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Abstract
Condition based maintenance (CBM) is a preventive maintenance strategy in which maintenance
decisions are based on the condition of a physical asset, which is assessed by condition monitoring
techniques. CBM is a promising maintenance strategy, which is becoming more applicable since
analyzing large amounts of data is becoming easier. In this study, we develop CBM methods for
both diagnostics and prognostics purposes. For diagnostics purposes, we develop a control chart
technique to diagnose impending failures of a machine. In a case study we show that by using
the control chart, impending failures can be diagnosed multiple days before the failure occurs.
For prognostics purposes, we model degradation according to a random coefficient model. We
subsequently use this random coefficient model as input for a maintenance decision support
model, which is used to set an optimal control limit to trigger maintenance actions. We show in
a case study that applying the CBM method leads to over 25 percent lower costs than applying
a corrective maintenance strategy.
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Executive summary
The research presented in this thesis is conducted at Océ-Technologies B.V. (Océ) in Venlo. Océ
focuses on the business market in printing services and is part of the Canon Group. This project
is executed at the Service & Support department for the VarioPrint i300 printer (VPi300).

Problem context

Océ has recently set the goal to transform its maintenance concept from corrective maintenance
oriented to preventive maintenance oriented. To achieve this goal, a road-map to predictive
maintenance is defined, by which Océ aims to be able to predict failures, such that they can
be fixed before they have consequences for the customer (Ten Have, 2015). The next step of
this road-map is to implement condition based maintenance (CBM). Therefore, large amounts
of data should be analyzed and interpreted to monitor the condition of a machine, and predict
what behavior is expected in the future. Océ currently collects large amounts of sensor data
from the VPi300, which can possibly be used for CBM purposes. These data are already used to
trigger errors and warnings if a variable exceeds some predefined threshold, which can indicate
defects or anomalies in the machine. However, it is unclear which of these variables can be used
for CBM purposes. Furthermore, it is unclear how these variables can be used to assess the
condition of subsystems of a machine, and what condition-based rules should be used to trigger
maintenance actions. Therefore, the main research question of this thesis is:

“What variables related to errors and warnings can be used to monitor the condition of
a subsystem, and what condition-based rules should be used to trigger actions?”

In this research question, a subsystem is defined as a set of one or multiple parts within the
machine. We consider subsystems instead of individual parts, because variables often describe
the condition of a subset of a machine, consisting of multiple parts.

Research approach

In this research we develop three methods that are used to answer our research question:

– A selection procedure to time-efficiently select variables that can be used to monitor the
condition of a subsystem of a machine.

– A defect diagnosis control chart to diagnose impending failure of a subsystem of a machine.

– A prognostics CBM method in which degradation of a subsystem is modeled according
to a random coefficient model, and an optimal control limit is set to trigger maintenance
actions.

The selection procedure consists of two steps. First, we consider all occurrences of machine
errors in a period and filter out a large amount of errors based on error type, frequency and
some error specific features. This results in a small selection of error codes. Second, we identify
the impact on machine downtime for each error code, and identify what variable triggers the
error. We apply this method to select three variables with high impact. We perform data
cleaning for these variables, to find three degradation signals that we use in our case studies.
For one of these signals, degradation can only be observed hours or days before the first error
occurs. Because of this short response time, we are only interested in defect diagnosis. For
the other two signals, a longer response time is available. For these cases, we are interested in
prognostics to optimize the timing of service visits.
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The defect diagnosis control chart is based on the Shewhart control chart (Montgomery, 2009).
The control chart considers a quality characteristic that describes the condition of a monitored
subsystem, and an environmental factor that can influence the quality characteristic. An out-of-
control diagnosis is done if a number of consecutive measurements of the quality characteristic
is diagnosed to be out-of-bound. A quality characteristic is out-of-bound if it exceeds some
threshold, and this threshold is set higher if the environmental factor is relatively high. A case
study is performed to test the control chart.

The prognostics CBM method consists of two models. First of all, degradation is modeled
according to a random coefficient model. The proposed degradation model enables us to model
degradation paths in which both the starting degradation signal and the degradation pace over
time are random. Moreover, the model can describe degradation that has constant growth,
increasing growth, or decreasing growth over time. The degradation model is subsequently used
as input in the model of Van Elderen (2016), which is based on the model of Zhu (2015). Using
this model, an optimal control limit can be set to trigger maintenance actions at the lowest
average cost rate per year. The CBM method is tested by performing two case studies.

Results

The selection procedure results in three degradation signals, which are subsequently used in our
case studies for either the diagnostics or the prognostics CBM method. The diagnostics case
study uses the temperature in the maintenance box of the VPi300 as the quality characteristic.
An out-of-control diagnosis is done if this temperature is measured to be too high. From the
case study, we found that all defects of the monitored subsystems were diagnosed 32 hours to
multiple days before errors occurred. Of all out-of-control diagnoses that were done, there was
only one diagnosis for which no assignable cause was found. Besides machine defects, another
assignable cause that resulted in out-of-control diagnoses is an excessively high temperature of
the temperature in the room of the printer. Lastly, we conclude from our sensitivity analysis
that defining an extra control limit that takes into account the effect of the environmental
temperature does not result in higher performance of the control chart.

For the prognostics CBM method, we find that setting an optimal control limit that triggers
preventive maintenance can result in an average cost rate per year that is more than 25 percent
lower than applying a corrective maintenance strategy. Furthermore, we find from our sensitivity
analysis that our solution is robust. This is the case, because the optimal control limit is still
near optimal if small changes are made to the parameter settings of our model. It should be
noted that to apply the CBM method, the assumption that the observed subsystem degrades
monotonically over time should be justified. This assumption is justified for one of the performed
case studies (Case 2). For the other case study (Case 3), future sensor data should be observed
to investigate if the assumption is justified.
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Recommendations

The research conducted in this thesis leads to multiple recommendations for Océ. The three
most important recommendations are given below.

– Define a clear out-of-control action plan for diagnostics purposes. As we have
seen from our results, there can be multiple assignable causes for out-of-control diagnoses
of the control chart. Therefore, it is important to clearly define the actions that should
be taken in case of an out-of-control diagnosis. If a number of checks are done after an
out-of-control diagnosis, it may be prevented that a field service technician (FST) is sent
to the customer in case of a false diagnosis or high environmental temperature. Such
checks can for example be to inspect additional sensor data, or to ask the customer to
perform some short tests to identify the root cause of the out-of-control diagnosis.

– Define the actions that should be triggered by the prognostics CBM method.
The idea of the prognostics CBM method is that during a preventive maintenance visit,
it is inspected whether the monitored degradation signal has exceeded the control limit.
If this is the case, maintenance on the subsystem is triggered. In practice, it is more
convenient that an FST is already notified that the control limit is exceeded shortly
before a visit. In this case, the FST can already prepare the maintenance action and
make sure all parts are available. Therefore, we recommend to integrate a step in the visit
preparation process in which an FST can be notified that the control limit is passed.

– Integrate CBM methods with spare part logistics. In our research, we do not
consider spare parts logistics, and assume that spare parts are always available if main-
tenance actions are triggered. In practice, this will not always be true, and therefore we
recommend Océ to investigate how the proposed CBM methods can be used to trigger
spare part replenishment.

Academic relevance

By performing this master thesis, we contribute to academia in the following manners. First
of all, we provide several case studies on implementing CBM in practice. Although there is an
extensive amount of literature devoted to CBM, most literature is merely based on theory. Our
work helps confirming that performing a CBM strategy is relevant in practice.

Second, we develop a diagnostics control chart, based on the Shewhart control chart (Mont-
gomery, 2009). Although the Shewhart control chart has its origin in manufacturing, it can also
be applied for CBM purposes. The control chart that we propose is able to consider the effect of
an environmental factor influencing the measured quality characteristic. Furthermore, it differs
from the Shewhart control chart, because the measurements of the quality characteristic are
highly auto-correlated and not normally distributed.

Third, for our prognostic CBM method our scientific contribution is in the degradation modeling
part. We model degradation according to a random coefficient model with a stochastic starting
point, and degradation over time that is not necessarily linear. Although such models are more
often described in literature (Arts, 2015; Lu and Meeker, 1993), we contribute by applying such
a degradation model in a practical case.
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List of Concepts
Concept Definition

Assignable cause Cause that explains why an out-of-control diagnosis is done
by a control chart

Condition based maintenance A maintenance strategy that recommends maintenance de-
cisions based on the information collected through condition
monitoring (Jardine et al., 2006)

Control limit The threshold which triggers preventive maintenance actions
Corrective maintenance Maintenance carried out after the breakdown of a part to

restore a failed system or part to its required performance
level (Arts, 2015)

Data acquisition The process of collecting and storing useful data from
targeted physical assets for the purpose of CBM (Jardine
et al., 2006)

Data processing The process of handling and analyzing data or signals for
better understanding and interpretation of the data. Data
processing consists of two sub-steps: data cleaning and data
analysis (Jardine et al., 2006)

Degradation level The value of a variable that describes the condition of a
subsystem at a specific time

Degradation model A mathematical model that explains the degradation behav-
ior of a degradation path

Degradation path All measured degradation levels of a subsystem between two
consecutive maintenance actions on the subsystem

Denu belt Conveyor belt in the VPi300 that transports sheets from the
print unit to the drum. Denu is short for drum entry unit

Diagnostics Category of maintenance decision support that focuses on
detection, isolation and identification of faults when they
occur (Jardine et al., 2006)

Drum Subsystem in the VPi300 where the ink on sheets is dried
Environmental factor Measured variable that influences the value of a quality

characteristic
Error code Code that identifies the sort of error on a machine
Expected cycle cost The long-term average service costs per maintenance cycle
Expected cycle length The long-term average cycle length of a maintenance cycle
Failure limit The threshold after which a monitored subsystem fails
False diagnosis An out-of-control diagnosis by a control chart, for which no

assignable cause is found
Maintenance box Conditioned area in the VPi300 where the print-heads are

stored when the printer is not running
Maintenance cycle The interval between two consecutive maintenance actions

for a subsystem
Maintenance decision support Process of recommending efficient maintenance policies.

Consists of two categories: diagnostics and prognostics
(Jardine et al., 2006)
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Concept Definition

Print unit Subsystem in the VPi300 where sheets are printed
Prognostics Category of maintenance decision support that attempts to predict

faults or failures before they occur (Jardine et al., 2006)
Quality characteristic Measured variable that describes the condition of a monitored

subsystem
Response time The time between the point where we can first observe degradation

and the occurrence of failure, also known as the P-F interval
(Moubray, 1997)

Sensor data Measurements related to the condition of a subsystem
Sentry belt A conveyor belt in the VPi300 that removes sheets from the paper

path if the sentry unit detects that the sheet is curled
Sentry unit Subsystem in the VPi300 that detects if sheets are curled before

entering the print unit
Subsystem A set of one or multiple parts within the VPi300
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Variable Definition
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H Failure limit
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T Maximum number of successive out-of-bound measurements before an out-of-

control diagnosis is done
tij Out-of-bound time, representing the number of successive out-of-bound measure-

ments for subsystem i at the j-th measurement.
UCLk Upper control limit k, with k ∈ {1, 2}
xij Measured quality characteristic of subsystem i, j-th measurement
yij Measured environmental factor of subsystem i, j-th measurement
αk The fraction of measurements of xij that should be below control limit UCLk,

with k ∈ {1, 2}
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Chapter 1

Introduction
This report is the result of our research on machine condition monitoring for condition based
maintenance (CBM) purposes. The research is conducted at Océ-Technologies B.V. (Océ). Océ
is a global leader in graphic arts, industrial printing and collaborative business services, head-
quartered in Venlo, the Netherlands. The research is focused on the VarioPrint i300 printer
(VPi300), which is a new innovative product of Océ that is introduced to the market in 2015.
Along with the introduction of the VPi300, Océ started to collect and store large amounts of
sensor data obtained from machines that are running in the field. Figure A.1 in Appendix A
shows a picture of the VPi300.

The VPi300 is capable of combining high speed and low printing costs with high quality and
high flexibility, which has not been possible to combine in former products of Océ. However,
the purchase price of the VPi300 is also significantly higher than former products of Océ. Due
to this shift to a more expensive capital good, customers demand a higher standard in terms of
machine availability. In order to fulfill the demand for this higher standard, Océ aims to shift
from a merely corrective maintenance (CM) focused maintenance concept to a maintenance
concept that combines both CM and preventive maintenance (PM).

CBM is a PM strategy in which maintenance decisions are based on the actual condition of
a physical asset, which is assessed by some condition monitoring technique. The sensor data
from the VPi300 printers can potentially be used to monitor the condition of these printers,
which can subsequently be used to perform CBM. In this research we propose two methods to
apply CBM on the VPi300. The first method is for defect diagnosis purposes, and is based on
a Shewhart control chart (Montgomery, 2009). We apply this method in a case study where
degradation can only be observed hours or days before failure occurs. Second, we propose a
prognostic method, in which degradation is modeled according to a random coefficient model
(Lu and Meeker, 1993). Subsequently, the model proposed by Van Elderen (2016) is used to
set an optimal control limit that triggers maintenance actions. This model is used in two case
studies where degradation can be observed months before the failure occurs.

The outline of the remainder of this chapter is as follows. In Section 1.1 we describe the
environment in which we conduct our research. Subsequently, we describe the research design in
Section 1.2, which consists of the problem statement, research questions, scope and deliverables.
We conclude this chapter by providing a further outline of the thesis in Section 1.3.

1.1 Research environment

This research is conducted at the service department of Océ. In the following sections we briefly
describe the background of Océ (Section 1.1.1), the service activities on the VPi300 (Section
1.1.2), some theory about CBM (Section 1.1.3), the problem context of this research (Section
1.1.4), and the overall research project of which this thesis is part of, called ProSeLoNext
(Section 1.1.5).

1.1.1 Company background

Océ is founded in 1877 and is a global leader in graphic arts, industrial printing and collaborative
business services. Since 2010, because of the acquisition of Océ by Canon, Océ is a Canon Group
Company. Together they aim to be the global leader in the printing and imaging industry.

1



CHAPTER 1. INTRODUCTION 2

Océ is located in nine different countries spread over three continents. The company is headquar-
tered in Venlo, the Netherlands. About 2400 of the total of 3600 employees are located there.
Besides the global activities, Océ Venlo consists of a production facility and a Research and
Development (R&D) department. Océ is in the top ten of R&D investors in the Netherlands,
which indicates that the business environment in which Océ is active is highly innovative.

1.1.2 Service activities

This research is conducted at the project group which is responsible for the service activities
for the VPi300 within the service department of Océ. These service activities mostly consist of
machine installations and maintenance. In this research, we focus on the latter.

Maintenance can be performed in several ways. Arts (2015) categorizes maintenance into
different strategies, as can be seen in Figure 1.1. Modificative maintenance involves replacing
a part with a new modified part. This maintenance action is typically project-based and thus
non-recurring. A CM strategy means that a part is only replaced upon failure. In a PM strategy,
it is aimed to replace parts before failure occurs. PM can be further divided into usage based
maintenance (UBM) and CBM. UBM means that parts are replaced preventively based on usage,
such as after a fixed predetermined time or a fixed number of operations. UBM can be further
divided into part replacement and block replacement, in which maintenance is respectively per-
formed on a single part or on several parts simultaneously. In CBM, maintenance decisions are
based on the actual condition of the part. The condition can be assessed continuously through
a sensor (condition monitoring) or periodically during inspections (periodic inspections).

Currently at Océ, parts either have a CM or UBM strategy. The parts that have a UBM strategy
are being maintained either age-based (e.g. monthly) or count-based, after a predefined number
of clicks. A click is a measure used to standardize all jobs. One click resembles an A4 print
and all jobs are counted in number of clicks. Normally maintenance actions are performed by
the field service technician (FST), who is employed by Océ. Some maintenance actions can be
performed by operators employed by the customer, called key operator maintenance (KOM).

Figure 1.1: Maintenance strategies (Arts, 2015)

1.1.3 Condition based maintenance

The main subject of this research is CBM. Jardine et al. (2006) define CBM as a maintenance
strategy that recommends maintenance decisions based on the information collected through
condition monitoring. They divide CBM into three main steps: data acquisition, data processing
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and maintenance decision support. The data acquisition step is the process of collecting and
storing useful data from targeted physical assets for the purpose of CBM. The goal is to obtain
data that are representative for the system health. The data processing step consists of two
sub-steps: data cleaning and data analysis. The goal is to handle and analyze the data or
signals that are collected in the previous step, for better understanding and interpretation of
the data. To do so, often a mathematical model is built that properly describes the underlying
mechanism of a fault or failure. For the last step of CBM, maintenance decision support, the goal
is to recommend efficient maintenance policies. There are two main categories in maintenance
decision support: diagnostics and prognostics. Diagnostics focuses on detection, isolation and
identification of faults when they occur. Prognostics attempts to predict faults or failures
before they occur. Prognostics are superior to diagnostics, because failures can be prevented
using prognostics. However, diagnostics are often used for improvements on prognostics. For
example, diagnostics can be used to prepare more accurate event data, which can be used to
build better CBM models for prognostics. Furthermore, diagnostics can be used if faults or
degradation can only be observed shortly before a failure occurs. In such cases, prognostics are
obsolete and maintenance should be performed as quickly as possible. Figure 1.2, represents
the three steps of CBM according to Jardine et al. (2006). The dotted line from diagnostics to
prognostics represents the use of diagnostics for improvements on prognostics.

Figure 1.2: The three steps of CBM (Jardine et al., 2006)

1.1.4 Problem context

For a long time, Océ’s service department has mainly focused on CM. To increase the machine
up-time and decrease service costs, Océ aims to shift towards a maintenance concept more
focused on PM. Eventually, the service department aims to transform into an organization
that is able to predict failures and fix them before they have consequences for the customer
(Ten Have, 2015). To achieve this goal, Océ has defined a road-map to predictive maintenance.
Predictive maintenance is defined by Océ as a company environment which is continuously able
to predict when maintenance should be performed on its products via continuous monitoring of
the maintenance status. Océ aims to shift towards a maintenance concept in which the status of
the machine fleet, individual machines, and individual parts are monitored continuously. Based
on the condition and observed trends, future maintenance should be planned and performed
preventively. This approach should result in lower costs and higher up-time. As can be seen
in Figure 1.3, the road to predictive maintenance consists of five milestones, where the first
milestone is the initial state in which the main focus is on CM.

Step two of the road-map is already taken, which is Automated Maintenance. This is mainte-
nance performed automatically by the machine, without any human interaction. Currently Océ
is active in the third step of the road-map, which is Preventive & Key Operator Maintenance.
The next step is the step to Condition Based Maintenance. Océ aims to be able to predict
when maintenance actions should be performed based on the condition of parts. For this,
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Figure 1.3: Road to Predictive Maintenance (Ten Have, 2015)

large amounts of data should be analyzed and interpreted to monitor the current condition and
predict what behavior is expected in the future.

Océ collects sensor data from the VPi300, which can possibly be used for CBM purposes. These
data are used to trigger errors and warnings if a variable exceeds some predefined threshold,
which can indicate defects or other anomalies in the machine. In case of an error occurrence,
the machine stops printing such that potential major breakdowns of the machine are prevented.
More information about sensor data, errors and warnings is provided in Chapter 2.

