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ABSTRACT
This master thesis describes a research project that is carried out at Marel Stork Poultry
Processing in Boxmeer. This thesis supports the introduction of Condition-based maintenance (CBM)
as part of its service strategy. The topic of this thesis is on the identification of failures before they
occur and the definition of a maintenance policy based on conditions currently available. First, we
formulate hypotheses to check relations among the conditions in the data and detect failure patterns.
Then, these patterns serve as input to develop a prognosis model for failures. We develop two models
and provide alternatives to optimize their predictive power. Next, we propose a decision-making
model that uses these predictions and observable conditions of the system to choose an optimal action
to perform. The outcome of the decision model is the CBM policy. Furthermore, a sensitivity analysis
is performed to assess the robustness of the decision-making model to define the CBM policy. We
apply these models to a selected system at Marel.
Note: company data in this report has been altered due to confidentiality reasons
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EXECUTIVE SUMMARY
This master thesis project is conducted at Marel Stork Poultry Processing. Marel Poultry offers inline solutions for each step of the poultry processing process. To accomplish the standards offered to
customers, keep lines running optimally, and remain competitive, Marel offers options such as
customized service packages that include maintenance activities (preventive maintenance) and service
agreements. As the service and maintenance operations are the main sources of revenues and growth
for Marel, the company is now moving away from a reactive service model towards a more proactive
one which motivates research around proactive maintenance activities.
Problem Statement
Marel is interested in proactive maintenance activities as part of the MGMC (Marel Global
Maintenance Concept). Marel’s goal is to extend maintenance activities; therefore, besides preventive
maintenance schedules, Marel is also interested in conducting predictive maintenance, also known as
condition-based maintenance (CBM). With this is in mind, an issue that Marel has been facing is the
lack of condition monitoring information and the limited historical failure data. Currently, Marel is
registering alarms from logistic control systems and performance data, but no further analysis has
been conducted to assess the usability of these data to support maintenance decisions. Then, this thesis
aims to identify which specific changes in data (e.g. alarms or performance measurements) are
potentially related to failure behaviors in the system and how this information can be used to aid
decisions regarding maintenance activities.
Research Approach
For analysis, we split the research into three parts performed in sequence:
1) We identify failure patterns by conducting relations analysis among the different variables in
the data, thus, evaluating the usefulness of the data for failure prediction.
2) We develop a binary logistic regression as a failure prognosis model by using failure patterns
identified.
3) We discuss a condition based maintenance policy which specifies the best action to take once
a prediction is made, based on the observable conditions of the system.
To detect failure patterns, we first need to identify the condition information available for each
system. Since the objective is to detect failures, we need to determine the appropriateness of such data
to provide knowledge regarding failures. Next, we analyzed relations among the condition variables
with the failure behavior. We formulate hypotheses to determine the existence of such relations and
their strength in terms of their significance level.
We proposed a binary logistic regression to develop the prognosis model since the outcome
variable presents two possible results: failure and non-failure. From the failure patterns identified, we
obtain the condition variables that this model uses as predictors. Careful attention must be paid to the
interpretation of the prognosis model results since the outcome of a logistic regression represents
probabilities. Then, it requires determining a cutoff value that allows deciding whether such outcome
is a failure or a non-failure. We proposed two alternatives to obtain optimal cutoff values, the first one
is to maximize the accuracy of the prediction, and the second is to balance the amount of true positive
and false positive predictions. To evaluate the predictions, we compute performance measures
commonly used for prognosis models.
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We proposed a decision-making model to choose upon maintenance activities, such model is
described as a Markov decision process. The observable conditions of the system are the number of
alarms triggered during the day. These alarms are used as predictors to determine whether a failure
will occur or not the next day. Therefore, such alarms can be used to decide on actions to fix those
potential failures. To define the states, we proposed to split the number of alarms (observable
variables) in such a way that the probability of failure increases from one state to another. Then, we
are defining three possible actions for the model to choose in each state: “Do nothing”, “Minimal
repair”, and “Major repair”. This selection outcome is the CBM policy.
Results
The sequence of analyses performed in this research constitutes a framework to support
maintenance decisions through early failure detection. The framework starts identifying failure
patterns, followed by defining failure predictions and finally deciding on actions to determine a CBM
policy. This framework is applied to Marel by using the current data available.
We conduct the relation analysis to determine failure patterns. First, we found that the two lines
more attractive to study are the slaughter line and the evisceration line, the latter one was selected for
this research. Second, we assert that the most remarkable finding is the existence of a strong
correlation between warning and fatal alarms with the failure status next day. Afterwards, the data
revealed that the pattern “warning-fatal-failure next day” is presented the 50% of the time. By
contrast, no significant correlations were detected for the other conditions variables tested.
We develop a prognosis model employing logistic regression. The models suggested that the
association between warning alarms and failure next day is stronger than the association with fatal
alarms. Consequently, this generates considerable interest on watching carefully warning alarms. For
model evaluation, we hypothesize that missing failures are, to some extent, tolerable, since they are
comparable to the current situation. This statement implies more interest to concentrate on correct
failure predictions and false alarms. However, we are not choosing any specific value. We leave this
selection decision to Marel, but provide a fair comparison of results by using each of the cutoff values
obtained in our scenario analysis. Finally, we determine that regardless the cutoff value selected, there
are potential savings by conducting preventive maintenance activities following the results of the
prognosis model.
Given the limited information available to set up the decision model, we conducted a sensitivity
analysis. Our results offer compelling evidence for changes in the optimal policy when differences
between minimal repair costs and major repair costs are significant. Our findings revealed
maintenance costs as a sensitive variable to define an optimal maintenance policy. Another finding,
though slightly less evident in the results, refers to changes in the optimal policy when transition
probabilities are assumed high or low. This last finding highlights that probabilities become critical
values to determine an optimal policy when condition variables are limited. Then, we defined a CBM
policy through decision trees illustrating the break-even points where optimal policy changes in each
state.
Managerial Implications
This work has demonstrated that:
1) The data currently available can be used for predictive purposes, revealing that failure
patterns are linked with alarms triggered by the system.
2) Even though limited condition information data is available, it is possible to extend
preventive maintenance schedules to predictive maintenance (CBM).
iv

3) Significant savings can be obtained in maintenance costs when implementing predictive
maintenance. Savings can range from 23% to 61% depending on how the models are
initialized.
4) Our approach to support maintenance decisions through early failure detection could be
applied to other systems and customers by updating the models with their corresponding
information. In our view, these results present an important initial step towards proactive
maintenance as part of the MGMC. Additionally, to support implementation, we have adapted
the models to work as Excel tools.
Recommendations to Marel
The research project conducted results on several recommendations for Marel to introduce
condition-based maintenance as part of its MGMC. Four significant recommendations are:
1) Start a pilot project to implement in practice the framework proposed: We obtained promising
results from the implementation of the models using data from the evisceration line. We
suggest conducting a pilot project in this line to validate the application in practice of such
models. By doing this, people at the company can be familiarized with the models and more
realistic results can be gained.
2) Apply the framework to other lines and customers: We suggest extending it first to the
slaughter line since our results demonstrate that such line is suitable for this purpose. Then,
results from both lines can be used as an opportunity to motivate other customers to share the
information needed to apply the approach proposed.
3) Enhance the quality of failure reasons: We recommend an in-depth analysis of warning and
fatal alarms per type. We have already obtained satisfactory results demonstrating that this
analysis can be useful. However, more detailed information needs to be registered to provide
accurate evidence to conduct maintenance. A starting point could be enhancing the level of
information of warning and fatal alarms since this study proved a significant relation between
these alarms and failures. Thus, once more information becomes available, further tests
should be carried out before being able to define prognosis and decision-making models.
4) Improve data collection task: The analyses we conducted during this research showed some
issues regarding current data available indicating that there is room for improvement in this
regard. First, we recommend revising current registration criteria to manage inconsistent and
unnecessary records that complicate data processing and, if used for analysis, can corrupt
results. Next, we suggest to extend and to standardize data collection period for the different
data sources to provide more accurate information to determine failure predictions and their
potential causes.
Academic Relevance
This thesis contributes to research in prognosis-based maintenance decision-making using event
data to represent the condition of the system. The developed framework to support maintenance
decisions through early failure detection offers immediate action based on a long-term maintenance
policy that minimizes maintenance costs. Unlike, other approaches that base such decisions on
deterioration behavior over the useful life of components, we offer a maintenance decision process
based on system errors over a short-term (daily basis). Additionally, we include performance
measures from the prognosis model in the decision model to account for the uncertainty on the
selection of such decisions. However, there is additional uncertainty in the determination of failure
reason that is left out of the scope of this research. Consequently, we suggest that future work should
concentrate on enhancing the quality of such failure reasons to provide more accurate maintenance
decisions.
v
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1. CHAPTER 1: INTRODUCTION
This master thesis project is conducted at Marel Stork Poultry Processing. Marel Poultry offers inline solutions for each step of the poultry processing process. To accomplish standards offered to
customers, keep lines running optimally, and remain competitive, Marel offers options such as
customized service packages that include maintenance activities (preventive maintenance) and service
agreements.
The service and maintenance operations are the main sources of revenues and growth for Marel,
delivering around 40% of the company’s revenues. The company is now moving away from a reactive
service model towards a more proactive one, preventing downtime in their customers’ production
facilities, and secure peak productivity at all times. For this purpose, Marel is evaluating the
possibility to implement condition based maintenance (CBM) activities in its equipment. Based on
that, this research aims to support the introduction of CBM to a Marel system(s), by assessing the
usability of current data available for predictive purposes, and identifying which specific changes in
data are potentially related to failure behaviors in the system.
This chapter is organized as follows. Section 1.1 describes the company background and explains
the poultry processing process. Next, Section 1.2 explains the maintenance concept at the company, as
well as previous research conducted in CBM. Then, Section 1.3 discusses the data currently available
for this thesis. Finally, Section 1.4 presents the structure of the report.

1.1.

COMPANY

AND BACKGROUND
Marel is the leading global provider of advanced processing systems and services to the Poultry,
Meat and Fish industries. Its global presence counts with around 4,700 employees, offices and
subsidiaries in 30 countries across six continents, and a network of more than 100 agents and
distributors. Marel’s vision is a world where quality food is affordable and produced in a safe and
sustainable way.
Marel’s total revenues for 2016 reached €983 million while the net profit amounted €75,8
million.The increase in revenue and earnings per share by 18% and 34%, respectively, and compared
to previous years, reflect the strong operating results of Marel.
Furthermore, Marel is highly focused on innovation. In 2016, Marel invested €63 million in
innovation, corresponding to 6.5% of their revenue. Marel’s future success is based on its ability to
bring innovation to the market and deliver value to customers.
The poultry segment accounted for 52% of Marel’s revenue in 2016. Marel Poultry offers in-line
poultry processing solutions such as customized service packages that include maintenance activities
(preventive maintenance) and service agreements. The service and maintenance for the poultry
segment contribute to almost half of the company’s revenues.

1.1.1. POULTRY PROCESSING PROCESS
Marel provides solutions for each step of the poultry processing process. These steps are mainly
automatic and, in some parts, the steps are combined with manual activities. Production capacities
range from 500 to 15,000 broilers per hour (bph). Figure A.1 in Appendix A illustrates an example of
a poultry processing layout and classifies the steps into primary processing and secondary processing.
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Primary processing starts with the supply of broilers into the factory. Next, broilers are stunned
and further hanged into the slaughter line. After neck or throat are cut, broilers are scalded and
plucked and are ready to be transferred to the evisceration line. In this line, the viscera pack is
separated from the broiler. Then, intestines are treated in the giblet processing line. Finally, carcasses
are transferred to the chilling line.
Secondary processing starts with weighting, grading, and distribution of carcasses coming from
the chilling line. These carcasses are transferred to the proper line for further processing, which
includes: cut up, deboning, batching, portioning, and slicing. Then, the process finalizes with the
completion of packaging considering presentation specified by the customer. A more detailed
description of the poultry processing is provided in Appendix A.

1.2.

MAREL GLOBAL MAINTENANCE CONCEPT

The Marel Global Maintenance Concept (MGMC) shown in Figure 1.1 aims to fulfill Marel’s
service vision of supporting customers’ preferred balance between maximum uptime, minimal cost of
ownership, and highest yield. The balance among these three characteristics is known as the Golden
Service Triangle. By following their service vision, Marel attempts to generate added value 1 to its
customers, and achieve a successful transition from a product-oriented to a service-oriented
organization (Marel, 2013).
Marel has a Global Maintenance Service Strategy (MGMSS) to support its MGMC. This strategy
consists of 3 elements: corrective maintenance, proactive maintenance, and continuous improvement
plans. To be clear with the terminology, the definitions used by Marel to refer to these terms are
explained in Appendix B.

Figure 1.1: The Marel Global Maintenance Concept

1.2.1. CONDITION BASED MAINTENANCE (CBM)
MGMC includes proactive maintenance activities. Currently, within these proactive activities,
Marel is performing operational and preventive maintenance plans. Predictive maintenance is limited
to periodic inspections of identified condition directed parts with replacements only when conducting
total overhauls unless recommended otherwise. To meet customer demands for high availability and
1

Customers want to increase focus on processing instead of maintaining the equipment
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less downtime, Marel needs to increase its service potential and extend predictive maintenance
activities.
Preventive maintenance helps to reduce unscheduled downtime costs; however, maintenance
costs might increase to a point where it can surpass the profit generat ed for such initials reductions.
To keep this trade-off in balance and even benefit from it, unnecessary scheduled preventive
maintenance operations should be avoided by taking actions only when there is evidence of abnormal
behaviors that threaten the performance of the machine (Jardine, Lin & Banjevic, 2006). Thus,
proactive maintenance should be extended from fixed schedules to condition based maintenance with
condition-dependent schedules.
Marel is aware of this situation and has already begun to do research regarding condition based
maintenance and its implementation.
In previous master’s thesis projects, Hussein (2012) discussed the use of a CBM program to
optimize the current preventive maintenance service at Marel. The author developed a CBM-policy to
optimize maintenance based on technical and economic feasibility criteria, proving that by doing
condition monitoring, it was possible to reduce downtime costs and improve availability. However,
due to data unavailability, he built case studies with simulated data and conducted sensitivity analysis
to validate his results. One important remark concluded by Hussein is that the shape of the RUL
distribution function extremely influences the performance of the CBM policy, meaning that special
attention should be paid to RUL estimations.
Subsequently, van Dorst (2014) continued analyzing CBM at Marel focusing on the applicability
of condition monitoring (CM) and RUL prediction of components. The author proved the usefulness
of such predictions on the poultry processing industry, by implementing a chain CM system and
further developing a case study for chain monitoring. Nevertheless, since the condition monitoring
information was collected for a limited time span, RUL estimations were only validated for
predictions with a relatively short interval. Despite this limitation, his work provides substantial
recommendations to optimize replacement criteria.
Houben (2014) extended condition monitoring for more components and motivated the use of
performance data for RUL estimations. The idea behind this analysis is to relate trend change to
component wear. For this purpose, he analyzed the suitability of each machine for performance
monitoring and identified its critical components. Given that data for wear limits were not available,
the project focused on statistical process control. A case study was conducted and it was proved that
performance monitoring can reduce unscheduled downtime costs. However, actual estimations of
RUL distributions were not obtained. Instead, warnings of changes in the behavior of a station were
provided, resulting in useful information to support field service engineers identify where to search
for the problem or the worn components.
To sum up, Marel continuously invests on research projects about CBM. Previous projects have
all faced data constraints, which limited RUL estimations. Nevertheless, previous projects provide
useful recommendations by evaluating case studies that show that CMB is possible with the adequate
data. Although the current situation does not differ in this sense, more work is required to fully
implement a predictive maintenance approach. Condition monitoring needs to keep extending, so that,
by covering more machines, more accurate data regarding failure behaviors becomes available.
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1.3.

DATA AVAILABILITY

For this research, there are three sources of information:
•

•

•

Equipment monitoring data: alarms registered from programmable logic controller (PLCs).
Alarms are registered in several levels (i.e. info, warning, error and fatal), and include a short
description of the alarm as well as the module of the system that triggered such alarm. This
information is available for the last 365 days exactly.
OEE data: production detection data from the end of the line, that reflect the effectiveness of
the system in terms of availability, performance, and quality. These data can be: OEE status
(e.g. running, failure, idle, line restraint, etc.), duration of the status (in hours), speed of the
line (in pieces/min), and quality of the order processed (in percentage). Additionally, these
data provide reasons for stops, losses of performance, and losses of quality. This information
is available for the past 3 years.
Downtime: periods when a system is unavailable due to failures. These data contain the type
of downtime (e.g. organizational, mechanical, and electrical), the duration of the downtime
(in minutes) and an explanation for such downtime. Ideally, this information should match
with the failure status from OEE.

The first two sources can be retrieved directly from the shared system between Marel and the
customer while the last one should be requested to the customer. Other sources of information include
expert knowledge from service and software engineers responsible for maintenance activities and data
management respectively. Observations derived from Equipment monitoring data and OEE data are
registered for a specific time stamp, meaning that each record has its own date and time. Downtime
records are registered per day.

1.4.

STRUCTURE OF THE THESIS

The remainder of this report is organized as follows.
Chapter 2 discusses the research design, which involves the definition of the problem, goal, and
research questions. This thesis aims to answer the main research question which has been split into
three more specific ones for analysis. The approach followed to answer the research questions is also
included.
Chapter 3 discusses the first research question regarding failure patterns. It presents the
hypotheses that were tested to identify such patterns and finalizes with a description of the most
significant relations found.
Chapter 4 refers to the second research question which refers to the prognosis model. It describes
the steps to model failure prediction and discusses two alternatives to improve the accuracy of the
model. It also presents a cost analysis to illustrate potential benefits that can be obtained from this
model.
Chapter 5 presents a CBM policy using the predictions determined in Chapter 4. This policy is
modelled as a Markov decision process which aims to decide on the best action to take depending on
the conditions of the system. This chapter finalizes with a cost comparison between the current
situation and the expected costs after implementing the proposed policy.
Finally, Chapter 6 presents the conclusions, managerial implications, recommendations, and
directions for future work derived from this research.
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2. CHAPTER 2: RESEARCH DESIGN
This chapter discusses the research design. Section 2.1 describes the problem to be solved.
Section 2.2 discusses the goal of the research. Section 2.3 translates the problem and goal to research
questions. Finally, Section 2.4 explains the steps to follow to answer the research questions.

