might result in 
better confidence intervals.

Cadini et al. (2009) demonstrated the capability of particle filters for estimation of the states of a 
nonlinear system. They modified the particle filter algorithm for crack propagation using the 
Paris law to obtain an approximation for estimation of the RUL.

Saha et al. (2009b) compared different methods for RUL estimation. They concluded that there 
were advantages to be derived by combining machine learning techniques, and specifically by 
combining a support vector machine and particle filters. 

Lorton et al. (2013) proposed a two-step procedure using a Markovian approach for 
approximating the RUL of both a shock-absorber system and a pneumatic valve for aeronautical 
applications. In the first step, a conditional distribution of the system is calculated, and in the 
second step, the reliability of the prognosis is calculated. 

Gašperin et al. (2011) calculated the time when a gear would reach a critical stage (threshold) by 
considering the dynamics of the element to be stochastic. They further estimated the RUL of the 
gear, propagating the distribution of the current system state by means of a degradation model. 
The expectation-maximization (EM) algorithm with a Kalman filter was used for the estimations.

From the literature study on different prediction methodologies, one can conclude that the RUL 
can be estimated by using several filters. Particle filters were selected for the research 
documented in this thesis because they provide more accurate results in general industrial 
applications. 
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3.1. Particle-filter-based prediction approach 

Particle filtering utilizes Bayesian estimators by means of Monte Carlo simulation. The technique 
uses a number of hypothetical states of the studied system, also known as particles, takes samples 
of the unknown states and attaches different weights to them. These weights represent probability 
masses estimated using Bayesian recursions (Candy, 2011). Particle filters use a two-step 
procedure: firstly, particles are produced using a Monte Carlo approach with a predefined 
probability distribution, and secondly, the weights of the particles are normalised. In the second
step, particles with negligible weight are replaced with particles with higher weight values in 
order to reduce the problem of computability. The weight of each particle at each instant contains 
probabilistic information about the particle in question. The process performed in the second step 
is called resampling. The main objective of this process is to avoid a situation where all the 
weights but one are close to zero (Arulampalam et al., 2002). Once the resampling is completed, 
the states are estimated by using the new samples. At this point, the whole process is iteratively 
repeated by using the probability distribution obtained by the resampled particles, with each 
subsequent iteration creating new particles for the next iteration. The advantage of particle filters 
over Kalman filters is that the former provide a sufficient amount of samples to yield an optimal 
estimate (Khodadadi et al., 2010).

As mentioned earlier, particle-methods-based prediction assumes that the state space equations 
can be represented as a first order Markov process with additive noise and conditional 
independent output (Arulampalam et al., 2002). Equations (2) - (8) (Goebel & Saha, 2015)
Let us consider the following:
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After substituting Eq. 2, the prediction step will become

(6)

Similarly, the weights are also updated according to the relation 

(7)

(8)

During this process a few of the importance weights degenerate in such a way that they become
close to zero. In such a case, one has a very poor representation of the system state. To address 
that, resampling of the weights can be used (Saha et al., 2007). The basic logical flowchart is 
shown in Figure 3.2 (Goebel & Saha, 2015).

Figure 3.2:  (a) estimation process; (b) prediction process.

During the prognosis this tracking routine is run until a long-term prediction is required, let us 
say at time tp, at which point Eq. (2) will be used to propagate the posterior pdf given by 
{( x w ); i = 1,2,3 … . . N} until xi fails to meet the system specifications at time t . The RUL
pdf is given by the distribution of w . Figure 3.2 shows the flow diagram of the prediction 
process.
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3.2. Model-based prognostic algorithm for a battery 

A case study on a Li-ion battery

This section presents a model-based particle filter prognostic algorithm which was developed in 
collaboration with NASA. In general, several methods are used for prediction of the RUL, but in 
the present study, a particle-filter-based method was implemented for a more accurate prediction 
of the end of discharge. An optimization was carried out of the existing methodology for 
estimation of the RUL of the discharging mechanism of a lithium-ion battery. The particle filter 
is dependent on both data and a degradation model. In this context, the degradation of the battery 
means the end of the discharge cycle. 

To predict the end of discharge (EOD) of a battery, it is necessary to develop a model of the state 
of charge of the battery. The battery model is based on an equivalent electric circuit model, as 
shown in Figure 3.3. The capacitor Cb holds the charge qb of the battery. The nonlinear Cb 
captures the open-circuit potential and concentration over-potential. The Rsp-Csp pair captures 
the major nonlinear voltage drop due to surface over-potential, Rs represents the ohmic drop, and 
Rp is the parasitic resistance that is needed for self-discharge. The governing equations for the 
battery model are presented in continuous time below.

Figure 3.3: Typical battery equivalent circuit model

The terminal voltage V is expressed as follows: 

sCPb VVVV (9)

The state of charge, SOC, is expressed in the following equation:

max

max1
C

qqSOC b (10)

where qb is the current change in the battery across Cb, q max is the maximum possible charge, 
and C max is the maximum capacity. The resistance to surface over-potential is a nonlinear 
function of SOC. 
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)1(exp 210 SOCRRRR CPCPCPCP (11)

where Rcp0, Rcp1 and RCp2 are the empirical parameters. 

The voltage drops across the individual circuit are: 
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The current drops and charge drops across the individual circuit are:

sss

CPCPbCP

pb

ppp

RVii
RVii

iii
RVi

/
/

/

ss

CPCP

bb

iq
iq
iq

(13)

where Vb is the open circuit voltage of the battery with voltage capture across Cb, which is a 
nonlinear function of the state of charge. 

What we are interested in predicting is the end of discharge of the battery, when the battery 
voltage dips below 2.7. As the present research work is part of previous work performed by 
Saxena et al. (2012), Orchard et al. (2010), Saha & Goebel (2009), and Saha & Goebel (2011), 
the same data sets were used in the present work as were used in those previous studies.

The parameter values of the battery model are given in Table 1. All the voltages were measured 
in volts, the resistances in ohms, the charges in coulombs, and the capacitances in coulombs per 
volt (or farads). The model parameters listed are based on PCoE lab measurements. 

Table 1: Parameters of battery model

Parameters Value

Rs
Cs 234.387 F
Rcp0
Rcp1 1.0528e-
Rcp2
Ccp 14.8223 F
V0 4.183 V
Rp
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In the model, some parameters do not have a physical meaning, and therefore the fitting of those 
parameters is just based on experience. 

3.3. Results

The results were evaluated based on the alpha-lambda prognostic metric, as described in Saxena 
et al. (2010). For this work we took data on batteries that had been discharged under a 
randomized sequence of loads between 1A and 4A levels. Figure 3.4 shows the experimental 
observation versus the observation filtered using the particle filter, and one can already detect an 
improvement compared with the previous results. The current in the battery is acted as an input to 
the model, and correspondingly its predicted values must also be assumed. If the future inputs are 
not known, then some assumption must be made based on what they look like. Firstly, we assume 
that the future inputs are known exactly and there is no process noise, i.e. there is a constant 
current of 2.25 A, which is the average current during the experiment. At each prediction step, we 
assume that there is a future current with a uniform distribution between 1A and 4A during the 
remainder of the discharge. 

Figure 3.5 and Figure 3.6 show the RUL predictions versus time. The predictions are shown 
against the true RUL along an accuracy matrix or cone defined by alpha=0.1, and the predictions 
were made as shown in Table 2. Here we can see that the estimated results and predictions are 
quite accurate, within 10% of the true RUL until 2600 s. As shown in Table 2, the result of the 
prediction algorithm presented in this thesis is more stable than the result of previous attempts 
performed by Saxena et al. (2012), Furthermore the RUL prediction in the presented algorithm 
converges towards the true RUL when time elapse, in contrast to the previous work, see table 2.
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Figure: 3.4. Estimation results

3.5. Prediction results.
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Figure 3.6: Alpha-lambda metric plot for the prediction algorithm

Table 2: Results for validation, Column describing previous error refers to Saxena et al. (2012),
Units (minutes)

Time (minutes)
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tp True 
RUL

RUL Error Previous
Error

20 2684 2486 198 -700
247 2457 2259 198 -57
475 2229 2040 189 46
703 2001 1782 219 67
930 1774 1470 204 21
1157 1547 1187 360 8
1385 1319 1091 228 89
1612 1092 925 167 89
1840 864 803 61 132
2068 636 640 -4 183
2296 408 385 23 173
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Chapter 4: Hybrid concept and synthetic data generation

This chapter provides a summary of the appended papers and presents the research contribution 
in each paper.

For some cases, historical data are not available or there is difficulty in generating data from a 
test rig. In order to conduct diagnosis and prognosis for the systems, one needs to obtain data 
from the physical structure. Therefore, external data must be generated by replicating the 
behaviour of the system/component, based on information on missing and incomplete data. The 
generated data are referred to as synthetic data.

As mentioned above, synthetic data can be generated from a combination of both real physical 
information and real raw data from the system. A finite element model is developed based on the 
physical properties, geometrical configuration and mechanical dynamics of the system of interest. 
This model needs to be validated with sample data generated from the real world. Then this 
model acts as a simulator for the potential failures of the system/component. A failure component 
is then included in the system and failure data are acquired. These data are tuned with the 
physical FEM model for a first failure case. This process of obtaining different failure modes is 
repeated for a few potential failures. From an economic and safety point of view, it is difficult to 
test all types of failures of the system, and therefore this method serves the useful purpose of 
obtaining information on possible failure cases. 

4.1. Paper A

Title: Synthetic data for hybrid prognosis

Authors: Mishra M., Leturiondo U., Galar D. 

Published in: Proceedings of the European Conference of the Prognostics and Health 
Management Society, Nantes, France, 2014 pp. 796-801.