1.1.5 ProSeLoNext

This thesis is part of the research project on pro-active service logistics for capital goods,
called ProSeLoNext. This research project is an initiative of a consortium consisting of four
universities and nine companies, including Eindhoven University of Technology (TU/e) and Océ.
The consortium aims to better predict failures, thus enabling smarter service logistics, which
improves the competitiveness of all partners in the supply chain (Basten, 2015). ProSeLoNext
consists of three work packages and this thesis is part of the first work package: predictive
maintenance and service logistics. The main objective of the work package is to use existing
predictive maintenance concepts from the literature and previous work, to add new building
blocks to that, and to improve them by applying them at various companies.

1.2 Research design

In this section we present our problem statement (Section 1.2.1), present our research questions
(Section 1.2.2), define the scope (Section 1.2.3), and describe our deliverables (Section 1.2.4).

1.2.1 Problem statement

In this thesis we focus on the fourth stage of the Road to Predictive Maintenance as described
by Ten Have (2015), which is CBM. To apply CBM at Océ, the condition of parts or subsystems
of the VPi300 should be monitored using sensor data. We define a subsystem as a set of one
or multiple parts within the printer. Océ collects a large amount of sensor data that are used
to trigger errors and warnings. These errors and warnings can indicate that a subsystem of the
machine is defective. To take the first step to applying CBM at Océ, the variables that are used
to trigger errors can potentially be used to monitor the condition of a subsystem. We define
the following problem statement:
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“Currently it is not clear what variables related to errors and warnings should be
monitored to see if a subsystem is functioning as it should. Furthermore, it is not clear

what conditions indicate that a subsystem is failing or will fail soon, and what the
required actions are.”

1.2.2 Research questions

Given the problem statement, we define the following main research question:

“What variables related to errors and warnings can be used to monitor the condition of
a subsystem, and what condition-based rules should be used to trigger actions?”

To answer the research question, we define three subquestions, which are based on the three steps
of CBM according to Jardine et al. (2006): data acquisition, data processing and maintenance
decision support. Research Question 1 is defined as follows:

1. What variables that trigger errors or warnings should be monitored, and how should the
measured signals from these variables be cleaned to see if a subsystem is functioning as it
should?

Research Question 1 involves data acquisition; we need to know what data should be monitored
to see if a subsystem is functioning as it should. To do so, we first select which errors and
warnings are interesting to investigate. After this we describe the subsystems to observe. These
are the sets of parts that could cause the errors and warnings by being defective. Subsequently
we gather the variables from the sensor data that trigger these errors and warnings, and focus
our research on these variables. Furthermore, we need to perform data cleaning in this step.

Research Question 2 is defined as follows:

2. According to what degradation model should the degradation of the subsystem under
observation be modeled?

In Research Question 2 we process the data. To get a better understanding of the data, we select
a degradation model to model the deterioration of the subsystem. The data is fitted accordingly.
We answer Research Question 2 both for diagnostic purposes and prognostic purposes.

Research Question 3 is defined as follows:

3. What condition-based rules should be used to trigger actions?

The last step of CBM is maintenance decision support: we need to determine the rules that can
be used to trigger actions. This is done by answering Research Question 3. We also discuss what
sort of actions the rules should trigger. We answer Research Question 3 both for diagnostic
purposes and prognostic purposes.

1.2.3 Scope

This thesis focuses on the fourth stage of the Road to Predictive Maintenance (Ten Have, 2015),
which is CBM. Within CBM, condition monitoring can be done either by continuous condition
monitoring, or by periodic inspections. Our focus is on continuous condition monitoring. In our
research we focus on the VPi300, since this is the only type of printer at Océ for which sensor
data from the field is available. In the CBM cases that we select in Research Question 1, we
only focus on errors and warnings that are caused by physical defects of the machine, rather
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than e.g. software bugs or human errors. We only focus on these physical defects, because the
degradation of physical assets can potentially be monitored over time.

Figure 1.4 shows how the three research questions as stated in Section 1.2.2 are linked to the
three steps of CBM according to Jardine et al. (2006). In Research Question 1 we acquire and
clean data. In Research Question 2 we perform data analysis, by fitting a degradation model
on the data. In Research Question 3 we determine the rules to trigger maintenance actions.

Figure 1.4: Research questions related to the three steps of CBM

1.2.4 Deliverables

By conducting this research, we make contributions to both Océ and academia.

Deliverables for Océ

For Océ, this research is one of the first steps in implementing the fourth stage of the Road to
Predictive Maintenance: CBM (Ten Have, 2015). By conducting this research, we help Océ on
this road by the following deliverables:

– Specific examples of how Océ can apply CBM on subsystems of a machine. We apply CBM
for three specific cases for the VPi300. This number is based on the expected amount of
work we need to perform to elaborate on these cases. For each of the three cases we:

– Describe how the investigated error or warning is selected and describe the subsystem
that is monitored by selecting this error or warning. Describe which variables trigger
these errors or warnings, select the variables that should be used, and describe how
the measured signals from these variables should be cleaned to monitor the condition
of the subsystem.

– Explain what model can be used to model the deterioration of the subsystem. Build
such a model for the subsystem and fit the data from the monitored variable to this
model.

– Explain which condition-based rules should be used to indicate that a subsystem is
failing or will fail soon.

– A generalization of the actions that are performed for the applied CBM cases. This results
in a methodology on how to apply CBM on subsystems of a machine, based on the three
steps of CBM according to Jardine et al. (2006); data acquisition, data processing and
maintenance decision support. We deliver two CBM methods:

– A diagnostic method to diagnose that a subsystem is failing, based on the Shewhart
control chart technique (Montgomery, 2009).

– A prognostic method, in which degradation is modeled according to a random coef-
ficient model (Lu and Meeker, 1993). Subsequently, an optimal control limit is set
to trigger maintenance actions, using the model of Van Elderen (2016).
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Academic deliverables

This thesis contributes to the academic world in several manners. First of all, this thesis provides
several case study on implementing CBM in practice. Although there is an extensive amount
of literature devoted to CBM, most literature is merely based on theory. Our work helps to
confirm that this theory is relevant in practice. Furthermore, we make contributions in both
our diagnostic and prognostic CBM methods:

– For diagnostic purposes, we propose a CBM control chart which is based on the Shewhart
control chart. However, the control chart that we propose considers the possible effects of
environmental factors on the observed degradation signal.

– For prognostic purposes, our scientific contribution is in the degradation modeling part of
our prognostic CBM method. We propose a random coefficient model with a stochastic
starting point of the degradation signal, and degradation over time that is not necessarily
linear. Such models are more often described in literature (Arts, 2015; Lu and Meeker,
1993). Our contribution is to apply such a model in a practical case.

1.3 Thesis outline

The outline of the remainder of this thesis is as follows. In Chapter 2 we describe the data
acquisition process. Here, we describe what available data is relevant for our analysis, and
we describe the error selection process to come to the three CBM cases. We also describe
the subsystems that we observe in the three cases, and perform data cleaning steps to acquire
a degradation signal that can be used for modeling purposes. Chapter 2 answers Research
Question 1, as can be seen in Figure 1.5. In Chapter 3 we describe a method for defect diagnosis
purposes based on the Shewhart control chart (Montgomery, 2009). Furthermore, we apply
this method on one of the three selected cases. In Chapter 4 we describe a prognostics CBM
method by using a random coefficient model (Lu and Meeker, 1993) to model the degradation
path. Subsequently we use these random coefficient models to determine optimal condition-
based maintenance thresholds, based on the work of Van Elderen (2016), Teeuwsen (2016) and
Zhu (2015). We apply this method on two of the three selected cases.

Both Chapter 3 and Chapter 4 are used to answer Research Questions 2 and 3, as can be seen
in Figure 1.5. Chapter 3 does so for one of the three selected cases using diagnostics, Chapter 4
does so for the other two selected cases using prognostics. We conclude this thesis by providing
conclusions, limitations, future research directions and recommendations in Chapter 5.

Figure 1.5: Research questions linked to Chapters



Chapter 2

Data acquisition and cleaning
The first step of CBM according to Jardine et al. (2006) is data acquisition. In this chapter we
describe how we acquire the data that we use to develop CBM methods for three cases of the
VPi300 at Océ. Subsequently, we clean the acquired data in order to obtain a clear degradation
signal, which can be used in our CBM methods in Chapter 3 and 4.

In this chapter, we acquire data and obtain degradation signals for three CBM cases. First, we
describe what sort of data is available that is relevant for our analysis (Section 2.1). Second,
we select the three CBM cases for which we want to develop CBM methods. Van Elderen
(2016) proposed a method to select parts that are potentially interesting for CBM. However, in
practice we experienced difficulties with this approach, since no sensor information was available
for most of these selected parts. Furthermore, available sensor data does often not describe
the degradation of a single part, but describes the degradation of a subsystem of the printer,
consisting of multiple parts. Therefore, we select the three CBM cases by selecting three error
codes that are considered to have great impact on printer issues and describing these cases. The
advantage of this approach is that we are more certain that sensor data is available for these
cases, because the selected error codes are triggered by sensor data itself.

In Section 2.2 we describe an error filtering process, which results in nine potential error codes
that can be selected as a case. Subsequently in Section 2.3, we select the three error codes
which we use for our CBM cases in the remainder of this research. In Section 2.4, we identify
the variables that trigger the selected error codes, and clean the obtained data of these variables
in order to acquire the degradation signals to monitor. Finally, we provide conclusions on the
case selection method and data-cleaning steps in Section 2.5.

2.1 Relevant data

Currently, data are available from several sources. An overview of all available data that are
relevant for the VPi300 can be found in Figure 2.1. First of all, the available data can be divided
into data generated by the FST during a service visit, and data generated by the printer. The
former one can further be divided into visit related data and logbook data. Visit related data is
information about the service visit that is not directly linked to the printer itself, e.g. the hour
registration or registration of driving distance of the FST. The logbook contains data about
the service visit that is directly linked to the printer, e.g. the maintenance actions that are
performed on the printer during the service visit, or software updates and modifications that
are done on the printer. Part of this data is unstructured, such as comments written by an
FST.

The data generated by the printer can be divided into the functional log and datalog. The
functional log contains by far the largest amount of data. These are the data that are gathered
from the sensors within the printer, which can be up to eight Gigabyte (GB) per printer per day.
These sensor data consist of variables constantly measured by sensors, and are stored on a short
interval (e.g. minutes, seconds, or fractions of seconds). An example of a monitored variable
is the temperature measured by a sensor at a specific location in the machine. The functional
log is divided into problem analysis data, which can only be imported manually, and regular
data, which is imported about every half an hour. Both are about the same size. The datalog
contains data about certain events that are considered to be relevant for the service department,

8
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Figure 2.1: Overview of available data

e.g. errors and warnings or status updates of the machine. Status updates indicate the state
that the machine is entering at a specific moment, e.g. running, idle or sleep. The datalog also
contains billing data, which is data about the use of consumables and the production of the
printer.

All errors and warnings from the datalog are triggered by sensor data reaching some predefined
value. This value could be a predefined temperature, or a value which indicates that a paper
sheet is jammed at a certain location in the printer. Errors and warnings are identified by an
error code and there are three different types of errors codes distinguished:

– Operator Recoverable Errors (ORE): errors that can be solved by the operator, e.g.
paper jams. In case of an ORE the printer stops, but does not shut down.

– Machine Recoverable Errors (MRE): errors that could possibly be solved by restart-
ing the machine. In case of an MRE, the printer automatically shuts down. Recovering
from an MRE takes about half an hour, and MRE’s occurring multiple times in a row can
be an indication of a defect in the machine.

– Service Warnings: an error type that is less critical, and thus does not result into the
machine stopping or shutting down. Service Warnings are not seen by the customer, but
are saved for service purposes only. During a service visit the FST can see the occurred
Service Warnings, such that possible problems can be resolved.

2.2 Error filtering process

As stated in Section 1.2.4, we want to apply CBM for three specific cases for the VPi300.
Therefore, we need to select three error codes to investigate. It is important in the selection
process of these three error codes that these errors and warnings are considered to have great
impact on printer issues. Ideally we would develop a selection process where we select the error
codes based on i) the number of times an error code occurred in a time period, and ii) the
impact of the occurrence of an error code. The number of times an error code occurred can be
easily derived from the datalog.

Unfortunately determining the impact of the occurrence of an error code is not that trivial,
since we can only find out which error code triggers a service visit by checking the logging of
the service visit manually. It would cost about 15 minutes per error code to assess the impact on
service visits, which is a great amount of work for the hundreds of error codes that are generated
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by the VPi300. However, we do know that: i) In case of an ORE or MRE, the printer stops
printing and thus leads to downtime. This means that the occurrence of an ORE or MRE have
direct impact on downtime, in contrast to a Service Warning. ii) According to Lodewijks (2016)
and Ten Have (2016), MRE’s are the errors that indicate defects on a machine best. Thus we
expect that MRE’s have the most impact.

The filtering process that we apply in this section should result in a small set of error codes
(±10) which can potentially be selected as a CBM case. Subsequently, we select three of these
error codes in Section 2.3. Figure 2.2 shows a schematic representation of the error filtering
process. We start the filtering process by considering all errors and warnings that have occurred
from June 2016 until November 2016. In this period 660 unique error codes occurred, with a
total of 49, 470 occurrences. This sample is considered to be representative for the distribution
of error occurrences, since it is large and recent. Below, the steps of the error filtering process are
listed. The first two filtering steps can be performed automatically for all error codes together.
Step 3 to step 6 can only be performed manually per error code, and therefore these steps are
performed later in the error filtering process. We apply the following filtering steps (Figure 2.2):

– Step 1: First we filter on error type, such that we filter out ORE’s and Service Warnings
and only keep the MRE’s.

– Step 1a: As can be seen in Figure 2.2, we can still select an initially filtered out
error code manually to participate in our filtering process. These should be error
codes that can still indicate defects of the machine, and the decision to include these
error codes should be made based on the opinion of functional experts within Océ.

– Step 2: After this we select the top thirty of the remaining error codes that have occurred
most. We filter out the error codes that have a lower frequency of occurrence. Taking the
top thirty of the remaining error codes will in the end of the error filtering process result
in nine error codes, which is close to the ten error codes which we aimed for. Furthermore,
as can be seen in the Pareto diagram in Figure 2.3, we select more than seventy percent
of all MRE’s by selecting this top thirty error codes.

– Step 3: Next, we filter out error codes caused by software bugs. These error codes are
not interesting for our research, since there are no physical failures causing the error. As
stated in the scope in Section 1.2.3, we are only interested in errors and warnings that are
caused by physical defects of the printer.

– Step 4: We filter out error codes caused by human errors. These are all errors that do
not lead to a physical failure in the machine, e.g. a waste can an operator forgot to empty,
or an air pressure error because an operator forgot to connect the air hose.

– Step 5: Next, we filter out error codes that are not relevant due to modifications. These
are error codes that have occurred regularly in the past, but should be solved by a
modification. It can either be that a modification is already implemented or planned,
or that Océ has the intention to solve this problem by creating a modification.

– Step 6: Finally, we filter out error codes of which the variables that trigger the error
are not stored in the functional log. Since this data is not collected, we cannot use this
information for analysis and modeling purposes.

After this filtering process, we have nine error codes left that are interesting to select as a CBM
case. These error codes have occurred 1,506 times in the period from June 2016 until November
2016, which is 32% of all MRE’s.
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Figure 2.2: Error filtering process (June 2016 - November 2016)
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Figure 2.3: Pareto diagram of most occurred error codes (June 2016 - November 2016)

2.3 Case selection

After the error filtering process, we have nine error codes left that can be selected as CBM case.
As described in Section 1.2.4, we want to select three error codes as input for CBM cases. We
select these three cases from the nine remaining error codes by two criteria. First of all, we test
what the impact of an error code was on issues on the machine. By issues we mean that service
visits were related to the occurred error. During such issues, downtime is experienced because
the machine can often not be operated during issues, or the productivity of the machine drops
due to the high number of MRE’s during issues. Therefore, if an error code has caused many
issues on a machine, we consider the impact of the error code as high.

Subsequently, we check whether the three cases with the highest impact have unique features,
such that we select three distinct cases. These unique features can be: i) the time between the
point where we can first observe degradation and the occurrence of the first error, i.e. the P-F
interval (Moubray, 1997), ii) the variable that is measured (e.g. temperature, power, etc.), or
iii) the amount of data cleaning that is needed to obtain a degradation path. We do this to
ensure that we cannot use the same solution for each case, and thus expand our knowledge on
the subject as much as possible. We conclude whether the three different cases are distinct
cases at the end of this chapter in Section 2.5.

In Table 2.1, the list of remaining error codes after the error filtering process can be found. It
furthermore contains the number of errors that have occurred in the period of June 2016 to
November 2016, the number of machines on which the errors have occurred, and the number
of issues related to the error code. The number of issues are derived from the logbook data, in
which an FST describes the actions that are performed on the machine during a visit. From this
we can derive whether the actions during a visit were related to the error code that has occurred
shortly before the visit. Unfortunately, logbook data is not available for all machines. In the
column Machines one can therefore find the total number of machines on which the error code
has occurred, and the number of machines for which logbook data is available (in parentheses).

As can be seen in Table 2.1, error codes 1456000 and 1871001 have caused the highest number
of issues by far. We therefore conclude that these are the errors with the highest impact on
issues. Furthermore, there are four error codes that all have caused one to three issues. From
these four error codes, we select the error code that has occurred most often, which is error
code 950101. Although error code 251105 might also be a logical choice considering the number
of issues, we will conclude later in Section 2.5 that error code 1456000 has some significantly
unique features, which justifies our choice for selecting this error code.
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Table 2.1: Remaining error codes after error filtering process

Error code Error ID Error type Error count Machines 1 Issues

1456000 delayedOutputOutOfRange MRE 982 16 (9) 13

950101 BoxTemperatureTooHigh MRE 132 4 (2) 2

1871001 ZCorrectionPositionError ORE 97 21 (6) 10

550202 PBPBUMOPositionError MRE 58 14 (6) 0

251105 tooLowAirPressure MRE 56 15 (6) 3

250802 errorPumpNoFlowToCan MRE 53 11 (4) 1

950201 AhTooHigh MRE 53 7 (2) 2

250803 errorPumpMalfunction MRE 39 6 (1) 0

1456005 ZCorrectionPositionError MRE 36 3 (0) 0

2.4 Data cleaning

In this section, we identify the variables related to the selected error codes, and perform data
cleaning steps to obtain a degradation signal that can be used in our CBM methods. In Sections
2.4.1, 2.4.2 and 2.4.3, respectively error codes 950101, 1456000 and 1871001 are described.

2.4.1 Case 1: Error code 950101

Error code 950101 is triggered by a variable that measures the temperature in the maintenance
box. The maintenance box is a conditioned area in the machine where the print-heads are
stored when the machine is not running. Figures A.2 and A.3 in Appendix A show the
location of the maintenance box in the VPi300. In order to ensure the quality of the ink,
the temperature is conditioned between 24 and 25.5 degrees Celsius. Error code 950101 is
triggered if the temperature exceeds 30 degrees Celsius, because the quality of the ink cannot
longer be guaranteed above this temperature. The condition in the maintenance box can thus
be monitored by monitoring the temperature in the maintenance box. Errors can be caused by
e.g. a defect in the chiller that conditions the maintenance box, or by a kink in a hose between
the chiller and the maintenance box.