2.1

PROBLEM DEFINITION

Marel is interested in proactive maintenance activities as part of the MGMC. Marel’s goal is to
extend maintenance activities; therefore, besides preventive maintenance schedules, Marel is also
interested in conducting predictive maintenance (CBM). With this is in mind, an issue that Marel has
been facing is the lack of condition monitoring information and limited historical failure data.
Previous master’s thesis projects on the CBM area managed to collect few data, by developing study
cases for specific machines. These projects have proved the applicability of CBM in the poultry
industry (Hussein, 2012; van Dorst, 2014; Houben, 2014). However, the introduction of CBM has not
yet formally started due to unavailability of condition monitoring data. Currently, Marel is registering
alarms from logistic control systems and performance data in form of OEE measurements, but no
further analysis has been conducted to assess the usability of these data to support maintenance
decisions.

2.2

GOAL

The main goal of this project is to support the introduction of CBM to a Marel system(s). The first
step for Marel is to look into the data currently available. It is desired to identify failure behavior
before they occur, in order to take proactive actions, preventing issues that can cause downtimes in
the system. With this in mind, Marel wants to assess the usability of data currently available, for
predictive purposes. The goal is not only to define whether the data is suitable for prediction or not, it
is also to provide a framework (model) to identify which specific changes in data (e.g. alarms or
performance measurements) are potentially related to failure behaviors in the system, and how this
information can be used to support decisions regarding maintenance activities.

2.3

RESEARCH

QUESTIONS
Based on the problem defined and the goal of Marel, the main research question of this master
thesis project is defined as follows:
How to support maintenance decisions of (a) Marel system(s) through early failure detection using
available data?
The main research question is broken down into three, more specific, research questions that are more
manageable to answer in order to reach the research goal.
In the absence of condition monitoring information about the degradation behavior of the system,
one main source of information is the alarms triggered by the systems and OEE records. Marel is
interested in evaluating whether these alarms and performance registrations can be used for predictive
purposes. Therefore, the first research question is:
1. How can failure patterns be detected using condition information?
Once patterns are identified from the data, the system failure behavior is conceptually described.
Next, it is necessary to develop several models using the different observable variables available to:
assess the suitability of such data, predict failures, evaluate the models, and recommend the one(s)
that perform best. This raises the second research question as follows:
5

2. How to develop a prognosis model for a system?
To further prove the usefulness of the developed prognosis model, it is important to investigate
the impact that its implementation would have on maintenance decisions. Then, the results from
previous analysis (RQ1 & RQ2) should be addressed to understand their contribution to maintenance
decision making. Thus, the third question is:
3.

2.4

How can the results be used to improve maintenance decisions of a system?

RESEARCH APPROACH

This master thesis project is structured based on the reflective and regulative cycle proposed by
van Aken (2004) in combination with the model developed by Mitroff, Betz, Pondy, and Sagasti
(1974). The research model presented in Figure 2.1 illustrates the steps to follow during this research
project where the general case to study is predictive maintenance in the capital goods industry.

Conceptualization
Current Situation

Data Available

Previous Research

Research Proposal

Experimentation
RQ1

Data Analysis

Patterns

RQ2

Modelling/Design:
Prognosis model

Implement

Evaluate

RQ3

Modelling/Design:
Decision-making
model

Implement

Evaluate

Reflection

Conclusions, Recommendations and Managerial Implications

Figure 2.1 Research model followed in this thesis

The conceptualization stage deals with the definition of the particular problem to be solved and
the field variables that will be used as well as the level at which the variables will be treated e.g.
macro or micro perspective (Koornhof, 2001). In this stage, the current situation was studied, previous
research in the area was reviewed, and we discussed data availability. These steps resulted in the
research proposal and contributed partly in answering the first research question.
The experimentation stage includes: the design, implementation, and evaluation of the design.
This is an iterative search process that continues until a satisfactory solution is crystallized
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(Heusinkveld & Reijers, 2009; Steenhuis & Bruijn, 2006). In this stage, relationships were analyzed
and linked to failures; which is the feature of interest being investigated. Then, mathematical
techniques were used to develop a prognosis model and a decision-making model. These steps
answered the three research questions of this project.
Finally, after obtaining a satisfactory solution that is applicable to the specific case under study,
the reflective cycle by van Aken (2004) is followed to derive generalizable insights, by reflecting on
results obtained after the experimentation stage. This stage resulted in: managerial implications of the
study, conclusions, recommendations, and directions for future work derived from this research.
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3 CHAPTER 3: FAILURE PATTERNS
This chapter discusses the first research question:
RQ1: How can failure patterns be detected using condition information?
To answer this question, we first need to determine how useful the data will be for prediction
purposes and select an appropriate system to study. Then, we need to understand and define the
relations among the variables in the data. With this purpose, Section 3.1 comments briefly on data
collection and the time period considered for this research. Section 3.2 presents a general analysis to
determine the system most suitable for the study. Next, Section 3.3 presents the hypotheses we
formulated to test relations on the data. In Section 3.4, we discuss the results and present the patterns
identified. Finally, Section 3.5 summarizes the main findings of this chapter.

3.1

DATA GATHERING

The poultry processing process is divided into primary processing and secondary processing, as
explained in Section 1.1.1. Data used for this research correspond to the primary processing steps. The
lines that belong to this category are: live bird handling, slaughter line, evisceration line, chill line,
and giblet line.
Data available for this research are retrieved from one customer with whom Marel has a
collaborative relationship. Alarms records and OEE data are downloaded from the shared system
between Marel and its customer. This shared system allows Marel to monitor the operations of the
lines at the customer factory, in real time. To extract such information from the system, some SQL
queries were performed with the support of a software engineer from Marel. Due to the short time
interval of registration (e.g. seconds), we should manage a high volume of data. For example, one
month of records has around 50,000 observations. This high volume represented the main issue for
data analysis. Consequently, first we analyzed the data per month, and afterwards we join the
information for longer periods. In this manner, it was less troublesome to combined different data
sources.
As mentioned in Section 1.3 in Chapter 1, alarms records are only available for the past 365 days,
since records are overwritten in the same database. OEE records are available for the past three years
before they are overwritten as well. Due to this time constraint, and since the objective is to combine
these sources of information, the period selected for data collection is 365 days; from 10 April 2016 to
9 April 2017. For downtime records, data are available for a longer period; however, these data are
requested to the customer for the period selected.

3.2

GENERAL OVERVIEW

OF ANALYSIS
To determine the appropriateness of the data, we need to keep in mind that the objective of the
analysis is to gain knowledge about how the data will allow us to identify failures before they occur.
Then, a general analysis is conducted for each line individually, and results are compared among all
the lines afterwards.
For this general analysis, we consider the aggregation period as days. As stated previously, the
objective is to identify failures before they occur; consequently, a time period less than one day does
not provide pertinent information for this research. Aligned with this, since the final goal is to be able
to make predictions, features of interest are the ones related to a failure condition. In this case, we
select OEE status and downtime records, since both clearly show failures. Note that, the main
difference between OEE failure status and downtime records is that the first one is registered
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automatically through a control system (not necessarily an actual stop), while the latter one is
registered manually by the operators at the customer factory and therefore likely a real stop.
The observation of interest from OEE records is the failure status. As the period of aggregation is
days, we are interested in knowing how many days presented failures and the duration of such
failures. Analogously, we can obtain the same information for downtimes. Remember that downtime
records are available per day. Then, aggregation is not necessary, and we can simply count the
number of days that presented a downtime and sum the total duration of such downtime for the period
selected.
From this information, we can directly compute the proportion of failures in the data, the
proportion of downtime in the data, and the percentage of the duration of the failures in the data (by
dividing to the total uptime). Note that failure proportions are computed by dividing the number of
days with failures by the total number of days. The same applies for the proportion of downtime. This
information is presented in Table 3.1.
Table 3.1 Proportion of failure and downtime in the data

Proportion of
failures in the
data

Duration of
Proportion of
failures as a
downtime in
percentage of
the data
total production
time

Duration of
downtime as a
percentage of
total production
time

Live bird handling
Slaughter Line

0.72
0.54

0.53
0.74

2.55%
3.46%

0.37%
2.19%

Evisceration line

0.60

0.47

2.17%

1.96%

Giblet line

0.11

0.04

0.54%

0.37%

Chill line

0.20

0.10

1.06%

0.09%

Table 3.1 shows that the top three lines with longer duration of failures in the year of analysis are:
live bird handling, slaughter, and evisceration line. Moreover, it is noticeable that there is a variation
between the duration of the OEE failure status and the duration of the downtime for the same line,
which might also be related to the variation of proportions of failures and downtimes.

3.2.1 CRITERIA SELECTION
To select an adequate system to analyze, we followed three criteria based on the values obtained
in the previous section. These criteria are: balance, relevance, and coherence. We define them as
follows:
1) Balance: the amount of failure and non-failure observations should be comparable. Since the
goal is to predict failures, then having balanced data will avoid biasing results to one side (i.e.
failure or non-failure).
2) Relevance: the aggregated duration of the failure in the data of the system selected should be
large compared to the other systems. A higher duration of failures means that the system is
worthy of analysis since there is room for improvement.
3) Coherence: failure and non-failure records should be validated. In this case, this validation
can be done by comparing the OEE failure status observations with the downtime records and
determining the matching ratio. This ratio is defined as the number of days that presented
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both, OEE failure status and downtime, divided by the total number of days. A higher ratio
means a more coherent dataset.
The first two criteria can be determined by using the information in Table 3.1. By following these
criteria, the chill line and the giblet line can be immediately discarded: they present a small proportion
of failures and small duration of failures (and downtimes). In terms of balance data, the slaughter line
and the evisceration line are the most attractive. Continuing with these two lines that seem more
suitable after applying the first criterion, we can conclude that both lines also meet the second
criterion. Finally, for the coherence criterion, we need to determine the matching ratio between
failures and downtime records. Table 3.2 shows these ratios, and in this case, the evisceration line
outperforms the slaughter line.
We also analyzed the difference in duration between failures and downtimes for the evisceration
line and the slaughter line. Such difference might be attributed to the fact that failures are registered
automatically, while downtimes are registered manually. Then, there might be cases where short
durations are omitted in the downtime records, causing failure duration to be higher. To test such
assumption, we deleted durations less than 1 minute and we found that differences in duration
decreased from 37% to 7% for the slaughter line and from 11% to 6% for the evisceration line.
Meaning that failure duration still is longer than downtime duration for both lines. However, special
attention should be paid to these registration differences in the future. Thus, we recommend to further
investigate the reasons behind such differences between failures and downtime records.
Results suggest that both the slaughter line and the evisceration line are good candidates for
failure prediction. However, due to the short intervals in which records are registered (as discussed in
Section 3.1), datasets are considerably large. Consequently, it is necessary to narrow the scope and
select one line to analyze in depth. Thus, the line selected for the analysis is the evisceration line,
since failure and downtime observations are more consistent with this line. From now on, when we
refer to “the system” it will be the evisceration line and its corresponding data.
Table 3.2 Matching ratio between failures and downtime observations

Matching ratio
0.67
0.70
0.75
0.90
0.87

Live bird handling
Slaughter Line
EV line
Giblet line
Chill line

3.3

DATA ANALYSIS

The objective is to identify failure patterns in the data. Such patterns are the relations between the
observable variables and the outcome variable which represent the failure observation. Moreover, to
evaluate not only direct relations with the outcome variable, but also contemplate the possibility of
having indirect relations, correlations are also analyzed among the observable variables. Prior to
conducting this analysis, it is necessary to prepare the data; this involves cleaning and aggregation
steps. These data preparation steps are discussed in Appendix C.
Relations among variables are analyzed for different periods: the same day, the next day and the
next two days. Section 3.3.1 defines the hypotheses to be tested, and Section 3.3.2 explains how the
evaluation of such hypotheses is performed.
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3.3.1 HYPOTHESIS DEFINITION
Failure status is considered a categorical variable due to its two only possible outcomes: fails and
does not fail. The rest of the variables in this study are considered as metric variables (e.g. number of
warning alarms, maximum performance, etc.). Consequently, two general hypotheses are defined for
all relations needed to be tested. A.1 and B.1 represent the null hypotheses, and A.2 and B.2
characterize the alternative hypotheses.
1) Metric variable vs categorical variable
A.1: There is no difference in means of the observable variable between the two categorical
groups (failure and non-failure)
A.2: There is a difference in means of the observable variable between the two groups (failure
and non-failure)
2) Metric variable vs metric variable
B.1: Correlation between observable variables is equal to 0
B.2: Correlation between observable variables is not equal to 0

3.3.2 HYPOTHESIS TESTING
To evaluate the relationship metric variables and categorical variables, we can organize the data
as boxplot to compare the difference of the metric variable between the groups of the categorical
variable, or a t-test to determine the statistical significance in the mean of the metric variable for each
category of the other variable. In this work, we are employing Welch two sample t- test by using R
software.
Additionally, we are testing hypotheses A.1 and A.2 for the categorical variable associated to
downtimes; since we need to check that relations among the metric variables and failures (if any) are
analogous to relations among the same metric variables and downtimes. This similarity is expected
since failures and downtimes, both indicate that the line is stopped due to a malfunction. However,
failures are automatically registered through a control system, while downtimes are manually
registered by the operators at the factory.
To evaluate the relations among the metric variables we use Pearson’s Correlation coefficient and
a t-test to determine its significance level.

3.4

PATTERNS
The hypotheses A.1 and A.2 are tested for two different categorical variables: failures and
downtimes. Notice that failures are taken from OEE records while downtimes are provided by the
records from the customer. The metric variables tested are alarm levels and performance measures.
Alarms levels can be: info alarm (level 1), warning alarm (level 2), error alarm (level 3), or fatal alarm
(level 4). The performance measures considered are: minimum performance, maximum performance,
and average performance. As a reminder, alarms variables represent a counting value indicating the
number of alarms in a day, whereas performance measures take the minimum value, maximum value,
and average value of the day, respectively, for each variable. Fatal alarms are classified in two: stop
the line, and do not stop the line. In this analysis, we are only considering the fatal alarms that stop the
line, since those alarms are more relevant to identify failures.
Our results suggest that the number of warning and fatal alarms triggered in one day is related to a
failure status the same day, the next day, and the next 2 days. From such results, we can infer that a
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greater number of warning and fatal alarms implies that it is more likely to present failure status the
same day, the next day, and the next 2 days. However, when evaluating such relations for the
categorical variable downtime, we only found relations between warning and fatal alarms triggered
one day with failure the same day. For downtimes during the next day, we found significant
differences in means for warning alarms only. In the case of downtimes during the next 2 days, we
found no statistical difference in any of the alarm levels.
Table 3.3 presents the significant relations found between each alarms level with failure and
downtimes, for the 3 different periods tested. Put differently, this table presents the cases where the
observable variables are the alarms levels and we reject hypothesis A.1. Non-significant relations with
their corresponding p-values can be found in Appendix D.
Table 3.3 Cases where Hypothesis A.1 is rejected when observable variable is alarm levels

Period
Same day
Next day
Next 2
days

Observable
variables
Warning Alarm
Fatal Alarm
Warning Alarm
Fatal Alarm
Warning Alarm
Fatal Alarm

Categorical variable
No
Failure
Failure
4.316
2.129
5.037
2.870
3.995
2.976
4.798
3.482
3.877
3.270
4.835
3.388

p-value
<0.001
<0.001
<0.001
0.008
0.048
<0.001

Categorical variable
No
Downtime
Downtime
4.605
2.699
5.611
3.118
4.006
3.368

p-value
<0.001
<0.001
0.027

When testing for performance measures, it is found that maximum performance and minimum
performance registered in one day are related to a failure status the same day. However, in terms of
downtime registrations, only minimum performance presents such significant relation. When testing
such relations for failure status and downtimes the next day, only the minimum performance
registered in one day presented significant relation with downtime the next day. No statistical
evidence was found between failure status and any of the performance measures for the next day.
Finally, it was found that there is no statistical evidence to indicate that performance is related to
failure status or downtimes in the system in the next 2 days.
Table 3.4 presents the significant relations found between performance measures with failure and
downtimes for the 3 different periods tested. Put differently, this table presents the cases where the
observables variables are the performance measures and we reject hypothesis A.1. Non-significant
relations with their corresponding p-values can be found in Appendix D.
These results demonstrate that days that present failure status on average, have a higher value of
maximum performance and a smaller value of minimum performance than days that do not present
failure status. For the evisceration line, the target performance (i.e. speed) is 226 pieces/min, this
could explain why having a speed above this number increases chances of failure. However, this
statement should be validated and further analysis should be conducted to fully explain why such
speed level influences the occurrence of a failure the same day. This analysis is left out of the scope of
this thesis because we concentrate on variables that present a relation with a failure status the next
day.
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Table 3.4 Cases where Hypothesis A.1 is rejected when observable variable is performance measures

Period

Same day

Next day

Observable
variables
Minimum
Performance
Maximum
Performance
Minimum
Performance

Categorical variable
No
Failure
Failure
22.293
57.389
257.399

236.012

p-value
<0.001

Categorical variable
No
Downtime
Downtime
22.208
43.247

p-value
0.003

0.006
24.774

39.555

0.038

With respect to hypotheses B.1 and B.2, which test the correlation among the observable
variables, we can observe from Table 3.5 the very strong (above 0.7) and strong (above 0.5)
correlations. Such correlations occur between warning and fatal alarms for all different periods tested.
The same applies for correlations between average performance and maximum performance. The
latter correlations might be an indication of indirect relations with a failure status. For example,
average performance today is strongly correlated with a maximum performance next day, which is
related to a failure status next day. However, such indirect relations involving the average
performance variable should be interpreted carefully, since average performance is an estimated value
from the data and not a real observation.
On the contrary, further analysis of some relations between warning alarms and fatal alarms may
provide richer insights regarding future failure status. These correlations motivate to determine the
sequence of events regarding such alarms. According to the historical data available, we found that a
fatal alarm follows a warning alarm 67% and that 75% of such alarms end in a failure status the next
day. That is, the sequence “warning-fatal-failure next day” is presented 50% of the time in the data.
Finally, Figure 3.1 illustrates all significant relations discussed in this section, considering the
categorical variable failure status. This figure presents all the correlat ions, from weak to very strong,
as indicated in the legend on the right side of the figure. Additionally, the shaded boxes indicate
relations among the variables and a failure status in that same day. It can be clearly seen from Figure
3.1 that warning and fatal alarms are the two more significant alarms to a failure status. In the case of
performance measures, they are mostly related to a failure status the same day but not with failures in
future days.
Furthermore, Figure 3.1 presents dotted lines that connect some variables, denoting negative
correlations that mainly happen between error alarms and some of the performance measures. This
negative relation might imply that having a greater number of error alarms makes it more likely to
obtain a decline in performance, in the same period or the next periods. However, no further analysis
is made here to validate such negative relation since neither error alarms nor performance measures
are related to the categorical variable failure; plus, such supposed negative relation represents a weak
correlation.
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Table 3.5 Very strong and strong correlation among observable variables

Variable 1

Variable 2

Correlation

Interpretation

Average performance next day

Average performance next 2 days

0.829

very strong

Average performance

Average performance next day

0.828

very strong

Average performance next 2 days

Maximum performance next 2
days

0.812

very strong

Average performance next day

Maximum performance next day

0.812

very strong

Average performance

Maximum performance

0.812

very strong

Average performance

Average performance next 2 days

0.685

strong

Fatal alarm
Fatal alarm next day

Warning alarm
Warning alarm next day

0.643
0.642

strong
strong

Maximum performance next day

Average performance next 2 days

0.641

strong

Maximum performance

Average performance next day

0.640

strong

Fatal alarm next 2 days

Warning alarm next 2 days

0.640

strong

Average performance next day

Maximum performance next 2
days

0.604

strong

Average performance

Maximum performance next day

0.603

strong

Maximum performance

Average performance next 2 days

0.510

strong

Figure 3.1 Graphical representation of correlations among observable variables
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3.5

CONCLUSION

The outcome variable of interest is failure status retrieved from OEE records. Given that these
records are registered automatically, we can consider them more reliable than downtime records
which are manually registered.
To cross-check consistency on results, we tested hypotheses for both categorical variables:
failures and downtimes. Figure 3.2 illustrates the common relations we found. It can be noticed that,
when testing for longer periods (next 2 days), no common relation is presented. Consequently, this
motivates the decision to concentrate on relations between observable variables and failure status the
next day specifically.