Summary: This paper presents a methodology for combining different data sources of failure 
information for maintenance purposes and focuses on an approach involving synthetic data 
generation for prognosis. In this approach, physics-based models and data-driven models are 
combined to extract features for damage accumulation in time-varying service equipment. The 
approach makes use of parametric models and observer-based methods for fault detection and 
identification (FDI). A nominal set of parameters is chosen for the simulated systems and 
sensitivity analysis is performed using a general-purpose simulation package. Synthetic data sets 
are then generated to compensate for information missing in the acquired data sets. Information 
fusion techniques are also proposed to merge raw data and synthetic data to create training data 
sets that will reproduce all the related identified failure modes. This methodology implements the 
fusion of data sources of raw data obtained from the original system and simulated synthetic data 
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generated from the physical model. Care should be taken so that the main failure modes that 
occur in the hybrid model replicate those in the original model. 

The process of data fusion by implementing a hybrid model is useful for classifying the failure 
condition of a system with different failures, and for obtaining new data that duplicate the new 
failure modes. This data fusion thus improves the diagnosis and prognosis by including the new 
failure modes. The proposed methodology will lead to better prediction of the remaining useful 
life of rotating machinery and will minimize and mitigate the economic effects of unplanned 
maintenance actions.

Figure 4.3: Healthy data acquired from the real system    
and synthetic data generated by the physical model

An overall methodology for combining data acquired from a real system and a physical model of 
that system is proposed. Data are acquired from the monitored system, and it should be 

Figure 4.2: Learning using healthy data 
recorded from the real system

Figure 4.1: Tuning process of the 
classification method

Figure 4.4: No-fault-found case
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highlighted that only healthy data can be obtained for safety reasons. Figure 4.2 shows healthy 
data (denoted by H) considering two features. In order to overcome that limitation, a physical 
model can be developed for the further response of the monitored system in different failure 
modes. Thus, the physical model provides synthetic data for the system in both healthy and faulty 
conditions, which are also known through the acquired data, and different faulty conditions. In 
Figure 4.3, the data relating to the healthy condition are denoted by H and the data relating to the 
three faulty conditions by F1, F2 and F3. This combination of data from two sources provides a 
better knowledge of the system.

4.2. Paper B

Title: Synthetic data generation in hybrid modelling of rolling element bearings

Authors: Leturiondo U., Mishra M., Galar D., Salgado O. 

Published in: Insight (Northampton). 57(7):395-400. DOI: 10.1784/insi.2015.57.7.395.

Summary: Paper B implements the methodology presented in Paper A. Diagnosis and prognosis 
processes are necessary to optimize the dependability of systems and ensure their safe operation. 
If there is a lack of information, faulty conditions cannot be identified and undesired events 
cannot be predicted. It is essential to predict such events and mitigate risks, but this is difficult in 
complex systems. Moreover, any faulty condition causes problems for maintenance decision 
makers. A methodology is proposed which constitutes a first step towards data-driven and model-
based approaches. Raw data acquired from a real system and virtual data or synthetic data 
generated from a dynamic model can be used together to perform diagnosis and/or prognosis. 
This methodology was implemented in the field of rolling element bearings under different given 
conditions. Synthetic data were generated using a physical model that reproduced the dynamics 
of these machine elements. Condition indicators such as the root mean square, kurtosis and shape 
factor, among others, were calculated from the vibrational response of a bearing and merged with 
the real features obtained from the data collected from the functioning system. Finally, the 
merged indicators were used to train support vector machine (SVM) classifiers, so that a 
classification according to the condition of the bearing was made independently of the applied 
loading conditions, even though some of the scenarios had not yet occurred. 
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Figure 4.5: Loading scenarios: (a) constant force; (b) sine wave force; (c) increasing 
force.

Synthetic data were generated by means of simulations of the physical model with the aim of 
detecting faults and identifying their typology. The same bearing dimensions and material 
properties were used.

In this study, three bearing conditions were defined: the healthy bearing, with no damage in any 
of its elements; damage in the outer ring, with spalling in the most loaded zone of the outer ring; 
and damage in the inner ring.

4.3. Paper C

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

Authors: Mishra M., Odelius J., Rantatalo M., Johnsson R., Larsson J.-O., Bellander M., Niemi I.

Paper published in: Proceedings of the Condition Monitoring and Machinery Failure Prevention 
Technologies, Oxford, United Kingdom, 2015.

Summary: The purpose of this study was to analyse the dynamic behaviour of a paper machine 
roller, and for this purpose a FEM model was developed. The model will serve as a basis for 
further analysis of different failure modes related to changes in the dynamic response. It will then 
be possible to use this model for defining filters for different failure modes generating features 
describing different states of the system, states which can be tracked and predicted for life-length 
estimation. 

The paper industry is a highly automated industry that includes many different production steps 
where a variety of machine components are used. In the paper machine where the pulp is being 
transformed into paper, rotating components like 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 can lead to the stoppage of several production steps, with 
costly consequences. To ensure and optimize the asset availability, a condition-based 
maintenance (CBM) strategy can be implemented. However, CBM is dependent on an 
appropriate condition monitoring (CM) technique to detect the physical phenomena that define 
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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 the study 
presented in this paper, 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.

4.3.1.    FEM modelling

The dynamic properties of a single roller were simulated using a FEM model developed in NX 
8.5, see Figure 4.6. A modal analysis was performed in ANSYS, where the mode shapes and the 
eigen-frequencies were calculated. The FEM model consisted of a flexible roller (with a diameter 
of 0.51 m) supported by two bearings and a bearing housing connected to a rigid foundation at 
both ends. The face of the solid roller was in the model covered by a metal sheet 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 determined 
for the allowable gaps in the contact zone, e.g. between the rolling elements and the outer and 
inner ring of the bearing. Moreover, 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 it matched the specified mass value of the roller, namely 1,450 kg

Figure 4.6: (a) CAD model of the paper machine roller; (b) zoom-in on part of the bearing 
housing.
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4.3.2    Experimental model analysis

To investigate the modal properties of the roller, a tap-test was performed during standstill (with 
the roller not rotating). On account of the symmetry of the structure, only one side of the roller 
was measured. The tension of the felt wire was measured to be 70 N/cm. A force was excited on 
the roller by a 7 kg hammer equipped with a force transducer (with a sensitivity of 0.18 mV/N), 
300 mm from the roller edge at the top of the roller in the negative y-direction, see Figure 4.7.
The vibration response was measured with a miniature uni-axial accelerometer, namely a B&K 
4508, in the y-direction on the bearing house, denoted by AccY in Figure 4.7. A B&K LAN XI 
3050-B-6/0 and B&K PULSE software were used for the data acquisition and post-processing. 
The frequency response function (FRF) and coherence were computed from the input and output 
spectra, applying a transient window on the input force signal and an exponential window on the 
output acceleration signal.

Figure 4.7: Measurement setup. Left side: drawing of the sensor location and tap-test force 
excitation point. Right side: photo taken along the z-direction of the roller with mounted sensors.

4.3.3. Online monitoring measurements

The wire section of the paper machine was monitored using an SKF online condition monitoring 
system. Vibration data were collected by a 3-axial accelerometer mounted on the bearing house
(Figure 4.7), and a Multilog IMx and the SKF @ptitude Observer software were used for the data 
acquisition and analysis. The measurement setup for the roller is depicted in Figure 4.7. From the 
SKF @ptitude software, a time data sample of 3.2 seconds (with a sample rate of 5,120 Hz) was 
extracted each day for one week. For the seven samples extracted, the machine was in operation 
and the average roller speed was 535 rpm with an insignificant variation. The time signals were 
exported to Matlab and an average of the power spectra (with a rectangular window and 
NFFT=16,384 samples) was calculated for the seven-day period. In addition, frequency markers 
for critical components were extracted from the SKF @ptitude software.

4.3.4. Results

The results from the FEM modal analysis performed in ANSYS can be seen in Figure 4.8a,
which shows the first two bending modes in the x- and y-directions of the roller. The third mode, 
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not depicted in Figure 4.8a, is a radial mode shape at 69 Hz where the radius is changing 
uniformly over the whole length of the roller. This mode should therefore give a response in the 
y-direction and in the measurement. The fourth mode shape is in the axial direction (z-direction)
at 211 Hz. Additionally, bending modes at 276 and 286 Hz and a radial mode at 297 Hz were 
derived.       

a b

Figure 4.8: (a) Modal analysis of the FEM model; the first two bending modes in the x- and y-
direction. (b) Top: Tap-test FRF and averaged power spectrum of the online measurement. In the 

spectrum the rpm 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. 

The frequency response function (FRF) derived from the tap-test and the power spectral density 
(PSD) of the online measurement are presented in Figure 4.8b. By examining the tap-test results, 
one can observe that the first mode was detected at 33 Hz. Additional modes were detected at 78, 
98, 122 and 156 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 PSD of the online measurement in Figure 4.8b. 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 studying the coherence, one can 
observe that the tap-test showed a good quality up to approximately 600 Hz.
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4.4. Paper D

Title: Ontology based diagnosis for maintenance decisions of paper mill roller using dynamic 
response

(Accepted by Springer International Publishing for publication in the series Lecture Notes in 
Mechanical Engineering.) 

Authors: Mishra M., Thaduri A. 
Published in:  Proceedings of the ICRESH-ARMS, Luleå, Sweden, 2015.