An example of a raw plot of this variable (Tpwas) together with the error occurrences can
be found in Figure 2.4a. As can be seen, the temperature is conditioned between 24.0 and
25.5 degrees Celsius until June 20. Shortly after that, errors occur because the temperature
increases to 30.0 degrees Celsius. The logging of the ambient temperature measured outside of
the printer (Tambient) is also shown in this Figure 2.4a. This signal is observed, because it is
used in Chapter 3 as an environmental factor that can possibly influence the temperature inside
the maintenance box.

In Figure 2.4b, a box-plot of the maintenance box temperature can be found. As can be
seen, in some cases a temperature of 0.0 degrees Celsius is measured. We assume that these
measurements are incorrect, since no temperatures near 0.0 are measured. Measurements are
done every 5 seconds, and thus it is impossible that the temperature inside the box changed
from 0.0 degrees Celsius to ±12.0 degrees Celsius in a few seconds. Therefore, we delete the
measurements of 0.0 degrees Celsius from our data-set.

1The numbers in parentheses are the number of machines for which logbook data is available.
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(a) Raw data plot (Tpwas and Tambient) (b) Box-plot

Figure 2.4: Plots of the maintenance box (Tpwas) and ambient (Tambient) temperature

2.4.2 Case 2: Error code 1456000

Error code 1456000 is related to the control of the sentry belt. The sentry unit detects if
sheets are curled before entering the print unit, where the sheet is printed. The sentry belt is a
conveyor belt that removes sheets from the paper path if the sentry unit detects that the sheet
is curled. Figure A.2 in Appendix A shows the location of the sentry belt and the sentry unit in
the VPi300. The sentry belt is controlled by supplying an amount of power to the motor that
drives the sentry belt, measured in pulse-width modulation (PWM). Sometimes the sentry belt
is subject to more friction, which can be caused by the belt sticking to the surface it runs over,
or because of pollution. If the sentry belt is subject to more friction, the amount of power to
the motor is increased to drive the sentry belt. If this amount of power reaches its maximum
value (1000 PWM), error code 1456000 is triggered. The condition of the sentry belt can thus
be monitored by monitoring the amount of power that is supplied to the motor of the sentry
belt. Errors can be caused by either the wear of the sentry belt or a defect in the motor.

An example of a raw plot of this variable together with the error occurrences can be found in
Figure 2.5a. Each bar indicates how much power is supplied to the motor of the sentry belt
at that moment. As can be seen, a large number of measurements of the PWM are equal to
0, which means that the sentry belt is not moving. Furthermore, if the belt starts its run and
ends its run, the power is respectively increasing and decreasing steadily within a few seconds.
Although the behavior of the sentry belt during these warming-up and cooling down periods
might be interesting to study as well, we are mainly interested in the behavior of the PWM

(a) Raw data plot (b) Box-plots

Figure 2.5: Plots of the PWM value of the sentry belt
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value when the belt is running. In this way, we can monitor the condition of the sentry belt on
the long term. Therefore we remove the lower outliers to obtain a signal of the period that the
sentry belt is running only. In Figure 2.5b two box-plots of the PWM value of the sentry belt
can be found. As can be seen, we reduce most lower outliers by removing all measurements
lower than a PWM of 480.

We expect that the mean value of the PWM increases over time due to degradation of the sentry
belt. Therefore, a plot of the mean PWM value of the sentry belt per 3600 measurements is
shown in Figure 2.6. Measurements are logged every second, and thus the signal in Figure 2.6
shows the mean PWM value of the sentry belt per hour running. As can be seen, the signal
increases over time, which means that the belt deteriorates over time. We use this signal for
modeling the degradation of the sentry belt.

Figure 2.6: Plot of the mean PWM value of the sentry belt per hour running

2.4.3 Case 3: Error code 1871001

Figure 2.7: Drift denu belt

Error code 1871001 is related to the control of the denu belt.
Denu is short for drum entry unit. Its function is to transport
sheets from the print unit to the drum, in which the ink on the
sheets is dried. Figure A.2 in Appendix A shows the location
of the denu belt in the VPi300. The denu belt is subject to
drift, which means that the belt slowly moves sideways. Figure
2.7 presents a schematic representation of the top view of the
denu belt, in which the effect of drift is shown. A motor is
assembled to the denu belt that corrects the drift of the denu
belt by changing its position, measured in number of steps.
However, the motor has a minimum and maximum limit on its
position. If these limits are reached, the belt will drift too far,
which will trigger error code 1871001. The condition of the denu belt can be monitored by
monitoring the position of the motor. An example of a raw plot of this variable together with
the error occurrences is shown in Figure 2.8a. The figure shows an upward drift of the signal,
which eventually results in errors.

The denu belt always runs if the printer is on, even if it does not transport media (i.e. paper).
In Figure 2.8b the signal of the position of the denu belt if the machine is in standby mode is
shown. If the machine is in standby mode, media is not transported by the denu belt, and thus
this media cannot influence the position of the denu belt. As can be seen by comparing Figures
2.8a and 2.8b, filtering on just the measurements during periods the machine is in standby mode
leads to much less noise in the logging signal.
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(a) Raw data plot (b) Plot of denu belt in standby mode

Figure 2.8: Plots of position of the denu belt (IPosition) in steps

2.5 Conclusions

In this chapter, we present a selection procedure to time-efficiently select variables that can be
used to monitor the condition of a subsystem. The selection procedure consists of two steps.
First we filter out a large amount of the error codes by the filtering process shown in Figure 2.2.
This results in a selection of nine error codes. Second, we investigate the selected nine error
codes in more detail, and select the three that have great impact on service visits. For these
error codes, we use the variables that trigger the errors to monitor the condition of a subsystem.

Subsequently, we clean the measured signals from the selected variables to obtain a degradation
signal that can be used to assess the condition of the subsystem. This data-cleaning step
is a time-consuming task, for which it is important to understand the physical process well.
Therefore, close collaboration with functional experts is necessary. From the data cleaning steps
in Section 2.4, we can conclude that the three error codes are distinct cases. First of all, the
variables that are measured are significantly different, because we monitor a temperature, PWM
value and position of a motor respectively in Cases 1, 2 and 3. Second, there is a difference in
response time between the three cases. For Cases 2 and 3, degradation can be observed months
before the first error occurs. As can be seen in Figure 2.6, degradation can be observed for
Case 2 from May 2016 until the error occurrences in July 2016. For Case 3, degradation can
be observed from January 2016 until the errors occur in August 2016 (Figure 2.8b). In Case 1,
the response time is only hours or days. As can be seen in Figure 2.4a, degradation can only
be observed around 20 June 2016, after which errors occur around 22 June 2016. This shows
that the response time between Cases 2 and 3 and Case 1 is different. Last, we need quite some
data cleaning steps for Cases 2 and 3 to observe a useful degradation signal, while this is not
needed for Case 1. This is because for Case 1, we know that the temperature is conditioned to
a certain value. If the temperature deviates from this temperature, we have a clear indication
that the temperature is out of control.

Because of the difference in response time between Case 1 (hours or days) and Cases 2 and 3
(months), different CBM methods are needed for Case 1 and Cases 2 and 3. Because of the
short response time in Case 1, we are only interested in defect diagnosis, after which a service
visit should be planned as soon as possible. In Chapter 3 our method for defect diagnosis is
presented. For Cases 2 and 3, a longer response time is available. We are therefore interested
in prognostics, in order to optimize the timing of service visits. In Chapter 4 our method for
CBM considering prognostics is presented.



Chapter 3

Diagnostics
In this chapter we present a CBM method for defect diagnosis purposes. If the degradation of an
asset can only be observed hours to days before a failure, action is required as soon as possible
in order to prevent failure. Therefore, it is important to construct defect diagnosis methods
that diagnose if an asset is in-control (i.e. the asset runs without defects) or out-of-control (i.e.
the asset runs while being defective). This diagnosis needs to be done i) as early as possible so
that sufficient time is available to fix the problem, and ii) as reliable as possible to avoid false
in-control or out-of-control diagnoses.

The defect diagnosis method that is presented in this chapter is based on the Shewhart control
chart (Montgomery, 2009). However, some changes are made on the Shewhart control chart in
order to better detect defects. We start this chapter by introducing the Shewhart control chart
in Section 3.1. Subsequently we present our proposed modified control chart in Section 3.2,
and apply the control chart in a case study in Section 3.3. We end this chapter by providing
conclusions about the proposed control chart in Section 3.4.

3.1 Shewhart control chart

The Shewhart control chart (or simply control chart) is a statistical process control (SPC) tool
that has its origin in manufacturing. It is intended to reduce the variability in a manufacturing
process to improve product quality (Montgomery, 2009). A typical control chart can be found
in Figure 3.1. A more detailed description of the control chart can be found in Botman (2016);
Montgomery (2009) and Western Electric Company (1958). Although the Shewhart control
chart has its origin in manufacturing, it can also be applied for CBM purposes (Fugate et al.,
2001; Panagiotidou and Tagaras, 2010; Kenbeek et al., 2016).

3.1.1 Characteristics and control limits

The main characteristics of the Shewhart control chart are the following.

– First of all, the Shewhart control chart is constructed using measured data points that are
considered to represent in-control behavior of the observed asset. Using these in-control
data points, a center line (CL) and control limits, the lower control limit (LCL) and upper
control limit (UCL), are constructed. The measured in-control data points are assumed

Figure 3.1: A typical control chart (Montgomery, 2009)

17
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to be independent and identically distributed (i.i.d.), following a normal distribution with
mean µ and standard deviation σ.

– Measured data points can either be obtained by sampling multiple consecutive measure-
ments, or by taking each individual measurement as a data point. Sampling is often done
if it is not possible to test each individual measurement. In our case, it is possible to
test each individual measurement, and therefore we only take control charts for individual
measurements into account.

– After the control chart is constructed, it is tested for new measurements whether they
follow the same distribution as the in-control data points. This is done by checking
whether the new measurements plot outside of the control limits. Furthermore, other
rules can be applied to recognize deviant behavior of the new measurements, which are
discussed in Section 3.1.2.

– A characteristic of the normal distribution is that the probability density function (PDF)
is bell-shaped. Because of this characteristic, and because the in-control data is assumed
to be normally distributed, the control limits LCL and UCL can easily be constructed
around the mean by µ±Zα/2σ. In this case, LCL and UCL are the upper and lower limits
for which applies that α percent of the data points fall in between the control limits. As a
rule-of-thumb, control limits are often constructed by µ±3σ, for which applies that about
99.74% of the data points fall in between LCL and UCL.

– The effect of the independent property of the assumption of i.i.d. data points is the
following. Because of the independent property, the probability that two consecutive
measurements from in-control behavior fall outside of the control limits is low. For exam-
ple, if the control limits are constructed by µ ± 3σ, the probability that two consecutive
in-control measurements fall outside of the control limits is (100%− 99.74%)2 ≈ 0.0007%.
In practice consecutive measurements are often auto-correlated, which results in a higher
probability of two consecutive measurements falling outside of the control limits.

– An important characteristic of the control chart is that only one variable is monitored
in the control chart. However, it might be the case that environmental factors influence
the behavior of a variable. The potential influence of such environmental factors are not
directly taken into account in the Shewhart control chart.

3.1.2 Decision rules

In a control chart, several decision rules can be used to detect a pattern indicating that a process
is running out of control. For example, Western Electric Company (1958) suggests a control
chart with three UCLs and three LCLs. The consecutive limits are µ± 1σ, µ± 2σ and µ± 3σ,
called the one-sigma warning limits, two-sigma warning limits and three-sigma control limits
respectively. Western Electric Company proposes the following decision rules:

– One point falls outside the three-sigma control limits.

– Two out of three consecutive points fall beyond the two-sigma warning limits.

– Four out of five consecutive points fall beyond the one-sigma warning limits.

– Eight consecutive points fall on one side of the CL.

Many more decision rules can be thought of to detect out-of-control patterns. We refer to
Western Electric Company (1958) and Lodewijks (2016) for more examples.
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3.2 Modified control chart

In this section we describe the proposed modified control chart. We first describe the situation
and objective in Section 3.2.1, and discuss what changes need to be made on the standard
Shewhart control chart. After this, the construction of the control limits (Section 3.2.2) and
decision rules (Section 3.2.3) are described.

3.2.1 Situation and objective

Consider a set of physical assets I that are subject to condition monitoring. Measurements on
each asset i ∈ I are done at fixed time epochs, and j ∈ N denotes the j-th measurement. M
is the set of all measurements mij that are done on all monitored assets. Every time a new
measurement mij is done, this measurement is added to set M .

Two variables are measured for each measurement: a quality characteristic, xij , and an envi-
ronmental factor, yij , which influences the value of the quality characteristic. Thus it applies
that mij = (xij , yij), and M = {(xij , yij)}. xij and yij must be variables measured in the same
physical quantity. Examples of such physical quantities are temperature or humidity. Further-
more, we assume that variable xij is not normally distributed, and consecutive measurements
of xij on the same asset i are not independent, but highly auto-correlated.

It is assumed that an asset fails if variable xij exceeds some predetermined threshold H. Our
objective is to diagnose impending failures as early as possible by doing out-of-control diagnoses,
while avoiding false out-of-control diagnoses if no assignable causes are present.

We propose a method similar to the Shewhart control chart, but including some changes. The
described situation differs from the standard Shewhart control chart in three ways:

– The measurements of the quality characteristic are not normally distributed.

– Consecutive measurements of the quality characteristic are highly auto-correlated.

– Besides measuring the quality characteristic, an environmental factor is measured which
influences the quality characteristic. This gives us the opportunity to improve our diag-
nostics, since more information on the observed asset is available.

Changes to the standard control chart need to be made to deal with these three deviations.

3.2.2 Control limits

Our first step is to construct the control limits. Because we know that an asset only fails
if variable xij exceeds threshold H, we are only interested in UCLs. In the construction of
the control limits, we take into account the environmental factor that influences the quality
characteristic. We expect that there is a positive correlation between environmental factor yij
and quality characteristic xij . This is for example logical if the quality characteristic xij is
the temperature measured in a system, and the environmental factor yij is the temperature
measured outside of this system. A higher environmental temperature would then lead to a
higher temperature for the quality characteristic. Due to this positive correlation, there is a
higher probability that xij exceeds some UCL, while it is actually in control. To correct for
this higher probability of false out-of-control diagnoses, we construct two control limits: UCL1

and UCL2, for which it applies that UCL2 ≥ UCL1. We then test variables of xij against
the higher UCL2 if yij > xij applies. One can imagine that instead of measuring temperature,
measures can also for example be air humidity or air pressure.
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To construct both UCLs, we have a subset of measurements A ⊆M , called the training data-set.
Similar to the Shewhart control chart (Montgomery, 2009), the training data-set only contains
measurements of the quality characteristic xij which are assumed to be in-control. Both UCL1

and UCL2 are constructed using two different subsets of the training data-set A; respectively
A1 ⊆ A and A2 ⊆ A, such that A1 ∪A2 = A and A1 ∩A2 = ∅. Set A is divided into subsets A1

and A2 according to Equations (3.1) and (3.2).

A1 = {(xij , yij) ∈ A | xij ≥ yij} (3.1)

A2 = {(xij , yij) ∈ A | xij < yij} (3.2)

After we have divided set A into subsets A1 and A2, we can construct control limits UCL1

and UCL2. Suppose that for each subset Ak, k ∈ {1, 2} we want αk to be the fraction of the
measurements of xij that is below or equal to control limit UCLk. The definition of UCLk is
denoted in Equation (3.3).

UCLk := αk =
|{(xij , yij) ∈ Ak|xij ≤ UCLk}|

|Ak|
, k ∈ {1, 2} (3.3)

3.2.3 Decision rules

In Figure 3.2, the decision rules to diagnose an out-of-control situation are presented graphically.
In this section, we explain how these decision rules are constructed. To prevent a high number
of false out-of-control diagnoses, it is important to consider the fact that variables xij and
xi,j+1 are highly autocorrelated. Some methods to deal with autocorrelation are described
in Montgomery (2009), e.g. autoregressive integrated moving average (ARIMA) models or
approximate exponentially weighted moving average (EWMA) procedures. However, all these
methods allow the monitored variable to have a slow upward or downward drift, without doing
an out-of-control diagnosis. In our case, such a drift should not be allowed, since we assumed
that the observed asset fails if variable xij exceeds thresholdH. Another method to remove auto-
correlation is to decrease the frequency of measurements (Montgomery, 2009). For example, if
a measurement is done every hour instead of every second, the measurements in the former case
will be less auto-correlated. However, decreasing the frequency of measurements can result in
a later out-of-control diagnosis, which is in conflict with our objective to diagnose impending
failures as early as possible.

We propose a two-step plan in order to diagnose out-of-control situations. The two-step plan is
similar to the decision rules proposed by Western Electric Company (1958), in which multiple
points need to fall outside the control limits before an out-of-control diagnosis:

Figure 3.2: Decision tree of the proposed defect diagnosis control chart
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Step 1: For each measurement of xij , we first diagnose whether the measurement is out-of-
bound, i.e. xij falls outside the control limits. According to the logic of Equations (3.1) and
(3.2), we first categorize xij in order to know against which UCL we need to test xij . xij is
considered to be out-of-bound in the following situations:

– If xij ≥ yij and xij > UCL1.

– If xij < yij and xij > UCL2.

The binary variable bij indicates whether variable xij is out-of-bound (bij = 1) or not (bij = 0):

∀i ∈ I ∀j ∈ N, bij =

{
0, if xij ≤ UCL1 ∨ (xij ≤ UCL2 ∧ xij < yij)

1, if xij > UCL2 ∨ (xij > UCL1 ∧ xij ≥ yij)

Figure 3.2 shows Step 1 graphically in the left dotted box. As can be seen, it is first tested
whether xij is higher or lower than yij . Subsequently xij is either tested against UCL1 or
UCL2. Figure 3.3 illustrates the situations where quality characteristic xij is out-of-bound
and in-bound. As can be seen, xij is always in-bound (green line) if xij ≤ UCL1, and always
out-of-bound (red line) if xij > UCL2. If UCL1 < xij ≤ UCL2, it depends on the value of yij
(orange line) whether xij is out-of-bound.

Figure 3.3: Plot of out-of-bound situations

Step 2: Subsequently, we monitor the number of successive out-of-bound measurements for each
asset i. Variable tij is called the out-of-bound time, and represents the number of successive
out-of-bound measurements for asset i at the j-th measurement. The definition of tij is:

tij = (1 + ti,j−1)bij , ∀i ∈ I ∀j ∈ N

Using tij , we test whether asset i is out-of-control during measurement j. We define T as the time
before out-of-control diagnosis, measured in number of successive out-of-bound measurements.
T denotes the maximum number of successive out-of-bound measurements before an out-of-
control diagnosis is done. The following decision rule is applied:

– In-control if tij ≤ T .