Figure 3.2 Common relations resulted from testing hypotheses for both categorical variables

The most remarkable finding is that a difference exists in the mean of warning alarms and fatal
alarms between the failure and non-failure status the next day. This means that, on average,
observations with a higher number of warning and fatal alarms present more failures the next day.
Then, it emerged from the data that the pattern “warning-fatal-failure next day” appears in the
observations 50% of the time.
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4 CHAPTER 4: FAILURE PREDICTION
This chapter discusses the second research question:
RQ2: How to develop a prognosis model for a system?
With this purpose, we use the failure patterns found in the previous chapter as the basis for the
prognosis model. In Chapter 3, we defined the failure status as a binary (two-group) categorical
variable, and such variable is the prediction target in this chapter. More specifically, the objective is to
identify whether observations (independent variables) indicate a failure or non-failure behavior in the
future (dependent variable).
This chapter is organized as follows. Section 4.1 presents the theoretical background on the
method selected for prognosis. Section 4.2 describes the steps to follow to develop such model. Then,
Section 4.3 and Section 4.4 discuss the design and implementation of the prognosis model. Next,
Section 4.5 evaluates the model by optimizing accuracy and elaborating on costs analysis. Finally,
Section 4.6 summarizes the main findings of this chapter.

4.1

LOGISTIC

REGRESSION BASIS
The binary logistic regression method examines how various independent variables influence a
dependent dichotomous variable. This method estimates the probability that an event occurs.
Consequently, it allows working with categorical variables as dependent variables, which are also
referred as outcome variables (Hair, Black, Babin, Anderson, & Tatham, 1998; Torasakar, Prabhu,
Rambade, & Shukla, 2016).
Logistic regression generates estimated coefficients for the independent variables. Such
estimations can be performed using either the logit value (equation 4.1) or the odds values (equation
4.2) as the dependent measure. Then, depending on how the estimation is done, the formulation varies
(Hair et al., 1998). In equations 4.1, 4.2, and 4.5, 𝛽𝑛 represents the coefficients for the independent
variables 𝑋𝑛 , and 𝑛 denotes the number of independent variables.
log (

𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡
1 − 𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡
(

) = 𝛼 + 𝛽1 𝑋1 + ⋯ + 𝛽𝑛 𝑋𝑛

𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡
) = 𝑒 𝛼+ 𝛽1 𝑋1 +⋯+ 𝛽𝑛 𝑋𝑛
1 − 𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡

(4.1)

(4.2)

Equation 4.1 gives the logit transformation using the logged odds. Then, the relation between
odds values and probabilities can be described as follows:
𝑂𝑑𝑑𝑠 =

𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡
1 − 𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡

𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡 =

𝑂𝑑𝑑𝑠

(4.3)
(4.4)

1 + 𝑂𝑑𝑑𝑠

Additionally, an equation can be derived to express the prediction directly as a probability. It is
known that when plotting the logit values and probabilities the graph shows an S-shape which
represents a sigmoid curve (Torasakar et al.,2016). The logistic regression equation can be formulated
as:
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𝑝𝑟𝑜𝑏𝑒𝑣𝑒𝑛𝑡 =

1
1+

(4.5)

𝑒 − (𝛼 + 𝛽1 𝑋1 +⋯+ 𝛽𝑛 𝑋𝑛 )

One method to evaluate the model fit consists in determining the predictive accuracy through a
computation of a confusion matrix, which provides a practical significant perspective of results. This
matrix allows determining the rates of correct and incorrect predictions for each group. Correct
prediction rates are named true positive rate and true negative rate, while incorrect predictions rates
are represented as false negative rate and false positive rate.

4.2

MODELLING

STEPS
This section presents the general steps to follow to develop a binary logistic regression model. For
this work, the model aims to predict future failure or non-failure behavior based on observable
conditions of a system.
There are three steps to follow to build the model: variables selection, model estimation, and
model evaluation. The first step is to determine which variables are significantly related to the
outcome variable or target of prediction. We propose a univariate analysis to determine associations
between the dependent and independent variables. This univariate analysis is used as confirmation of
results obtained from the failure patterns discussed in Chapter 3.
Next, we estimate the coefficients using equation 4.5. We use R software to perform such
estimations. Once the parameters are estimated, it is necessary to assess whether adding more
variables improves model fit. This is an iterative process of adding and deleting variables until all
available variables have been tested. Afterwards, we can obtain insights by interpreting the estimated
coefficients from the model equation.
Finally, we need to evaluate the model. However, since the outcome of the logistic regression
model is presented as probabilities of occurrence of an event, we need first to define an optimal cutoff
value to determine whether such predicted event can be considered as failure or non-failure. We
propose two alternatives for optimization in this thesis: maximizing accuracy and balancing true
positives and false positives. Such alternatives are explained in detail later in this chapter. Once the
cutoff values are determined, we can evaluate the model in terms of predictive accuracy through the
confusion matrix, and rates for incorrect and correct predictions.
Figure 4.1 illustrates the steps required to develop a logistic regression model. The remainder of
the chapter describes the application of these steps to build the predictive model for failures based on
observable conditions of the system.

Select variables

• Univariate
Analysis

Estimate model

• Assess the
inclusion of other
variables into the
model
• Interpret estimated
coefficients

Figure 4.1 Modelling steps
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Evaluate model

• Optimize cutoff
value
• Determine
predictive
accuracy

4.3

SELECT

VARIABLES
The dichotomous variable is a categorical variable with two possible outcomes: failure and nonfailure. Binary logistic regression allows predicting a failure in the system at a given time. The time
modelled is failure occurrence the next day, given that stronger relations were found in Chapter 3
between observable variables and failure the next day.
To confirm the association between the independent variables and the outcome variable, we
conducted a univariate analysis. This step serves as a validation of the failure patterns determined in
the previous chapter. The univariate analysis is performed by building a logistic regression model per
variable and reporting its significance level (p-value). R software is used to conduct such analysis and
the R code can be found in Appendix E.
Table 4.1 Univariate analysis - Failure next day

Variable
Info alarms
Warning alarms
Error alarms
Fatal alarms
Average performance
Minimum performance
Maximum performance
Failure Duration

Coefficient
0.1428
0.1834
-0.0488
0.0976
0.0031
0.0022
0.0027
0.2044

Standard error
0.2590
0.0592
0.0474
0.0401
0.0024
0.0022
0.0025
0.1886

P-value
0.581
0.001
0.303
0.015
0.197
0.318
0.280
0.279

Table 4.1 shows the results for the eight models (one for each variable). The p-value column
reports the significance level of each variable when it is included in the model. Then, at a significance
level of 0.05, we determine that warning alarms and fatal alarms should be included in the prediction
model since both variables present a p-value smaller than 0.05. These results match with the failure
patterns obtained in Chapter 3.
Therefore, we developed the logistic regression model using the significant variables associated
with the outcome variable. From equation 4.5, we defined the logistic regression equation for this case
as:
𝑃(𝐹𝑎𝑖𝑙𝑢𝑟𝑒 = 1) =

4.4

1
1+

𝑒 −(𝛼+ 𝛽1 𝑊𝑎𝑟𝑛𝑖𝑛𝑔 𝑎𝑙𝑎𝑟𝑚𝑠 + 𝛽2 𝐹𝑎𝑡𝑎𝑙 𝑎𝑙𝑎𝑟𝑚𝑠 )

(4.6)

ESTIMATION

OF THE PROGNOSIS MODEL
The next step after defining the variables to include in the model is the estimation of the
parameters. Before conducting such estimations, it is recommended to analyze the data one more time
to verify balance proportion of failures and non-failure observations.
It is noted that after cleaning the data, the proportion of failures and non-failures events varies.
The proportion ratio is 5:2, which means that for every 5 failure observations, there are 2 non-failure
observations. This ratio can be attributed to an unbalance dataset; consequently, this might influence
the prediction model negatively.
We should explore how the prediction power could improve if we fix the unbalance characteristic
of the dataset. There are two alternatives: generating more observations for the minority class or
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deleting observations of the majority class (Chawla, Bowyer, Hall, & Kegelmeyer, 2002). In our case,
since the sample is limited, deleting observations might be counterproductive. For that reason, the
alternative recommended is to generate more observations of the minority class.
To generate these observations, we implemented Synthetic Minority Oversampling technique or
SMOTE. This method statistically increments the number of cases in the dataset by combining
features of the target class and features of its nearest neighbors (Chawla et al., 2002). We relied on R
package “unbalanced” to implement such technique. R code can be found in Appendix E.
From now on, we will refer to the real dataset as unbalanced and the generated dataset as the
balanced one. Consequently, two models are estimated (one for each dataset). The remainder of the
section shows the estimation of such models.

4.4.1 MODEL EQUATION
Logistic regression is a general linear model that can be estimated using maximum likelihood in
an iterative manner (Hair et al., 1998). The outcome variable can be represented by a Bernoulli
distribution since there are only two possible outcomes: failure and non-failure. The parameters can
be estimated using Iteratively Weighted Least Squares (IWLS) since this method is commonly used to
find maximum likelihood estimates of general linear models (Green, 1984).
The estimations for both datasets are conducted using R software relying on the “car” package. R
code can be seen in Appendix E. These estimations result in the following equations.
𝑃(𝐹𝑎𝑖𝑙𝑢𝑟𝑒 = 1) =

𝑃(𝐹𝑎𝑖𝑙𝑢𝑟𝑒 = 1) =

1
1 + 𝑒 −(0.262+0.150 ∗ 𝑊𝑎𝑟𝑛𝑖𝑛𝑔 𝑎𝑙𝑎𝑟𝑚𝑠

+0.034 ∗ 𝐹𝑎𝑡𝑎𝑙 𝑎𝑙𝑎𝑟𝑚𝑠)

1
1+

𝑒 −(−0.521+0.205 ∗ 𝑊𝑎𝑟𝑛𝑖𝑛𝑔 𝑎𝑙𝑎𝑟𝑚𝑠 +0.025 ∗ 𝐹𝑎𝑡𝑎𝑙 𝑎𝑙𝑎𝑟𝑚𝑠 )

(4.7)

(4.8)

Equation 4.7 represents the logistic regression model for the unbalance dataset, while equation 4.8
denotes the logistic regression model for the balanced dataset.
Then, we analyzed whether the inclusion of any other variable improves the estimated model. We
tested this for the unbalance dataset since relations among variables in this set are based on real
values, making results more reliable. Variables considered as interesting to validated are: minimum
performance, maximum performance, and failure duration. These are the variables that presented a
significant relation with the outcome variable for observations on the same day (previously shown in
Chapter 3).
To assess the inclusion of other variables, we used AIC (Akaike information criterion). AIC is a
measure used to compare the quality of a model relative to other models (it is not meaningful as an
absolute measure for an individual model). AIC balances the trade-off between goodness of fit and
parsimony of the model (Hair et al., 1998).
Table 4.2 shows the AIC of the models when including new variables. We tested seven new
models; we included the new variables, one by one, and then combined them. The model that
considers only warning and fatal alarms as independent variables reports an AIC of 351.01. By
including any other variable, the AIC increases, confirming, that the variables that are better
predictors are: warning alarms and fatal alarms.
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Table 4.2 AIC measure when adding new variables to the model

Variable(s) added
Minimum Performance
Maximum Performance
Failure Duration
Minimum Performance + Maximum Performance
Minimum Performance + Failure Duration
Maximum Performance + Failure Duration
All three

AIC
351.06
352.36
352.71
352.65
352.62
354.07
354.22

In addition, moderation effect was analyzed for warning alarms and fatal alarms with the other
variables of interest: minimum performance, maximum performance, and failure duration. In general,
non-significant p-values (> 0.05) were found for the interaction coefficient representing the
moderation. The only significant interaction found was for warning alarms with failure duration.
When introducing this interaction, the AIC slightly improves (i.e. decreases) and such coefficient
presents a significant p-value (<0.05). Results can be seen in Appendix F. However, as this finding
was determined later in the research, we did not elaborate on the implication of such moderation
effect. Consequently, we continued the analysis considering only fatal and warning alarms as the
dependent variables for the prognosis model. We suggest to further investigate the moderation effect
in future works.

4.4.2 MODEL INTERPRETATION
To interpret the estimated parameters, it is necessary to transform them exponentially as in
equation 4.2 By doing such transformations, we can obtain the odds values as a factor that indicates
how the independent variables influence the outcome variable. Additionally, using equation 4.4, we
can transform these odds in probabilities for a clearer interpretation. Table 4.3 shows the
exponentiated coefficients for the unbalanced and balanced model equations.
Table 4.3 Exponentiated Coefficients

Warning alarms
Fatal alarms

Unbalanced
1.16
1.03

Balanced
1.22
1.02

From these results, we can derive four statements, two for each model. For the unbalanced model,
these statements are:
1) For every extra warning alarm that is triggered, the odds of having a failure the next day
increase by a factor of 1.16. In other words, there is a 0.54 probability that a failure occurs
due to the presence of warning alarms.
2) For every extra fatal alarm that is triggered, the odds of having a failure the next day increase
by a factor of 1.03. In other words, there is a 0.51 probability that a failure occurs due to the
presence of fatal alarms.
And for the balanced model:
1) For every extra warning alarm that is triggered, the odds of having a failure the next day
increase by a factor of 1.22. In other words, there is a 0.55 probability that a failure occurs
due to the presence of warning alarms.
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2) For every extra fatal alarm that is triggered, the odds of having a failure the next day increase
by a factor of 1.02. In other words, there is a 0.51 probability that a failure occurs due to the
presence of fatal alarms.
These statements indicate that for both models, the presence of warning alarms and fatal alarms
are positively associated with the occurrence of a failure the next day (since exponentiated
coefficients are higher than one). Moreover, this association seems to be a bit stronger for warning
alarms, generating a considerable interest in watching carefully such alarms.

4.5

PROGNOSIS MODEL EVALUATION

For logistic regression models, the outcome is presented as probabilities of the occurrence of the
event. Then, prior to determining the predictive accuracy of the model, an important decision is to
define a threshold or cutoff value to decide whether the outcome will be a failure or a non-failure.
This section presents two alternatives to optimize the cutoff values and shows the performance
measures for each cutoff value defined. Additionally, it elaborates on costs to further comment on
potential benefits of implementing such model.

4.5.1 OPTIMIZING CUTOFF VALUES
Two optimization alternatives are conducted to define cutoff values to translate the probabilities (
the outcome of the logistic regression model) to events, meaning failure or non-failure. These
optimizations are:
1) Maximizing accuracy: the cutoff value selected is the one that allows having the highest
accuracy.
2) Balancing the true positives and false positives rates: the cutoff value selected is the one that
allows obtaining the probability of true positives as close as possible to 1, and the probability
of false positives as close as possible to 0.
Figure 4.2 illustrates the alternative of selecting the cutoff value that generates the highest overall
accuracy of the model rates for both datasets: unbalance (left) and balance (right). This highest
accuracy is represented as the peak when plotting all possible cutoff values and their respective
accuracy. These plots and the selection of the cutoff value that maximizes the accuracy are performed
on R software by using the package “ROCR”. R code can be seen in Appendix E.
On the other hand, Figure 4.3 shows the plot of true positive rates vs false positive rates for both
datasets: unbalanced (left) and balanced (right). The selection of the optimal cutoff value that balance
both rates can be determined by following the Algorithm 4.1 presented in Table 4.5. This selection is
conducted on R software by creating a function using the “ROCR” package. R code can be seen in
Appendix E.
After implementing both optimization alternatives, we obtained four different cutoff values. Table
4.4 shows these results specifying the cutoff values for each dataset.
Table 4.4 Optimal cutoff values

Maximizing Accuracy
Unbalance
Balance

0.573
0.536
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Balancing true positive rate
and false positive rate
0.717
0.580

Table 4.5 Optimal cutoff value Algorithm: Balancing true positives and false positives rates

Algorithm 4.1: Optimal cutoff value - balancing true positives and false positives
input: 𝒙𝒊 : false positives rate for cutoff value 𝒊 where 𝒊: 𝟏, … 𝒏
𝒚𝒊 : true positive rate for cutoff value 𝒊
𝑪: set of cutoff values from 𝒊: 𝟏, … 𝒏
output: 𝒊∗ : optimal cutoff value that minimize the false positive rate and maximize the true
positives rate.
1 For each cutoff value 𝒊 do
2
Compute the distance 𝒅𝒊 = √(𝒙𝒊 − 𝟎)𝟐 + (𝒚𝒊 − 𝟏)𝟐
3 Find the minimum distance 𝒅𝒎𝒊𝒏𝒊
4 Identify the index 𝒊 of the minimum distance 𝒅𝒎𝒊𝒏𝒊
5 Find the optimal cutoff value 𝒊∗ in the set 𝑪

Figure 4.2 Accuracy vs Cutoff using unbalance dataset (left) and balanced dataset (right)

Figure 4.3 True positive rate vs False positive rate using unbalance dataset (left) and balanced dataset (right)

4.5.2 PERFORMANCE MEASURES
To finally evaluate the model, we computed the performance measures by making use of the
confusion matrix, which contains the number of correct and incorrect predictions. These performance
measures are calculated for each cutoff value, to make comparisons among them. Appendix G
presents a detailed explanation of the definition of the confusion matrix and the formulas used to
compute all performance rates that are presented in this section.
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Note that the dataset used to evaluate the model is different from the one used to define the model
equation. For this evaluation, we used new data gathered from April 10 th to August 9th, 2017. Table
4.6 shows the number of observations (N) of the new dataset and presents the components of the
confusion matrix in columns for each cutoff value determined in the previous section.
Table 4.6 Components of the confusion matrix for each cutoff value