Summary: This paper demonstrates ontology-based context modelling applied to the diagnosis of 
rollers as a context by using the dynamic response. The roller was modelled using physical 
models which were run with different parameters and different parameter levels. Then contextual 
models were generated for rollers to show the relations among input contextual parameters with 
different features. The study presented in this paper was carried out in the BillerudKorsnäs 
production unit at Karlsborg in Sweden, and focused on one roller located in the wire section. 
The paper shows that this conceptual idea of decisions based on different contexts using ontology 
models for effective diagnosis facilitates maintenance strategies and, in addition, lays a 
foundation for improved prognoses. There are several existing contextual models in the literature, 
and one of the more popular ones is the ontology-based model, used to determine the relations 
among the input, the environment and output maintenance actions. Context information is 
information utilised for analysing and characterizing the real context in virtual space by 
exploiting the relations between real and virtual parameters to deliver a personalized service. 
Contextual models use ontologies to represent the context by means of relationships and concepts 
among entities in a structure, or shared domain knowledge. Ontology-based models are most 
useful for determining relationships, dependencies and reasoning among the variables, and permit 
a small degree of heterogeneity and efficient contextual provisioning. In the study presented in 
Paper C, several input variables were programmed using a physical model of the rollers to 
achieve different combinations of output variables and patterns. By perceiving these patterns, 
appropriate maintenance decisions can be taken concerning the rollers to improve their
performance. Modal analysis can be performed to determine a structure’s vibration 
characteristics, such as its natural frequencies, mode shapes and mode participation factors. From 
the modal analysis, the mode shapes and the eigen-frequencies can be calculated. In this study, 
we performed a modal analysis on one of the rollers using the finite element method (FEM) for 
the dynamic response. The physical FEM model was updated dynamically by making use of 
continuous online condition monitoring data on the vibration of the rollers in the paper mill. 
Several input parameters and output parameters were gathered simultaneously to obtain the 
context for the basis of contextual modelling. The patterns of the frequency response were 
captured for the purpose of determining specific maintenance actions. For example, a change in 
the residual mass that forms on the felt wire is replicated in the frequency response of the 
vibration signal. If the pattern of the output response is similar to the pattern of the response to a
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high mass forming on the felt wire, the wire requires cleaning. The output alarms produce signals 
if there is a concern about safety, illumination, acoustic detection, and leakage or breakage of the 
subcomponents in the system. The inference rules for servicing are applied to inference 
information about servicing, using external context information deduced from the external 
context ontology of the maintenance actions and internal context information from the internal 
context ontology of the condition monitoring. These inference rules are generated either by the 
previous history of maintenance actions or by input actions based on experience using contextual 
parameters.

The configuration of the architecture for ontology-based diagnosis for maintenance decisions 
(ObDMD) is shown in Figure 4.9. The data acquisition layer obtains data from condition 
monitoring systems and sensors for primary data. These vibration data from the physical model 
are then converted to OWL. If an event occurs, the data for this event are gathered from the 
sensors. External context information can also be accessed from the data storage layer. The 
context query is then transferred to the context layer based on the event generation and a context 
instance is thus created. The context instances are converted to ontology models in the data 
storage layer. To implement this mechanism fully, we need to obtain rules from the users in the 
paper industry and research experts; we also need to know the history of failures and maintenance 
actions and have condition monitoring data to detect automatically the anomalies in the frequency 
response. If the necessary maintenance actions are taken at the appropriate time, the operating 
costs will decrease and the performance and production will increase. If we make use of existing 
data inferences and combine these with modelling of the remaining useful life, we may be able to 
perform more reliable prognoses. 
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Figure 4.9: Architecture for ontology-based diagnosis for maintenance decisions (ObDMD)
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Chapter 5: Conclusions and future work

5.1. Conclusions 

The failure of a system causes severe damage not only to the health of the system concerned, but 
also to the surroundings. Hence, there is a tremendous need for predicting the remaining useful 
life (RUL) of systems with accuracy and precision. Lately, there has been an increasing interest 
in prognostics and health management (PHM), which can predict the behaviour of systems and 
their ability to continue their operation with efficiency and safety. PHM can be implemented by 
using condition monitoring for data acquisition and condition-based maintenance to assist 
decision making and enhance the effectiveness of the system. In order to carry out a PHM 
assessment, one needs to develop a model that can predict the RUL with better accuracy and 
precision. 

This thesis provides an introduction to different maintenance actions which can maintain the 
condition of an asset. In order to achieve a fault-free condition, diagnostics can be used to obtain 
failure causes and to understand the behaviour of the asset. Further, to predict the behaviour of 
the asset in the future, one needs to implement prognostics to obtain the RUL. Knowledge of the 
RUL is beneficial for the performance of maintenance actions and for drawing up 
recommendations for improving the design and manufacture of products, and enhancing logistics. 

To predict the RUL of an asset, a model has to be developed to represent it in a mathematical or 
some other way. There are in general two main types of model and they are described in this 
thesis: the physics-based model and the data-driven model. An additional model is included, 
namely the context-aware model, which is used to obtain diagnoses and prognoses based on 
decision rules. A comparison has been carried out between the physics-based and the data-driven 
model, and the advantages and disadvantages of each model have been identified.

For better precision and accuracy of the RUL, it preferable to create a combination of both the 
physics-based and the data-driven model to construct a hybrid model. While the concept of the 
hybrid model has been in existence for some time, the new contribution of this thesis has been to 
provide a hybrid model concept especially designed for rotating machines. To attain this, 
synthetic data can be generated from a combination of both real physical information and real 
raw data from the system. A finite element model is developed based on the physical properties, 
geometrical configuration and mechanical dynamics of the system of interest. This model needs 
to be validated with sample data generated from the real world. Then this model acts as a 
simulator for the potential failures of the system/component. A failure component is then 
included in the system and failure data are acquired. These data are tuned with the physical FEM 
model for a first failure case. This process of obtaining different failure modes is repeated for a 
few potential failures. From an economic and safety point of view, it is difficult to test all types 
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of failures of the system, and therefore this method serves the useful purpose of obtaining 
information on possible failure cases. 

To predict the RUL of rollers, two types of approaches are demonstrated: one based on context-
aware decision making using maintenance rules, and another based on a physics-based roller 
model. For the latter approach, a physical model has been developed and validated using a data-
driven principle with online measurement. Based on particle filtering, an optimization has been 
carried out of the existing methodology for obtaining the RUL of the discharging mechanism of a 
lithium-ion battery. This particle-filter-based model is dependent on both data and a degradation 
model. In this context, the degradation of the battery resembles the end-of-discharge cycle. For 
prognostics, there is a need for a degradation state model and measurable data that can validate 
the method.

5.2. Future work

The research documented in this thesis can be extended further to obtain prognostics for the RUL 
of a bearing. Since the bearing is one of the critical components of all rotating machines and has 
different complex failure modes, future research could develop a hybrid model that would 
accurately resemble the state of bearings. This could be achieved by fusing the outputs of more 
than one prediction method. To attain this, the first plan would be to adapt a particle filter 
algorithm for batteries to predict the input parameters for bearing life-length models and to 
predict the bearing state. The next step would be to develop prediction algorithms based on 
regression methods. The final step would be to assess whether different RUL predictions would 
be improved by fusing the outputs of more than one prediction method by using some fusing 
method.
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ABSTRACT

Using condition-based maintenance (CBM) to assess machin-

ery health is a popular technique in many industries, espe-

cially those using rotating machines. CBM is relevant in en-

vironments where the prediction of a failure and the preven-

tion and mitigation of its consequences increase both profit

and safety. Prognosis is the most critical part of this process

and the estimation of Remaining Useful Life (RUL) is essen-

tial once failure is identified. This paper presents a method of

synthetic data generation for hybrid model-based prognosis.

In this approach, physical and data-driven models are com-

bined to relate process features to damage accumulation in

time-varying service equipment. It uses parametric models

and observer-based approaches to Fault Detection and Iden-

tification (FDI). A nominal set of parameters is chosen for

the simulated system, and a sensitivity analysis is performed

using a general-purpose simulation package. Synthetic data

sets are then generated to compensate for information missing

in the acquired data sets. Information fusion techniques are

proposed to merge real and synthetic data to create training

data sets which reproduce all identified failure modes, even

those that do not occur in the asset, such as Reliability Cen-

tered Maintenance (RCM), Failure Mode and Effect Analysis

(FMEA). This new technology can lead to better prediction of

remaining useful life of rotating machinery and minimizing

and mitigating the costly effects of unplanned maintenance

actions.

1. INTRODUCTION

The use of Condition-Based Maintenance (CBM) has increa-

sed rapidly over recent years, largely because CBM can pre-

Madhav Mishra et al. This is an open-access article distributed under the

terms of the Creative Commons Attribution 3.0 United States License, which

permits unrestricted use, distribution, and reproduction in any medium, pro-

vided the original author and source are credited.

dict failure in such a way that the profit and safety of the as-

set are increased. Once failure occurs, however, it is crucial

to continue the prognosis process, estimating the Remaining

Useful Life (RUL) of the asset.

Physical or theoretical models can be used for this purpose.

Theoretical models are determined from the physics of the

system and expressed by means of equations (Isermann &

Münchhof, 2011). These equations, either ordinary or partial

differential equations, can be classified as the following:

• Balance equations (i.e. chemical reactions)

• Physical or chemical equations of state (i.e. equations

that relate state variables)

• Phenomenological equations (e.g. Fourier’s law of heat

conduction)

• Interconnection equations (e.g. Kirchhoff’s current law)

Once a set of equations is obtained, the theoretical model is

defined. Complex equations are simplified by means of lin-

earizations, approximations with lumped parameters, and or-

der reductions, among others (Isermann & Münchhof, 2011),

making mathematical treatment feasible.

These models are very useful for describing the behaviour

of time-varying systems, taking into account different oper-

ating modes, transients, and variability in environmental con-

ditions. The greater the complexity of the model, the greater

the effort required to develop and validate it (Galar, Kumar,

Villarejo, & Johansson, 2013). This calls for more computa-

tional resources. Thus, a limit in the complexity of the physi-

cal model should be defined.