– Out-of-control if tij > T .

Setting T is a trade-off: If T is low, many false out-of-control diagnoses may be done because
of the high auto-correlation of xij . If T is high, out-of-control diagnoses are done later, which
decreases the response time. Determining an optimal value for T can for example be done by
defining a cost function, in which the amount of response time results in a reward, and the
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number of false diagnoses results in costs. This cost function can then be optimized to find the
optimal value of T . However it is often difficult to assign costs and rewards to false diagnoses
and the amount of response time, which is also the case for our case study. Furthermore, we
expect in our case study that by increasing T slightly, the response time only decreases slightly,
while the number of false diagnoses falls drastically to a number close to zero. Therefore, while
determining the value of T , we mainly focus on minimizing the number of false diagnoses. We
further discuss in Section 3.3 how to set the value of T . For more information on how to
economically design the parameters of control charts, we refer to Nahmias (2009).

3.3 Case study 1

We apply the control chart described in Section 3.2 for Case 1, which is related to error code
950101 on the VPi300. Details of this case are described in Section 2.3.

3.3.1 Input data

The asset that is observed in Case 1 is the maintenance box, which is a subsystem of the VPi300.
The measured quality characteristic xij is the temperature inside the maintenance box, Tpwas,
measured in 0.1 degrees Celsius. Thus, if the measured temperature at the j-th measurement
of printer i is 24.0 degrees Celsius, xij is equal to 240. Furthermore, environmental factor
Tambient is measured, which is the temperature measured outside of the printer, also measured
in 0.1 degrees Celsius. This environmental factor is denoted by variable yij .

As described in Section 2.3, error code 950101 is triggered if the temperature in the maintenance
box exceeds 30 degrees Celsius. Therefore, we assume that failure occurs if variable xij exceeds
300, and thus threshold H is set to 300. For each printer, both variables xij and yij are measured
every 5 seconds. We use the measurements of twenty printers from the year 2016 (set M). These
printers are divided into two groups: the printers that provide training data (subset A ⊆ M),
which we use to construct the control limits, and the printers that provide test data, which
are used to validate our control chart. For all machines that provide training data it applies
that error code 950101 did not occur during 2016. Therefore, the measurements of subset A
are considered to be in-control. Table B.1 in Appendix B presents which printers are used for
this case study, and whether a printer provides training data or test data. For each printer, we
set the same values for UCL1 and UCL2. This aggregation can be justified, because we know
that for all printers the temperature is conditioned between 24.0 and 25.5 degrees Celsius in an
in-control situation.

3.3.2 Control limits

To construct the control limits, we first divide the data from subset A into subsets A1 and A2

according to Equations (3.1) and (3.2). In the correlation plot in Figure B.1 (Appendix B) it
can be seen that a positive correlation exists between variables xij (Tpwas) and yij (Tambient).
As can be seen Figure 3.4, the temperature of the measurements of xij in subset A2 is typically
higher than those in subset A1, which is expected due to the correlation of xij and yij .

We construct the control limits UCL1 and UCL2 according to Equation (3.3). Because mea-
surements are done every 5 seconds for each machine, a huge number of measurements are
available. To prevent a high number of false diagnoses, we should choose a high number for
the fractions α1 and α2. The fractions are therefore both set to 0.9999, which means that for
both subsets A1 and A2, 99.99% of the measurements of xij should fall below UCL1 and UCL2

respectively. According to this method, we find that UCL1 = 264 and UCL2 = 269.
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Figure 3.4: Histogram of variable xij in subsets A1 (xij ≥ yij) and A2 (xij < yij)

3.3.3 Decision rules

The decision rules to diagnose an out-of-control situation are based on the two-step plan
described in Section 3.2.3. Thus a measurement is out-of-bound if:

– xij ≥ yij and xij > UCL1.

– xij < yij and xij > UCL2.

Subsequently, we determine the maximum number of successive out-of-bound measurements
before an out-of-control diagnosis T . Figure 3.5 shows a histogram of the number of successive
out-of-bound measurements of the measurements in training subset A. As can be seen, in
more than 80% of the cases there are less than 60 successive out-of-bound measurements once a
measurement is out-of-bound. Because measurements are done every 5 seconds, this means that
normally a printer is out-of-bound for less than 5 minutes. The maximum number of successive
out-of-bound measurements in subset A is 208, which means that the printer was out-of-bound
for a little over 17 minutes. Because a false diagnosis is very costly compared to diagnosing an
out-of-control situation a few minutes later, we for now set T to 240 successive out-of-bound
measurements. This represents a period of 20 minutes. Because the optimal decision for setting
the value of T is a trade-off between the impact of false diagnoses versus the impact of earlier
out-of-control diagnosis, we apply a sensitivity analysis on the value of T in Section 3.3.5.

Figure 3.6 shows the control chart, applied to Machine 1. As can be seen, some out-of-bound
measurements were found at Machine 1. However, no out-of-control diagnoses are done, because
there have not been 240 subsequent out-of-bound measurements at the machine. Figure C.1

Figure 3.5: Successive out-of-bound measurements Figure 3.6: Control chart of Machine 1
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in Appendix C shows the control charts for machines from the training data-set. As can be
seen, no out-of-control diagnoses are done for any of the machines. An overview of all input
parameters for the control chart can be found in Table 3.1.

Table 3.1: Input parameter values diagnostics control chart

Parameter α1 α2 UCL1 UCL2 T H

Value 0.9999 0.9999 264 269 240 300

3.3.4 Results

We apply the control chart for the machine from the test data-set, using the parameters values
denoted in Table 3.1. Figure C.2 in Appendix C shows plots of the control chart for all machines
from the test data-set. From our results, we find that Machine 9 is out-of-control for the majority
of the measurements. Taking into account that, spread over the year, a total of 86 errors have
occurred on this single machine, we expect that this machine has had issues to condition the
maintenance box during the year. Therefore, we decide to not take this machine into account in
the analysis of our results. However, as can be seen in the control chart of Machine 9 in Figure
C.2c (Appendix C), it is obvious that our diagnostics method would have diagnosed these issues
in an early phase.

To discuss the quality of the control chart, we need to make an assumption on when a diagnosis
is correct or false. We assume that if an out-of-control diagnosis is done within one month before
the first error, or one week after the last error, an out-of-control diagnosis is correct. Customers
often continue printing after an error occurrence. Therefore it can happen that after the last
error occurrence, the printer is still used for some days while being out-of-control. This justifies
our assumption that out-of-control diagnoses one week after the last error are still correct. For
all other out-of-control diagnoses, we further investigate whether an assignable cause can be
found. If no assignable cause is found, the out-of-control diagnosis is false.

Besides Machine 9, there are six machines for which errors have occurred. For all six machines,
an out-of-control diagnosis was done before an error occurred. Table 3.2 gives an overview of
the correct out-of-control diagnoses for T = 240. For each machine, it is shown how many
correct out-of-control diagnoses were done, when the first out-of-control diagnosis was done,
when the first error has occurred, and what the response time could have been. The response
time is defined as the time difference between the first error occurrence and the first out-
of-control diagnosis. The fact that there are multiple out-of-control diagnoses for only one
machine issue can be easily explained: It is often the case that a printer stops operating before
an error occurs, which leads to a decreasing temperature in the maintenance box, and thus an
in-control situation. This applies for example at the end of a night shift, or at the end of a

Table 3.2: Overview correct out-of-control diagnoses (T = 240)

Machine # Diagnoses First diagnosis First error Response time

Machine 7 3 2016-06-20 02:45:16 2016-06-21 11:24:43 32.66 hours
Machine 8 7 2016-08-05 19:29:15 2016-08-09 16:28:48 92.99 hours
Machine 10 16 2016-05-30 17:26:54 2016-06-02 15:27:04 70.00 hours
Machine 11 70 2016-06-28 09:37:20 2016-07-20 13:56:43 532.32 hours
Machine 12 5 2016-09-09 12:51:08 2016-09-14 12:19:46 119.48 hours
Machine 13 17 2016-11-08 09:41:54 2016-11-11 13:21:29 75.66 hours
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Table 3.3: Overview false diagnoses and diagnoses unrelated to errors (T = 240)

Machine # Diagnoses unrelated to errors # False diagnoses

Machine 7 14 0
Machine 14 28 0
Machine 15 1 1
Machine 16 1 1
Machine 17 1 1

Total 45 3

week. If subsequently the printer starts printing again, the temperature in the maintenance box
increases again, leading to new out-of-control diagnoses.

Table 3.3 shows the number of out-of-control diagnoses unrelated to errors per machine for
T = 240. As can be seen, a total of 45 diagnoses are done, mainly caused by Machines 7 and
14. From closer investigation, we find that all diagnoses for Machine 7 that were unrelated
to errors are done within one period, between 16 January and 21 January. After inspection
of the visit related data for this machine, we find that the chiller, which is used to condition
the temperature in the maintenance box, is replaced on 19 January. This indicates that the
machine out-of-control diagnoses are not false. For Machine 14, all diagnoses are done in two
periods, in the periods from 23 June to 24 June and from 11 July to 27 July. During these
periods, the environmental temperature was significantly higher than normal, which caused
the out-of-control diagnoses. Because this is an assignable cause, the diagnoses are not false.
However it should be noted that the diagnoses are not caused by a defect of the subsystem, and
thus different actions should be triggered. We elaborate further on this subject in Section 3.4.

For Machines 15, 16 and 17, no assignable causes are found for the out-of-control diagnoses.
We consider them as false, as can be seen in Table 3.3. Plots of the control charts of Machines
7, 14, 15 and 16 can be found in Appendix C.

3.3.5 Sensitivity analysis

In this section, we perform a sensitivity analysis to investigate the effect of adjusting the
maximum number of allowed successive out-of-bound measurements T , and the control limits.

Sensitivity of T

For the sensitivity of our control chart on T , we investigate the effect of altering T on the
response time and the number of false diagnoses. We alter T over the values in Table 3.4.
Figure 3.7 shows the effect of T on the response time for all machines with errors. As can be
seen, the response time normally decreases slowly as T increases. However, for some machines
the response time decreases more drastically as T increases. This is for example the case for
Machine 12 between T = 2160 and T = 2880, as can be seen in Figure 3.7a. It occurs because
the machine has stopped printing during the out-of-bound period, by which the temperature
decreased and the system was diagnosed in-control again before an out-of-control diagnosis was

Table 3.4: Values of T and corresponding number of minutes for sensitivity analysis

Values of T 0 60 120 240 360 480 600 720 1440 2160 2880 3600

# Minutes 0 5 10 20 30 40 50 60 120 180 240 300
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(a) Machines 7, 8, 10, 12 and 13 (b) Machine 11

Figure 3.7: Response time over T for machines with errors

Figure 3.8: Number of false diagnoses for different values of T

done. Setting an extremely high value for T eventually results in not diagnosing an out-of-
control situation, which applies for Machines 12 and 13 at T = 3600.

Figure 3.8 shows the total number of false diagnoses over T . As can be seen, the total number
of false diagnoses decreases as T increases. The number of false diagnoses drops rapidly as T
increases from T = 0 to T = 120. For T = 360 only one false diagnosis is found, and if T is set
to 2160, no false diagnoses are found. Based on these results, slightly increasing the value of
T may lead to better results, because the number of false diagnoses drops, while the response
time only decreases slightly. We further discuss the setting of T in Section 3.4.

Sensitivity of UCL1 and UCL2

For the sensitivity on the values of UCL1 and UCL2, we investigate the effect of altering UCL1

and UCL2 on the response time for the machine with errors, and the total number of false
diagnoses for all machines. We alter UCL1 and UCL2 over the values in Table 3.5, in which
Scenario 1 is our initial scenario. As can be seen, UCL1 and UCL2 are equal in Scenarios 2 and
4, which represents a situation with only one UCL and no environmental factor. In Scenarios 3
and 5 both UCL1 and UCL2 are respectively lower and higher than in the initial scenario.

Table 3.5: Values of UCL1 and UCL2 for sensitivity analysis

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

UCL1 264 259 264 269 269
UCL2 269 264 264 269 274
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(a) Mean response time (b) Total number of false diagnoses

Figure 3.9: Sensitivity of UCL1 and UCL2 over T

Figure 3.9 shows the effect per scenario on the mean response time over all machines, and the
total number of false diagnoses for different values of T . In Figure 3.9a it can be seen that the
mean response time is similar for Scenarios 1, 3, 4 and 5 if T ≤ 1440. Once T exceeds 1440, the
response time for Scenarios 4 and 5 decreases significantly. This might be an indication that
Scenarios 4 and 5 are less robust than Scenario 1 when it comes to diagnosing defects of the
subsystem, especially for higher values of T .

As can be seen in Figure 3.9b, both Scenarios 4 and 5 result in a lower number of false diagnoses
compared to Scenario 1 for all values of T . This is logical, because of the higher values of UCL1

and UCL2. Scenario 3 results in a higher number of false diagnoses than Scenario 1 if T < 240.
For higher values of T , it results in the same amount of false diagnoses. Scenario 2 results in a
higher number of false diagnoses than Scenario 1 for all values of T .

3.4 Conclusions

In this chapter, we constructed a defect diagnosis control chart to diagnose impending failure
of a subsystem of a machine. The control chart considers a quality characteristic that describes
the condition of the monitored subsystem, and an environmental factor that can influence the
quality characteristic. An out-of-control diagnosis is done according to a two-step plan: First it
is tested whether a measurement is out-of-bound using two UCLs: UCL1 and UCL2, for which it
applies that UCL2 ≥ UCL1. If the quality characteristic is higher or equal to the environmental
factor, the measurement is out-of-bound if it is higher than UCL1. Otherwise, the measurement
is out-of-bound if the quality characteristic is higher than UCL2. Subsequently the subsystem
is diagnosed to be out-of-control if T successive measurements are out-of-bound.

The initial parameter settings for UCL1, UCL2 and T were respectively 264, 269 and 240, and
were based on data of six in-control machines. For these settings, we found that all errors would
have been diagnosed before they occurred, and that the response time varied from 32.66 hours
to 532.32 hours. Furthermore, these settings would have led to 3 false out-of-control diagnoses.

From our sensitivity analysis we found that changing the parameter settings of the control chart
only has limited effect on the mean response time and the total number of false diagnosis, as
can be seen in Figure 3.9. As long as T is not set to a value higher than 1440, the mean response
time only changes slightly for different settings of the UCLs. Values of T lower than 120 lead to
a significant higher number of false diagnoses. From this, we can conclude that the control chart
is robust, and changing the parameter settings does not influence its performance excessively.
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However, we do conclude that changing the settings of T may lead to slightly better results.
Setting T between 360 and 1440 may help to minimize the probability of false diagnoses, without
resulting in an extreme decrease in the mean response time. We propose to set T to 720, which
corresponds to a time of 1 hour. This would have led to only 0 (Scenarios 4 and 5) or 1 (Scenarios
1 and 3) false out-of-control diagnoses, as can be seen in Figure 3.9b.

Altering the values of the UCLs does not seem to have a very big impact. Increasing UCL1 and
UCL2 only leads to a decrease of 1 false diagnosis, while the mean response time also slightly
decreases. Decreasing UCL1 to 259 and UCL2 to 264 leads to a significant higher number of
false diagnoses. Setting both UCL1 and UCL2 to 264 (Scenario 3) leads to almost the same
results as Scenario 1. This is a surprising result. Apparently, taking into account the effect
of the environmental factor by using two UCLs does not lead to better results than using one
UCL, despite the correlation between the quality characteristic and the environmental factor.

Because the settings with two different UCLs are only tested on a limited amount of data, we
propose to use parameter settings UCL1 = 264 and UCL2 = 269. In this way, the hypothesis
that taking into account the environmental factor can decrease the number of false diagnoses
can be further tested. However, if implementing the control chart with two UCLs proves to be
more difficult than implementing the control chart with one UCL, we propose to implement the
control chart with only one UCL.

Lastly, we elaborate on the actions that should be triggered by an out-of-control diagnosis. Out-
of-control diagnoses can have different causes. For example, we found in Section 3.3.4 that the
out-of-control diagnoses for Machine 14 were caused by the high environmental temperature,
instead of a defect of the subsystem. Furthermore, if the out-of-control diagnosis is caused by a
defect, different failure modes could have caused the defect, e.g. a defective chiller, or a kink or
leak in a hose. Because different actions are needed for different causes, a clear out-of-control-
action plan (OCAP) should be defined for an out-of-control diagnosis. An OCAP is a flow chart
or description of actions that should be taken after an out-of-control diagnosis (Montgomery,
2009). The first step of this OCAP may be to check whether the environmental temperature
is excessively higher than the temperature in the maintenance box. In this case, it might be
sufficient to contact the customer to fix the problem, instead of sending an FST to the customer
site. Recommendations for this OCAP are provided in Section 5.3.



Chapter 4

Prognostics
In this chapter we present a CBM method for prognostic purposes. The method presented
in this chapter is useful in case that degradation of an asset can already be observed months
before failure occurs. In such cases, it is important to time maintenance decisions in such a way
that maintenance actions are performed just before an asset would fail. If the timing of such
maintenance decisions is good, we can minimize the costs of unscheduled downtime, while also
minimizing the costs of replacing components too soon.

In this chapter we present two models: i) a degradation model describing the degradation path
of an observed asset, and ii) a maintenance decision support model that uses the degradation
model to optimize maintenance decisions. The maintenance decision support model presented
in this chapter is the CBM model proposed by Van Elderen (2016), which in turn is based on
the mathematical models of Teeuwsen (2016) and Zhu (2015).

The outline of this chapter is as follows. In Section 4.1, we present our degradation model. As
part of this, we describe how the parameters of degradation paths are estimated in Section 4.1.1,
and how distributions are fit to the random variables of our degradation model in Section 4.1.2.
Furthermore, we derive the probability density function (PDF) and cumulative distribution
function (CDF) of the first passage time and conditional first passage time in Section 4.1.3.
Subsequently, we present the maintenance decision support model of Van Elderen (2016) in
Section 4.2 and apply the models in two case studies in Sections 4.3 and 4.4. Finally, we
provide conclusions on this chapter in Section 4.5.

4.1 Degradation model

Suppose data is available of m different degradation paths. A degradation path is the measured
degradation signal of a subsystem during a certain period. For each path i, a number of
measurements ni is available with j ∈ {1, . . . , ni} being the j-th measurement. xij denotes the
measured degradation level of path i ∈ {1, . . . ,m} at time tij . An example of such a degradation
path can be found in Figure 4.1, which represents the degradation level xij for different time
epochs tij . As can be seen, the degradation level xij increases as time passes, which indicates
degradation of the asset that is observed.

Figure 4.1: Example of a degradation path

29
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We expect to obtain degradation paths of subsystem with varying degradation levels at start,
and varying degradation growth over time. Therefore, we model degradation according to a
random coefficient model of the form represented in Equation (4.1) (Lu and Meeker, 1993).
This degradation model represents the degradation level at time epoch t in years, in which
θ1 and θ2 are random variables, and φ is a constant factor. Because of the random property
of θ1, the degradation level at start (t = 0) can vary for different monitored physical assets.
Furthermore, the model represented in Equation (4.1) can either describe degradation that has
constant growth (φ = 1), increasing growth (φ > 1), or decreasing growth over time (0 < φ < 1).
Note that by modeling degradation according to the random coefficient model, we assume that
the observed subsystem degrades monotonically over time, and thus cannot improve over time.