TN
FP
FN
TP

N=112
Cutoff = 0.717
Cutoff=0.536
30
16
20
34
40
28
22
34

Cutoff =0.573
0
50
1
61

Cutoff = 0.580
28
22
43
19

Then, by using the values presented in Table 4.6, we can compute the performance measures for
each cutoff value. Results are shown in Table 4.7. These results are for both models: the one obtained
from the unbalance dataset, and the one obtained from the balanced dataset. In this table, we added a
column with the expression to compute the probability for each measure. In this column, 𝑌 and 𝑌̂ are
random variables representing the class and the prediction respectively. We denote 1 as the positive
class representing a failure, and 0 as the negative class representing non-failure. For a graphical
visualization of these performance measures for each cutoff value, refer to Appendix H.
Table 4.7 Performance measures for each cutoff value

Unbalanced dataset

Measures
Accuracy
Error
True
negative rate
False
positive rate
False
negative rate
True
positive rate

Balanced dataset

Maximizing
accuracy

Optimizing
true positives
and false
positives rates

Maximizing
accuracy

Optimizing
true positives
and false
positives rates

𝑃(𝑌̂ = 𝑌)
𝑃(𝑌̂ ≠ 𝑌)

Cutoff = 0.573
0.55
0.45

Cutoff = 0.717
0.46
0.54

Cutoff = 0.536
0.45
0.55

Cutoff = 0.580
0.42
0.58

𝑃(𝑌̂ = 0|𝑌 = 0)

0

0.6

0.32

0.56

𝑃(𝑌̂ = 1|𝑌 = 0)

1

0.4

0.68

0.44

𝑃(𝑌̂ = 0|𝑌 = 1)

0.02

0.65

0.45

0.69

𝑃(𝑌̂ = 1|𝑌 = 1)

0.98

0.35

0.55

0.31

Formula

Results from Table 4.7 indicate that performance measures depend on the cutoff value used. We
can clearly see that there is a trade-off among these measures; thus, when some of them increase
others decrease. For instance, when the false positive rate improves (i.e. decrease), the overall
accuracy decreases. Consequently, we can conclude that it is not possible to outperform in all of them.
Performance measures computed in this section are estimates and we can expect similar results
when applying the model to the target population. However, the confidence of these measures
depends on the size of the dataset used for evaluation. A larger dataset provides more confident results
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about predictive power than smaller datasets (Witten, Frank, & Hall, 2011). To deal with this, we can
present the accuracy of the models with confidence boundaries.
Let 𝑝 be the confidence interval for accuracy, 𝑓 the observed accuracy, 𝑁 the number of
observations, 𝑐 the confidence level, and 𝑧 the corresponding value associated to the confidence level
𝑐 for a normal distribution. Note that we can assume normal distribution since our dataset for the
evaluation is >100 observations. Then, the confidence upper and lower boundaries can be found using
the following formula (Witten, Frank, & Hall, 2011):
𝑓+
𝑝=

𝑧2
𝑓 𝑓2
𝑧2
±𝑧√ −
+
2𝑁
𝑁 𝑁 4𝑁 2
𝑧2
1+
𝑁

(4.9)

Setting 𝑓= 0.55 (accuracy for the cutoff value of 0.573), 𝑁 = 112, 𝑐 = 90% (so that 𝑧= 1.65) leads
to the interval [0.47,0.63] for 𝑝. Similarly, we determined the confidence intervals for the other cutoff
values, these intervals are illustrated with the blue bars in Figure 4.4.

Figure 4.4 Confidence intervals for accuracy

The selection of the “best” cutoff value will depend on the interests of the company. In this case,
it can be reasonably assumed that having missing failures (false negative) could be tolerable to some
extent, and having non-failures correctly predicted (true negative) could be unrewarded. This is
equivalent to the current situation, where no prediction is being made regarding failures or nonfailures. Additionally, for both missing failures and non-failures, no action is needed. The benefit of
the predictions concentrates on correct failure predictions (true positives) and false alarms (false
positive) since both require doing an action that was not done before.
Consequently, a more fairly comparison to decide on cutoff values could be to analyze all the
times the prediction advises an action, how many of them are actually needed. Put differently, the
fraction of relevant failure predictions among all failure pred ictions, this fraction is called precision.
Figure 4.5 shows the precision for each cutoff value. The bars to the right represent the model
obtained from the balanced dataset, and the bars to the left represent the model using the unbalanced
dataset. This figure illustrates that cutoff values of 0.573 and 0.736, which happens to be the ones that
maximize accuracy, are the ones that possess the highest precision for each model. For example, for
the cutoff value 0.573, we can state that predictions are truly a failure for 55% of the times the
prediction labels a failure. This implies that 45% of the times actions are conducted unjustifiably.
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Figure 4.5 Positive predictive value - Precision

Finally, a question remains on whether it would be possible to improve the predictive accuracy if
more data become available. To provide some insights in this regard, we built a prognosis model
using only 6 months of data and then using 9 months of data. We computed again the performance
measures and compared them to the results when using 12 months of data (original model).
Figure 4.6 illustrates the accuracy of predictions when modelling different sizes of data. Accuracy
is presented for both alternatives of cutoff value optimization: maximizing accuracy and balancing
true positives and false positives rates. We can notice that there is a slightly increment on accuracy for
cases where the cutoff values aim to maximize accuracy. For cases where the balancing of true
positive and false positive rates is the goal, accuracy decreases a little and then remains equal when
testing for 9 months and 12 months. However, these variations are so small that they do not allow to
make strong statements regarding significant improvements if more data become available. We
suggest updating the model after a year to test any significant differences before considering it as
steady.

Figure 4.6 Improvements in Predictive Accuracy with more/less data

4.5.3 COST ANALYSIS
To further comment on the advantages of having a prognosis model and deciding on a cutoff
value, we assigned costs to actions of conducting maintenance when the model predicts a failure. We
will show potential savings from model implementation.
For the costs analysis, we consider conducting preventive maintenance actions when failure is
predicted to occur the next day, while also fixing warning alarms triggered by the system. The
usefulness of these predictions works under three assumptions: availability of spare parts and
workforce to fix the predicted failure, possibility of conducting the maintenance action needed within
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24 hours, and maintenance actions are performed before production starts. Also, costs for this analysis
are classified in two categories: reactive costs and preventive costs. Such costs differ for the current
situation and the new situation. For the current situation, we refer to the case where no prediction is
made regarding failures, and the new situation refers when actions are conducted following the
prognosis model results. We compute these costs for a period of one year.
In equations 4.10 to 4.13, 𝑤 and 𝑓 represent the number of warning and fatal alarms respectively;
𝑠 is the number of days with failures during the year of analysis, 𝑐 is the cost of preventive repair a
warning alarm, 𝑑 is the cost of preventive repair a predicted failure, 𝑣 is de downtime cost of
predicted failure and 𝑟 is the reactive maintenance costs of predicted failure. Additionally, we are
including the performance measures in these equations. Values for TP, FP and FN are presented in
Table 4.7. By including these performance measures, we are penalizing actions for incorrect
predictions.
𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑠𝑡𝑠𝐶𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑠𝑟 + 𝑣 + 𝑓𝑟

(4.10)

𝑃𝑀 𝑐𝑜𝑠𝑡𝑠𝑛𝑒𝑤 = (𝑤𝑐 + 𝑠𝑑 )(𝑇𝑃 + 𝐹𝑃)

(4.11)

𝑅𝑀 𝑐𝑜𝑠𝑡𝑠𝑛𝑒𝑤 = (𝑠𝑟 + 𝑣 )𝐹𝑁 + 𝑓𝑟

(4.12)

𝑆𝑎𝑣𝑖𝑛𝑔𝑠 = 𝑇𝑜𝑡𝑎𝑙 𝐶𝑜𝑠𝑡𝑠𝐶𝑢𝑟𝑟𝑒𝑛𝑡 − (𝑃𝑀 𝑐𝑜𝑠𝑡𝑠𝑛𝑒𝑤 + 𝑅𝑀 𝑐𝑜𝑠𝑡𝑠𝑛𝑒𝑤 )

(4.13)

Preventive and reactive maintenance costs are assumed fixed and were estimated based on expert
knowledge. For downtime costs, we estimated them based on historical data. For the year of analysis,
downtime costs registered were approximately, 1,154,594 €. Then, costs in euros that were used in
this analysis are: 100, 800, and 1500 for preventive repair warnings, preventive repair failures, and
reactive repair failures respectively. And, the number of warning alarms, fatal alarms, and failure days
during the year of analysis are: 736, 879, and 142 respectively.
Table 4.8 Cost Analysis per product processed

Current Situation Costs
(New) PM costs
(New) RM costs
Total costs (new policy)
Savings
Savings (%)

Cutoff = 0.573
€ 0,041
€ 0,006
€ 0,020
€ 0,026
€ 0,015
36%

Cutoff = 0.717
€ 0,041
€ 0,002
€ 0,033
€ 0,036
€ 0,005
13%

Cutoff = 0.536
€ 0,041
€ 0,003
€ 0,029
€ 0,033
€ 0,008
19%

Cutoff = 0.580
€ 0,041
€ 0,002
€ 0,034
€ 0,036
€ 0,004
11%

We assumed 66 million of products processed per year, then Table 4.8 presents the different costs
per product processed for situations before and after conducting actions based on the prognosis model.
It can be inferred that regardless the cutoff value, there are potential savings resulting from preventive
maintenance activities triggered by the results of the prognosis model. These savings seem to be
higher for cutoff values that maximize accuracy. However, for those cutoff values, the investment
needed is also the highest (PM costs).
This cost analysis is shortsighted though since we are not considering changes to conditions the
next day for actions performed today. As a result, this analysis provides good insights but may not
reflect realistic savings. Plus, we are considering conducting maintenance every time there is a
positive prediction; in real scenarios, this could be even more expensive and maybe unrewarded. This
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motivates the subject of the following chapter, where a more detailed maintenance policy will be
discussed.

4.6

CONCLUSION
A binary logistic regression is employed to build a prognosis model to predict failures the next
day. This model uses warning and fatal alarms as predictors since both presented a significant relation
with the failure status.
Due to the unbalance condition of the data, an oversampling technique was implemented to
generate more observations, allowing to balance the dataset. As a result, we obtained two models; one
built from the unbalanced dataset and the other built from the balanced dataset. From both models, we
obtained similar interpretation for the coefficients, that is, that warning and fatal alarms are positively
associated with the occurrence of a failure the next day. Additionally, these models suggest that
warning alarms are more strongly associated with failure the next day, compared to fatal alarms.
Consequently, our findings generate an interest to carefully watch warning alarms.
We defined whether the outcome of the prognosis model is a failure or a non-failure by
determining four cutoff values. Two of them belong to the model obtained from the unbalance dataset,
and the other two refer to the model from the balanced dataset. Additionally, these cutoff values were
optimized in terms of accuracy and balance between true positive and false positive rates.
We used the optimized cutoff values to compute performance measures to evaluate the models.
From these results, we conclude that it is not possible to outperform in all the measures since a tradeoff exists among them. To handle this, we reasonably assumed an association between missing
failures and correctly predicted non-failures with the current situation (where no prediction is made).
Consequently, we considered that false negative predictions can be, to some extent, tolerable. This
statement implies that we should concentrate on correct failure predictions (true positives) and false
alarms (false positive) since both require performing an action that was not done before. Cutoff values
that present better results are the ones that maximize accuracy.
Furthermore, we discussed the possibility to improve the predictive accuracy if more data become
available. We tested the data by building models with different sample sizes (6, 9 and 12 months of
data). However, variations on accuracy resulted to be so small that we could not to make any strong
statement regarding significant improvements if more data become available. Nevertheless, we
suggested updating the model (at least) after one year to test any significant differences before
considering it as a steady model.
Finally, we conclude from the cost analysis that, regardless of the cutoff value selected, there are
potential savings from conducting preventive maintenance activities following the results of the
prognosis model. These savings seem to be higher for cutoff values that maximize accuracy.
However, those cutoff values also require the highest investment needs. Additionally, given the
shortsighted nature of the cost analysis, savings figures should be treated with considerable caution.
Instead of representing real figures, they provide good insights on the benefits of applying the
prognosis model.
As a final comment, we should sound a note of caution regarding the selection of a cutoff value.
Even though we discussed that cutoff values of 0.573 and 0.536 have a higher precision and
consequently, might be more advantageous to use, we are not choosing any specific value. Instead, we
are using all cutoff values as plausible options. Therefore, in the remainder of the report, we continued
the analysis using all four cutoff values.
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5 CHAPTER 5: CONDITION-BASED MAINTENANCE POLICY
In the previous chapter, we evaluated the prognosis model results and considered conducting
preventive maintenance every time there is a positive prediction. This evaluation proved that by
performing preventive maintenance, it is possible to have savings, compared to the situation where no
prediction is known and, consequently, non-predictive action is performed. Now, the interest is to
provide a more specific action. Therefore, it is necessary to decide which action from a set of actions
is the most beneficial to the system. Consequently, this chapter aims to answer the third research
question.
RQ3: How can the results be used to improve maintenance decisions of a system?
We discuss a condition based maintenance policy, which specifies the best action to take given
the observable conditions of the system. With this purpose, this chapter is structured as follows.
Section 5.1 presents the theoretical background of the decision-making method used, and Section 5.2
describes its solution method. Then, Section 5.3 describes the (company) situation modelled. Next,
Section 5.4 presents the model formulation. Section 5.5 discusses the implementation of the model,
elaborating on a sensitivity analysis afterwards. Section 5.6 proposes a condition based maintenance
policy, and Section 5.7 presents a cost analysis of such policy. Finally, Section 5.8 summarizes the
main findings of this chapter.

5.1

MARKOV DECISION PROCESS BASIS
To select an optimal CBM policy, the objective is to minimize the long-term costs of conducting
preventive and reactive maintenance activities, based on the prognosis model. This optimization is
performed by minimizing the expected rewards earned over an infinite horizon. Consequently, we
have an infinite horizon probabilistic dynamic programming also known as Markov decision process
(MDP). The probabilistic term represents the uncertainty that entails making a decision since we don’t
know exactly what will happen the next period, but we can compute expec tations based on
probabilities (Winston, 2004; Dekker, Nicolai, & Kallenberg, 2007).
The MDP is defined by a 4-tuple E, K, P and r, where E represents the state space, K(i) denotes
the set of available actions to perform in state 𝑖 ∈ 𝐸 , 𝑃𝑖𝑗 (𝑎 ) , 𝑖, 𝑗 ∈ 𝐸 denotes the transition
probabilities from state i to state j when performed action a. It is assumed that the transition to the
next state depends only on the current state and on the decision chosen in that current state; that is
why it is referred as Markov decision process. Finally, 𝑟𝑖 (𝑎), 𝑖 ∈ 𝐸, 𝑎 ∈ 𝐾 (𝑖 ), represents the rewards
in state i when action a is selected.
Rewards and transitions probabilities due to a chosen action should be determined either by
historical data (if available) or expert knowledge.

5.2

OPTIMAL

STATIONARY POLICY
A policy is stationary if every time a state is visited, the policy chooses the same decision for that
state. Consequently, an optimal stationary policy follows the same condition (Winston, 2004).
To find this optimal stationary policy we follow a policy iteration approach which is based on
value determination equations to obtain the expected rewards or costs during an infinite number of
periods. Additionally, since we are considering unbounded costs in an infinite horizon, we
incorporated a discount factor to solve the problem of infinite expected costs.
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Let 𝛿(𝑖) be the decision chosen by the stationary policy 𝛿, and 𝑉𝛿 (𝑖) the expected discounted cost
during the infinite number of periods. Then, we can use Howard’s Policy Iteration Method for a
minimization problem.
Table 5.1 Policy Iteration Algorithm

Algorithm 5.1: Policy Iteration1,2
input: 𝒓𝒊,𝜹(𝒊) : expected costs incurred during current period in state 𝒊 ∈ 𝑬 due to decision
chosen by policy 𝜹 (𝒊)
𝒑𝒊𝒋 (𝜹 (𝒊)): transition probability from state i to state j when performed decision chosen
by policy 𝜹(𝒊) , where 𝒊, 𝒋 ∈ 𝑬
output: 𝜹∗ : optimal policy that minimize the expected discounted costs during a infinite
horizon.
1 For each state 𝒊 do
2
Choose an initial stationary policy 𝜹 (𝒊) = 𝒂, where 𝒂 ∈ 𝑲(𝒊)
3 Do
4
Solve the system of N linear equations
𝒋=𝑵
𝑽𝜹 (𝒊) = 𝒓𝒊,𝜹(𝒊) + 𝜷 ∑𝒋=𝟏 𝒑𝒊𝒋 (𝜹(𝒊) ) 𝑽𝜹 (𝒋) , where 𝒊 = 𝟏, … , 𝑵
5
For each state 𝒊 do
6
Find the minimum expected discounted cost of actions all 𝒂 ∈ 𝑲(𝒊)
𝒋=𝑵
𝑻𝜹 (𝒊) = 𝐦𝐢𝐧 (𝒓𝒊,𝒂 + 𝜷 ∑𝒋=𝟏 𝒑𝒊𝒋 (𝒂) 𝑽𝜹 (𝒋))
𝒂∈𝑲 (𝒊)

7
8
9
10
11
12

If 𝑻𝜹 (𝒊) = 𝑽𝜹 (𝒊) for all 𝒊 = 𝟏, … , 𝑵 then
𝜹 ∗ = 𝜹(𝒊)
else
Update policy 𝜹(𝒊)
end if
Until 𝜹∗ = 𝜹 (𝒊)

1 Winston, W. L., & Goldberg, J. B. (2004). Operations research: applications and algorithms (Vol. 3). Belmont: Thomson Brooks/Cole.
2 Chan, G. K., & Asgarpoor, S. (2006). Optimum maintenance policy with Markov processes. Electric Power Systems Research, 76(6),
452-456.