There are many physical models used for rotating machin-

ery. (Qiu, Seth, Liang, & Zhang, 2002) simplify a bearing

as a single Degree-of-Freedom (DOF) model using a mass-

spring-damping system. (Harsha, 2006) and (Purohit & Puro-

hit, 2006) take a 2 DOF approach when modelling a bearing

1
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to study the motion of the shaft in the plane of the bearing.

Other authors such as (Jain & Hunt, 2011) consider the dy-

namics of the rolling elements of a bearing by using a 3 DOF

model for the shaft and a 2 DOF model for each ball.

(Sawalhi & Randall, 2008) develop a 5 DOF model for a

rolling element bearing in which they consider the rolling el-

ements as angularly equidistant; they also propose a 6 DOF

model for a gear, and use the model to obtain the response of

a gearbox test rig. The work of (Baguet & Jacquenot, 2010)

combines a shaft-gear model and hydrodynamic journal bear-

ing model. In this case, a pinion-gear pair is represented by

means of two shaft finite elements with two nodes each; the

stiffness is calculated taking into account the tooth deflec-

tion and the foundation flexibility. (Abbes, Hentati, Maatar,

Fakhfakh, & Haddar, 2011) present a model that combines

the dynamics of a ball bearing and a gear transmission. They

introduce a time-varying stiffness matrix, where the number

of teeth in contact and the variability of periodic and mesh-

frequency based mesh stiffness are considered as varying pa-

rameters.

In all these approaches, a system model is at the centre of the

development process, from requirements analysis, through

design, implementation and testing. Today, nevertheless, the

model-based approach is also designed for maintenance pur-

poses, especially condition monitoring. The main advantage

of these approaches to CBM over data-driven approaches is

their ability to incorporate a physical understanding of the

monitored system (Luo et al., 2003). Data-driven models

miss the link between data and the physical world, thus ques-

tioning the reliability of the algorithm, but physical models

make the prediction of results intuitive because of their use

of case-effect relationships. Their main drawback is the ef-

fort required to develop them. Moreover, they require as-

sumptions regarding complete knowledge of the physical pro-

cesses; parameter tuning may require expert knowledge or

learning from field data. Finally, high fidelity models may be

computationally expensive to run.

2. MODELLING FAILURES

Physical models are used to estimate the response of systems

in both healthy conditions and failure conditions. The models

can be used to simulate component or system failures, and

with adequate modelling of the failure modes, the model can

be adjusted. In other words, different system responses can

be obtained, with and without failure, using the equation set

forming the physical model.

The literature notes several ways of modelling failure in the

field of rotating machinery. For example, (Rafsanjani, Abba-

sion, Farshidianfar, & Moeenfard, 2009) reproduce the tran-

sient force that occurs when a rolling element bearing comes

into contact with a defective surface creating a series of im-

pulses that repeat the characteristic frequencies of the ele-

ments of the bearing. (Kiral & Karagülle, 2003) amplify the

contact forces using a predefined constant when the bearing

contact is produced in a damaged area.

(Nakhaeinejad, 2010) proposes modelling faults as surface

profile changes instead of introducing mathematical impulse

functions based on fault frequencies. (Tadina & Boltežar,

2011) develop a 2D model of a bearing in which defects are

modelled as geometric changes. In this case, a fault in a race

is modelled as an ellipsoidal depression whereas a fault in a

ball is modelled as a flattened sphere.

For fault modelling of gears, (Chen & Shao, 2011) develop

a mesh stiffness model in which a gear tooth is divided into

thin pieces; the stiffness of each piece is calculated taking

into account bending, shear and axial compress (function of

fault properties). Then, the whole tooth stiffness is obtained

by integrating the stiffness of each slide. (Jiang, Shao, &

Mechefske, 2014) introduce spalling faults in a gear model

as a variation in the mesh stiffness of the teeth contact. The

length of the contact line is modified to change the value of

the stiffness.

However, it is difficult to predict the RUL once there is a spall

in the system. Thus, failure evolution and how some failure

modes initiate or aggravate others should be defined. Crack

propagation failure modes are the most commonly developed

behavioural models for prognostics (Sikorska, Hodkiewicz,

& Ma, 2011). For example, the Paris-Erdogan law (Paris &

Erdogan, 1963) can be used to define the evolution of the

growth of a sub-critical crack under a fatigue stress regime

and is expressed as:(
da

dN

)
n+1

= C · (ΔK)
m

(1)

where a is the crack length, N is the number of load cycles, n
is the current iteration, ΔK is the range of the stress intensity

factor, and C and m are material constants. Following this

theory, as well as Forman and NASGRO 2/3 laws, (Drewniak

& Rysiński, 2014) provide an analytical gear teeth fatigue

life estimation. (Li, Kurfess, & Liang, 2000) use a stochastic

defect-propagation model to calculate the RUL of a bearing.

3. CREATION OF DATA SETS

System prognosis requires data which can be obtained from

two sources: an operating system using different sensors or a

physical model. In certain cases, the latter source has some

advantages, as for example, the case of an aircraft.

Data from an aircraft system can be recorded when the asset is

healthy, but once the Key Performance Indicator (KPI) of the

system reaches the maintenance threshold limit, maintenance

processes are carried out. Thus, data can only be acquired

until near time tm, the time when the limit is crossed, taking

into account some tolerance, as shown in Figure 1. The asset

2
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Figure 1. Trend analysis for the remaining useful life

will never be allowed to exceed the predefined safety thresh-

old limit (reached at an unknown time ts) for the following

reasons:

• Security: some faults put both the asset and the people

using it at risk.

• Cost: the development of a fault in a component of an

aircraft can be very expensive.

• Environmental issues: the effect of a fault can be detri-

mental for the environment.

Consequently, faulty conditions cannot be recorded from the

real system. However, such data can be created with a phys-

ical model. Failure modes can be defined using Reliability

Centred Maintenance (RCM) and Failure Mode and Effect

Analysis (FMEA), among others. When these failure modes

are modelled, the data generated are called “synthetic” data.

In conclusion, the final data set is formed by data generated

from both real systems and a physical model of the system.

As both physical-model and data-driven approaches are used,

a hybrid model is formed, as illustrated in Figure 2.

3.1. Semi-supervised learning

Classification techniques are divided into three groups: un-

supervised, supervised and semi-supervised learning. Unsu-

pervised classification or cluster analysis consists of a set of

techniques used to group individuals in unknown groups. The

objective is to relate p individuals to q groups in such a way

that each element is associated with only one group and the

distribution of each group is internally homogeneous. Super-

vised learning, also known as machine learning, begins with

data that belong to 2 or more groups. The objective is to ob-

tain a relationship between the inputs (data) and the outputs

(groups) in such a way that it is possible to assign a group to

a new data case.

Figure 2. Hybrid model approach

Semi-supervised learning falls between the two other methods.

Looking again at the aircraft, data can only be recorded when

the system is healthy. Figure 3 shows some healthy data tak-

ing into account two features. Newly acquired data near the

individuals in Figure 3 will belong to the healthy case, but if

not they will belong to a faulty case. Therefore, only healthy

and faulty cases can be distinguished.

Faulty data cannot be captured from the aircraft because of

the reasons already presented. When synthetic data are gen-

erated by a physical model, however, different failure modes

can be recognized besides the healthy case. This improves the

initial classification criterion. Data belonging to healthy (H)

and some faulty cases (F1, F2 and F3) can be seen in Figure 4.

Newly acquired data will belong to any of these cases.

Once the data set is created, semi-supervised learning is car-

ried out using such techniques as Support Vector Machine

H

Feature1

F
e
a
tu

re
2

Figure 3. Learning using healthy data recorded from the real
system
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Figure 4. Learning using both healthy data acquired from
the real system and synthetic data generated by the physical
model

(SVM), k Nearest Neighbour (kNN) and Neural Networks

(NN), among others.

4. TUNING PROCESS

When the learning process is completed, newly acquired data

can easily be classified using the aforementioned methods.

However, data that do not fit into any of the clusters defined

in the learning process can also appear. This state in which an

abnormal or unknown fault is produced is known as No-Fault-

Found (NFF). A graph illustrating this is shown in Figure 5.

Here, the new data do not belong to any of the predefined

groups (H, F1, F2 and F3) are labelled NFF. There are two

main reasons for the appearance of NFF data:

• The physical system is not sensitive to one of the studied

failure modes, and the acquired data do not reflect the

response of the physical system.

• The acquired data belong to a failure mode not previ-

ously identified.

The appearance of this kind of data must be used to update

the already established classification criteria. They are con-

sidered data related to another failure mode, and the semi-

supervised learning is repeated. The process of automatically

updating the classification criteria is called the tuning pro-

cess. A scheme of this process appears in Figure 6. New data

acquired from the real system are considered input data and

are classified according to the clusters previously obtained us-

ing synthetic and raw data. The output is used to retrain and

improve the classification method.

H

F1

F2

F3

NFF

Feature1

F
e
a
tu

re
2

Figure 5. No-fault-found case

Once the tuning process is developed, it gives a better under-

standing of failure evolution; consequently, the prognostics

process is more easily carried out.

5. CONCLUSIONS

The main purpose of the hybrid model is to compensate for

the weaknesses of data driven and physical models. Data-

driven techniques are based on complete data sets that do not

usually cover all the identified failure modes because of eco-

nomic, security or environmental reasons. Additional data are

needed from models based on knowledge to fill the gap. Phys-

ical models are able to represent the response of a system in

Input +
Supervised

classification
Output

Synthetic

data

Physical model

of real system

Raw

data

Real

system

Figure 6. Tuning process of the classification method
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normal operating conditions and include fault modelling with

the objective of determining the behaviour of the system in

different faulty cases detected by different failure mode anal-

yses. It is not new to get data from physical models, but the

way these data are integrated in the system and how the phys-

ical model is tuned to increase the accuracy of these synthetic

data are certainly new. In addition, the system must be able

to produce data for all the failure modes identified by means

of FMEAs and other failure analysis techniques.