X(θ1, θ2, t) = θ1 + θ2t
φ (4.1)

4.1.1 Parameter value estimation

To optimize our maintenance decisions, we need to estimate the value of φ, and the distributions
of θ1 and θ2. In this section, we determine the value of φ, which is equal for each degradation
path i. Furthermore, since θ1 and θ2 are random variables, we estimate parameters θ1i and θ2i
for each degradation path i. These estimates are used in Section 4.1.2 to fit distributions to θ1
and θ2. For the estimation of parameters θ1i and θ2i , we use least squares regression (Kelley,
1999). In least squares regression, an optimal curve is plotted through the given data points.
The curve is optimized by minimizing the sum of the squared residuals, in which a residual is
the difference between a data point and the optimized curve. According to Arts (2015), least
squares regression is a suitable and the most commonly used technique to fit random coefficient
models. Least squares regression is further explained in Appendix D.

The parameter estimation procedure described in this section is executed in Python for both
Case 2 (Section 4.3) and Case 3 (Section 4.4). Python is a widely used programming tool that
is extremely convenient for analyzing large amounts of data. Because the degradation paths
exist of a large amount of data, Python is a suitable tool to handle these data. We determine
the value of φ and estimate parameters θ1i and θ2i using the following steps:

– Step 1: For l different values of φk, k ∈ {1, . . . , l}, we estimate for each degradation path
i the values of θ̂1ik and θ̂2ik by least squares regression. Thus estimates θ̂1ik and θ̂2ik are
found by the following optimization problem.(

θ̂1ik , θ̂2ik

)
= argmin(θ1i ,θ2i)

 ni∑
j=1

(X(tij |θ1, θ2, φk)− xij)2
 , ∀i,∀k

– Step 2: For each value of φk and each degradation path i, we calculate the coefficient
of determination, R2

ik, which indicates the proportion of variance predicted by the model.
A higher value of R2

ik means that the fitted model better explains the actual degradation
path, and thus means a better fit. R2

ik is calculated using the following equations:

x̄i =

∑ni
j=1 xij

ni
, ∀i

SStoti =

ni∑
j=1

(xij − x̄i)2, ∀i

SSresik =

ni∑
j=1

(
xij −X(tij |θ̂1ik , θ̂2ik , φk)

)2
, ∀i,∀k
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R2
ik = 1− SSresik

SStoti
, ∀i,∀k

– Step 3: For each value of φk, the mean coefficient of determination, R̄2
k, is calculated by:

R̄2
k =

∑m
i=1R

2
ik

m
, ∀k

– Step 4: Now we can determine the best value of φ, which is the value φk for which the
calculated R̄2

k is the highest. This is represented below, in which k∗ represents the index
for which R̄2

k is the highest.

k∗ = argmaxk(R̄
2
k|k)

φ = φk∗

– Finally, we can determine the values of θ̂1i , θ̂2i , R
2
i and R̄2:

θ̂1i = θ̂1ik∗ , ∀i
θ̂2i = θ̂2ik∗ , ∀i
R2
i = R2

ik∗ , ∀i
R̄2 = R̄2

k∗

4.1.2 Distribution fitting

Subsequently, we can fit a distribution to θ1 and θ2 using the estimates of θ̂1i and θ̂2i for
each degradation path i. Parameters of the random coefficient model are often assumed to be
distributed either according to a normal, log-normal or Weibull distribution in literature (Lu and
Meeker, 1993; Elwany et al., 2011; Arts, 2015). Therefore, we test our data to these distributions.
In Appendix E the PDF and CDF of the normal, log-normal and Weibull distribution can be
found.

The most commonly used statistical methods for fitting data to distributions are the least
squares method and the maximum likelihood estimator method. There is a lot of discussion
in literature which fitting method is better under which circumstances for fitting data to a
distribution. According to Nelson (1982), the Weibull distribution for example has no obviously
best method for data analysis. ReliaSoft Corporation (2015) recommends as a rule of thumb to
use the least squares method when sample sizes are small (below thirty). Because the number
of degradation paths for which we can obtain estimates for θ1 and θ2 will not be greater than
thirty, we use the least squares regression method to fit our data. The software Weibull++ is
used to estimate the parameters using the least squares method. Subsequently, the correlation
coefficient ρ is used as a goodness of fit measure to test whether the data fits the distribution
properly. Correlation coefficient ρ is a measure of correlation between the fitted distribution
and the actual data, and thus a higher ρ represents a better fit. Eventually, we assume θ1 and
θ2 to be distributed according to the distribution that has both a high value for ρ, is a logical
choice according to literature, and is mathematically convenient.
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4.1.3 Derivation of passage time functions

In this chapter we model degradation according to the random coefficient model denoted in
Equation (4.1), and assume that random variables θ1 and θ2 follow either a normal, log-normal
or Weibull distribution. Now suppose we have a random variable Tχ denoting the first time
epoch threshold χ (i.e. some value for the degradation level) is passed, called the first passage
time of threshold χ. Given our degradation model, we can derive the distribution functions of
random variable Tχ. Using these distribution functions, we can subsequently set an optimal
threshold for maintenance decisions in Section 4.2.

In this section, we first derive the CDF and PDF of random variable Tχ, denoted by FTχ(t)
and fTχ(t) respectively. FTχ(t) denotes the probability that threshold χ is passed before time

t, while PDF fTχ(t) is the derivative of FTχ(t), fTχ(t) =
dFTχ (t)

dt .

Subsequently, we derive the conditional CDF FTH |TC (v|w), which denotes the probability that
threshold H is passed before time v, given that threshold C is passed at time TC = w. Finally,
we derive the PDF of FTH |TC (v|w), denoted by fTH |TC (v|w).

First passage time

Suppose we have a predefined threshold, denoted by degradation level χ. Then the CDF of X,
FX(χ, t), represents the probability that the degradation level X at time t is lower or equal to
threshold χ. The equation below is derived from Zhu (2015):

FX(χ, t) = P{X(θ1, θ2, t) ≤ χ} =

∫ u=∞

u=0
fθ2(u) Fθ1(χ− utφ) du

Given threshold χ, we can derive the distribution function of Tχ. The CDF of Tχ, FTχ(t),
represents the probability that the first passage time is less than or equal to time epoch t, so
FTχ(t) = P{Tχ ≤ t}. Because we know that at time epoch Tχ threshold χ is passed, and that
X is monotonically increasing over t, we know that P{Tχ ≤ t} = P{X(θ1, θ2, t) > χ}, and thus
the following equation holds:

FTχ(t) = P{X(θ1, θ2, t) > χ} = 1− FX(χ, t) = 1−
∫ u=∞

u=0
fθ2(u) Fθ1(χ− utφ) du

We find the PDF of Tχ, fTχ(t), by deriving FTχ(t). For a more extensive derivation of FTχ(t)
and fTχ(t) we refer to Appendix F.

fTχ(t) =

∫ u=∞

u=0
uφtφ−1 · fθ2(u) · fθ1(χ− utφ) du

Conditional first passage time

Suppose we have a failure limit H and a warning limit C, H > C. The passage time of H is
denoted by TH and the passage time of C is denoted by TC . Since degradation is non-decreasing
in our degradation model, TH > TC applies. We are interested in the probability that failure
threshold H is passed before time TH = v, given that control limit C is passed at time TC = w,
denoted by FTH |TC (v|w).

Since we know that TC = w, TH can be rewritten as follows:

TH =

(
wφ (H − θ1)
C − θ1

) 1
φ
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Now FTH |TC (v|w) can be written as:

FTH |TC (v|w) = P{TH ≤ v | TC = w}

= P
{
θ1 ≤

vφC − wφH
vφ − wφ

}
= Fθ1

(
vφC − wφH
vφ − wφ

)
, v ∈ [w,∞)

We find the corresponding PDF, fTH |TC (v|w), by differentiation:

fTH |TC (v|w) = fθ1

(
vφC − wφH
vφ − wφ

)
· φ (H − C)wφvφ−1

(vφ − wφ)
2 , v ∈ [w,∞)

For a more extensive derivation of FTH |TC (v|w) and fTH |TC (v|w) we refer to Appendix G.

4.2 Maintenance decision support model

In this section the maintenance decision support model of Van Elderen (2016) is described. The
model is used to propose an optimal threshold, considering three types of maintenance visits:
scheduled downs (SD’s), unscheduled downs (USD’s) and CM visits. The model is based on
renewal reward theory. In renewal reward theory, the average reward or costs per time unit
are calculated by Z = ECC

ECL , with expected cycle costs (ECC) denoting the expected costs
per maintenance cycle, and expected cycle length (ECL) denoting the expected length of a
maintenance cycle. A maintenance cycle is the period between two consecutive maintenance
actions, in which a physical asset is maintained. Arts (2015) gives a short introduction in
renewal reward theory. For a more detailed explanation of the theory, we refer to Ross (1996).

The models of Van Elderen (2016) and Zhu (2015) minimize the average cost Z(C) = ECC(C)
ECL(C) ,

by setting an optimal control limit C, denoted by C∗. The optimal cost function is denoted
by Z(C∗). C∗ is found by varying parameter C, and thus the following optimization problem
applies:

C∗ = argminC [Z(C)]

The mathematical model described in this section is implemented in MATLAB. MATLAB is a
widely used programming tool that is extremely convenient for computing complex mathemat-
ical equations, which is necessary for implementing the maintenance decision support model.
The implemented MATLAB model is subsequently used for Case 2 (Section 4.3) and Case 3
(Section 4.4) to calculate the average cost rate, given a control limit C.

We describe the maintenance decision support model as follows. First, we shortly describe the
three different types of maintenance visits in Section 4.2.1. Subsequently we describe how ECC
and ECL are calculated in Sections 4.2.2 and 4.2.3. For a more detailed description of the model
we refer to Van Elderen (2016).

4.2.1 Maintenance visits

The three different maintenance visits that are considered in the maintenance decision support
model are SD’s, USD’s and CM visits. SD’s are visits that are planned at every fixed interval
τ , where τ is denoted in years (e.g. τ = 0.25 denotes that there are four SD’s per year). During
an SD, the level of the degradation signal is observed. If the level has exceeded control limit
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C, PM is performed on the observed physical asset. The costs of such a maintenance action
during a SD are denoted by cSD.

USD’s are unplanned visits, caused by for example failure of parts or subsystems in the machine,
other than the observed subsystem. It is assumed that USD’s arrive according to a Poisson
process with arrival rate λ USD’s per year. Since during such a USD an FST is already present
at the customer, there is an opportunity to also perform maintenance on the observed physical
asset during the visit. This is a form of opportunistic maintenance, as described by Geraerds
(1991) and Botman (2016). Performing maintenance on the observed subsystem is proposed if
the degradation signal has exceeded control limit C. However, it could be that during a USD
customers do not want the FST to perform extra maintenance, since this would involve extra
downtime. The probability that the customer accepts a maintenance action during an USD is
denoted by P(Y ). The costs of a maintenance action during a USD are denoted by cUSD.

Lastly, the physical asset is maintained at a CM visit if the observed physical asset fails before
being maintained at an SD or USD. We assume that the physical asset fails if the degradation
signal exceeds failure limit H, and it applies that H > C. The costs of of a maintenance visit
during a CM visit are denoted by cCM , and it applies that cCM > cUSD and cCM > cSD.

4.2.2 Calculation of ECC

Suppose random variables TC and TH , respectively denoting the time control limit C is passed,
and the time failure limit H is passed. If a maintenance visit is performed between time (n−1)τ
and nτ , n ∈ N1, there are two possibilities for TC and TH . For each of these possibilities there
are two scenarios, which both lead to a certain type of maintenance visit:

– (n − 1)τ < TC ≤ nτ and TH < nτ . In this case, both C and H are passed between two
consecutive maintenance visits. The two scenarios are:

– Scenario [1.1]: There is a USD arrival between times TC and TH where the proposed
maintenance visit is accepted. In this case, maintenance is performed at a USD.

– Scenario [1.2]: Maintenance cannot be performed at a USD. The asset fails and is
maintained during a CM visit.

– (n − 1)τ < TC ≤ nτ and TH ≥ nτ . In this case, C is passed between two consecutive
maintenance visits, and H is only passed after the two consecutive maintenance visits.
The two scenarios are:

– Scenario [2.1]: There is a USD arrival between times TC and nτ where the proposed
maintenance visit is accepted. In this case, maintenance is performed at a USD.

– Scenario [2.2]: Maintenance cannot be performed at a USD. The asset is maintained
at time nτ .

The probabilities of the occurrence of each scenario for a value of n ∈ N1 are respectively
denoted by P[1.1]n , P[1.2]n , P[2.1]n and P[2.2]n . These probabilities are used to calculate the
probability of occurrence for the three types of maintenance visits: SD’s, USD’s and CM visits.
The probabilities are given below, and their derivation can be found in Appendix H.
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PSD =

∑
n∈N1

P[2.2]n

Fθ1(C)

PUSD =

∑
n∈N1

[
P[1.1]n + P[2.1]n

]
Fθ1(C)

PCM =

∑
n∈N1

P[1.2]n

Fθ1(C)

Using these probabilities we calculate ECC for a given control limit C, denoted by ECC(C).
The composition of costs cSD, cUSD and cCM is similar to Van Elderen (2016), and defined in
Appendix I.

ECC(C) = cSD · PSD + cUSD · PUSD + cCM · PCM

4.2.3 Calculation of ECL

Each scenario described in Section 4.2.2 has a different contribution to the cycle length. The
contributions to the cycle length L̇ of each scenario for a value of n ∈ N1 are respectively denoted
by L̇[1.1]n , L̇[1.2]n , L̇[2.1]n and L̇[2.2]n . They are given in Appendix H. These contributions to the
cycle length can be combined to find ECL for a given control limit C, denoted by ECL(C):

ECL(C) =
∑
n∈N1

[
L̇[1.1]n + L̇[1.2]n + L̇[2.1]n + L̇[2.2]n

]

4.3 Case study 2

In this section, we discuss the case study of Case 2. We start in Section 4.3.1 by describing how
we acquire the degradation paths that are used to estimate the parameters of our degradation
model. Subsequently, we estimate these parameters in Section 4.3.2, fit the distributions of θ1
and θ2 in Section 4.3.3 and give the input parameters for the maintenance decision support
model in Section 4.3.4. Finally, we discuss the results of the case study in Section 4.3.5, and
perform a sensitivity analysis in Section 4.3.6.

4.3.1 Input data

The subsystem that is observed in Case 2 is the sentry belt. As described in Section 2.4.2, the
monitored degradation signal is the mean PWM value per running hour. In order to obtain
the degradation paths for this case, we first select all machines for which each of the following
properties hold:

– Error code 1456000 has occurred before March 2017.

– Sensor data are available about the PWM value sent to the sentry belt.

– Logbook data about maintenance visits are available.

These properties hold for ten printers, which can be found in Table J.1 (Appendix J).

Subsequently we select degradation paths from these machines. The following criteria are used
to select the degradation paths:

– At the start of a degradation path the subsystem should be new, i.e. the machine contains
a new sentry belt.



CHAPTER 4. PROGNOSTICS 36

– The end of the degradation path is the first occurrence of error code 1456000 after the
start of the path.

– We assume that the life time of a sentry belt is at least two months, based on the opinion
of functional experts. Therefore, the time between the start and end of the degradation
path should be at least two months. Any degradation path for which the period is less
than one month is out of scope. In practice, it can for example be for these paths that a
different failure mode caused an error, or that there was something wrong with the belt
that was installed at the machine.

– For some machines, sensor data is missing for some period because the remote connection
was lost. During such periods, errors might have occurred on the machine that are not
logged. Therefore, for all selected paths it should apply that no data should be missing
between the start and end of the degradation path.

Using these selection criteria we find twelve useful degradation paths, which can be found in
Table J.1 (Appendix J). In Table J.2 the start and end dates and times can be found for each
degradation path. The degradation paths consist of the mean PWM value xij during running
hour j ∈ {1, . . . , ni}, for each degradation path i ∈ {1, . . . , 12}. tij denotes the time in years of
measurement xij . Since j = 1 denotes the first measurement for each degradation path, time
ti1 = 0 for all paths. In the acquisition of the degradation paths, we assume that the obtained
data is not censored. Because we acquire degradation paths from a period of two years (2015
to 2017), and the lifetime of the sentry belt is normally less than two years, we can justify this
assumption.

4.3.2 Parameter value estimation

For each degradation path that is acquired in Section 4.3.1, we estimate the parameter values of
the degradation model denoted in Equation (4.1). We do this by using the parameter estimation
technique presented in Section 4.1.1.

According to functional experts of Océ, the sentry belt degrades over usage instead of over
time. However, in order to use the mathematical model described in Section 4.2, we need a
time-based degradation model as input. This is the case because the SD’s are planned during
fixed time intervals. Therefore, we first fit a usage-based degradation model to our degradation
paths, after which we convert this usage-based model to a time-based degradation model.

For the usage-based degradation model we introduce time parameter tuij and model parameter
θu2i . t

u
ij denotes the amount of running hours at measurement xij , and thus tuij ∈ {0, 1, . . . , ni−1}

for each path i. The usage-based degradation model below is similar to the model in Equation
(4.1). However, the degradation now increases over usage instead of over time, with usage
expressed in amount of running hours of the sentry belt.

X(θ1, θ
u
2 , tu) = θ1 + θu2 t

φ
u

According to the parameter estimation method described in Section 4.1.1, we first determine
which value of φ provides the highest mean coefficient of determination R̄2. φ is varied from the
range {0.1, 0.2, . . . , 4.0}. Figure J.1 (Appendix J) shows the R̄2 per value of φ. We find that the
optimal value of φ is 2.8, which results in a R̄2 of 0.80. This high value of R̄2 indicates that the
degradation model represents the actual degradation of the subsystem well. For the parameter
setting φ = 2.8 we find estimates θ̂1i and θ̂u2i for each degradation path i. The values of these
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(a) Usage-based path and degradation model
(b) Time-based path and degradation models

Figure 4.2: Degradation paths and models Path 3.1

estimates can be found in Table J.3 in Appendix J. In Figure 4.2a the usage-based degradation
path and corresponding degradation model of Path 3.1 can be found as an example.

Since the input for mathematical model described in Section 4.2 should be a time-based degra-
dation model, the usage-based degradation model should be converted to the time-based model
described by Equation (4.1). This is done by converting parameter θu2 to the time-based
parameter θ2 according to the Equation (4.2). By converting the usage-based model to a
time-based model in this way, we assume that the usage intensity during a degradation path is
equal over the entire time of the degradation path. The justification and implications of this
assumption are further discussed in Chapter 5.

θ̂2i = θ̂u2i ·
(
tui,ni
ti,ni

)φ
(4.2)

The value for each estimate θ̂2i can be found in Table J.3 (Appendix J). Figure 4.2b shows the
time-based degradation path and degradation models of Path 3.1.