5.3

MODEL DESCRIPTION

The observable conditions of the system are the number of alarms triggered during the day. These
alarms are used as predictors to determine whether a failure will occur or not the next day. Therefore,
such alarms can be used to decide on actions to fix those potential failures.
Figure 5.1 illustrates this situation, where the data from one day is used to predict the failure the
next day and decide on an action. Notice that we restrict to the case where preventive maintenance
activities are conducted during non-production. Therefore, this section models the decision part of
Figure 5.1 as a Markov decision model.
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Figure 5.1 Modelled Situation (Daily cycle)

5.3.1 STATES
The states are composed of the number of alarms observed in the system during the day. These
alarms are warning and fatal. According to historical data, the number of warning alarms goes from 0
to 13, while fatal alarms go from 0 to 26. Then, to define the states, some intervals need to be
established for both warning and fatal alarms. There are several arrangements to split the number of
alarms and define such intervals. In this case, we have created such intervals in a way that the
probability of failure increases from one state to the next state. With that purpose, we started with the
median number of alarms of failure observations to set lower and upper values for alarms in each
state. Afterwards, more splits are considered to meet the condition of increasing failure probability.
Figure 5.2 shows boxplots for warning and fatal alarms when the OEE status indicates a failure.
The bold line in the figure denotes the median of alarms for each case. And the blue square represents
the mean of alarms for each case. Initially, we created the intervals considering the median for each
case, such that we split the higher half of the alarms that present failures from the lower half. This
resulted in four intervals; however, the probability of failure for each state was relatively high (above
0.65). Since the objective is to decide on actions on each state, we consider valuable to define states
with high and low failure probabilities to cover possible scenarios.

Figure 5.2 Boxplot: Warning alarms vs Failure status next day (left) and Fatal alarms vs Failure status next day
(right)
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Thus, we decided to focus on fatal alarms for further splits since these alarms present a higher
range than warning alarms. We explored the option of having zero fatal alarms, and later splitting the
alarms by considering the mean and not the median. This latter decision was taken to emphasize the
condition of increasing failure probability among the states; moreover, it is noticeable that, the mean
and median in both cases are quite close (see the bold line and the blue square in Figure 5.2).
Then, we defined two intervals for warning alarms: [0,4] and [5,13]; and three for fatal alarms: 0,
[1,5], [6,26]. The states are the combination of these intervals, which resulted in six states; however,
the state: [5,13], [0] is left out because no information was found in the data for that combination of
alarms. Consequently, the states are as follows:
•
•
•
•
•

State 1: [0,4], [0] – Low warning, no fatal
State 2: [0,4], [1,5] – Low warning, Low fatal
State 3: [5,13], [1,5] – High warning, Low fatal
State 4: [0,4], [6,26] – Low warning, High fatal
State 5: [5,13], [6,26] – High warning, High fatal

The probability of failure and non-failure in each state is presented in Table 5.2.
Table 5.2 Probability of Failure and Non-Failure in each state

State 1
State 2
State 3
State 4
State 5

Probability of failure
0.4762
0.6903
0.7097
0.7407
0.8438

Probability non-failure
0.5238
0.3097
0.2903
0.2593
0.1562

5.3.2 DECISION SET
There are three decisions that can be chosen: Do nothing (DN), Minimal repair (MMR) and Major
repair (MR). The “Do nothing” decision refers to the current actions that are performed such as
corrective maintenance when is needed. The “Minimal repair” decision involves actions that restore
the system to “as bad as old” condition, which means performing actions that will make the system
operational again without disturbing the age of the system (Tadj, Ouali, Yacout, & Ait-Kadi, 2011;
Aven, 2011). On the other hand, “Major repair” decision refers to actions that extend the useful life of
the system and might reduce the age of the system (Tadj et al., 2011). However, since we are basing
these actions on predictions, this maintenance can be considered as imperfect, since not necessarily
the system will be “as good as new”.
For Marel, “Minimal repair” refers to changes or adjustments in the settings of the system and
“Major repair” refers to the replacement of parts performed to an assembly. Parts are clustered in
preventive maintenance packages which represent overhaul kits to conduct such maintenance
activities. We assume that all decisions are possible in all states as presented in Table 5.3.
To illustrate these actions, we provide some examples that apply to the evisceration system. This
system deals with the separation of the viscera pack from the product and rehangs the viscera pack in
the pack shackle. To perform such task, it has drawing arms to clamp around the trachea. The
adequate operation of this separation depends on the clamping force of the drawing arm. If it is too
tight or too loose, the separation will be unsuccessful. The form of the cam plate determines the
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clamping force. Customers receive several cam plates with different forms to compensate elast icity
losses. Consequently, a minimal repair action will be adjusting the clamping force by changing the
settings of the cam plate to tension the drawing arm. On the other hand, a major repair action could be
replacing the pack shackle when it is bent, or replacing its components when they come loose from
the pack shaft.
Table 5.3 Decision Set

Decisions
State 1
State 2
State 3
State 4
State 5

DN, MMR, MR

5.3.3 TRANSITION PROBABILITIES
When an action is performed, there is a probability of moving to the other states. The probabilities
for the “Do nothing” decision are obtained from the historical data, while the transition probabilities
for the “Minimal repair” and “Major repair” need to be assumed since there are no records available.
Transition probability for the “Do nothing” decision can be seen on Appendix I.
The assumptions for these transition probabilities are done based on a trend determined with
experts from Marel. These assumptions result in two graphs that show whether the probability
increase or decrease due to a “Minimal repair” or “Major repair”.

Figure 5.3 Transition probability trends for Minimal repair (MMR) and Major repair (MR)

In Figure 5.3, each line represents a state and illustrates how the transition probabilities increase
or decrease when moving from that state to any other state. For example, on the left side of Figure 5.3
the blue line illustrates state 1, then the black square indicates that there is more chance to stay in state
1 after performing a “Minimal repair”, while the black triangle denotes that there is less chance to
move to state 2 after a “Minimal repair”. Both figures present 5 lines since it is possible to do
“Minimal repair” or “Major repair” in all the states.

5.3.4 EXPECTED COSTS
Each state has a cost depending on the action chosen. The cost equations are based on the ones
presented in Chapter 4 but now considering the alternative to perform minimal repair or major repair.
Values for TP, FP and FN has the same interpretation as in Chapter 4. For example, TP represents the
probability of having a true positive prediction.
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Let 𝑖 be a state of the set 𝐸, 𝛼𝑖 the probability of failure in state 𝑖, and 𝛽𝑖 the probability of nonfailure on state 𝑖. The notation used is the same as the one presented in Chapter 4, but adding an inde x
on costs that could be 𝑚𝑚𝑟 or 𝑚𝑟 , to represent minimal repair costs and major repair costs
respectively. Then, the costs on each state due to a chosen decision are:
𝐷𝑁𝑖 = 𝛼𝑖 (𝑟 + 𝑣𝑖 ) + 𝑓𝑖 𝑟

(5.1)

𝑀𝑀𝑅 𝑖 = ( 𝑤𝑖 𝑐𝑚𝑚𝑟 + 𝑑𝑚𝑚𝑟 ) (𝛼𝑖 𝑇𝑃 + 𝛽𝑖 𝐹𝑃) + (𝑟 + 𝑣𝑖 )𝛽𝑖 𝐹𝑁 + 𝑓𝑖 𝑟

(5.2)

𝑀𝑅𝑖 = (𝑤𝑖 𝑐𝑚𝑟 + 𝑑𝑚𝑟 ) (𝛼𝑖 𝑇𝑃 + 𝛽𝑖 𝐹𝑃) + (𝑟 + 𝑣𝑖 )𝛽𝑖 𝐹𝑁 + 𝑓𝑖 𝑟

(5.3)

The estimated reactive and preventive costs used as inputs for equations 5.1 to 5.3 are indicated in
the table below:
Table 5.4 Estimated reactive and preventive costs

Reactive repair costs
Preventive Minimal repair warnings
Preventive Major repair warnings
Preventive Minimal repair failure
Preventive Major repair failure

5.4

€ 1,500
€ 50
€ 100
€ 400
€ 800

MODEL FORMULATION

In this section, we present the formulation of the model described in Section 5.3. We follow the
same notation previously explained in this chapter.
Let 𝑉𝛿 (𝑖) be the expected discounted cost during an infinite number of periods, given that at the
beginning of period 1, the state is 𝑖 and the stationary policy 𝛿 applies. Then the minimization
problem is defined as:
𝑉 (𝑖 ) = 𝑚𝑖𝑛 𝑉𝛿 (𝑖)
𝛿

(5.4)

Where,
𝑗=5

𝐷𝑁𝑖 + 𝛽 ∑ 𝑝( 𝑗|𝑖, 𝐷𝑁 )𝑉𝛿 (𝑗)
𝑗=1
𝑗=5

𝑉𝛿 (𝑖) =

𝑀𝑀𝑅 𝑖 + 𝛽 ∑ 𝑝 (𝑗|𝑖, 𝑀𝑀𝑅 )𝑉𝛿 (𝑗) , 𝑖 = 1, … ,5

(5.5)

𝑗=1
𝑗=5

𝑀𝑅 𝑖 + 𝛽 ∑ 𝑝 (𝑗|𝑖, 𝑀𝑅 )𝑉𝛿 (𝑗)
{

𝑗=1

Note that expressions 𝐷𝑁𝑖 , 𝑀𝑀𝑅 𝑖 , and 𝑀𝑅𝑖 refers to equations 5.1, 5.2, and 5.3.

5.5

MODEL IMPLEMENTATION

The model described in the previous section is solved by using Algorithm 5.1 presented in Table
5.1. However, due to the presence of some estimated parameters, it is necessary to conduct a
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sensitivity analysis to further validate the results. This section discusses the different scenarios tested
and an overview of the outcomes.

5.5.1 SCENARIO ANALYSIS: DESCRIPTION
In the model, we have three “variable” set of input parameters that need to be tested. The first
ones are the cutoff values obtained from the prognosis model developed in Chapter 4. The second set
of parameters are the transition probabilities that need to be assumed since real values are not
available. The third set of parameters is the estimated costs for reactive and preventive repair.
Cutoff values
We have four available options for cutoff values: 0.717, 0.573, 0.536, and 0.580. Each cutoff
value has its own TP, FP, TN, and FN rates as explained in Chapter 4. In this decision model, we use
these performance rates to compute the expected costs in each state when an action is chosen.
Consequently, by changing the cutoff value, we obtain different costs that might influence the final
results.
Transition Probabilities
For the transition probabilities, as explained in the model description, we do not have available
real values; but, an expected trend of these probabilities is defined along with experts in the field. We
have created 4 options to illustrate some changes in these probabilities: high and variable, high and
constant, low and variable, and low and constant.
We refer to high and low probabilities to the amount the probabilities increase or decrease in
comparison to the current situation that is represented as the “Do nothing” decision. The variable and
constant classification refers to the variation of such growth or decrease from one state to the other
states. For example, a variable growth for state 3 means that the transition probabilities of moving
from state 3 to any other state are different (i.e. some can be higher than others) while a constant
growth for state 3 means that such growth is performed in similar proportion to any other state.
The four options proposed for the transition probabilities are for both “Minimal repair” and
“Major repair” decisions. Similar to the trend illustrated in the model description section, we have
developed some graphs to represent each option. And from these graphs, we derived probability
matrices to use as inputs for the sensitivity analysis. Figure 5.4 to Figure 5.7 show the graphical
representation of the four options proposed for the transition probabilities assumptions. Recall that
MMR stands for “Minimal repair” and MR represents “Major repair”. Probabilities matrices can be
found in Appendix I.

Figure 5.4 Option 1: High and Variable Increments/Decrements
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Figure 5.5 Option 2: High and Constant Increments/Decrements

Figure 5.6 Option 3: Low and Variable Increments/Decrements

Figure 5.7 Low and Constant Increments/Decrements

Maintenance Costs
The estimated maintenance costs presented in Section 5.3.4 are the base case in this work. From
these values, we created 6 more cases. Three of them, considering that the costs are higher than the
base case; and three of them considering that the costs are smaller than the base case. Additionally, we
are varying the difference between minimal repair costs and major repair costs. It is known that
minimal repair costs are smaller than major repair costs. So, we are considering cases where minimal
repair costs are 2/3, 1/2, and 1/3 of major repair costs. Table 5.5 shows these costs assumptions.
In summary, we have 4 options for cutoff values, 4 options for transition probabilities, and 7
options for maintenance costs. Then, we consider the combination of all these input parameters
variations to test a total of 112 scenarios.
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Table 5.5 Costs Assumptions: 7 cases

Reactive repair cost
Preventive minimal
repair warnings
Preventive major
repair warnings
Preventive minimal
repair failure
Preventive major
repair failure

Base
Case 1
€ 1,500

Costs < Base Case
Case 2.1 Case 2.2 Case 2.3
€ 750
€ 750
€ 750

Costs > Base Case
Case 3.1 Case 3.2 Case 3.3
€ 3,000
€ 3,000
€ 3,000

€ 50

€ 25

€ 25

€ 25

€ 100

€ 100

€ 100

€ 100

€ 38

€ 50

€ 75

€ 150

€ 200

€ 300

€ 400

€ 200

€ 200

€ 200

€ 800

€ 800

€ 800

€ 800

€ 300

€ 400

€ 600

€ 1,200

€ 1,600

€ 2,400

5.5.2 SCENARIO ANALYSIS: SOLUTION
We solved the model using Microsoft Excel. We developed a VBA code to apply Algorithm 5.1,
resulting in an Excel tool that allows different inputs. This way, we tested the model with different
input parameters, for each scenario. Appendix K further elaborates on the Excel tool.

5.5.3 SCENARIO ANALYSIS: RESULTS
After implementing the decision model, we expect to obtain the best action to take in each state.
These actions together represent the optimal stationary policy to follow to minimize costs. Appendix J
contains all results obtained after running the decision model for all the proposed scenarios. Results
suggest that our decision model is robust under certain conditions for input parameters.
For state 1, the advised decision is “Major repair”. Such option is optimal for scenarios where
cutoff values balance the true positives and false positives rates. For the other cutoff values, we
observed a pattern in terms of costs and transition probabilities. In cases where cutoff values aim to
maximize accuracy, proportions of false positives are usually higher which increase the expected
costs (see equations 5.2 and 5.3). Such growth in costs is more obvious when minimal repair costs are
much smaller compared to major repair costs (minimal repair costs are 1/3 of major repair cost),
making “Minimal repair” the optimal decision. However, when a difference exists in costs but the
transition probabilities are high, “Major repair” is still the best option, since having more chances of
moving to “better” states neutralize the difference in costs.
Similarly, “Major repair” decision dominates among the proven scenarios for state 2. In this state,
the difference is that all cutoff values present possible options of selecting either “Minimal Repair” or
“Major repair”, depending on costs and transition probabilities. Again, the pattern observed is that
when minimal repair costs are much smaller in comparison to major repair costs, the optimal decision
is “Minimal repair”. Also, when such difference exists in costs but the transition probabilities are
high, “Major repair” is still the best option.
In state 3, the general advised decision is “Major repair”. Yet again, a pattern is identified in terms
of costs and cutoff values. When minimal repair costs are smaller compared to major repair costs
(minimal repair costs are 1/2 of major repair costs), “Minimal repair” is recommended for cutoff
values that maximize accuracy, while for the remainder of the cutoff values “Minimal repair” is
advised only when major repair costs are much higher than minimal repair costs (minimal repair costs
are 1/3 of major repair cost).
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For state 4, we can observe a pattern on optimal decision results in terms of costs. In general, the
advised decision is “Major repair”. For cutoff values that balance true positives and false positives,
the advised decision is “Major repair” regardless of the cost. On the other hand, for the scenarios that
consider cutoff values that maximize accuracy, “Major repair” is the optimal decision only when
minimal repair costs are quite close to major repair costs (minimal repair costs are 2/3 of major repair
costs). This situation can be explained due to the high proportion of true positives and false positives
for those cutoff values. Such high proportions, automatically increase the expected costs (see
equations 5.2 and 5.3) and make that increment more notorious in cases where major repair costs are
much higher than minimal repair costs, leading to a “Minimal repair” recommendation instead.
Finally, in state 5, optimal decision results are more stable across scenarios than in the other
states. In general, the advised decision is “Major repair”; however, this is not the case for some
scenarios under the cutoff value of 0.573. For scenarios that assume constant increments/decrements
for probabilities, and minimal repair costs are much smaller than major repair costs, the advised
decision is “Minimal repair”. This can be attributed to the fact that the assumed transition
probabilities for the constant scenarios for state 4 and 5 (which are the most expensive states),
decrease a smaller amount than in the variable scenarios, resulting in an increased expected cost (see
line 6 in Algorithm 5.1). Moreover, for a cutoff value of 0.573 (as explained in the previous
paragraph), the increment in cost is precisely more notorious in cases where major repair costs are
much higher than minimal repair costs. Since constant probabilities assumptions only seem to
influence for 4 scenarios on state 5 with a cutoff value of 0.573, we can discard such scenarios and
assumed a “Major repair” decision as the optimal for state 5.
Our results offer compelling evidence for changes in the optimal policy when differences between
minimal repair costs and major repair costs are significant. Our findings revealed maintenance costs
as a sensitive variable to define an optimal maintenance policy. Another finding, though slightly less
evident in the results, refers to changes in the optimal policy when transitions probabilities are
assumed high or low. This last finding highlights that probabilities become critical values to
determine an optimal policy when condition variables values are small, as is the case for states 1 and
2, where this situation became notorious.
In addition, since none of the scenarios tested resulted in a “Do nothing” decision, we decided to
further evaluate these results with some extra cases. We believe that the reason this is occurring is that
maintenance costs are assumed always smaller than reactive and downtime costs, which in general
make it less expensive to conduct preventive maintenance in any state. Then, we consider the case
when reactive costs are smaller that preventive maintenance costs (i.e. minimal repair and major
repair). The results confirmed our beliefs, since, the advised decision was “Do nothing” for all the
states for cutoff values that maximize accuracy, while for the remainder of the cutoff values it was
observed that “Major repair” still was the best option for states 1 and 5. The latter result can be
explained because state 1 and 5 are the cheapest and most expensive states, respectively;
consequently, it seems reasonable to do an action even with the difference between reactive and
preventive maintenance costs.
Furthermore, the last test was conducted by assuming minimal repair costs greater than major
repair costs. It was found that in such cases, the advised decision was “Do nothing” for most of the
states for cutoff values that maximize accuracy, while for the remainder of the cutoff values the
recommended decision was “Major repair”. From this result, we can infer that the performance rates
of the predictions play an important role in determining the optimal maintenance policy. Note that
these extra scenarios tested are less likely to happen since the common case is that preventive costs
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are smaller than reactive costs, and typically minimal repair costs are also smaller than major repair
costs. Appendix L elaborates more on these extra costs scenarios.

5.6

CONDITION BASED MAINTENANCE POLICY
This section presents the condition based maintenance policy (CBM) obtained from the results of
the several scenarios we tested. Due to the sensitive input parameters identified in the previous
section, the CBM policy is defined as decision trees illustrating the break-even point where the
optimal policy changes in each state.
For states 1 and 2, critical variables identified were maintenance costs and transition probabilities.
Then, the optimal decision is presented in the decision trees in Figure 5.8 and Figure 5.9 for state 1
and 2, respectively.