As a consequence of this interaction, “synthetic” data sets are

created. These, in combination with raw data acquired from

the real system, can be used in semi-supervised learning to

improve the accuracy of estimations using only the real data.

When newly acquired data suggest the presence of a failure

that has not been considered, the data are used to update the

learning process. The goal is to create the most complete

date sets covering all relevant failure modes to obtain better

remaining useful life estimation.
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Abstract

Diagnosis and prognosis processes are necessary to optimise the dependability of systems

and ensure their safe operation. If there is a lack of information, faulty conditions cannot be

identified and undesired events cannot be predicted. It is essential to predict such events and

mitigate risks, but this is difficult in complex systems.

Abnormal or unknown faults cause problems for maintenance decision makers. We therefore

propose a methodology that fuses data-driven and model-based approaches. Real data acquired

from a real system and synthetic data generated from a physical model can be used together

to perform diagnosis and prognosis.

As systems have time-varying conditions related to both the operating conditions and the

healthy or faulty state of systems, the idea behind the proposed methodology is to generate

synthetic data in the whole range of conditions in which a system can work. Thus, data related

to the context in which the system is operating can be generated.

We also take a first step towards implementing this methodology in the field of rolling

element bearings. Synthetic data are generated using a physical model that reproduces the

dynamics of these machine elements. Condition indicators such as root mean square, kurtosis

and shape factor, among others, are calculated from the vibrational response of a bearing and

merged with the real features obtained from the data collected from the functioning system.

Finally, the merged indicators are used to train SVM classifiers (support vector machines),
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so that a classification according to the condition of the bearing is made independently of the

applied loading conditions even though some of the scenarios have not yet occurred.

Keywords: condition monitoring, defects, failure diagnosis, theoretical modelling

1 Introduction

Using diagnosis and prognosis in condition based maintenance (CBM) helps to assure the relia-

bility and safety of systems. Diagnosis includes detecting faulty behaviours in the response of a

monitored asset and estimating what kind of failure is occurring and where (1). Prognosis is the

prediction of the remaining useful life (RUL) of a system. When the asset is in a healthy condition,

statistical estimations can calculate the RUL; however, when there is evidence of a failure, accurate

information from the diagnosis process is necessary to estimate the RUL (2).

There are two main approaches to implement diagnosis and prognosis: model-based and data-

driven (3). The former is based on the knowledge of the physics of the system and is represented by

either ordinary or partial differential equations. The main advantage of this approach is its ability

to describe the behaviour of systems in different operating and environmental conditions; it also

takes into account defects and degradation (4). The greater the complexity of the model, however,

the higher the computational demand to solve the equation set (5). Consequently, a compromise

has to be found between the level of detail of the model and the required computational resources.

Many applications of the model-based approach have been developed in the field of rolling

element bearings (REBs). Kabus et al. (6) present a model for tapered roller bearings considering

non-Hertzian contact. The authors use the high precision elastic half-space theory to calculate the

contact pressure between the elements. Many computational resources are needed for this theory,

however, and a series of contacts is pre-processed before carrying out the simulations. Patel and

Upadhyay (7) develop a model to study the effect of localised defects on the dynamic response of

cylindrical roller bearings. In this work, the contact between the elements is determined by the

Hertz contact theory and defects are considered as half sinusoidal waves in either the outer or the

inner ring. Yuan et al. (8) propose a multi-body model for a system composed of a ball bearing and

a rotor. The authors consider the possibility of having multiple faults as a combination of two or

more localised faults based on changes in the surface profile of the rings.

Other authors focus on prognosis. Bolander et al. (9) develop a rate of spall propagation in

REBs based on the actual values of the applied load and speed using finite element analysis. They

conclude there is a greater dependence on load than speed in the spall propagation rate. The

authors use data from the diagnosis process to reduce uncertainty in the prediction of the RUL.
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Enright et al. (10) say the most influential factors in crack propagation are the size and location of

initial defects, material property scatter and applied stress. They construct a probabilistic model

for crack growth using those factors, in combination with acquired data from sensors to give an

accurate estimate of the growth.

Data-driven techniques obtain the relationship between data acquired from a system and its

condition or state of degradation. Consequently, the physical or causal relationship found in the

model-based approach is lost in the data-driven approach. Popular algorithms used in the data-

driven approach are neural networks (NNs) and support vector machines (SVMs). In the field of

prognosis, neural networks can be used to calculate damage propagation (11).

It should be highlighted that there is another approach to CBM in addition to the model-

based and the data-driven approaches: symbolic modelling (12). This requires the use of technical

specifications of components, recommendations and tests of suppliers, work orders, maintenance

reports and experience of maintenance staff. Although this information can be given in either

numeric or semantic form, the latter is the most common.

These approaches are usually used independently, but there is great interest in their fusion or

combination, as this might overcome the drawbacks of each approach. For example, Galar and

Kumar (5) propose the use of both data-driven techniques and data from work orders or mainte-

nance and management sources such as SCADA (Supervisory Control and Data Acquisition), ERP

(Enterprise Resource Planning) and CMMS (Computer Maintenance Management Software) for

the diagnosis and prognosis processes in the field of REBs.

This article presents a methodology using a fusion of model-based and data-driven approaches:

hybrid modelling. The article is structured as follows: section 2 describes the methodology for

hybrid modelling, section 3 takes a first step towards using it, section 4 discusses the results and

section 5 offers some conclusions.

2 Hybrid modelling

When working in the field of diagnosis and prognosis, maintainers have to deal with the problem

of only a number of components failing in early stages of their life. Only those that have a low

criticality are deliberately allowed to operate until failure. Thus, all the critical elements regard-

ing both safety and reliability are replaced in early stages of their degradation. Moreover, some

replacements are used to carry out opportunistic maintenance and replace another components.

Consequently, a complete catalogue of faults related to the monitored system is not available

in many cases. For example, in the case of a train, data cannot be acquired from sensors in faulty
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stages of the system for security, economic and environmental reasons. This missing information

creates a need for physical models that provide the response of the system to different faults and

defects defined by various techniques such as FMEA (failure modes and effect analysis). Therefore,

a combination of model-based and data-driven approaches is required.

The methodology proposed in this paper combines these two sources: it records data from a

system in a healthy condition and it also runs simulations using a physical model to determine the

response of the system to a series of faulty conditions. The data obtained by these simulations are

named synthetic data.

Once data are obtained from the two sources, a classification process is carried out to determine

the relationship between the acquired or simulated data and the healthy or faulty state of the

analysed system based on some predefined features. For that purpose, supervised classification

algorithms can be applied, such as NN or SVM. Figure 1 shows an example where the health

state (H) and three faulty states (F1, F2 and F3) are classified using the information given by two

features. In general, we will use a number n of features that give the most relevant information in

order to carry out the classification process.

However, data that do not belong to any of the groups defined by the supervised classification

Feature 1

F
ea

tu
re

 2

H F
1

F
2

F
3

Figure 1: The classification process of a system with a healthy state and three faulty states using
two features
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may appear during system operation; this is called no fault found (NFF). This situation arise if

a failure mode not previously identified occurs or if the physical model is not sensitive to one of

the studied failure modes. Our methodology proposes the use of NFF data as a new kind of fault

and repeats the supervised classification process with these data. The automation of the inclusion

of these new data and the retraining process is called tuning. A scheme of the hybrid modelling

approach is shown in Figure 2.

Figure 2: Scheme of the proposed methodology

When acquiring data, systems usually cover varying operating conditions. That is why in this

approach we propose generating synthetic data not only in different failure modes but also in a

range of possible operating conditions. Thus, the simulations are closely related to the context in

which the real system is operating.

The application of this kind of modelling has a great interest in what are called systems of

systems (SoS) as their complexity makes the tasks of diagnosis and prognosis tougher. In general,

a large amount of data can be obtained from SoS. That is the case of railways, as shown in Figure 3.

Data can be acquired from both the rolling stock (wheels, suspensions, etc.) and the infrastructure

(rail, pantographs, etc.). Furthermore, physical models of any of the systems involved in railway

applications can be used to generate synthetic data representing variable operating conditions
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that change the context. Besides the fusion of data coming from these two sources, information

coming from maintenance reports, work orders, map routes of engine drivers and many other

documents can be used in order to create symbolic models, which can be used to complement

the rest of data.

Figure 3: Hybrid modelling for a railway application

To summarize, the data and information fusion allows maintenance 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 SoS being operating without failures and assuring the safety.

3 Synthetic data generation

This section takes a first step towards the implementation of hybrid modelling to the field of REBs.

In particular, synthetic data is generated in different conditions of that system using the physi-

cal model presented by Leturiondo et al. (13). This multi-body, dynamic model has the following

features:

• It is able to simulate the dynamics of any kind of REB in any configuration.

• Each element of the bearing is considered as a rigid body with 6 degrees of freedom (DOF).

• The metal-metal contacts between those elements are modelled using the Hertz contact and

elastohydrodynamic lubrication theories.
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• Non-stationary operating conditions can be applied to both speed regime and applied loads

(forces and moments).

• Local defects are modelled as geometric changes in the surface of the elements.

The bearing selected to be simulated is a single-row deep-groove ball bearing with 8 balls; its

dimensions are shown in Table 1.