4.3.3 Distribution fitting

Using the estimates θ̂1i and θ̂2i from Section 4.3.2, we can now fit distributions to parameters θ1
and θ2. As described in Section 4.1.2, we either fit a Weibull, normal or log-normal distribution
to the parameters. Table 4.1 presents the fitted parameter values of θ1 and θ2 for the normal,
log-normal and Weibull distribution. The correlation coefficient ρ is given for each fitted
distribution: the higher the value of ρ, the better the fit.

Table 4.1: Parameter settings for fitted distributions (Case 2)

Normal Log-normal Weibull
µ σ ρ µ σ ρ β η ρ

θ1 589.3849 22.1427 0.9908 6.3785 0.0376 0.9905 32.1801 598.8571 0.9800
θ2 2899.8566 5811.4645 0.8352 6.4462 2.2833 0.9783 0.5233 1737.7209 0.9547

Distribution of parameter θ1
For parameter θ1, Figures K.1 and K.3 (Appendix K) show the CDFs and PDFs of the fitted
distributions. In both figures, it can be seen that the fitted normal and log-normal distribution
are almost equal. This is the case since for the normal distribution, it applies that σ � µ, and
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thus P{θ1 < 0} ≈ 0. Since from a mathematical point of view the normal distribution is more
convenient than the log-normal distribution, we prefer using the normal distribution over the
log-normal distribution. The Weibull distribution produces a poorer fit compared to the normal
and log-normal distribution. Therefore, and because the normal distribution is mathematically
convenient, we assume that θ1 is normally distributed with parameters µ1 = 589.3849 and
σ1 = 22.1427.

Distribution of parameter θ2
For θ2, the value of ρ indicates that the normal distribution does not fit well. This can also
be seen in Figure K.2 (Appendix K), which shows the CDFs of all fitted distributions, as well
as the empirical CDF. It can be seen that the CDF of the normal distribution deviates highly
from the empirical CDF. The normal distribution does not fit well because, for the fitted normal
distribution, it applies that σ > µ, and thus P{θ2 < 0} � 0. In practice, θ2 should never have
a negative value, since this would imply that the condition of the sentry belt improves over
time. Figure K.2 also indicates that both the log-normal and the Weibull distribution have
a good fit with the empirical CDF. Figure K.4 shows the PDFs of the fitted log-normal and
Weibull distribution. It can be seen that for the PDF of the Weibull distribution h(x), it applies
that limx→0 h(x) = ∞. This is the case since parameter β < 1. Because of this property, the
Weibull distribution will result in a higher probability that θ2 is extremely close to zero than
the log-normal distribution. In turn, this can result in an extremely long life-time of the sentry
belt for the Weibull distribution, because parameter θ2 influences the degradation over time.
Because such an extremely long life-time is not realistic according to the functional experts of
Océ, and because the fitted log-normal distribution has the highest value of ρ, we assume that
θ2 is log-normally distributed with parameters µ2 = 6.4462 and σ2 = 2.2833.

4.3.4 Input parameters maintenance decision support model

Before the average cost per year for a given value of C can be calculated, we need to give values
to the input parameters of the maintenance decision support model. First, we need to determine
the costs for each type of visit, cSD cUSD and cCM . It is shown in Appendix I how these costs
are calculated. Furthermore, the values for each of the cost parameters can be found in Table
I.1. Both the composition of the costs and the values of the cost parameters are taken from
Van Elderen (2016), which are used to calculate the visit costs cSD cUSD and cCM .

Subsequently, we need to determine the values for parameters P(Y ), λ, τ and H. In consultation
with functional experts, we assume that failure limit H is equal to 800. Parameters P(Y ), λ
and τ are assumed to have the same value as assumed by Van Elderen (2016). The values for
all input parameters are given in Table 4.2. Parameters λ, P(Y ), H, and cCM are all varied in
the sensitivity analysis in Section 4.3.6.

To implement the maintenance decision support model, we need to assume a maximum number
of maintenance visits N . This is necessary, because the calculation time of the model would be
infinite if we would sum over all values of n ∈ N1. We find that after 5 years, the probability
that the subsystem has failed is equal to FTH (5) = 0.9929. This is expected to be sufficiently
large, such that there is no significant difference between our calculated value of Z(C) and its

Table 4.2: Input parameter values maintenance decision support model Case 2

Parameter cSD cUSD cCM P(Y ) λ τ H

Value e 836.36 e 862.16 e 1517.16 0.86 22 0.25 800
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actual value. Corresponding to a period of 5 years, we find that N = 5
τ = 20. We further test

if a period of 5 years is sufficient to approximate Z(C) in Section 4.3.5.

4.3.5 Results

In this section, we discuss the results of Case 2. We first need to verify whether our assumption
that the average cost rate over 5 years (and thus the maximum number of N = 20) is a good
approximation for the actual value of Z(C). Figure 4.3a shows the total probability that the
maintenance cycle has ended after N visits. This probability is denoted by Equation (4.3). As
can be seen in the figure, the probability converges to 1 as N increases for different values of
C. Figure 4.3b shows that also the average cost rate converges to a single average cost rate
Z(C) as the maximum number of maintenance visits N increases. We can conclude that by
setting N = 20 our approximated value of Z(C) is close to its actual value. Therefore, for the
remainder of this case study we set N = 5

τ , such that N represents a period of 5 years.

Ptotal(N) =
n=N∑
n=1

[
P[1.1]n + P[1.2]n + P[2.1]n + P[2.2]n

]
(4.3)

(a) Total probability (b) Average cost rate

Figure 4.3: Total probability and average cost rate after N visits

In order to find the optimal value of C, denoted by C∗, we vary C from 650 to 790, taking steps
of 10. Furthermore, we calculate the costs for C = 799.9, and verify whether this approaches
the costs for a CM strategy. We use the values from Table 4.2 as input parameters. Figure 4.4a
shows the average cost rate Z(C) per value of C. We find that C∗ = 730 with a corresponding
average cost rate Z(C∗) = e 1207.40. Furthermore, the average cost rate at C = 799.9 is equal
to Z(799.9) = e 1672.88. Because using this control limit approaches a CM strategy, the average
cost rate Z(799.9) should approach the average cost rate ZCM for applying a CM strategy. If
we calculate ZCM using the equation below, we indeed find that ZCM = e 1686.39 ≈ Z(799.9).

ZCM =
cCM · FTH (Nτ)∫ t=Nτ
t=0 tfTH (t)dt

The values of both ECC(C) and ECL(C) per value of C can be found in Figures 4.4c and 4.4d.
It can be seen that both ECC(C) and ECL(C) are increasing in C. This is intuitive, because
as C increases, the probability that maintenance is performed at a CM visit increases and thus
ECC increases. On the other hand, as C increases, the probability that PM is performed at an
SD or USD decreases, and thus ECL increases. This effect is also shown in Figure 4.4b. As can
be seen, PSD and PUSD decrease as C increases, while PCM increases as C increases.
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(a) Average cost rate Z(C) per control limit C (b) Probability per scenario per control limit C

(c) ECC(C) per control limit C (d) ECL(C) per control limit C

Figure 4.4: Results of Case 2 per control limit C

4.3.6 Sensitivity analysis

In this section we investigate the sensitivity of the CBM model to parameters λ, P(Y ), H and
cCM .

Varying parameter λ

Figure 4.5 shows the results for varying λ over the values 5, 22 and 50. As can be seen in Figure
4.5a, the optimal control limit increases as λ increases. This is the case because the probability
of a CM visit at a certain control limit C is lower for higher values of λ, as can be seen in Figure
4.5b. This probability is lower, because there is a higher probability that a USD occurs after
threshold C is passed, and thus probability PUSD is higher for higher values of λ.

(a) Average cost rate Z(C) (b) Probabilities PSD, PUSD and PCM per C

Figure 4.5: Average cost rate Z(C) and scenario probabilities for different values of λ
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Varying parameter P(Y )

P(Y ) denotes the probability that performing CBM at a USD is accepted by the customer.
Because in our mathematical model, P(Y ) is only a factor that influences the number of arrivals
in the Poisson arrival process of the USD’s, varying parameter P(Y ) has the same effect on the
average cost rate as varying parameter λ. This is shown in Table 4.3. As can be seen, dividing
P(Y ) by a factor two, and at the same time multiplying λ by two, leads to exactly the same
values of Z(C), ECC(C) and ECL(C) for each control limit C.

Table 4.3: Results sensitivity analysis P(Y )

P(Y ) λ C Z(C) ECC(C) ECL(C)

0.86 22
700 e 922.52 e 1233.76 0.75 years
720 e 952.32 e 1209.08 0.79 years
740 e 998.67 e 1213.75 0.82 years

0.43 44
700 e 922.52 e 1233.76 0.75 years
720 e 952.32 e 1209.08 0.79 years
740 e 998.67 e 1213.75 0.82 years

Varying parameter H

Figure 4.6 shows the average cost rate Z(C) for different failure limits H. As can be seen, Z(C)
is always lower if failure limit H is higher. This is logical, because if H is higher, the probability
of failure before a SD or USD after threshold C is passed is lower. Furthermore, the optimal
control limit C∗ increases as H increases, and thus a higher value of H both lead to a longer
ECL and a lower average cost rate.

Figure 4.6: Average cost rate Z(C) for different values of H

Varying parameter cCM

Figure 4.7 shows the average cost rate Z(C) for different CM visit costs cCM . Varying the value
of cCM does not have any effect on the probabilities PSD, PUSD and PCM or on the ECL(C) for
a given control limit C. However, varying the value of cCM does influence the value of ECC(C)
for a given control limit C, and thus has an effect on the average cost rate Z(C). As can be
seen, A lower optimal control limit C∗ is proposed for a higher value of cCM . If cCM approaches
the values of cSD and cUSD, an optimal control limit C∗ that is very near the failure limit H
is proposed. This is the case, because the ECL can be increased by increasing C at almost no
additional costs.
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Figure 4.7: Average cost rate Z(C) for different values of cCM

4.4 Case study 3

In this section, we discuss Case study 3. Similar to the structure of Case 2, we start in
Section 4.4.1 by acquiring degradation paths. Subsequently, we estimate the parameters of
the degradation model in Section 4.4.2, fit distributions to θ1 and θ2 in Section 4.4.3 and give
the input parameters for the maintenance decision support model in Section 4.4.4. Finally,
we discuss the results in Section 4.4.5. Because the application of Case 3 is similar to the
application of Case 2, we do not perform a sensitivity analysis for Case 3.

The monitored degradation signal in Case 3 is the IPosition of the denu belt in standby mode.
As described in Section 2.4.3, the denu belt is subject to drift, which results in machine errors
if the belt drifts too far. The belt can drift sideways in both directions, which results in either
an upward or a downward trend of the measured degradation signal.

In contrast to the degradation signal in Case 2, large parts of the data for Case 3 show drifting
behavior that is not understood by functional experts. For example, in some cases a clear drift
to one side is observed, until suddenly the drift stops or turns to a drift to the other side of the
belt. Furthermore, machine errors are sometimes triggered with no clear cause. Therefore, the
assumption that the observed subsystem degrades monotonically over time does not always hold
for Case 3, and large parts of the data cannot be used for our case study. Because of this, the
prognostic CBM method may not be applicable for Case 3. We can however obtain a number of
degradation paths that clearly describe the drift the denu belt. We focus on these degradation
paths in this case study. Subsequently, we discuss the applicability of our prognostic CBM
method for this case in Sections 4.4.5 and 4.5.

4.4.1 Input data

We observe seven degradation paths that clearly describe the drift of the denu belt. For all these
paths, the lifetime of the belt is at least one month. For one of the paths, the drift shows an
upward trend of the measured degradation signal, similar to the drift shown in Figure 2.8b. For
the other six paths, the belt drifts to the other side, resulting in a downward trend of the signal.
For these paths, we multiply the signal with a factor −1, such that we find seven paths that
show an upward trend in the degradation signal. In Table L.1 in Appendix L these degradation
paths are given, along with the start and end date and time of the path, the machine from
which the path is observed, and the direction of the degradation signal.
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4.4.2 Parameter value estimation

Using the parameter estimation technique of Section 4.1.1, we estimate the parameter values of
the degradation model denoted in Equation (4.1). We vary φ over {0.1, 0.2, . . . , 4.0} and find
that the optimal value of φ is 2.2, which results in a R̄2 of 0.89. This high value of R̄2 indicates
that the fitted degradation models represent the actual degradation paths well. The values for
the corresponding estimates θ̂1i and θ̂2i are given in Table L.2 in Appendix L. Figure 4.8 shows
the fitted degradation model of Path 2.1 as an example.

Figure 4.8: Degradation Path 2.1 and corresponding degradation model

4.4.3 Distribution fitting

Using the estimates θ̂1i and θ̂2i we can fit distributions to parameters θ1 and θ2. Table 4.4
presents the fitted parameter values of θ1 and θ2 for the different distributions. The correlation
coefficient ρ is also given in Table 4.4: the higher the value of ρ, the better the fit.

Table 4.4: Parameter settings for fitted distributions (Case 3)

Normal Log-normal Weibull
µ σ ρ µ σ ρ β η ρ

θ1 37.3710 927.9146 0.9816 - - - - - -
θ2 44001 55271 0.9244 9.9301 1.7884 0.9404 0.6670 44041 0.9289

Distribution of parameter θ1
Because the degradation signal of Case 3 can take negative values, some of the estimates of θ1
are negative, as can be seen in Table L.2 in Appendix L. The normal distribution is the only
distribution of the three fitted distributions that can handle negative values, and thus we can
only assume a normally distribution for θ1. The high value of the corresponding ρ confirms that
the normal distribution is a good fit. Therefore, we assume that θ1 is normally distributed with
parameters µ1 = 37.3710 and σ1 = 927.9146.

Distribution of parameter θ2
The argumentation for fitting the distribution of θ2 is similar to Case 2. First of all, it is
clear that the normal distribution does not fit well. This is the case because for the estimated
parameters of the normal distribution, it applies that σ > µ and thus P{θ2 < 0} � 0. In
practice, θ2 is always positive, because otherwise the condition can improve over time. Second,
parameter β of the Weibull distribution is smaller than 1. Similar to Case 2 (Section 4.3.3), this
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results in a higher probability that θ2 is extremely close to zero than the log-normal distribution.
In turn, this can result in an extremely long life-time of the denu belt for the Weibull distribution,
because parameter θ2 influences the degradation over time. Because such an extremely long
life-time is not realistic, and because the fitted log-normal distribution has the highest value of
ρ, we assume that θ2 is log-normally distributed with parameters µ2 = 9.9301 and σ2 = 1.7884.

4.4.4 Input parameters maintenance decision support model

The costs for each visit type, cSD, cUSD and cCM , are calculated in line with Case 2. Appendix
I declares how these costs are calculated and presents the values for each of the cost parameters
(Table I.1), which are taken Van Elderen (2016). The values of P(Y ), λ and τ are equal to the
values in Case 2. For setting failure threshold H, it should be noted that a recent software
modification was done on the machine. Before this modification, errors would already be
triggered around a degradation level of 2000. However, because of the modification, functional
experts expect that the failure limit is increased to a value of 3200. Therefore, in consultation
with functional experts, failure limit H is set to 3200. Future sensor data should show whether
this is true. The values for all input parameters are given in Table 4.5.

Table 4.5: Input parameter values maintenance decision support model Case 3

Parameter cSD cUSD cCM P(Y ) λ τ H

Value e 536.00 e 602.00 e 1257.00 0.86 22 0.25 3200

Lastly, we need to assume a maximum number of maintenance visits N . We find that after 5
years, the probability that the subsystem has failed is equal to FTH (5) = 0.9987. Because this
probability is even higher than the probability found for Case 2 in Section 4.3.4, we expect a
period of 5 years to be sufficient to assume that our approximated value of Z(C∗) is equal to
the actual value of Z(C∗). Therefore, similar to Case 2, we set N to 5

τ = 20.

4.4.5 Results

In order to find the optimal control limit C∗, we vary C from 1500 to 3100 in steps of 100.
Furthermore, we calculate the costs for C = 3199, which should approach the costs for a CM
strategy. The values from Table 4.5 are used as input parameters. Because the results of Case 3
are similar to the results of Case 2, we only discuss the outcome of the average cost rate Z(C).
Figure 4.9 shows this average cost rate per value of C. As can be seen, the optimal control
limit is found by C∗ = 2200, with a corresponding average cost rate of Z(C∗) = e 1523.98.

Figure 4.9: Average cost rate Z(C) per control limit C of Case 3
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Furthermore, the average cost rate at C = 3199 is found to be Z(3199) = e 2157.37, which
approaches the cost for corrective maintenance: ZCM = e 2168.46 ≈ Z(3199).

As discussed in the introduction of this section, in some cases it is observed that the belt is
drifting to one side, while suddenly it turns to the other side. Therefore, the assumption that the
observed subsystem degrades monotonically over time time not always hold. It is interesting
to investigate what the probability is that the direction of drift changes after control limit
C∗ = 2200 is exceeded. If there is a very small probability that this direction changes after C∗,
the proposed CBM method may still be very applicable for the denu belt case.

For all machines, it applies that it has never happened that the direction of the drift has shifted
to the other side after limit C∗ = 2200 is exceeded. However, it should be noted that, as
discussed in Section 4.4.4, before the recent software modification errors would already occur
before threshold 3200 was exceeded, often around a degradation signal of 2000. Therefore,
future data should be observed to investigate the probability that the direction of drift changes
after threshold C∗ is passed.

4.5 Conclusions

In this chapter, we modeled degradation according to a random coefficient model described by
Equation (4.1), with two random coefficients, θ1 and θ2, and one constant factor φ. Because
of the random property of θ1, the starting degradation level can vary for different monitored
subsystems. Furthermore, the model can not only be used to model linear degradation, but
also degradation that increases or decreases in pace over time. The degradation model is used
as input in the maintenance decision support model of Van Elderen (2016), which is based on
the work of Zhu (2015). In this model, the average cost rate per year Z(C) can be calculated
considering a control limit C that triggers maintenance actions. By varying the value of C, an
optimal threshold C∗ can be found, with corresponding average cost rate Z(C∗).

We applied the models in two case studies: Case study 2 and Case study 3, in which degradation
of the sentry belt and the denu belt of the VPi300 are monitored respectively. For Case study
2, we found that it is optimal to trigger maintenance if the mean PWM value per running hour
has exceeded control limit C∗ = 730. The corresponding average cost rate Z(C∗) is e 1204.40.
This is significantly lower than the average cost rate of a CM strategy, which is e 1686.39. For
Case 3, we found that it is optimal to trigger maintenance if the measured IPosition of the
denu belt has exceeded control limit C∗ = 2200. The corresponding average cost rate Z(C∗) is
e 1523.98, compared to an average cost rate of e 2168.46 for a CM strategy.

The solution of the maintenance decision support model is based on a number of assumptions
that should be further justified. First of all, assumptions are made on the value of failure limit
H for both Cases 2 and 3. For both cases modifications on the subsystems were done recently,
by which the expected life-times of the subsystems are expected to increase. Therefore, we were
unable to base the failure limit on historical data, and thus the failure limits are determined in
collaboration with functional experts. It should be tested whether the assumed failures limits
are justified.