Figure 5.8 Decision Tree for State 1

Figure 5.9 Decision Tree for State 2
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For states 3 to 5, we have different policies depending on the maintenance costs used as input.
Consequently, Figure 5.10 to Figure 5.12 show the decision trees to determine the optimal policy for
state 3 to 5, respectively.

Figure 5.10 Decision Tree for State 3

Figure 5.11 Decision Tree for State 4

Figure 5.12 Decision Tree for State 5
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5.7

COSTS COMPARISON

From the sensitivity analysis, we can extract the expected costs and savings that can be obtained
by following the proposed policy. For generalization purposes, we present these costs for the total
policy and not per state. Also, we are making distinctions among the different scenarios tested for the
4 cutoff values and 7 costs cases, while we averaged the results for variable and constant probabilities
scenarios. The sensitivity analysis supports the latter decision since it proved that probabilities
assumptions influenced optimal policy less than the others (only in 2 states). Furthermore, the
expected costs obtained from such scenarios (i.e. variable and constant probabilities) are quite similar.
Figure 5.13 shows the expected costs and savings for each cutoff value when assuming different
reactive and preventive costs. Additionally, the current situation costs are plotted for comparison
purposes. All scenarios plotted have less expected costs than the current situation and consequently
present significant savings.
Also, a pattern can be recognized in Figure 5.13: when maintenance costs increase, expected
savings decrease. In general, savings go from 19% to 61%, depending on the cutoff values and
maintenance costs. The highest savings are for the policies from the scenarios with a cutoff value of
0.573, making this value an interesting and attractive one to select. However, special attention should
be paid to the performance measures associated with this cutoff value since, as showed in Chapter 4, it
has an extremely high probability of false positives, which might harm the stakeholders’ confidence in
the policy in the long-term.

€ 140,000

60%

€ 120,000

50%

€ 100,000

40%

€ 80,000
30%

€ 60,000

20%

€ 40,000

10%

€ 20,000
€-

Case 2.1
0.717 Costs
€ 37,396
0.573 Costs
€ 21,071
0.536 Costs
€ 32,299
0.580 Costs
€ 38,497
Current situation € 53,476
0.717 Savings
30%
0.573 Savings
61%
0.536 Savings
40%
0.580 Savings
28%

Case 2.2
€ 37,733
€ 21,640
€ 32,817
€ 38,820
€ 53,476
29%
60%
39%
27%

Case 2.3
€ 38,346
€ 22,016
€ 33,520
€ 39,417
€ 53,476
28%
59%
37%
26%

Case 1
€ 59,072
€ 42,769
€ 54,255
€ 60,238
€ 79,194
25%
46%
31%
24%

Case 3.1 Case 3.2 Case 3.3
€ 100,401 € 101,750 € 103,940
€ 82,768 € 85,024 € 86,485
€ 95,145 € 97,111 € 99,540
€ 101,779 € 103,072 € 105,230
€ 130,630 € 130,630 € 130,630
23%
22%
20%
37%
35%
34%
27%
26%
24%
22%
21%
19%

Figure 5.13 Policy Total Costs and Savings
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Policy Costs Comparison

5.8

CONCLUSION

The decision-making model was described as a Markov decision process. The observable
conditions of the system are the number of alarms triggered during the day. These alarms are used as
predictors to determine whether a failure will occur or not the next day. Therefore, such alarms can be
used to decide on actions to fix those potential failures. Given this situation, the main assumption on
which this model work is that preventive maintenance activities (suggested by the prognosis model)
are conducted prior the start of the production day (see Figure 5.1). This way, costs due to production
loss while performing maintenance are negligible.
We defined 5 states by splitting the number of warning and fatal alarms to create intervals that
represent such states. The main condition to compose the intervals was that the probability of failure
increases from one state to the next state.
By contrary to Chapter 4, where we defined as the only action “Do maintenance” when the
prediction model indicates a failure, here, we split maintenance in two: minimal repair and major
repair. Then, the decision model has three possible alternatives: do nothing (current situation),
minimal repair, and major repair.
Due to the amount of non-available real information to set up the decision model, we made
additional assumptions, considering expertise knowledge from people at the company. As a result, we
created 112 scenarios to test the model, and corroborate the robustness of the results while also
identifying sensitive variables for which the optimal policy changes.
Results from the sensitivity analysis indicate that the variable with major influence on the policy
is maintenance costs. These costs are for preventive and reactive maintenance. It was found that,
when the difference between minimal repair costs and major repair costs is high, a minimal repair
action is advised instead of major repair. Such statement is valid for states 1 to 4. Another finding,
though slightly less evident in the results, refers to changes in the optimal policy when transitions
probabilities are assumed high or low. This finding suggests that probabilities become critical values
to determine an optimal policy when condition variables values are small, which are the cases
represented by states 1 and 2. Based on these results, we defined a CBM policy presented on decision
trees that illustrate the break-even points where the optimal policy changes in each state (see Figure
5.8 to Figure 5.12).
In term of costs, we can notice that regardless the different input parameters, all scenarios tested
presented savings when compared to the current situation. Notice that we are computing expected
costs; then, costs figures should be interpreted with special care and should not be assumed as
absolute values. Instead, it is more appropriate to compare scenarios by looking at the percentage of
savings, since this figure is relative to costs. Consequently, their magnitude will remain even though
values change.
A noteworthy finding is that reported savings (for the base case) are slightly higher than the ones
presented in Chapter 4, where we assumed to do maintenance every time the model predicts a failure.
This might indicate that having options such as minimal repair and major repair, improve the
usefulness of the predictions obtained from the prognosis model.
Moreover, we highlight that special attention should be paid to cutoff values. Our cost comparison
results show that the cutoff values that offer the highest savings are the ones that maximize accuracy.
However, such cutoff values also present an extremely high probability of false positives, that in the
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long-term might harm the stakeholders’ confidence in the policy (since we will be conducting
unjustified maintenance actions more frequently).
Finally, a surprising finding was that none of the (original) scenarios resulted in a selected
decision of “Do nothing”. A satisfactory and verified explanation for this result (by extending the
sensitivity analysis) is that minimal and major repair costs are smaller than reactive maintenance and
downtime costs, which in general make it less expensive to conduct preventive maintenance in any
state. Then, we tested situations where: reactive costs are smaller than preventive costs, and minimal
repair costs are greater than major repair costs, both leading to “Do nothing” decision results. Another
possible explanation for this situation, though not tested in this chapter, is that we are not considering
the loss of production due to preventive maintenance activities performed, which also provides an
advantage to keep repair costs small. On account of these facts, it is understandable that preferred
actions on any state are mostly between “Minimal repair” and “Major repair”.

42

6 CHAPTER 6: CONCLUSIONS

AND RECOMMENDATIONS

This chapter concludes the research. Section 6.1 provides answers to the three research questions
presented in Chapter 2. Section 6.2 presents the managerial implications. Section 6.3 discusses the
procedures that should be followed for Marel to implement the models developed in this thesis.
Section 6.4 presents the limitations and direction for future work. Finally, Section 6.5 offers some
recommendations to Marel.

6.1

CONCLUSIONS: ANSWERS TO RESEARCH QUESTIONS
The three research questions were discussed in Chapters 3 to 5, respectively. This section
summarizes the main findings providing answers to those questions.
RQ1: How can failure patterns be detected using of condition information?
To be able to detect failure patterns, we first need to identify the condition information available
for each system. Since the objective is to detect failures, we need to determine the appropriateness of
such data to provide knowledge regarding failures. That is, although the same information is
measured for several systems, that does not imply that all systems are suitable or even possible to spot
failure patterns. We provided criteria in Section 3.2.1 to select an adequate system to analyze for this
purpose. Next, relations among the observable or condition variables with the failure behavior should
be analyzed. We proposed to analyze such relations through hypotheses tests to determine their
existence and strength in terms of the significance level.
First, we found that the two lines more attractive to study are the slaughter line and the
evisceration line. The latter one was selected since its criteria selection measures outperform slightly
compared to the other line. Second, we assert that the most remarkable finding is the existence of a
strong correlation between warning and fatal alarms with the failure status next day (See Figure 3.1
for all the significant relations found). These correlations motivate on determining the sequence of
events regarding such alarms. The data revealed that a fatal alarm follows a warning alarm 67% of the
times and that 75% of such alarms end in a failure status the next day. That is, the sequence “warningfatal-failure next day” is presented 50% of the time. By contrary, no significant correlations were
detected for the other conditions variables tested.
RQ2: How to develop a prognosis model for a system?
To develop a prognosis model for failure, we proposed to use a binary logistic re gression since
the outcome variable presents two possible results: failure and non-failure. This model uses warning
and fatal alarms as predictors since both presented a significant relation with the failure status.
Considerable care is must be taken to the interpretation of the prognosis model results since the
outcome of a logistic regression represents probabilities. Then, it is required determining a cutoff
value that allows deciding whether such outcome is a failure or a non-failure. We proposed two
alternatives to obtain optimal cutoff values; the first one is to maximize the accuracy of the prediction,
and the second is to balance the amount of true positive and false positive predictions. To evaluate
such cutoff values, we compute performance measures commonly used for prognosis models.
We used data from Marel to determine a prognosis model employing logistic regression. We
noticed that after data preparation steps, the dataset leaned to an unbalanced condition. To handle this,
an oversampling technique was implemented to generate more observations that allowed to balance
the data. As a result, we obtained two prognosis models (with two cutoff values each). The models
suggested that the association between warning alarms and failure the next day is stronger than the
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association with fatal alarms. Consequently, this generates considerable interest on watching carefully
warning alarms.
We conclude that it is not possible to outperform in all performance measures since a trade-off
exists among them. Thus, we hypothesize that missing failures are, to some extent, tolerable since that
measure is comparable to the current situation. This statement implies that we should concentrate on
correct failure predictions and false alarms since both represent an action that was not done before.
Results revealed that cutoff values that present better outcomes are the ones that maximize accuracy.
However, we should sound a note of caution regarding such selection of a cutoff value. Even though
we are suggesting which one might be more advantageous to use, we are not choosing any specific
value. Instead, we are using all cutoff values as plausible options. We leave the selection decision to
Marel, but provide an adequate comparison of results by using each of the cutoff values obtained in
our analysis.
Regrettably, we were unable to determine significance improvements in predictive accuracy if
more data become available. Nevertheless, we suggest updating the model (at least) after one year to
test any significant differences before considering it as a steady model.
Finally, we conclude that regardless of the cutoff value selected there are potential savings by
conducting preventive maintenance activities following the results of the prognosis model.
Nevertheless, savings figures presented should be treated with considerable caution. Instead of
representing real figures, they provide good insights on the benefits of applying the prognosis model.
RQ3: How can the results be used to improve maintenance decisions of a system?
Results from the prognosis model represent a valuable input to decide upon maintenance
activities. Then, a decision-making model needs to be implemented, such model is described as a
Markov decision process. The observable conditions of the system are the number of alarms (i.e.
warning and fatal) triggered during the day. These alarms are used as predictors to determine whether
a failure will occur or not the next day. Therefore, such alarms can be used to decide on actions to fix
those potential failures. Given this situation, the main assumption under which this model works is
that preventive maintenance activities (suggested by the prognosis model) are conducted during nonproduction (see Figure 5.1). Thus, costs due to production loss while doing maintenance are
negligible. To define the states, we proposed to split the number of alarms (observable variables) in
such a way that the probability of failure increases from one state to another. Then, we are defining
three possible actions for the model to choose in each state: “Do nothing”, “Minimal repair”, and
“Major repair”.
Given the limited information available to set up the decision model, we conducted a sensitivity
analysis to test the model and corroborate the robustness of the results. We identified sensitive
variables for which the optimal policy changes. Results offer compelling evidence for changes in the
optimal policy when differences between minimal repair costs and major repair costs are significant.
This finding revealed maintenance costs as a sensitive variable to define an optimal maintenance
policy. Another finding, though slightly less evident in the results, refers to changes in the optimal
policy when transitions probabilities are assumed high or low. This finding highlight that,
probabilities become critical values to determine an optimal policy when conditions variables are
little. Then, we defined a CBM policy through decision trees illustrating the break-even points where
optimal policy changes in each state (see Figure 5.8 to Figure 5.11).
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The evidence from this sensitivity analysis suggests that regardless the different input parameters,
all scenarios tested presented savings when compared to the current situation. However, costs figures
should be interpreted with special care and should not be assumed as absolute values. Instead, it is
more appropriate to compare scenarios by looking at the percentage of savings since this figure is
relative to costs consequently their magnitude will remain even though values change.
Finally, what is surprising was the fact that none of the (original) scenarios resulted in a selected
decision of “Do nothing”. By extending the sensitivity analysis, we verified that this result occurs
because preventive maintenance costs considered are smaller than reactive maintenance and
downtime costs. Another possible explanation for this situation, though not tested in this chapter, is
that we are not considering the loss of production due to preventive maintenance activities performed,
which also provides an advantage to the repair costs to stay smaller. On account of these facts, it is
understandable that preferred actions on any state are mostly between “Minimal repair” and “Major
repair”.

6.2

MANAGERIAL IMPLICATIONS

The findings of this research have considerable managerial implications. First, this study has gone
some way towards enhancing the understanding of the data currently available for predictive
purposes. The study revealed that failure patterns are linked with alarms triggered by the system;
specifically, such patterns involve warning and fatal alarms. And non-significant relations were found
for info and error alarms.
Second, results so far have been promising in proving that even though limited condition
information data is available, it is possible to extend preventive maintenance schedules to predictive
maintenance (CBM). This is possible through the application of the prognosis and decision-making
model. We defined a prediction equation and later a CBM policy based on the alarms triggered during
the day.
Third, this work has demonstrated that significant savings can be obtained in maintenance costs
when implementing predictive maintenance. Savings may range from 19% to 61% depending on how
the models are initialized. This represents an opportunity to encourage stakeholders to move towards
CBM, and motivate customers to collaborate closer with Marel by sharing information of their
equipment’s performance for further analyses.
Finally, our approach could be applied to other systems and customers by updating the models
with their corresponding information. In our view, these results present an important initial step
toward proactive maintenance as part of the MGMC.

6.3

IMPLEMENTATION

For Marel to be able to use the models developed in this thesis, there are some considerations that
need to be taken into account. This section reflects on such considerations and suggests how to
manage them in practice.
To implement these models, there are two main constraints: parts and technicians. We assumed
that parts and technicians are always available to conduct maintenance, furthermore, we also supposed
that technicians are qualified to perform any maintenance activity. Then, it should be investigated
when and which parts are needed to optimize stock levels. This could be linked with overhaul kits
currently used for preventive maintenance fixed schedules. On the other hand, technicians’
availability should be analyzed considering that the models suggest conducting maintenance during
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non-production. It needs to be explored whether it is necessary or not to have a technician on -site or
the technician should be sent only if a positive prediction is obtained. Additionally, minimal repair
actions, as discussed in Chapter 5, imply changes in the settings of the system, then it can be
evaluated whether operators on-site are fully qualified to conduct such actions without the support of
technicians, then, it can be considered that technicians are required only for major repair actions.
Additionally, employees should be trained to use the models developed in this thesis. Besides,
understanding the output that those models provide, it is important to clarify which information is
needed as input because results extremely depend on input parameters. To support employees that will
use the models, we have adapted such models to work as Excel tools, such that instructions to enter
input parameters, necessary for the model to run properly, are provided.
We make a distinction between the prognosis tool and the decision-making tool; the first one
needs to be performed on a daily basis, while the latter one is supposed to provide steady results.
Consequently, the decision-making tool should be used again in case, information to update the
assumptions become available. Appendix K illustrates both tools. The tools themselves were
developed to guide the user while using them. However, a brief explanation is given in this section.
The prognosis tool requires as input the number of warning and fatal alarms during the day.
Additionally, to define the potential reasons of the failure, we are searching in the current database
(one year of observations) the failure reason for instances with similar conditions to the one given as
input. For this search, in addition to the number of warning and fatal alarms, we are also requesting
the number of the info and error alarms, as well as the performance of the line (pieces/min) with the
objective of having more features to compare when searching. The output of this tool is the failure
prediction for the next day and a list indicating the potential reasons for such failure.
The prognosis model can be updated or adapted to other lines by providing the information
necessary to do it. This information refers to alarm data and OEE data. T he R code developed is
presented in Appendix E. This code can be used with a new dataset to obtain the prognosis equation
that applies to that new data, or it can be used to update the current model in case of information for a
longer period becomes available. The code is well commented such that, it can be straightforwardly
read and modified by someone with basic knowledge in programming. To simplify the use of the code
and limit the modifications to a minimum, it is recommended to restrict the name of the variables in
the dataset as indicated in the code. Variable names are clearly stated in the first lines of the code.
On the other hand, the decision-making tool requires as inputs: a) the number of warning and fatal
alarms per state, b) cutoff value used in the prognosis model, c) maintenance costs (preventive and
reactive), and d) transition probabilities for decisions available in each state. The output of this tool is
a CBM policy indicating the optimal action to be taken in each state. The input parameters currently
consider for this model applies to the evisceration line, consequently, for other lines, such parameters
need to be updated and the decision-making tool can be adapted as well.