Dimension Value [mm]

Ball diameter, Dw 22.46
Outer raceway diameter, do 147.73
Inner raceway diameter, di 102.79
Pitch diameter, Dpw 125.26
Outer groove radius, ro 11.6792
Inner groove radius, ri 11.6792

Table 1: Dimensions of the simulated bearing

All components are made of steel and have the following properties: modulus of elasticity of

207 GPa, Poisson number of 0.3 and density of 7830 kg/m3. Table 2 shows the properties of the

lubricant. The inner ring is selected as the rotating one; the outer ring is located in rigid housing.

A constant value of 30◦ C is chosen as the operating temperature.

Property Value

Dynamic viscosity, η0 0.04 Pa·s
Viscosity-pressure coefficient, cηP

1.2 · 10−8 Pa−1

Viscosity-temperature coefficient, cηT
0.05◦ C−1

Thermal conductivity, Kc 0.125 J/(kg·K)

Table 2: Properties of the lubricant

As stated in section 2, one of the key concepts of the hybrid modelling approach is the fact

of being able to reproduce the response of the system in different contextual conditions, regarding

both bearing condition and operating conditions. Thus, some scenarios are defined in this paper

as an example of the variety of conditions that can occur in a REB.

According to the standard ISO 15243 (14), failure modes of REBs are classified in six main

groups: fatigue, wear, corrosion, electrical erosion, plastic deformation, and fracture and cracking.

These failure modes can cause damage such as small spalls that can end up as large spalling (15).

Taking into account this kind of failure three bearing conditions are defined:

• Healthy: bearing with no damage in any of its elements.

• Damage in outer ring: bearing with a spall in the most loaded zone of the outer ring.

7



• Damage in inner ring: bearing with a spall in the inner ring.

We define a constant shaft speed of 1.5 rad/s. For loading conditions, we apply a radial force

in vertical direction to three scenarios:

1. Constant force: a constant value of 2000 N for the radial load.

2. Sine wave force: a sinusoidal radial force with the following expression:

F = 2000 + 500 · sin (4.92 · t) [N ] (1)

3. Increasing force: a linearly increasing force, from a value of 2000 N and a slope of 25 N.

A graphical representation of these three loading scenarios is shown in Figure 4.
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Figure 4: Loading scenarios

The aforementioned bearing conditions and operating conditions lead to nine different scenarios,

for which the nomenclature shown in Table 3 is used throughout this article.

Condition Constant force Sine wave force Increasing force

Healthy h1 h2 h3
Damage in outer ring fo1 fo2 fo3
Damage in inner ring fi1 fi2 fi3

Table 3: Nomenclature for the simulation scenarios

Simulation for those nine scenarios uses the software Dymola�, studying the response of REBs

during 370 seconds. Finally, we use a time sampling period of 1 ms and a tolerance of 1 · 10−4.

4 Feature extraction and classification

The methodology presented in section 2 uses data acquired from the real system and synthetic data

obtained from a physical model. As the two kinds of data have to be fused, measurable variables

must be chosen. The physical model presented in section 3 provides detailed information on the

dynamics of REBs (13), such as contact loads and film lubricant thickness, among others. We have
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selected the vibratory response of the REB, in particular, the vertical velocity of the inner ring,

due to its observability.

To eliminate most of the numerical noise created in the simulations, we use a low-pass filter of

20 Hz. Figure 5 shows the velocity signal in each scenario after the filtering process.
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Figure 5: Vertical velocity of the inner ring in each scenario

Time-domain analysis techniques are applied to the vertical velocity of the inner ring for feature

extraction. They include the study of the time signal itself and traditional techniques to extract

features using basic statistic indicators. The following are some of the most common (16–19):

• Mean:

μ =
Δt

t1 − t0

t1∑
t=t0

x (t) (2)

• Standard deviation (second order moment):

σ =

√√√√ Δt

t1 − t0

t1∑
t=t0

[x (t)− μ]
2

(3)

• Skewness (third order moment):

γ =

Δt
t1−t0

t1∑
t=t0

[x (t)− μ]
3

σ3
(4)
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• Kurtosis (fourth order moment):

κ =

Δt
t1−t0

t1∑
t=t0

[x (t)− μ]
4

σ4
(5)

• Peak:

xpeak = max|x (t) | (6)

• Root mean square:

RMS =

√√√√ Δt

t1 − t0

t1∑
t=t0

[x (t)]
2

(7)

• Crest factor:

CF =
xpeak

RMS
(8)

• Shape factor:

SF =
RMS

Δt
t1−t0

t1∑
t=t0

|x (t)|
(9)

• Impact factor:

IF =
xpeak

Δt
t1−t0

t1∑
t=t0

|x (t)|
(10)

• Energy operator (EO): calculated as the kurtosis of the following signal:

[x (tp)]
2 − [x (tp −Δt) · x (tp +Δt)] , t0 ≤ tp ≤ t1 (11)

where x (t) is the signal, t0 is the initial time, t1 is the final time (t1 > t0) and Δt is the time

sampling period ( t1−t0
Δt ∈ N).

These ten indicators are used as features of the different scenarios. Each vibration signal is

divided in such a way that signals of three complete cycles of the cage are noted. The rotational

frequency of the cage is expressed as (20)

fc =
ni

2
·
(
1∓ Dw · cosα

Dpw

)
(12)

where ni is the shaft speed and α is the contact angle, which equals zero in these cases because

there is only a radial force applied in all scenarios. The upper sign corresponds to a rotating inner

ring and the lower sign to a rotating outer ring. According to Eq. 12, fc equals 0.098 Hz and the
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duration of each subdivision is 30.624 s. Therefore, 13 values can be calculated for each feature

and vibration signal.

In order to classify the different healthy and faulty states of the bearing, we use SVMs. As

there are three condition states, the classification process is carried out in two steps: first, healthy

and unhealthy data are isolated; then, the two faulty states are divided.

Note that only some of the features give valuable information about the condition of the bearing.

Separation index (SI) is used for feature selection (21). It gives the graphical difference between two

data groups as a non-dimensional value and is calculated as

SI =
mean (Pa)−mean (Pb)

std (Pa) + std (Pb)
(13)

where Pa and Pb are the data belonging to the groups that must be separated, and mean and std

denote the mean value and the standard deviation, respectively.

Table 4 shows the values of the SI for each feature, each loading condition and each step of the

classification process. The highest four values for each column are shown in bold.

Features
Constant force Sine wave force Increasing force All forces

Step 1 Step 2 Step 1 Step 2 Step 1 Step 2 Step 1 Step 2

μ 0.7455 3.8652 0.2775 1.4667 0.3806 1.5043 0.3995 1.6392
σ 1.7775 94.39 1.3863 23.5574 1.4347 23.9768 0.2552 0.3485
γ 2.8446 2.859 0.3591 2.3546 0.8421 1.608 0.7659 0.0593
RMS 1.7771 94.9191 1.386 23.4919 1.4345 24.1539 0.2553 0.3487
CF 1.6441 6.7238 1.7724 0.0474 2.4841 0.0546 1.0521 0.5152
κ 4.3204 12.0551 1.3987 10.0224 1.8097 8.2531 0.8305 0.1039
EO 2.1166 2.0035 1.453 2.5981 1.5811 1.4253 0.8142 0.2079
SF 2.9322 32.1271 1.2572 11.1155 1.4963 11.8389 0.8418 0.3578
xpeak 14.1619 0.097 2.0231 1.0278 2.5358 1.2531 0.8244 0.2803
IF 2.8136 4.8056 1.919 0.2973 2.698 0.2968 1.0753 0.2421

Table 4: SI values for the different features in the different force conditions

Table 4 indicates that different features must be used for the two steps of the classification

process. Thus, some features can be appropriately used to determine if a bearing is healthy or

unhealthy; if the bearing is unhealthy, other features should be used to estimate the type of failure.

In addition, the SI values for the standard deviation and the RMS of the signals are almost the

same because the mean values are near to zero.

Figures 6, 7 and 8 show the classification using linear SVMs based on the indicators with highest

values for the constant force, the sine wave force and the increasing force scenarios, respectively.

When calculating SI for every loading condition, we obtain low values of SI, indicating linear

SVMs are not enough. Quadratic SVMs must be used to achieve an appropriate classification, as
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Figure 6: Classification process of the vibration signals in the scenarios with constant force
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Figure 7: Classification process of the vibration signals in the scenarios with sine wave force
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Figure 8: Classification process of the vibration signals in the scenarios with increasing force

shown in Figure 9.
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Figure 9: Classification process of the vibration signals in all the scenarios

Data related to the different healthy and faulty conditions of the bearing are correctly identified

by the classification system; any other signal with the same symptoms can be labelled according

to it.
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5 Conclusions

The lack of data on failure modes in systems in which security is essential and cannot be com-

promised leads to a need for data fusion techniques. To this end, we present a methodology to

combine data from a monitored system and synthetic data generated from a physical model. This

methodology for data fusion intends to cover as many conditions as possible, in such a way

that the context of the operating bearing is fully described.

To take a first step towards this methodology, we generate synthetic data from a bearing

considering three bearing conditions and three force profiles using a physical model. Time-domain

analysis is applied using statistical indicators of the vibration signal of the bearing; the indicators

are classified according to SVMs. The results show it is possible to define regions for each condition

of the bearing.