Second, we estimated the parameter values for the degradation model θ1, θ2 and φ by using
degradation paths of different machines, by which we assume that degradation of the subsystem
behaves equally for all machines. This was necessary, because the amount of data per machine
was too little to estimate the parameters per machine. However, degradation may be partly
machine specific, and can for example depend on the usage intensity of the machine and the air
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pollution at the customer site. It should be investigated what factors are of influence on the
degradation behavior of subsystems, such that optimal control limits can be set per machine.

Third, for Case 2, we converted the usage-based degradation model to a time-based degradation
model according to Equation (4.2). By doing so, we assume that the usage intensity is equal
during the entire life-time of the monitored sentry belt. This may not be the case, and thus
this assumption needs to be tested as more data becomes available. Furthermore, it may be
investigated how the usage-based model can be converted to a time-based model differently.

Lastly, for Case 3 the assumption that the observed subsystem degrades monotonically over
time does not always hold. As discussed in Section 4.4.1, in some cases a clear drift to one side
of the denu belt is observed, while suddenly the direction of drift can turn to the other side of
the belt. This means that the belt can actually improve over time, and thus the assumption
does not hold. Although the assumption does not hold for Case 3, the solution provided in the
case study may still be applicable. As discussed in Section 4.4.5, future data should be observed
to investigate the probability that the direction of the drift changes after optimal control limit
C∗ is exceeded. If this probability is very low, the proposed CBM method can still be very
useful to apply CBM.

From the sensitivity analysis of Case 2, we can conclude that the optimal solutions for the
values of C∗ are robust. By robust we mean that if in practice the parameters would slightly
differ from our parameters settings, triggering maintenance action after the determined control
limit C∗ would still be near optimal. This can for example be seen in Figure 4.6, which shows
the average cost rate of Case 2 for different values of H. As can be seen, it applies for both
H = 750 and H = 850 that the average cost rate would still be significantly lower if C = 730
compared to applying a CM strategy. Because of this robustness of the provided CBM solution,
we expect the results from Case 2 to be reliable enough to test the proposed CBM method in
practice. We further elaborate on this in our recommendations in Section 5.3. For Case 3, we
recommend to first investigate the probability that the direction of drift changes, and thus the
belt improves, after control limit C∗ is exceeded. For this, future data should be observed. If it
is found that this probability is very low, we recommend to test the CBM method in practice
as well.



Chapter 5

Conclusions and recommendations
In this final chapter, we discuss the most important findings of our research. We start in Section
5.1 by answering the research questions defined in Section 1.2.2, discussing the contributions
to academia, and providing overall conclusions about our work. Subsequently, we discuss the
limitations of our research, and provide interesting future research directions that follow from
these limitations in Section 5.2. We end this chapter by providing recommendations for Océ in
Section 5.3.

5.1 Conclusions

In this section we answer the research questions of our research. Research Question 1 is: What
variables that trigger errors or warnings should be monitored, and how should the measured
signals from these variables be cleaned to see if a subsystem is functioning as it should? We
identify variables that can be used to assess the condition of a subsystem of a machine by looking
at error occurrences, and select the variables that trigger these errors. Because it is a time-
consuming process to assess the impact on machine downtime of each error code individually,
we developed an error filtering process to time-efficiently find a selection of error codes that
may have interesting underlying variables. Subsequently, this selection is further investigated
to determine the error codes that have great impact on the occurrence of service visits. The
variables that trigger these errors are selected to assess the condition of subsystems. By using
a selection process based on error occurrences, variables that can be used for CBM purposes
can be identified more efficiently than searching from a parts perspective, because each error
already has an underlying variable that triggers the error.

The data cleaning step that is necessary to obtain a clear degradation signal remains a time-
consuming and challenging task, which is case-specific and thus cannot be generalized. It
is therefore important to understand the physical process well, and thus close collaboration
between the service department and functional experts is necessary.

Research Question 2 is: According to what degradation model should the degradation of the
subsystem under observation be modeled? For the purpose of diagnosing machine defects, we
propose to not model the degradation of a subsystem, but closely monitor a quality characteristic
of the subsystem, and an environmental factor that influences the quality characteristic. By
using a control chart technique, we can assess if the subsystem is either functioning as it should,
or is running out-of-control. For prognostics purposes, we model the degradation of a subsystem
according to a random coefficient model. This random coefficient model enables us to model
a wide range of degradation paths, in which the starting degradation signal can be random,
as well as the degradation pace over time. Furthermore, the degradation model can describe
degradation that has constant growth, increasing growth or decreasing growth over time.

Research Question 3 is: What condition-based rules should be used to trigger actions? For
diagnostics purposes, actions should be triggered if the subsystem is diagnosed to be running
out-of-control. An out-of-control diagnosis is done if a number of consecutive measurements
is diagnosed to be out-of-bound. A measurement is out-of-bound if the quality characteristic
exceeds some threshold. This threshold is set higher if the environmental factor is relatively
high, which may result in a lower proportion of false out-of-control diagnoses. An out-of-
control diagnosis should result in triggering an out-of-control-action plan (OCAP), for which

47
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recommendations are given in Section 5.3. For prognostics purposes, actions should be triggered
if the measured degradation signal exceeds a predefined control limit. This control limit is set
such that the average cost rate per maintenance cycle is minimized. This average cost rate is
calculated using a mathematical model that takes into account the frequency of different visit
types, the costs of these visit types, and the degradation model of the monitored subsystem.

Both the diagnostics control chart technique and the prognostics CBM model are tested in case
studies, and the result of these case studies are promising. For the control chart technique, we
found that impending defects can be diagnosed 32 hours to multiple days before machine errors
occur, which can be enough to plan a maintenance visit at the customer before the defect causes
machine downtime. For the prognostics model, we found that applying the CBM method may
reduce the average cost rate per year over 25 percent.

We expect that both the diagnostics control chart and the prognostics method can be used
to apply CBM on multiple other subsystems of a machine, provided a number of conditions.
For diagnostics, it should be possible to obtain a quality characteristic, of which the value is
conditioned to be more-or-less constant if the subsystem is in-control. Furthermore, the time
between the first opportunity of diagnosing a defect and actual failure of the subsystem should
be at least a couple of hours. Lastly, if there is an environmental factor that influences the
quality characteristic, it should be measured in the same physical quantity (e.g. a temperature)
in order to take the factor into account.

For prognostics, it should be possible to obtain a clear degradation signal that describes the
degradation of the subsystem and increases monotonically over time. Furthermore, it should
be possible to observe the degradation of the subsystem at least a couple of weeks before the
subsystem fails. Subsystems of a machine that degrade in shocks due to random events can be
modeled by our degradation model, as long as the impact on the degradation signal per shock
is not too large. If the impact per shock is large, degradation models such as compound Poisson
processes may be more suitable. Such degradation models can then still be used as input for
the maintenance decision support model.

This thesis contributes to academia in the following manners. First of all, our work confirms
that CBM is a promising maintenance strategy, which is often claimed in literature. Second, we
propose a control chart that can be used to diagnose impending failures in a machine. Last, we
contribute by applying a degradation model that takes into account a stochastic starting point
and degradation over time that is not necessarily linear in a practical case.

5.2 Limitations and future research

A number of limitations and future research directions can be identified from our research. First
of all, a limitation of our case selection method is that it does not necessarily select the issues
with the highest impact on machine downtime and part costs. In the error filtering process,
we select errors that have occurred most frequently, but these may not always be the errors
with the largest impact. Therefore, it might be interesting to investigate how machine learning
techniques can be used to automatically identify correlations between machine failure and sensor
data. Because such research is more in the field of data science instead of industrial engineering,
these sort of methods were out of scope in this thesis.

A limitation of our diagnostics method is the way we included the potential influence of an
environmental factor on the measured quality characteristic. As we concluded in our sensitivity
analysis in Section 3.3.5, it can be questioned to what extent the inclusion of the environmental
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factor in our model leads to better out-of-control diagnostics. Kenbeek et al. (2016) propose
a similar CBM control chart, which includes the influence of environmental factors using
regression analysis. Although the method of Kenbeek et al. does not fit to our situation,
it may be interesting to investigate whether regression analysis can be used to include the effect
of environmental factors on the degradation signal.

For our prognostics CBM method, we identify three limitations and future research directions.
First of all, a limitation of our degradation model is the way we converted the usage-based
degradation model of the sentry belt to a time-based degradation model. As described in
Section 4.3.2, we assume that the usage intensity during a degradation path is equal over time.
However, this may not always be the case, and thus it may be interesting to further investigate
how a usage based model can be properly converted to a time-based model.

Second, we did not consider spare parts supply in this thesis, but instead assumed that spare
parts are always available. It is interesting to investigate how spare parts supply can be
integrated in our proposed CBM method. This may for example be done by setting a second
control limit, lower than control limit C, which triggers spare part replenishment. Furthermore,
it may not always be clear what spare parts are needed at a maintenance action, because
we monitor subsystems instead of individual parts. This even brings an extra challenge in
integrating spare pare parts supply in our proposed CBM method.

Third, in our maintenance decision support model we determine a control limit that is used
to trigger maintenance actions. This control limit is fixed for each subsystem, and is optimal
for the general degradation behavior of the subsystem. However, if it is possible to monitor
the degradation of the subsystem real-time, remaining useful life estimations can be done for
individual subsystems, which can be used to set optimal dynamic control limits that trigger
maintenance actions. Elwany et al. (2011) propose such a model that optimizes maintenance
decisions on a real-time basis. It might be interesting to investigate if this model can be linked
to the model of Zhu (2015), such that the occurrence of USD’s are taken into consideration.

5.3 Recommendations

Finally, we provide practical recommendations for Océ in this section. We begin by providing
the three recommendations that we consider to be most important, after which we provide a
number of additional recommendations.

Define a clear out-of-control-action plan (OCAP) for diagnostics purposes
In order to implement the diagnostics control chart that is presented in Chapter 3, a clear OCAP
should be defined which describes what actions should be taken if an out-of-control diagnosis is
done. We recommend that at least the following steps should be included in this OCAP:

– The first step in case of an out-of-control diagnosis should be to identify an assignable
cause for the diagnosis. As we have found in Case study 1, it could be possible that an
excessively high environmental temperature causes the out-of-control diagnosis. In this
case, the customer should be contacted to discuss how the issue can be solved.

– If a defect in the subsystem is expected to cause the out-of-control diagnosis, the customer
should be contacted to plan a maintenance visit on short term. Given the results of Case
study 1, we recommend that the visit should be planned within 24 hours.

– If a maintenance visit is planned, the visit should be prepared by an FST, and spare parts
should be supplied by the logistics department.
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– Shortly before an FST will visit the customer site, it should be checked whether the
machine is still diagnosed as out-of-control. If this is not the case, the customer can be
contacted to cancel the visit.

Besides the steps discussed above, we recommend Océ to think about other steps to add to the
OCAP. For example, it may be possible to inspect more data to find which part is defective, or
customers can be asked to perform short tests to identify the root cause of the problem.

Define actions triggered by prognostics model
The idea of the prognostics CBM model presented in Chapter 4 is that it is inspected during
an SD or USD whether the monitored degradation signal has exceeded the control limit. If this
is the case, PM on the subsystem should be triggered. In practice, it is more convenient that
an FST is already notified that the control limit is exceeded shortly before an SD or USD. In
this case, the FST can make sure that the right spare parts are available during the visit, and
customers can already be contacted before an USD to ask for their permission to perform CBM.

We therefore recommend Océ to include the check whether the control limit is exceeded in the
visit preparation process. This can for example be done by giving an automatic notification
if an FST inspects the machine logbook remotely during the visit preparation. Similar to the
diagnostics recommendation provided above, it may then also be possible to inspect more data,
or contact customers to identify which service parts should be replaced.

Integrate CBM methods with spare parts logistics
As discussed in Section 5.2, we do not consider spare parts logistics in this thesis. We therefore
recommend Océ to further investigate whether the proposed CBM methods can be integrated
with spare parts logistics. For example, it may be possible to define a second control limit, lower
than control limit C, which can be used by the logistics department to trigger the replenishment
of spare parts. Furthermore, we recommend Océ to further investigate which parts can possibly
cause the degradation of the subsystem.

Additional recommendations
Some smaller but also important recommendations are the following. First of all, if Océ decides
to implement the proposed CBM methods, we recommend to update the parameter settings
of the methods regularly. This is important because more data becomes available over time,
which can improve the parameter settings and thus the performance of the CBM methods.
Furthermore, it may be possible to customize parameter settings to individual machines as
more data becomes available to improve the performance even further.

Second, we recommend Océ to investigate how machine learning techniques can be used to
automatically identify correlations between machine failure and sensor data, as discussed in
Section 5.2. Using such methods, new insights may be found that can be used for CBM purposes.

Third, we noticed during our research that it is very time-consuming to find out what exactly
is measured by which variable from the sensor data. We therefore recommend to invest the
time to provide a short description of each measured variable of the sensor data. Although this
is a time-consuming task, we expect that it will outweigh the time it takes for each individual
person to find out the meaning of a variable themselves.

Finally, we recommend Océ to develop a clear strategy on solving machine issues encountered
at multiple machines. It is often unclear if such issues should be solved by performing a redesign
or by changing the maintenance strategy on parts or subsystems. Having such a strategy can
prevent that both R&D and Service & Support are solving the same problems in parallel.
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Appendix A

Pictures VarioPrint i300 printer

Figure A.1: The VarioPrint i300 printer (VPi300)

53



APPENDIX A. PICTURES VARIOPRINT I300 PRINTER 54

Figure A.2: Locations of the subsystems in the VPi300 (Front side)

Figure A.3: Location of the maintenance box in the VPi300 (Rear side)



Appendix B

Diagnostics case study (Case 1)
Table B.1: List of machines for Case 1

Machine nr. Period Group Errors

Machine 1 Jan 2016 - Dec 2016 Training data No

Machine 2 Jan 2016 - Dec 2016 Training data No

Machine 3 Jan 2016 - Dec 2016 Training data No

Machine 4 Jan 2016 - Dec 2016 Training data No

Machine 5 Jan 2016 - Dec 2016 Training data No

Machine 6 Jan 2016 - Dec 2016 Training data No

Machine 7 Jan 2016 - Dec 2016 Test data Yes

Machine 8 Jan 2016 - Dec 2016 Test data Yes

Machine 9 Jan 2016 - Dec 2016 Test data Yes

Machine 10 Jan 2016 - Dec 2016 Test data Yes

Machine 11 Jan 2016 - Dec 2016 Test data Yes

Machine 12 Jan 2016 - Dec 2016 Test data Yes

Machine 13 Jan 2016 - Dec 2016 Test data Yes

Machine 14 Jan 2016 - Dec 2016 Test data No

Machine 15 Jan 2016 - Dec 2016 Test data No

Machine 16 Jan 2016 - Dec 2016 Test data No

Machine 17 Jan 2016 - Dec 2016 Test data No

Machine 18 Jan 2016 - Dec 2016 Test data No

Machine 19 Jan 2016 - Dec 2016 Test data No

Machine 20 Jan 2016 - Dec 2016 Test data No

Figure B.1, indicates that there exists a positive correlation between the temperature in the
maintenance box (x-axis) and the ambient temperature (y-axis). The temperature is denoted
in 0.1 degrees Celsius for both axes.

Figure B.1: Correlation plot of variables xij and yij
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Plots diagnostics result (Case 1)

(a) Machine 1 (b) Machine 2

(c) Machine 3 (d) Machine 4

(e) Machine 5 (f) Machine 6

Figure C.1: Diagnostics model per machine (training data-set)
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(a) Machine 7 (b) Machine 8

(c) Machine 9 (d) Machine 10

(e) Machine 11 (f) Machine 12

(g) Machine 13 (h) Machine 14
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(i) Machine 15 (j) Machine 16

(k) Machine 17 (l) Machine 18

(m) Machine 19 (n) Machine 20

Figure C.2: Diagnostics model per machine (test data-set)



Appendix D

Least squares regression
In this appendix, we shortly explain least squares regression by an example. Suppose that the
following measurements of degradation path i are found:

Time tij 0 1 2 3 4 5

Measurement xij 2 10 10 30 45 47

We want to model degradation path i according to some degradation model X(t) = θ̂1 + θ̂2t
2,

in which the values of θ̂1 and θ̂ should be determined. Suppose that in our degradation model,
we take θ̂1 = 5 and θ̂2 = 2, and thus X(t) = 5 + 2t2. A plot of the observed measurements
and degradation model can be found in Figure D.1. Now for each measurement xij , we can
calculate its distance to the degradation model X(t) by xij −X(tij), which is shown in Figure
D.1 by the black dotted line. The sum of the squared residuals (SSres) is found by:

SSres =

ni∑
j=1

(xij −X(tij))

Using least squares regression, the value of SSres is minimized by optimizing the values of θ̂1
and θ̂2.

Figure D.1: Least squares regression example

59



Appendix E

Distribution functions
Normal distribution

The PDF and CDF of the normal distribution are respectively given by f(x) and F (x):

f(x) =
1

σ
√

2π
e−

(x−µ)2

2σ2 , x ∈ (−∞,∞)

F (x) =
1

2

[
1 + erf

(
x− µ
σ
√

2

)]
, x ∈ (−∞,∞)

Log-normal distribution

The PDF and CDF of the log-normal distribution are respectively given by g(x) and G(x):

g(x) =
1

xσ
√

2π
e−

(ln x−µ)2

2σ2 , x ∈ (0,∞)

G(x) =
1

2

[
1 + erf

(
lnx− µ
σ
√

2

)]
, x ∈ (0,∞)

Weibull distribution

The PDF and CDF of the Weibull distribution are respectively given by h(x) and H(x):

h(x) =
β

η

(
x

η

)β−1
e
−(x

η
)β
, x ∈ (0,∞)

H(x) = 1− e−(
x
η
)β
, x ∈ (0,∞)
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Appendix F

First passage time PDF derivation
In this appendix, the derivation of the PDF of the first passage time fTχ(t), as discussed in
Section 4.1.3, is explained in more detail. In this thesis we model degradation according to a
random coefficient model of the form represented below.

X(θ1, θ2, t) = θ1 + θ2t
φ (F.1)

This degradation model represents the degradation level at time epoch t, in which θ1 and θ2
are random coefficients, and φ is a constant factor. Because of the random property of θ1,
the degradation level at start (t = 0) can vary for different monitored subsystems. Because
of the random property of θ2, the degradation pace over time can vary for different monitored
subsystems. I, because of the factor φ, the degradation pace over time is not necessarily constant,
but can for example increase or decrease over time. In Figure F.1, an example of the degradation
model is shown, in which θ1 = 5, θ2 = 2 and φ = 2.

Figure F.1: Example of the degradation model and threshold χ

Suppose we have a predefined threshold, denoted by degradation level χ. In Figure F.1,
threshold χ is plotted as an example (χ = 40). Then the CDF of X, FX(χ, t), represents
the probability that the degradation level X at time t is lower or equal to threshold χ. We
assume that θ1 can take any value (i.e. θ1 ∈ (−∞,∞)) and θ2 is non-negative (i.e. θ2 ∈ (0,∞)).
θ2 is assumed to be non-negative, because otherwise the condition of the observed asset could
improve over time. The equation below is derived from Zhu (2015).