6.4

LIMITATIONS

AND FUTURE WORK
We are aware that there is certainly room for improvement for the decision model we proposed.
The curious result of none of the states selecting a “Do nothing” decision should be further
investigated. We suggest two alternatives for this purpose:
1) Revise the cost function
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A major source of uncertainty is in determining the cause of failure which translates in cases
where the model suggests performing maintenance, either minimal or major, but such action could be
the wrong action to fix the predicted failure. Currently, there is no data to validate this. In our work,
uncertainty on the determination of failure reason is left out of scope. However, we propose an option
to mitigate such issue at least until more information becomes available. This option refers to the cost
function (equation 5.1 to equation 5.3). We recommend assessing the model by including more
specific costs in each state depending on the number of triggers (i.e. alarms) they present. These
specifications, of course, will involve experts from the company to make more assumptions in terms
of costs, since real data in this regard is limited. We believe that, with this implementation, the chance
of a wrong maintenance might decrease, plus the model might advise in some states “Do nothing”
decision.
To illustrate this recommendation, let’s consider that minimal repair and major repair costs are
more expensive in the first states than in the last states. This assumption aims to account for the
uncertainty in the determination of failure reason when fewer triggers or condition information are
available. For example, on state 1 we defined warning alarms from 0 to 4 and none fatal alarms;
consequently, failure reason determined in this stage might be misleading since we based such reason
in a low number of warning alarms. Then, to handle this deceptive result, we can consider that
conducting minimal repair or major repair in this state is costly. So that, we can deduce that if the
model still contemplates performing an action in this state, this would be advantageous even though
such actions are expensive.
To further exemplify some expected results, we tested for few scenarios the decision model. In
the absence of more specific information regarding costs, and due to time constraint to elaborate on
more appropriate cost assumptions. We decided to evaluate this recommendation by multiplying by a
factor: minimal repair and major repair total costs. This factor is bigger for the first states than the last
states. We found that for two of the cutoff values (0.717 and 0.580), the advised decision changed to
“Do nothing” mainly in states 2 to 4. These results partly confirm our expectations of the
implementation suggested. We say partly because this analysis was done just for few cases. Then, we
propose to test for more scenarios, using more elaborate specific costs per state; such that we can fully
validate the optimal decisions selected.
2) Relax the constraint that predictions are made at the end of the day.
Our model restricts predictions to be made at the end of the day and conduct any preventive
maintenance suggested by such predictions before the production starts. However, we proposed for
future tests to relax such constraint and allows predictions to be made at any time of the day. If that is
the case, special attention should be paid to the cost function. Since costs for loss of production when
conducting maintenance should be further explored and included into the model.
For example, currently, we consider that the end of the day is at 22:00. Then, predictions are
made after that time and maintenance actions should be performed during the non-production time.
Now, to relax this constraint, we can consider a different cut time. Let’s say 17:00, which in the case
of predicting a failure, this will imply to stop production and conduct maintenance. Consequently, the
cost of that loss on production while performing maintenance should be included in the decision
model.
We briefly analyzed this modification to comment on expected results. According to experts from
Marel, minimal repair actions can be performed during breaks, so it is not necessary to stop the line in
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such cases. For major repair actions, it is necessary to estimate the duration of such maintenance.
Based on expert knowledge and with the objective to illustrate expected results, it is assumed a
duration, on average, of one hour. And by considering a rate for downtime costs of 300 €/min, then
the cost for production loss while conducting maintenance will be 18,000 €. By including this cost
into the model, for the few scenarios tested, we found that savings decrease approximately 5% and the
preferred action is “Minimal repair”. These preliminaries results provide evidence to better estimate
maintenance duration to further validate whether it would be useful to allow performing maintenance
during production or restrict them to non-production time.

6.5

RECOMMENDATIONS

The following recommendations are related to the company indicating also in some occasions
direction for future research.
1) Start a pilot project to implement in practice the framework proposed to the evisceration line.
In this thesis, we presented the results of the implementation of both models (i.e. prognosis and
decision model) based on data from the past year. Those results are promising, however, to fully
validate the application in practice of such models, we suggest conducting a pilot project. By doing
this, people at the company can be familiarized with the models and more realistic results can be
obtained. We suggest the following steps to do this:
a) Present to the customer the expected benefits of the implementation to motivate their
cooperation on this pilot.
b) Train employees that will use directly the prognosis tool and decision trees of the CBM
policy.
c) Make available parts and technicians to conduct maintenance actions suggested by the CBM
policy.
d) Collect the right data and use the prognosis tool and the decision trees on a daily basis.
e) Keep track on actions performed due to recommendations of the models.
f) Compare after a certain amount of time the real failures and actual maintenance actions
required with the predicted failures and maintenance actions advised, to see how useful is the
proposed framework in practice.
g) After the pilot ends, provide feedback to improve the models. This feedback should be
provided by the direct users of the tools in the field.
2) Apply the framework to other lines and customers.
The results might not be generalized to other lines or other customers since they strongly depend
on the data used as input for both models (i.e. prediction and decision-making). Nevertheless, what it
is possible to generalize is the framework proposed. This can be applied to any other system or
customer. Therefore, our approach is encouraging and we suggest extending it first to the slaughter
line since as stated in Chapter 3, our results demonstrate that such line is suitable for this purpose.
Then, results from both lines can be used as an opportunity to motivate other customers to share the
information needed to apply the framework proposed.
The approach for this application could be:
a) Prepare the data collected for the slaughter line: define cleaning criteria and level of
aggregation. The aggregation level could be the same used for the evisceration line. Note that
cleaning criteria are explicit to each line; consequently, criteria used for the evisceration line
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b)
c)

d)

e)
f)

not necessarily apply to the slaughter line. Appendix C can be used as an example to carry out
data preparation steps.
Identify patterns in the data by testing the hypothesis defined in Chapter 3.
Develop a prognosis model for the new data following the modelling steps described in
Section 4.2 in Chapter 4. The prognosis tool for the evisceration line can be updated with the
information corresponding to the slaughter line.
Develop a decision-making model as described in Section 5.3 in Chapter 5. Modelling
decisions will be quite similar. The main difference is regarding set up values to initialize the
model which should be obtained from the new data. The decision-making tool for the
evisceration line can be updated with new values corresponding to the slaughter line.
Define a CBM policy for the slaughter line.
Start a pilot project on this line to fully evaluate the results in practice.

Afterwards, it is advised to build a business case using results from the evisceration and slaughter
line to motivate other customers to implement the framework proposed.
3) Enhance the quality of failure reasons: a) in-depth analysis of warning and fatal alarms per
type, and b) collect more specific information about such alarms.
The present study has only investigated the conditions and the relations with failure status at
system level (i.e. information for the entire line). Therefore, a major source of uncertainty is the cause
and location of such failure. With the limited current information, we provided potential reasons as a
starting point to search failures when a prediction is made. Future work should concentrate on
enhancing the quality of such failure reasons. With this purpose, we recommend an in-depth analysis
of warning and fatal alarms per type. We have already obtained satisfactory results demonstrating that
this analysis can be useful. We have found that both types of warning alarms are significantly
correlated to 8 out of 13 types of fatal alarms. This finding might imply the possibility of building a
more specific prognosis and decision models, by considering such alarms independently. However,
more detailed information needs to be registered to provide accurate evidence to conduct
maintenance. Once more information becomes available, further tests should be carried out before
being able to define such models.
To illustrate what we are implying from these correlations found per alarm type and what we
mean with more accurate information. Let’s take as an example t he ATC module (Automatic Tension
Control) of the evisceration line which is identified as the module that triggers most of the alarms.
This module balances the forces generated due to the high speeds at which the line works making
possible to stop the line quickly in case of emergency.
In this module, a buffer warning alarm is described as “Almost full” and a machine safety
warning alarm is described as “Remote stop active”, both alarms activate a fatal alarm under the name
“Emergency stop” in the safety circuit of the Rehanger TREC. However, it is unclear the reasons why
the emergency stop is activated. It might be inferred from the data that a buffer warning and a
machine safety warning trigger such fatal alarm, but some extra information could be useful to
diagnose the cause of the stop. We believe that the description for the buffer warning is imprecise and
can be improved, a more helpful description could be defining some levels for the “Almost full”
statement; for instance, on a scale from 1 to 100, “Almost full” could be either 75, 85 or 95. Then, it
could be further investigated, which level influence the most to trigger a fatal alarm. On the other
hand, for the machine safety warning, the possibility of specifying why such remote stop was active
should be analyzed.
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Consequently, there is evidence that supports that more specific information should be registered.
A starting point could be enhancing the level of information of warning and fatal alarms since this
study proved a significant relation between these alarms and failures. The objective is to collect as
clear information as possible about the equipment’s to create a complete database that allows the
prognosis model and decision-making model provide more accurate results in the future.
4) Investigate the relationship between failure status with low and high line speed.
As the objective of our study was to identify failures before they occur, we main ly concentrate the
analysis on relations between condition variables and failures the next day. However, one attractive
finding that we advised to further investigate refers to line speed and failures in the same day. Results
obtained in Section 3.4 in Chapter 3 revealed that a small minimum speed and a high maximum speed
are significantly related to a failure in that day. For the evisceration line, the target speed is 226
pieces/min, this could explain why having a speed above this number increases chances of failure.
However, this statement should be validated and further analysis should be conducted to fully explain
why such speed level influences the occurrence of a failure. The results of this analysis can provide
recommendations to operate more adequately the machines, decreasing the chances of undesired
events.
Now, we present a set of recommendations aimed to improve data collection task.
5) Extend and standardize data collection period.
As discussed in Section 3.1 in Chapter 3, OEE records are available for the past three years, while
alarms records are only available for the last 365 days. Then, these databases are overwritten to
register new data. It is recommended to allow data registration for a period greater than one year.
With that purpose, it is advised to standardize period registration such that, all information could be
available for the same time period. In this thesis, we restrict the use of data to the last year since
alarms records were only available for that period. Consequently, we had to disregard OEE records of
two years. The extension and standardization of period of data collection could provide more accurate
information to determine failure predictions and their potential causes.
6) Revise registration of alarms data.
During data preparation steps, it was found repetitive, redundant, and overlapping alarms records
in the data as explained in Appendix C. These records represent the 36% of the total alarms data. Such
records were deleted and not considered for this research. We based this deletion decision on expert
knowledge, and we left out of scope further analysis to validate these cases. However, we recommend
investigating the reasons behind these "unnecessary” registrations. This analysis could determine
whether such registrations are: due to errors in programmable logic controllers (PLCs), or real faults
occurring during the process (i.e. actual alarms).
7) Verify differences between downtime registrations and OEE failure status.
The results of the overview analysis performed in Section 3.2 in Chapter 3 revealed that
differences exist between OEE failure status and downtime records. These differences can be
classified in two: days of occurrence, and duration of the event. For example, there are cases when for
certain day OEE data shows a failure, while downtime data indicates a non-failure; or cases when
OEE data presents a longer failure duration than downtime data. In this thesis, we realized about such
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differences but did not elaborate further on them; instead, we chose the line that presented fewer
differences to conduct our analysis.
However, we recommend investigating the reasons behind these differences. To provide a
direction for this investigation, we conducted a minor analysis. We found that when omitting failure
duration that lasts less than one minute in OEE data, such differences decrease approximately, 81%.
Based on this premature finding, we hypothesize that OEE data registers failures regardless how short
they are; while downtime data registers failures that last longer. Further analyses need to be done to
prove this statement. We suggest as a starting point to explore what criteria are used to register
downtime and OEE failures. Additionally, it is advised to ensure that downtime records provide
information about the time of day when the event occurs, and to standardize failure and downtime
reasons. In this way, comparisons between these two sources of information will be smooth, and
constructive knowledge can be obtained on the reasons for failures.
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A. APPENDIX A: POULTRY PROCESSING PROCESS
To better understand the situation at Marel, this appendix describes a more detailed poultry
process. This description is based on the Master thesis by Houben (2014) and the Industry Brochure
of Marel Poultry (2016).

Figure A.1: Example of Poultry Layout with capacities up to 13,500 per hour (225 bpm)
The layout of a poultry processing plant of Marel is divided into different sections due to hygienic
reasons.
A) Live bird supply
a. The broilers are supplied to the factory in containers in the live bird reception area.
The broilers remain at room temperature and controlled light for two hours to relax
after the stressful transportation.
b. The broilers are unloaded from containers onto a conveyor belt using the Grower-toProcessor (GP) supply system or ATLAS (Advanced Technology Live Bird Arrival
System) handling system.
c. The CAS (Multiphase Controlled Atmosphere Stunning) system connects smoothly
with these live bird handling systems. The CAS system is a two-stage system where
the broilers are stunned using carbon dioxide (CO2) and oxygen (O2). Another option
for stunning is electrical water-bath stunning; however, currently, this alternative is
less frequently used due to the improved performance provided by the CAS system.
d. The broilers are hung manually upside-down in a shackle on the killing line.
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B) Killing and defeathering
a. There are two options for killing broilers: neck cut or throat cut. The cut must ensure
that the broilers bleed fully before they enter the scalding process.
b. The broilers are scalded making feather plucking afterwards easier.
c. The broilers are plucked. The head and hocks are cut off.
C) Evisceration and organ handling
a. The broilers are re-hung by an automatic re-hanger (TRDE) transporting the broilers
from the killing line to the evisceration line.
b. The Stork vent opening cutter (VOC) cuts the cloaca, pulls out the cloaca and the
intestines and hangs them over the backside of the broiler.
c. The viscera pack is separated from the broiler and transferred automatically to a
dedicated shackle on a separate processing line.
d. The final inspection machine evaluates the carcass and intestines. If approved, the
neck is removed and the carcasses are cleaned from inside while the intestines are
further treated in Section E.
e. The carcass is re-hung onto the Chilling line (section F) with an automatic re-hanger
(TREC), weighting directly the product.
D) Feathers, heads, hocks, blood, and other by-products are collected and processed typically
into animal food. Note that by-products handling is not considered as part of the poultry
process and is done in a separate room.
E) Giblet processing
a. This line is either manual, semi or fully automated.
b. Liver, lungs, gizzard and heart harvesting.
c. The valuable giblets are separated from the non-edible parts.
F) Chilling
a. It is important to chill the carcasses to the correct breast core temperature without
freezing wings or neck flaps. A long overhead conveyor system (up to 6000 meters,
line speed dependent) transports the carcasses through the chilling area.
G) Weighing, grading, and distribution
a. An automatic re-hanger (TRCS) rehangs the carcasses from the chilling line (section
F) onto the selection line and automatically weighs them.
b. Stork SmartWeigher and IRIS vision inspection can be implemented at four different
locations in the plant: defeathering and evisceration department, in the distribution
and the cut-up line.
c. The carcasses are distributed to the best suitable line based on grading.
d. An automatic re-hanger (TR1G/NT) rehangs the carcasses onto the corresponding
cut-up line.
H) Cut up and deboning
a. Wing cutting and marinating.
b. Breast cap cutting and deboning.
c. Anatomic leg processing: i) back half cutting, ii) weighing, iii) batching, iv)
drumstick cutting, and v) leg deboning.
d. Front half cutting and deboning.
I) End-of-line and packaging
a. Perform final operations to complete the packaging process (e.g. Weight and price
labels).
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B. APPENDIX B: MAINTENANCE DEFINITIONS
Marel has a Global Maintenance Service Strategy (MGMSS) to support its MGMC. This strategy
consists of three elements: corrective maintenance, proactive maintenance, and continuous
improvement plans. The definitions used by Marel to refer to these elements are explained below.
1. Corrective Maintenance: maintenance strategy to correct a system failure of an expected or
known breakdown for which preventive maintenance is not applicable because of its
unpredictable behavior.
2. Proactive Maintenance: any maintenance activity which is required to minimize the risk of
system failure or performance loss. It is known as planned or scheduled maintenance and is
executed before a breakdown occurs. It is further classified into three types:
a) Operational Maintenance: first line maintenance performed by a trained operator (e.g.
cleaning and lubricating).
b) Preventive Maintenance: maintenance strategy based on predefined intervals regardless
of the condition of parts. It can be time-based (triggered by a fixed time) or count-based
(triggered by a fixed number of events) maintenance.
c) Predictive Maintenance: maintenance strategy based on measuring the condition of the
system to assess whether it will fail during some future period, and then taking
appropriate action to avoid the failure and thus the consequences of that failure. Also
known as condition based maintenance.
3. Continuous improvement: maintenance strategy to continuously improve the performance of
the system based on Key Performance Indicators (KPI’s).
Additionally, another term commonly used is reactive maintenance which refers to unforeseen
incidents. For all other cases, corrective or proactive maintenance apply.
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C. APPENDIX C: DATA PREPARATION
This Appendix discusses the steps to follow previous conducting the analysis of the data. Section
C.1 describes the criteria followed to clean the data by deleting observations that might biased results
later. Next, Section C.2 explains how the aggregation of the observations is performed.

C.1. D ATA

CLEANING

Outliers, redundant, repetitive or irrelevant records should be analyzed and deleted if necessary.
Validations of the observations are done consulting service and software engineers from Marel.
Alarms data
The database of the alarms contains all the lines including primary and secondary processing.
Therefore, first, it is necessary to filter the database per line. Additionally, for the alarms records, the
evisceration line and the giblet line are considered as one system. Then, there are six filters that need
to be applied to this set.
1) Filter by module. A line is formed by several modules, and each line has specific ones. A
distinction between modules of the evisceration line and the giblet line is performed.
2) Repetitive records. This can be validated by comparing alarm names and alarm time stamp of
consecutive observations.
3) Redundant records. There are some alarms triggered several consecutive times with a duration
of 1 second. These observations are considered unnecessary and only one of them is
considered.
4) Alarms that do not stop the line. Fatal alarms are classified in two categories: stop the line and
do not stop the line. Since the main goal is to predict failures, only alarms that stop the line
are being considered as a conditional observation to predict failures.
5) Production time. Records outside production time are not considered since those alarms might
have been triggered during a cleaning. Production time for the evisceration line is from 02:55
– 22:00.
6) Overlapping alarms. There are some alarms triggered within an interval less than 1 minute
indicating the same description for the alarm. Those observations are excluded from the
analysis since they represent the same alarm.
OEE data
Similarly, OEE data needs to be filtered as well.
1) Production time. Records outside the production time are not considered. These observations
are labelled as unscheduled and not scheduled in the OEE status. Both statuses indicate that
the machine is not producing due to a weekend, holiday, break, or because there are no orders
assigned in that moment. Therefore, it would not be correct to consider those observations as
valid non-failure records.
2) Repetitive records. This validation is done by comparing the beginning time of the record of
two consecutive observations.
3) Outliers.
a. Performance records above 300 are not considered for analysis. Since the
performance target is 226 and a much bigger value might indicate an error when
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registering the record. Mostly, the duration of the interval of such records is too short
(e.g. 0,0005) which could be also a sign of a malfunction in registration.
b. Performance records below 10 are evaluated by its performance loss reason. In case
the loss reason is an unknown loss, meaning that a big amount is attributed to that
loss. It is recommended to delete since there is no valid reason that supports that
observation.
OEE data is formed by three different datasets: OEE profiles, performance loss, and quality loss.
Repetitive records and production time are applied only to OEE profiles while analysis of outliers
should be applied to the three datasets.
Downtime data
This dataset contains all the lines. Consequently, it only needs to be filtered per line. In this
case, the evisceration line.