Future work will take the following steps: first, data will be acquired from an operating bearing,

extracting indicators from them. After that, synthetic data will be generated covering a complete

set of conditions that can occur in the REB. Then, all the indicators will be included in the

classification process. Finally, the retraining process will be developed, in such a way that infrequent

faulty states can be defined as a new fault type, thereby improving classification.
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Abstract

The paper industry is a highly automated industry that includes many different production 
steps where a variety of machine components are used. In the paper machine where the 
pulp is being transformed into paper, rotating components like bearing mounted rollers
play an important part to drive 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 stoppage 
of several production steps with costly consequences as a result. To ensure and optimize 
the asset availability, a condition based maintenance (CBM) strategy could be 
implemented. However, CBM is dependent on an appropriate condition monitoring (CM) 
technique to detect 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 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 high return on the investment. In the paper machine where the pulp is being 
transformed into paper, rotating components like bearing mounted rollers play an 
important part to drive the wire with the pulp through the process. In this type of industry 
with a serial layout, failure of a single roller or bearing could lead to stoppage of several 
production steps with costly consequences as a result. By implementing condition based 
maintenance strategy (CBM), potential failures and degraded states can be detected in an 
earlier stage which could increase the asset availability (Jardine et al., 2006). The 
effectiveness of predictive maintenance and CBM in paper mills has been investigated by 
Al-Najjar (2000) and Sachdeva et al. (2008). However, CBM is dependent on finding an 
appropriate condition monitoring (CM) technique to detect 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 e.g. bearings
and gears (Antoni and Randall, 2002; Mohammed and Rantatalo, 2014). Physical models 
can also be used for prognostic purposes where the degradation behaviour for different 
functions can be modelled and simulated in order to predict the technical life-length. 
Different approaches for life-length predictions have been developed during the past years 
(Jardine et al., 2006; Sikorska et al., 2011). One approach for remaining life estimation is 
to use state degradation models and Bayesian methods, e.g. Kalman filtering (Ray and 
Tangirala, 1996; Swanson, 2001) and Particle filtering (Zio and Peloni, 2011). By 
increasing the knowledge of the physical behaviour like the dynamic response (Isermann 
and Munchhof, 2011) of a paper machine roller the possibility of implementing an 
accurate life-length prediction method would increase.

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 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 is carried out in 
BillerudKorsnäs production unit in Karlsborg, Sweden, and focus on one roller located in 
the wire section, see Figure 1.

Figure 1: Overview of wire section
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2. FEM modelling
The dynamic properties of a single roller were simulated using a FEM model developed in 
NX8.5, see Figure 2. Modal analysis was performed in ANSYS, where the mode shapes 
and the eigen-frequencies were calculated. The FEM model consisted of a flexible roller
(diameter 0.51 m) supported by two bearings and bearing housing connected to a rigid 
ground at both ends. The face of the solid roller was in the model covered by a metal sheet 
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 448486 and 182846, respectively. By using the contact tool in ANSYS the tolerance 
value was given generating the allowable gap in the contact zone, e.g. between the rolling 
elements and the outer and inner ring if the bearing. However, to increase the
performance, a face sizing and selection of reasonable element sizes were done. The total 
mass of the roller in the FEM model was verified and matched the specified mass value of 
the roller of 1450 kg.

Figure 2: a) CAD model of the paper machine roller, b) zoomed part of the bearing housing.

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

3.1 Experimental modal analysis
To investigate the modal properties of the roller a tap-test was performed during standstill 
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(non-rotating). Due to symmetry, only one side of the roller was measured. The tension of 
the felt wire was measured to 70 N/cm. The roller was excited by a 7 kg hammer equipped 
with a force transducer (sensitivity 0.18 mV/N) 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 
was 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.

Figure 3: Measurement setup. Left side: Drawing of sensor location and tap-test force excitation point. Right 
side: Photo along the z-direction of the roller with mounted sensors.

3.2 Online monitoring measurements
The wire section of the paper machine is monitored using a SKF online condition 
monitoring system. Vibration data are collected by a 3-axial accelerometer mounted on
the bearing house (Figure 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 Figure 3. From the SKF @ptitude software time data samples of 3.2 seconds 
(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 rpm with an insignificant 
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.

4. Results
The result 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 of the roller are
presented. The third mode, not depicted in the figure, is a radial mode shape at 69 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. The fourth mode
shape is in the axial direction (z-direction) at 211 Hz. Additionally bending modes at 276
and 286 Hz, and a radial mode at 297 Hz, were derived.
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Figure 4: Modal analysis of the FEM model. The figure shows the first two bending modes in x and y-
direction.

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 78, 98, 
122 and 156 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 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.
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Figure 5: Top: Tap-test FRF and averaged power spectrum of the online measurement. In the spectrum the 
rpm harmonics (*) and frequency markers for motor, gear, roller and bearing (FTF, BSF, BPFO, BPFI) are 

shown. Right y-axis scale refers to the online measurement. Bottom: The coherence of the tap-test 
measurement.

5. Discussion and Conclusion
The purpose of this study is to analyse the dynamic behaviour of a paper machine roller 
where a 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 of different failure modes generating 
features describing different states of the system, states which could be tracked and 
predicted for life-length estimation. 

In the FEM model the metal 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-frequency at 44 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 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 
bearings contact, felt wire modes, roller contact, and rotational effects like unbalance. The 
excitation during operation is furthermore distributed over the roller in contrast to the 
single point excitation of the tap test.
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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. The effect of the felt wire on the dynamic response of the system will also be 
addressed in future studies. 
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ABSTRACT
Context-aware systems have been applied in several fields 
like Information Technology, mobile, web services, travel 
guidance etc. These systems deliver decisions based on a 
‘context’ by using contextual models. In paper industries, 
the failures of rollers were prominent and rolling element 
bearing is one of the critical components. The failure occurs
due to the varying levels of the loads and external 
parameters that defines context. This paper demonstrates
the ontology contextual modeling for the diagnosis of 
rollers as a context by using dynamic response. The roller is 
modeled using physical models and applying runs of 
different parameters and its levels. Then contextual models 
are generated for rollers to show relation among input 
contextual parameters with different features. This paper 
shows that this conceptual idea of decision based on 
different contexts using ontology models is for effective 
diagnosis facilitates maintenance strategies and further 
prospects in prognosis. 
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1. INTRODUCTION
With the rapid expansion of scientific technology, the 
machines used in modern industries are becoming larger, 
precise increasingly automated. Their structures become 
more multifaceted and their probable faults become more 
challenging to find. So, in the field of mechanical fault 
diagnosis, it is an urgent problem to exactly evaluate and 
correctly predict the running condition of the mechanical 
equipment [1]. Roller bearing is one of the utmost 
extensively used elements in rotary machines. In most 
machinery, bearing is one of the essential components that 
directly influence the operation of the whole machinery. 
Faulty bearings cause majority of problems in the rotary 
machinery [2]. Localized defect is the main failure mode of 
rolling element bearings. Vibration and acoustic emission 
(AE) signals are widely used in condition monitoring of 
rotating machines. 

During operating process, the machine setup will generate 
all kinds of signals, and involve in many correlated features. 
When any of these features deviates beyond their specified 
limits, a fault may emerge. How to effectively extract the 
fault feature, which can correctly reflect the occurrence of 
the fault, is still an ongoing research issue [3]. In rotating 
machinery, the failure of rolling element bearing can result 
in the deterioration of machine running condition. 

Effectively detecting and diagnosing the incipient fault of 
rolling element bearing can provide an assurance for the 
reliability of machine set running. Generally, extracting the 
fault feature from the vibration signal for detecting the 
occurrence of the fault can effectively reduce the possibility 
of catastrophic damage and the downtime [4]. Therefore, 
fault identification of rolling element bearings has been the 
subject of extensive research [5]. Fault detection is possible 
by comparing the signals of a machine running in normal 
and faulty conditions. The faults considered in the present 
study are inner race fault (IRF), outer race fault (ORF) and 
inner and outer race fault (IORF) [6]. Machine condition 
monitoring system is a decision support tool, which is 
capable of identifying the failure of a machine and capable 
of predicting failure from its symptoms [7].

In the case of paper industries, the rolling element bearing 
in the rollers are very important because the failure of these 
bearings results in stoppage of production [8]. To ensure
operation of the paper mill rolling element bearing,
vibration condition monitoring techniques are implemented
in this field to identify, isolate and mitigate the failures [9].
Because the paper mill runs continuously, a certain amount 
of paper dust on the felt wire will act as an extra load on the 
rollers. To reduce the load, a particular maintenance action 
is followed to remove the dust at regular intervals. 
Normally, this action is done at regular intervals without the 
use of condition monitoring. Apart from this dust, there are 
other maintenance actions that can also be applied on the 
roller without any intelligence. The main problem of this 
maintenance actions are the irregular work stoppages, 
corrosion by lubricant quality, inactive human skill, 
cleaning, operating costs and unawareness of the 
surrounding environment [10]. The main objective of this 
work is to establish a decision support mechanism that 
provides necessary actions on maintenance depends on the 
condition monitoring and operating environment.

There were studies that used dynamic response for the 
rolling element bearings for non-linearity [11], for stiffness 
[12] and for transient rotor dynamics [13]. The modelling 
for diagnosis by physical modelling of rolling element 
bearings were carried out by using support vector machine 
(SVM) [14], wavelet packets [15] and neural network 
approach [16]. There have been efforts to provide these 
decisions on rolling element bearing for diagnosis. The 
classification performance of various fractal dimensions and 
their combinations on different fault data sets were studied 
on rolling element bearing using support vector machines
[17], envelope spectrum and SVM [18], time-domain 
features and neural networks [19], fuzzy logic [20], 
Statistical index development from time domain [21], 



fatigue life in non-stationary conditions [22] and wavelet 
analysis and envelope detections [23]. To provide decisions 
based on fault diagnosis, there are work carried out in 
literature that has implemented computing with condition 
monitoring techniques [24, 25]. 