FX(χ, t) = P{X(θ1, θ2, t) ≤ χ}

=

∫ u=∞

u=0
fθ2(u)

(∫ v=χ−utφ

v=0
fθ1(v) dv

)
du

=

∫ u=∞

u=0
fθ2(u) Fθ1(χ− utφ) du

(F.2)

The maximum boundary for v is set to χ − utφ because in the integral, it applies that u = θ2
and thus χ = θ1 + utφ ⇒ θ1 = χ− utφ.
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Note that if is θ1 is non-negative (i.e. θ1 ∈ (0,∞)), the following equation holds:

FX(χ, t) =

∫ u= χ

tφ

u=0
fθ2(u) Fθ1(χ− utφ) du (F.3)

If θ1 ∈ (0,∞), u is bounded from 0 to χ
tφ

, because it applies for θ2 that:

– If θ1 = 0⇒ χ = 0 + θ2t
φ ⇒ θ2 = χ

tφ

– If θ1 = χ⇒ χ = χ+ θ2t
φ ⇒ θ2 = 0

We derive the PDF of the first passage time fTχ(t), by elaborating on an example. Suppose
that both θ1 ∈ (0,∞) and θ2 ∈ (0,∞) follow a Weibull distribution with shape parameter β1
and scale parameter η1, and shape parameter β2 and scale parameter η2 respectively. We use
the Weibull distribution in this example, because it is mathematically convenient. If we fill in
the PDF and CDF of the Weibull distribution into FX(χ, t), we get the following equation:

FX(χ, t) =

∫ u= χ

tφ

u=0

(
β2
η2

(
u

η2

)β2−1
e
−( u

η2
)β2

)(
1− e−(

χ−utφ
η1

)β1
)
du (F.4)

Given threshold χ, Tχ is a random variable denoting the time epoch at which threshold χ is first
passed, called the first passage time. The CDF of Tχ, FTχ(t), represents the probability that the
first passage time is smaller or equal to time epoch t, thus FTχ(t) = P{Tχ ≤ t}. Since we know
that at time epoch Tχ threshold χ is passed, we know that P{Tχ ≤ t} = P{X(θ1, θ2, t) > χ},
and thus it holds that:

FTχ(t) = P{Tχ ≤ t} = P{X(θ1, θ2, t) > χ} = 1− FX(χ, t) (F.5)

Given the equations above, and the knowledge that both θ1 and θ2 follow a Weibull distribution,
we find that:

FTχ(t) = 1− FX(χ, t) = 1−
∫ u= χ

tφ

u=0

(
β2
η2

(
u

η2

)β2−1
e
−( u

η2
)β2

)(
1− e−(

χ−utφ
η1

)β1
)
du (F.6)

In order to find the PDF of the first passage time, fTχ(t), we differentiate FTχ(t) over t:

fTχ(t) =
dFTχ
dt

=
d(1− FX)

dt
= −dFX

dt

= − d

dt

(∫ u= χ

tφ

u=0

(
β2
η2

(
u

η2

)β2−1
e
−( u

η2
)β2

)(
1− e−(

χ−utφ
η1

)β1
)
du

) (F.7)

According to Leibniz’s rule (Casella and Berger, 2002), the following equation holds:

d

dt

(∫ b(t)

a(t)
f(t, u) du

)
= f(t, b(t)) · d

dt
b(t) − f(t, a(t)) · d

dt
a(t) +

∫ b(t)

a(t)

∂

∂t
f(t, u) du (F.8)
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Using Leibniz’s rule, we find:

dFX
dt

=

(
β2
η2

(
χ/tφ

η2

)β2−1
e
−(χ/t

φ

η2
)β2

)(
1− e−(

χ−(χ/tφ)tφ

η1
)β1
)
· d
dt

χ

tφ

−

(
β2
η2

(
0

η2

)β2−1
e
−( 0

η2
)β2

)(
1− e−(

χ−0tφ

η1
)β1
)
· d
dt

0

+

∫ u= χ

tφ

u=0

∂

∂t

((
β2
η2

(
u

η2

)β2−1
e
−( u

η2
)β2

)(
1− e−(

χ−utφ
η1

)β1
))

du

=

∫ u= χ

tφ

u=0

(
β2
η2

(
u

η2

)β2−1
e
−( u

η2
)β2

)
∂

∂t

(
1− e−(

χ−utφ
η1

)β1
)
du

(F.9)

And thus the following holds:

dFX
dt

=

∫ u= χ

tφ

u=0
fθ2(u)

∂

∂t

(
Fθ1(χ− utφ)

)
du (F.10)

Using the chain rule, we find that the partial derivative from Equation (F.9) can be written as:

∂

∂t

(
1− e−(

χ−utφ
η1

)β1
)

= −1 · e−(
χ−utφ
η1

)β1 · ∂
∂t

(
−
(
χ− utφ

η1

)β1)

=
β1
η1
·
(
χ− utφ

η1

)β1−1
· e−(

χ−utφ
η1

)β1 · −uφtφ−1

= fθ1(χ− utφ) · ∂
∂t

(χ− utφ)

(F.11)

And thus we can write fTχ(t) as:

fTχ(t) = −
∫ u= χ

tφ

u=0
fθ2(u) · fθ1(χ− utφ) · ∂

∂t
(χ− utφ) du

= −
∫ u= χ

tφ

u=0
−uφtφ−1 · fθ2(u) · fθ1(χ− utφ) du

(F.12)

By using the constant factor rule in integration we can simplify this to:

fTχ(t) =

∫ u= χ

tφ

u=0
uφtφ−1 · fθ2(u) · fθ1(χ− utφ) du (F.13)

Equations (F.12) and (F.13) apply for any other distribution for θ1 or θ2 on the domain (0,∞).
This is the case because we use the chain rule to find that Equation (F.10) is equal to:

dFX
dt

=

∫ u= χ

tφ

u=0
fθ2(u)

∂

∂t

(
Fθ1(χ− utφ)

)
du

=

∫ u= χ

tφ

u=0
fθ2(u) · fθ1(χ− utφ) · ∂

∂t
(χ− utφ) du

(F.14)
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If θ1 ∈ (−∞,∞), the following equation holds:

fTχ(t) =

∫ u=∞

u=0
uφtφ−1 · fθ2(u) · fθ1(χ− utφ) du (F.15)



Appendix G

Conditional first passage time PDF
derivation
In this appendix, the derivation of the PDF of the conditional first passage time fTH |TC (v|w),
as discussed in Section 4.1.3, is explained in more detail.

Suppose we have a failure limit H and a warning limit C, H > C. The passage time of H is
denoted by TH and the passage time of C is denoted by TC . Degradation is non-decreasing over
time, and thus TH > TC . We are interested in the probability density that failure threshold
H is passed at time TH = v, given that control limit C is passed at time TC = w. This PDF
is denoted by fTH |TC (v|w). In order to find fTH |TC (v|w), we first derive the CDF, denoted by
FTH |TC (v|w). This is the probability that failure threshold H is passed before time TH = v,
given that control limit C is passed at time TC = w.

Degradation is modeled according to the following equation, in which both parameters θ1 and
θ2 are random variables.

X(θ1, θ2, t) = θ1 + θ2t
φ (G.1)

Using this degradation model and the knowledge that TC = w, threshold C can be written as
follows:

C = θ1 + θ2w
φ (G.2)

From this we find that θ2 can be written in terms of θ1:

θ2 =
C − θ1
wφ

(G.3)

Now failure limit H can be written in terms of θ1 as well:

H = θ1 + θ2TH
φ = θ1 +

C − θ1
wφ

TH
φ (G.4)

And thus TH is:

TH =

(
wφ (H − θ1)
C − θ1

) 1
φ

(G.5)

Now FTH |TC (v|w) can be written as:

FTH |TC (v|w) = P{TH ≤ v | TC = w}

= P

{(
wφ (H − θ1)
C − θ1

) 1
φ

≤ v

}

= P
{
θ1 ≤

vφC − wφH
vφ − wφ

}
= Fθ1

(
vφC − wφH
vφ − wφ

)
, v ∈ [w,∞)

(G.6)
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Subsequently fTH |TC (v|w) is derived by differentiation:

fTH |TC (v|w) =
dFTH |TC
dv

= fθ1

(
vφC − wφH
vφ − wφ

)
d

dv

(
vφC − wφH
vφ − wφ

)
= fθ1

(
vφC − wφH
vφ − wφ

)
· φ (H − C)wφvφ−1

(vφ − wφ)
2 , v ∈ [w,∞)

(G.7)



Appendix H

Average cost rate prognostics
The probabilities of the occurrence of each scenario for a value of n ∈ N1 are respectively denoted
by P[1.1]n , P[1.2]n , P[2.1]n and P[2.2]n . They are given in the Equations below. The derivations
are obtained from Van Elderen (2016). Van Elderen based the derivations on the work of Zhu
(2015) and Teeuwsen (2016).

P[1.1]n =

∫ w=nτ

w=(n−1)τ

∫ v=nτ

v=w
(1− e−P (Y )λ(v−w))fTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

P[1.2]n =

∫ w=nτ

w=(n−1)τ

∫ v=nτ

v=w
e−P (Y )λ(v−w)fTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

P[2.1]n =

∫ w=nτ

w=(n−1)τ
(1− e−P (Y )λ(nτ−w))

∫ v=∞

v=nτ
fTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

P[2.2]n =

∫ w=nτ

w=(n−1)τ
e−P (Y )λ(nτ−w)

∫ v=∞

v=nτ
fTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

It is proven by Van Elderen (2016) that:

∑
n∈N1

[
P[1.1]n + P[1.2]n + P[2.1]n + P[2.2]n

]
=

∫ t=∞

t=0
fTC (t)dt

Our degradation model is of the form X(θ1, θ2, t) = θ1 + θ2t
φ, with φ being a constant factor,

and θ1 and θ2 being random coefficients. Because of the random degradation level θ1 at t = 0,
there is a probability that θ1 > C, equal to:

P{θ1 > C} = 1− P{θ1 ≤ C} = 1− Fθ1(C) = Rθ1(C)

This probability is not included in any of the four scenarios, and thus
∫ t=∞
t=0 fTC (t)dt = Fθ1(C).

We assume that if at the start of a new degradation path θ1 > C, the system is immediately
renewed at no costs, such that θ1 > C in for each degradation path i. Subsequently the
probability for each visit type are determined as follows, in which all probabilities are divided
by Fθ1(C) to ensure that PSD + PUSD + PCM = 1.

PSD =

∑
n∈N1

P[2.2]n

Fθ1(C)

PUSD =

∑
n∈N1

[
P[1.1]n + P[2.1]n

]
Fθ1(C)

PCM =

∑
n∈N1

P[1.2]n

Fθ1(C)
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The contributions to the cycle length L̇ of each scenario for a value of n ∈ N1 are respectively
denoted by L̇[1.1]n , L̇[1.2]n , L̇[2.1]n and L̇[2.2]n . They are given in the Equations below:

L̇[1.1]n =

∫ w=nτ

w=(n−1)τ

∫ v=nτ

v=w

∫ s=v−w

s=0
(w + s)g(s)dsfTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

with g(s) = λ(v − w)P (Y )e−λ(v−w)P (Y )s

L̇[1.2]n =

∫ w=nτ

w=(n−1)τ

∫ v=nτ

v=w
e−P (Y )λ(v−w)vfTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

L̇[2.1]n =

∫ w=nτ

w=(n−1)τ

∫ v=∞

v=nτ

∫ s=nτ−w

s=0
(w + s)h(s)dsfTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

with h(s) = λ(nτ − w)P (Y )e−λ(nτ−w)P (Y )s

L̇[2.2]n = nτ

∫ w=nτ

w=(n−1)τ
e−P (Y )λ(nτ−w)

∫ v=∞

v=nτ
fTH |TC (v|w)dvfTC (w)dw, ∀n ∈ N1

These contributions to the cycle length can be combined to find ECL for a given control limit
C, denoted by ECL(C):

ECL(C) =
∑
n∈N1

[
L̇[1.1]n + L̇[1.2]n + L̇[2.1]n + L̇[2.2]n

]



Appendix I

Prognostics cost parameters
In order to determine the optimal control limit C, we need to declare our cost parameters cSD,
cUSD and cCM . These parameters depend on different types of cost, which we describe in this
section. The composition of the cost parameters are similar to the composition described by
Van Elderen (2016). For more information of the composition of these costs, we refer to the
thesis of Van Elderen. The composition of the cost parameters depends on:

– Fixed costs

– Setup costs: Setup costs SSD and SCM are respectively made in case of an SD or a
CM visit. It applies that SSD < SCM , because an FST needs more preparation time
for a CM visit. Furthermore, during an SD multiple components are maintained,
and thus the setup costs for an SD can be shared by multiple parts. The average
number of parts maintained during an SD are denoted by NSD, and thus the setup
costs per part during an SD are SSD

NSD
.

– Penalty costs: Because CM visits cannot be planned, customers prefer PM over
CM. Therefore, a penalty cost is introduced for CM visits, denoted by cpen.

– Downtime costs

– Costs due to loss of income: Océ loses income from consumables (e.g. ink) when
the printer is down. The costs of this lost income per hour is denoted by closs.

– Costs due to extra planned slack time: If a printer needs CM often, customers
plan more downtime to deal with this uncertainty. Thus, more CM accounts for
extra loss of income due to downtime. The costs of this extra lost income per hour
is denoted by clossCM .

– Part related costs

– Part costs: These are the costs of parts that needs to be replaced, denoted by cpart.

– Costs of failure consequences: In some cases, a failure can cause further damage
to the printer. Therefore, in case of CM, consequential costs ccsq are made.

– Salary costs: These are the salary costs of a FST per hour, denoted by cfst.

– Repair time: The time in hours it takes to repair the system, denoted by Trepair.

– Response time: The time in hours it takes to respond to a CM visit, denoted by Tresponse.
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The cost parameter cSD, cUSD and cCM are composed according to the following equations.

cSD =
SSD
NSD

+ (cfst + closs) · Trepair + cpart

cUSD = (cfst + closs + clossCM ) · Trepair + cpart

cCM = SCM + cpen + (cfst + closs + clossCM ) · Trepair
+ (closs + clossCM ) · Tresponse + cpart + ccsq

Table I.1: Cost parameter values

Parameter Value Case 2 Value Case 3

SSD e45 e45

SCM e75 e75

cpen e100 e100

closs e180 e180

clossCM e60 e60

cfst e112 e112

NSD 5 parts 5 parts

Tresponse 2 hours 2 hours

Trepair 0.58 hours 1.25 hours

cpart e658 e162

ccsq e0 e0



Appendix J

Prognostics case study (Case 2)
Table J.1: List of machines and degradation paths for Case 2

Machine nr. Degradation paths

Machine 1 None

Machine 2 Path 2.1

Machine 3 Path 3.1, Path 3.2

Machine 4 Path 4.1

Machine 5 Path 5.1, Path 5.2

Machine 6 Path 6.1

Machine 7 Path 7.1

Machine 8 Path 8.1

Machine 9 Path 9.1

Machine 10 Path 10.1, Path 10.2

Table J.2: Start and end date-time per degradation path for Case 2

Degradation path Start path End path

Path 2.1 2015-09-05 10:47:30 2016-09-12 13:00:57

Path 3.1 2015-02-06 16:37:07 2015-09-18 08:58:29

Path 3.2 2015-11-12 18:04:34 2016-11-18 02:32:44

Path 4.1 2015-07-18 23:07:21 2015-09-24 01:57:59

Path 5.1 2016-07-13 16:03:29 2016-10-24 10:37:03

Path 5.2 2016-11-04 10:00:59 2017-01-25 17:50:01

Path 6.1 2015-10-06 17:45:56 2016-10-12 11:15:22

Path 7.1 2015-09-01 14:13:56 2016-05-02 15:26:51

Path 8.1 2016-04-21 11:46:32 2016-09-22 17:22:40

Path 9.1 2016-01-11 22:21:39 2016-08-16 18:17:22

Path 10.1 2016-03-31 14:36:11 2016-11-30 21:11:54

Path 10.2 2016-12-13 22:04:58 2017-02-28 21:59:58
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Figure J.1: Mean coefficient of determination (R̄2) per value of φ

Table J.3: Estimated parameter values per degradation path for Case 2

Path Parameter θ1 Parameter θu2 Parameter θ2
Path 2.1 604.5133 6.2424 · 10−8 45.4647

Path 3.1 556.9601 5.0963 · 10−7 238.6541

Path 3.2 562.7244 2.7217 · 10−8 37.0381

Path 4.1 586.9305 6.8976 · 10−6 14145.7601

Path 5.1 615.5157 2.8417 · 10−6 2809.3889

Path 5.2 579.1038 5.2092 · 10−6 6520.2889

Path 6.1 601.0269 2.9466 · 10−8 54.7640

Path 7.1 598.4757 2.3639 · 10−6 344.2954

Path 8.1 572.3049 3.8155 · 10−6 1316.7230

Path 9.1 597.4958 2.6891 · 10−7 371.1667

Path 10.1 576.2356 3.0442 · 10−6 486.3515

Path 10.2 621.3316 2.1654 · 10−6 8428.3933



Appendix K

Prognostics distribution fitting plots
(Case 2)
Figures K.1 and K.2 show the CDFs of the fitted distribution functions of respectively parameter
θ1 and θ2 for Case 2. The figures also show the empirical CDFs of the respective parameter θ1
or θ2. The closer the CDF of a fitted distribution is to the empirical CDF, the better the fit of
the distribution is.

Figure K.1: CDF of θ1 per fitted distribution

Figure K.2: CDF of θ2 per fitted distribution
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Figures K.3 and K.4 show the PDFs of the fitted distribution functions of respectively parameter
θ1 and θ2 for Case 2.

Figure K.3: PDF of θ1 per fitted distribution

Figure K.4: PDF of θ2 (log-normal and Weibull distribution)



Appendix L

Prognostics case study (Case 3)
Table L.1: Start and end date-time per degradation path for Case 3

Degradation path Start path End path Direction

Path 1.1 2015-11-01 00:00:00 2016-08-08 10:59:40 Up

Path 2.1 2016-12-20 13:00:00 2017-02-28 08:55:25 Down

Path 3.1 2016-05-10 07:42:28 2016-07-05 00:00:00 Down

Path 3.2 2016-11-28 16:00:00 2017-01-12 00:00:00 Down

Path 4.1 2016-02-01 00:00:00 2016-07-11 14:15:53 Down

Path 4.2 2016-07-24 00:00:00 2017-03-01 00:00:00 Down

Path 5.1 2016-12-13 14:00:00 2017-02-22 03:07:01 Down

Figure L.1: Mean coefficient of determination (R̄2) per value of φ

Table L.2: Estimated parameter values per degradation path for Case 3

Path Parameter θ1 Parameter θ2
Path 1.1 −767.148686 4375.208605

Path 2.1 −149.087266 107571.632836

Path 3.1 857.412835 53005.962043

Path 3.2 1066.164793 103577.655675

Path 4.1 541.103050 5377.465866

Path 4.2 −1087.130466 3643.646929

Path 5.1 −199.715033 30452.130291
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