Due to the advancements in the computing fields, there 
exist innumerable procedures to provide decisions based on 
the input and environment parameters. One of the emerging 
areas is the context aware systems that come under 
pervasive and ubiquitous computing [26]. This technology 
is prominent in the areas of information technology [27],
mobile services [28], web services [29], internet of things
[30] etc. The context-aware systems can be adapted to the 
existing and future possible environments without the 
interactions of users with effective decision making 
capabilities. Earlier, these context-aware systems for 
diagnosis have been used in Quality of Service (QoS) 
management [31], early diagnosis of bipolar disorders [32]
and heart diseases [33]. This paper utilizes the conceptual 
methodology of context-aware systems for bearings in 
roller to provide decisions for maintenance actions by 
perceiving the context. There are several existed contextual 
models; popular is ontology based models to define the 
relations among the input, environment and output 
maintenance actions. The several input variables are 
programmed by using Physical model of the rollers to 
achieve different combinations of output variables and 
patterns. By perceiving these patterns, appropriate 
maintenance decisions can be taken on the rollers to 
improve performance.

2. ROLLING ELEMENT BEARING AND ROLLER IN 
PAPER INDUSTRY

The present work is carried out in BillerudKorsnäs 
production unit in Karlsborg, Sweden, and focus on one 
roller located in the wire section. There are several rollers 
operating in this industry out of which this work focuses on 
three rollers that requires main maintenance actions to be 
followed to increase performance. The three rollers are
modeled using Physical Model in Figure 1 using NX 8.5 
tool.

Figure 1: Physical model of a roller in a paper mill

3. DIAGNOSIS

In general, diagnostics investigates or analyzes the cause or 
nature of condition, situation, or problem, whereas 
prognostics concerned with calculating or predicting the 
future as a result of rational study and the analysis of 
available pertinent data. In terms of the relationship 
between prognostics and diagnostics, diagnostics is the 
process of detecting and identifying a failure mode within a 
system or sub-system.

Machine fault diagnostics is a procedure of mapping the 
information obtained in the measurement space and/or 

features in the feature space to machine faults in the fault 
space. This mapping process is also called pattern 
recognition. Traditionally, pattern recognition has been
done manually with auxiliary graphical tools such as power 
spectrum graph, phase spectrum graph, cepstrum graph, AR 
spectrum graph, spectrogram, wavelet scalogram, and  
wavelet phase graph to name a few. However, manual 
pattern recognition requires expertise in the specific area of 
diagnostic application, highly trained and skilled personnel 
are needed. Therefore, automatic pattern recognition is 
highly desirable. This can be achieved by classification of 
signals on the information and/or features extracted from 
the signals [39][40].

Modal analysis is typically performed to determine a 
structure’s vibration characteristics such as natural 
frequencies, mode shapes and mode participation factors.
From the modal analysis the mode shapes and the eigen-
frequencies were calculated. In this study, we performed the 
modal analysis on one of the rollers using FEM (Finite 
Element Method) for dynamic response. The result from 
this FEM analysis was performed in ANSYS found the 2nd

bending mode that depicted in Figure 2. Similarly, we 
modeled and analyzed three rollers with felt wire by 
ANSYS as shown in Figure 3. The three rollers are running 
by the felt wire that acts as transfer mechanism of paper.
This physical model was being updated dynamically by 
making use of continuous online condition monitoring data 
from vibration of the rollers in the paper mill industry. The 
several input parameters and output parameters were 
gathered simultaneously to obtain the context for the basis 
of contextual modeling.

Figure 2: Dynamic response with deformations

Figure 3: Dynamic response of three rollers with felt 
wire.

4. ONTOLOGY BASED CONTEXTUAL MODELING

The concept of context-aware computing is described by 
[27] and [34] as “the ability of a mobile user’s applications 
to discover and react to changes in the environment they 
are situation”. The popular definition for the context was 
defined by [35] as “any information that can be used to 
characterize the situation of an entity. An entity is a person, 
place, or object that is considered relevant to the 
interaction between a user and an application, including 



the user and applications themselves”. Another way to 
classify the context is to consider the dimensional aspects
dividing context into three categories; computing context 
(like network connectivity, communication instances and 
peers), user context (like profile of user, location, people 
nearby and social situations) and physical context (like 
environment, physical devices) [27]. There is a need of 
model that abstracts and stores the data in meta-database for 
decision making for context-aware systems. One of the 
popular contextual models is the Ontology based model. 
This models use ontologies to represent the context means 
relationships, concepts among entities in a structure or 
shared domain knowledge [36]. They are becoming 
powerful by the applicability of formal expressiveness and 
reasoning techniques. In general, ontology and logic based 
models are not used in Wireless Sensor Networks (WSN)
because of resource constraints.  Ontology based models are 
most useful for determining relationships, dependencies and 
reasoning among the variables and permits little bit of 
heterogeneity and efficient contextual provisioning [37].

Semantic inference is the method for implementing the 
process of ontology for the knowledge base [45] and this 
inference acts as grammar of the standard form of ontology 
languages such as Ontology Inference Layer (OIL), 
Resource Description Framework Schema (RDFS) and Web 
Ontology Language (OWL) [41]. An ontology-based 
inference engine accomplishes information retrieval and 
question and answer (Q&A) functions by getting 
information about a specific instance [42]. In some cases in 
maintenance, where i statements or procedure are included 
in data, there is need to process the text by using natural 
language process [43].  

Context information is the technology of information 
analyzing and characterizing the real context in virtual 
space by involving relation between real and virtual 
parameters to deliver a personalized service [44]. The 
context sensors perceive the context using real sensors such 
as temperature, vibration, humidity etc. The virtual sensors 
interpret the factors from the context of the physical 
sensors. In this paper, rollers in there paper mill, there exist
several SKF primary sensors acquire real information such 
as vibration, load, mass of dust on the felt wire, lubrication 
quantity on rolling element bearing, temperature, humidity 
and dust density as shown in Figure 4. 

The secondary sensors in this case are the rotational speeds 
that produce the peak amplitudes in the resonant frequency 
found in vibration frequency analysis. The patterns of 
frequency response are captured for the purpose of specific 
maintenance action. For example, a change in the residual 
mass that forms on the felt wire is replicated on the 
frequency response of vibration signal. If the pattern of the 
output response is similar to the pattern of response to high 
mass forming on the feltwire, the wire requires cleaning. 
The output alarms produce signals if there is a concern 
about safety, illumination, acoustic detection and leakage or 
breakage of the subcomponents in system. Other 
maintenance actions include visual inspection, 
repair/replacement of the items in setup, ventilation and 
noise cancellation depends on the output variables. An
additional step is required when there is a detection of peaks 
from the vibration signals to acquire necessary event. These 

events need further investigation whether there are any 
failures or not. These contextual parameters are converted 
to the OWL for inference of rules generation. 

Figure 4: Primary sensor interpretation of input, 
environmental and outout parameters

The inference rules for service are applied to inference 
information about services using external context 
information deinferred from the External Context Ontology 
of maintenance [38] actions and internal context 
information from the Internal Context Ontology of the 
condition monitoring [42]. These inference rules are 
generated either by the previous history of maintenance 
actions or by input actions based on experience using
contextual parameters. Some sample diagnostic rules are 
shown in Figure 5.

5. ARCHITECTURE OF ONTOLOGY DRIVEN 
DIAGNOSIS

The configuration of ontology based diagnosis for 
maintenance decisions (ObDMD) architecture that is 
modified from [42] is shown in Figure 6. The data 
acquisition layer acquires data from condition monitoring 
data and sensors for primary data. This vibration data from 
physical model is then converted to OWL.  If there is an 
event occurs, the data from the sensors are acquired. 
External context information can also be accessed from data 
storage layer. The context query is then transferred to 
context layer based on the event generation and thus create 
context instance. These instances are converted to ontology 
models in data storage layer.

In the inference layer, the created context instances are 
provided to the context manager that creates relations 
among the maintenance actions mapped by context 
mapping from the knowledge layer as shown in Figure 5. In 
Service Mapping, for determining the format of the inferred 
results of service, data is converted into a format required in 
each application through the predetermined service content 
database. This rules are created in RDF format. The 
reasoner decides the reasoning of each of the rules based on 
weights of maximum impact of each action. In the event of 
a conflict of rules, the reasoner provides the best 
maintenance output action that increases the performance 
using inputs from the data storage and knowledge layer. 
Various computing techniques such as neural networks,
decision trees, fuzzy rules and statistical techniques can be 
used to provide optimum action.The service layer thus 
provides access to the application layer for an interactive 
informatiton on diagnosis of the roller using context-
awareness. Each of the knowledge and data storage layers is 



updated regularly and triggered in the triggering of an 
event. Out of all the layers, the inference layer guides 
maintenance recommendation using the information from
all the other layers and it suggests the necessary actions to 
the user.

Figure 5: Inference rules for diagnosis based on 
dynamic response of rolling element bearing

6. CONCLUSIONS

This paper proposes the conceptual application of a context-
aware decision model to a paper mill roller using the 
dynamic response obtained from a physical model to build 
the ontology model. The proposed process represents in 
using computing techniques for the purpose of maintenance 
diagnosis in the paper industry. To fully implement this 
mechanism, we require rules from the users in the paper 
industry, research experts, we also need to know the history 
of failures and maintenance actions and have condition 
monitoring data to auto detect the anomalies in the 
frequency response. If necessary maintenance actions are
taken at the appropriate time, operating costs will decrease 
and performance and production will increase. If we make
use of existing data inferences and combine these with 
modelling the remaining useful life, we may able to perform 
prognosis by combing with modelling of remaining useful 
life.

Figure 6: Ontology based diagnosis for maintenance decision (ObDMD) architecture

.

1. If oop_vibration = constant increase in change 
(Pattern 1)

Check mass_feltwire

Is additional?

Do cleanup

End

2. if oop_vibration = flopping (Pattern 2)

Check bearing damage ()

Visual Inspection inner_race, 
outer_race, ball and cage

Replace Bearing

End
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