C.2. D ATA

AGGREGATION

Registration intervals differ among the data sources considered in this study. OEE records have a
short registration interval with a maximum of 15 minutes, while alarms records are more variable and
can go from seconds to hours. On the other hand, downtime records are only registered per day and
there is limited information regarding the time of the day (i.e. information is provided on some days
but not for all the observations). Since the main objective is to combine these sources, a common
period should be defined to aggregate the records.
Alarms data
Alarms records are aggregated per day and the operation selected to do this is counting the
number of alarms per day.
OEE data
OEE data is the biggest dataset obtained and the most variable one. Then, aggregation is done in
three different intervals. First, it is aggregated every 15 min which allows simplifying aggregations in
any other greater interval. In this study, it is aggregated per hour and later per day.
Two aggregation operations are performed: count and average. Then, OEE status, stop reasons,
performance reasons and quality reasons are counted, while performance measurements are averaged.
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D. APPENDIX D: HYPOTHESIS

TESTS RESULTS

This Appendix shows the results of the hypotheses tests. Section D.1 presents the cases where the
null hypothesis A.1. fails to be rejected. And Section D.2 presents the moderate and weak correlations
found among the observable variables

D.1. H YPOTHESIS A.1

AND

A.2

RESULTS

Table D.1 Cases where hypothesis A.1 fails to be rejected when the observable variable is alarm levels

Period
Same day
Next day

Next 2
days

Observable
variables
Info Alarm
Error Alarm
Info Alarm
Error Alarm
Fatal Alarm
Info Alarm
Warning Alarm
Error Alarm
Fatal Alarm

Categorical variable
No
Failure
Failure
0.083
0.105
0.497
0.941
0.103
0.058
0.530
0.870

p-value
0.743
0.249
0.482
0.292

0.103

0.058

0.482

0.638

0.600

0.886

Categorical variable
No
Downtime
Downtime
0.044
0.139
0.700
0.538
0.089
0.092
0.585
0.673
4.834
3.964
0.038
0.148
3.821
3.574
0.649
0.602
4.726
4.085

p-value
0.195
0.577
0.966
0.765
0.070
0.138
0.398
0.871
0.182

Table D.2 Cases where hypothesis A.1 fails to be rejected when the observable variable is performance
measures

Period

Same day

Next day

Next 2
days

Observable
variables
Average
Performance
Maximum
Performance
Average
Performance
Minimum
Performance
Maximum
Performance
Average
Performance
Minimum
Performance
Maximum
Performance

Categorical variable
No
Failure
Failure
219.760 206.235

p-value
0.061

Categorical variable
No
Downtime
Downtime
213.374
218.731

p-value
0.341

252.122

250.480

0.762

212.538

219.244

0.235

218.035

209.889

0.229

33.995

26.187

0.295

253.127

246.606

0.346

248.331

254.536

0.256

216.617

213.442

0.599

212.370

219.432

0.211

32.749

29.309

0.650

26.712

37.397

0.132

252.718

247.630

0.420

249.952

252.731

0.611
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D.1. H YPOTHESIS B.1

AND

B.2

RESULTS

Table D.3 Moderate and weak correlations among observable variables

Variable 1

Variable 2

Correlation

Maximum performance next 2 days

Average performance

0.496

moderate

Maximum performance next 2 days

Maximum performance next day

0.485

moderate

Maximum performance next day

Maximum performance

0.485

moderate

Maximum performance next 2 days

Maximum performance

0.446

moderate

Downtime Duration next 2 days

Failure Duration next 2 days

0.343

moderate

Downtime Duration next day

Failure Duration next day

0.342

moderate

Downtime Duration

Failure Duration

0.342

moderate

Failure Duration next 2 days

Fatal alarm next 2 days

0.307

moderate

Failure Duration next day
Failure Duration
Error alarm next 2 days
Error alarm next day

Fatal alarm next day
Fatal alarm
Error alarm next day
Error alarm

0.307
0.307
0.26
0.26

moderate
moderate
weak
weak

Average performance next day

Error alarm next 2 days

-0.255

weak

Average performance

Error alarm next day

-0.254

weak

Average performance next 2 days

Error alarm

-0.252

weak

Average performance next 2 days

Error alarm next 2 days

-0.25

weak

Average performance next day

Error alarm next day

-0.249

weak

Average performance

Error alarm

-0.248

weak

Average performance next 2 days

Error alarm next day

-0.246

weak

Average performance next day

Error alarm

-0.246

weak

Downtime Duration next day

Maximum Performance next 2 days

-0.237

weak

Downtime Duration

Maximum performance next day

-0.237

weak

Maximum performance next 2 days

Error alarm next 2 days

-0.235

weak

Maximum performance next day

Error alarm next day

-0.234

weak

Maximum performance
Fatal alarm
Fatal alarm next2days
Fatal alarm next day
Downtime Duration

Error alarm
Error alarm
Error alarm next2days
Error alarm next day
Error alarm next 2 days

-0.234
0.227
0.226
0.226
0.216

weak
weak
weak
weak
weak

Downtime Duration

Average performance next 2 days

-0.207

weak

Downtime Duration

Warning alarm

0.205

weak

Downtime Duration next 2 days

Warning alarm next 2 days

0.204

weak

Downtime Duration next day

Warning alarm next day

0.204

weak

Maximum performance

Error alarm next 2 days

-0.202

weak

Fatal alarm

Warning alarm next 2 days

0.202

weak
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E. APPENDIX E: PROGNOSIS MODEL – R CODE
This appendix illustrates the code used to build the prognosis model. It is divided into sections for
a better understanding. Comments with explanations or instructions for the code are written in green.

E.1. U NIVARIATE A NALYSIS
# Install packages
install.packages("car")
install.packages("lmtest")
install.packages("zoo")
#Activate packages
library(car)
library(zoo)
library(lmtest)
#
#
#
#
#
#
#
#
#
#
#

Read the data
The database uses the following names for each variable:
info_alarm for info alarms
warning_alarm for warning alarms
error_alarm for error alarms
fatal_alarm for fatal alarms
perf_avg for average performance
perf_min for minimum performance
perf_max for maximum performance
F_Duration for failure duration
F_nextday for failure status next day

Data <- read.csv(file="FailureData.csv")
# Confirming association between variables and outcome
# The outcome is the failure status next day
univariable.info_alarm <- glm(F_nextday ~ info_alarm,
family=binomial(link="logit"), data=Data)
summary(univariable.info_alarm)
univariable.warning_alarm <- glm(F_nextday ~ warning_alarm,
family=binomial(link="logit"), data=Data)
summary(univariable.warning_alarm)
univariable.error_alarm <- glm(F_nextday ~ error_alarm,
family=binomial(link="logit"), data=Data)
summary(univariable.error_alarm)
univariable.fatal_alarm <- glm(F_nextday ~ fatal_alarm,
family=binomial(link="logit"), data=Data)
summary(univariable.fatal_alarm)
univariable.perf_avg <- glm(F_nextday ~ perf_avg,
family=binomial(link="logit"), data=Data)
summary(univariable.perf_avg)
univariable.perf_min <- glm(F_nextday ~ perf_min,
family=binomial(link="logit"), data=Data)
summary(univariable.perf_min)
univariable.perf_max <- glm(F_nextday ~ perf_max,
family=binomial(link="logit"), data=Data)
summary(univariable.perf_max)
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univariable.F_Duration <- glm(F_nextday ~ F_Duration,
family=binomial(link="logit"), data=Data)
summary(univariable.F_Duration)

E.2. ESTIM ATING LOGISTIC

REGRESSION M ODEL

# Fit a logistic regression model that predicts whether a failure will
occur the next day or not
# First, with the selected variables obtained from the univariate analysis
Logit1<- glm(F_nextday2 ~ warning_alarm + fatal_alarm,
family=binomial(link="logit"),data=Data)
summary(Logit1)
#Then, try other predictors variables in the model in addition to the
variables selected from the univariate analysis
Logit2<- glm(F_nextday ~ warning_alarm + fatal_alarm + perf_min,
family=binomial(link="logit"),data=Data)
summary(Logit2)
Logit3<- glm(F_nextday ~ warning_alarm + fatal_alarm + perf_max,
family=binomial(link="logit"),data=Data)
summary(Logit3)
Logit4<- glm(F_nextday ~ warning_alarm + fatal_alarm + F_Duration,
family=binomial(link="logit"),data=Data)
summary(Logit4)
Logit5<- glm(F_nextday ~ warning_alarm + fatal_alarm + perf_min + perf_max,
family=binomial(link="logit"),data=Data)
summary(Logit5)
Logit6<- glm(F_nextday ~ warning_alarm + fatal_alarm + perf_min +
F_Duration, family=binomial(link="logit"),data=Data)
summary(Logit6)
Logit7<- glm(F_nextday ~ warning_alarm + fatal_alarm + perf_max +
F_Duration, family=binomial(link="logit"),data=Data)
summary(Logit7)
Logit8<- glm(F_nextday ~ warning_alarm + fatal_alarm + perf_min + perf_max
+ F_Duration, family=binomial(link="logit"),data=Data)
summary(Logit8)
# Interpret Coefficients of the selected model
# Transform estimated coefficients
Logit1ExpCoef <- exp(Logit1$coefficients)
Logit1ExpCoef

E.3. BALANCING

DATA

#Dealing with the unbalance characteristic
# Install packages
install.packages("mlr")
install.packages("unbalanced")
install.packages("foreach")
install.packages("doParallel")
install.packages("iterators")
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install.packages("parallel")
#Activate packages
library(foreach)
library(doParallel)
library(iterators)
library(parallel)
library(unbalanced)
library(mlr)
#Balance the set of data using the package unbalanced. Method used SMOTE
#Read the data
Data2 <- read.csv(file="FailureDatatoBalance.csv")
Data2 <- Data2[complete.cases(Data2),]
#Transform the output to a factor
output<-Data2$F_nextday
output<-as.factor(output)
#Balance the dataset using the method SMOTE
#Note that the method automatically generates more observations of the
positive class, which in this case is "Failure" with binary value 1.
However, since the minority class is "Non-Failure", we should generate more
observations of "Non-Failure" with binary value 0. Consequently, the
dataset provided in this part should have exchanged the meaning of the
binary value F_nextday.
newdata<- ubBalance(X=Data2[c(2:10)],Y=output, type="ubSMOTE",
percOver=200, k=5, verbose="FALSE")
#Create the new data frame of the balanced dataset
m<-newdata$Y
mvalue <- recode (m, "'1'=0;'0'=1", as.numeric.result = TRUE,
as.factor.result = FALSE) #recode the meaning of the binary values since
dataset provided considers 1-non failure and 0-failure, and the rest of the
code will consider 0-non failure and 1-failure
balancedData<- cbind(newdata$X,mvalue)
colnames(balancedData) [10]<-"F_nextday"
#Check the proportion in the balanced dataset
mean(balancedData$F_nextday)
#Fit a logistic regression model that predicts whether a failure will occur
the next day or not – using the balance dataset
LogitBalance<- glm(F_nextday ~ warning_alarm + fatal_alarm,
family=binomial(link="logit"),data=balancedData)
summary(LogitBalance)
# Interpret Coefficients of the model obtained from the balanced dataset
# Transform estimated coefficients
LogitBalanceExpCoef <- exp(LogitBalance$coefficients)
LogitBalanceExpCoef

E.4. M AXIM IZING ACCURACY
#Activate packages
library(gdata)
library(gtools)
library(bitops)
library(caTools)
library(gplots)
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library(ROCR)
#Unbalanced Model
#Obtain predictions
Data$Predictions <- Logit1$fitted.values
#Define a prediction object and performance object to transforms the data
into a standardized format
pred1<- ROCR::prediction(Data$Predictions, Data$F_nextday)
perf1 <- ROCR::performance(pred1,"tpr","fpr")
plot(perf1)# plot the true positives vs false positives
abline(a=0, b= 1)
#Accuracy
acc.perf1 = ROCR::performance(pred1, measure = "acc")
plot(acc.perf1)#plot the accuracy for all possible cutoff values
# Find the maximum accuracy (i.e. the peak) and its corresponding cutoff
value, in the plot
ind1 = which.max( slot(acc.perf1, "y.values")[[1]] )
acc1 = slot(acc.perf1, "y.values")[[1]][ind1]
cutoff1 = slot(acc.perf1, "x.values")[[1]][ind1]
print(c(accuracy= acc1, cutoff = cutoff1))
#Balanced Model
#Same procedure applies
#Obtain predictions
balancedData$Predictions <- LogitBalance$fitted.values
#Define a prediction object and performance object to transforms the data
into a standardized format
pred2<- prediction(balancedData$Predictions, balancedData$F_nextday)
perf2 <- performance(pred2,"tpr","fpr")
plot(perf2) # plot the true positives vs false positives
abline(a=0, b= 1)
#Accuracy
acc.perf2 = performance(pred2, measure = "acc")
plot(acc.perf2) # plot the accuracy for all possible cutoff values
# Find the maximum accuracy (i.e. the peak) and its corresponding cutoff
value, in the plot
ind2 = which.max( slot(acc.perf2, "y.values")[[1]])
acc2 = slot(acc.perf2, "y.values")[[1]][ind2]
cutoff2 = slot(acc.perf2, "x.values")[[1]][ind2]
print(c(accuracy= acc2, cutoff = cutoff2))

E.5. BALANCING

TRUE POSITIVE AND FALSE POSITIVE RATES

# Create a function that determines a cutoff value that balances the true
positive and false positive rates
# Algorithm 4.1
opt.cut = function(perf, pred){
cut.ind = mapply(FUN=function(x, y, p){
d = sqrt((x - 0)^2 + (y-1)^2)
ind = which(d == min(d))
c(cutoff = p[[ind]])
}, perf@x.values, perf@y.values,pred@cutoffs)
}
#Unbalanced Model
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print(opt.cut(perf1, pred1))
#Balanced Model
print(opt.cut(perf2, pred2))

E.6. PERFORM ANCE

M EASURES

#Activate packages
#Note that these packages are activated in previous steps, however, they
are mentioned here for confirmation purposes. If these packages are not
activated, the code will not work.
library(car)
library(lmtest)
library(zoo)
library(ParamHelpers)
library(mlr)
library(gplots)
library(ROCR)
#Read the new dataset for evaluation purposes. Note that this dataset
should be different to the one used to build de models. Consequently, it is
named DataTest to avoid misunderstanding.
DataTest <- read.csv(file="FailureData_Test.csv")
#Determine the prediction using the defined model and taking as input the
data test provided.
#Note that the data test should has the same names for the variables as the
variables used in the model
outputprediction1 <- predict(Logit1,DataTest,type = "response") #Unbalanced
Model
outputprediction2 <- predict(LogitBalance,DataTest,type =
"response")#Balanced model
#Confusion matrix for the unbalanced model
#Note that there are two possibilities of cutoff values: 0.573 and 0.717
#The code requires inserting one of those cutoff values
Failure <-ifelse(outputprediction1 > “Insert the cutoff value” , 1, 0)
ResultsX1<- Failure
ResultsX2 <- DataTest$F_nextday
Results1 <- cbind(ResultsX1,ResultsX2)
ConfusionMatrix1 <- table(factor(ResultsX1,
levels=min(ResultsX2):max(ResultsX2)),factor(ResultsX2,
levels=min(ResultsX2):max(ResultsX2)))
TN1 <- ConfusionMatrix1[1,1]
FN1 <- ConfusionMatrix1[1,2]
FP1<- ConfusionMatrix1[2,1]
TP1 <-ConfusionMatrix1[2,2]
P1<- FN1+TP1
N1<- TN1+FP1
#Compute performance measures for the unbalanced model
accuracy1 <- TP1+TN1/P1+N1
error1 <- 1 – accuracy1
TPR1<- TP1/P1 #True positive - probability of detection
TNR1 <- TN1/N1 #True Negative rate
FPR1<- FP1/N1 #False Positive rate - probability of false alarm
FNR1<-FN1/P1 #False negative rate - miss rate
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Precision1<- TP1/(TP1+FP1)
#Print results
TPR1
TNR1
FPR1
FNR1
accuracy1
error1
Precision1
#Confusion matrix for the balanced model
#Note that there are two possibilities of cutoff values: 0.563 and 0.580
#The code requires to insert one of those cutoff values
Failure2 <-ifelse( outputprediction2 > “Insert the cutoff value”, 1, 0)
ResultsX1_2<- Failure2
ResultsX2_2 <- DataTest$F_nextday
Results1_2 <- cbind(ResultsX1_2,ResultsX2_2)
ConfusionMatrix2 <- table(factor(ResultsX1_2,
levels=min(ResultsX2_2):max(ResultsX2_2)),factor(ResultsX2_2,
levels=min(ResultsX2_2):max(ResultsX2_2)))
TN2 <- ConfusionMatrix2[1,1]
FN2 <- ConfusionMatrix2[1,2]
FP2<- ConfusionMatrix2[2,1]
TP2 <-ConfusionMatrix2[2,2]
P2<- FN2+TP2
N2<- TN2+FP2
#Compute performance measures for the balanced model
accuracy2 <- TP2+TN2/P2+N2
error2 <- 1 – accuracy2
TPR2<- TP2/P2 #True positive - probability of detection
TNR2 <- TN2/N2 #True Negative rate
FPR2<- FP2/N2 #False Positive rate - probability of false alarm
FNR2<-FN2/P2 #False negative rate - miss rate
Precision2<- TP2/(TP2+FP2)
#Print results
TPR2
TNR2
FPR2
FNR2
accuracy2
error2
Precision2
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F. APPENDIX F: MODERATION EFFECT

RESULTS

Moderation effect was briefly analyzed later in this research. Interesting variables to test are
obtained from results of Chapter 3. These variables are: minimum performance, maximum
performance, and failure duration. Then, several models were tested to include moderation between
these variables with warning and fatal alarms with the other
Table F.1 Results when adding moderation effect

Variable(s) added
Warning*Minimum performance
Warning*Maximum Performance
Warning*Failure Duration
Fatal*Minimum performance
Fatal*Maximum Performance
Fatal*Failure Duration

AIC
352.70
354.31
348.55
352.53
352.50
351.56

p-value (interaction coefficient)
0.546
0.822
0.025
0.511
0.190
0.115

Table F.1 illustrates the AIC measures for all the new models tested with its correspondent
significance level for the interaction coefficient. The only interaction that slightly improves the AIC,
is between warning alarms and failure duration. Remember the base model that considers only
warning and fatal alarms as independent variables reports an AIC of 351.01; then if the interaction is
included the AIC improves only in three points. As stated in Chapter 3, this finding was determined
later in the research; therefore, we did not elaborate on the implication of such moderation effect.
Thus, we leave this moderation effect to future work.
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G.

APPENDIX G: PERFORMANCE MEASURES

This Appendix presents basic definitions about the confusion matrix and the computation of the
performance measures from this matrix. Definitions and formulas are taken from Chawla et al., 2002.
Table G.1 presents how a confusion matrix looks like. Columns represent the predicted class
while rows indicate the actual class. TN (true negative) is the number of negative correct predictions,
FP (false positive) is the number of negative examples incorrectly predicted as positive, FN (false
negative) is the number of positive examples incorrectly predicted as negative, and TP (true positives)
is the number of positive correct predictions.
Table G.1 Confusion Matrix

Actual
Negative
Actual
Positive

Predicted
Negative

Predicted
Positive

TN

FP

FN

TP

From this matrix, we can derive the performance rates. Let 𝑌 and 𝑌̂ be random variables
representing the class and the prediction respectively. We denote ⊕ as the positive class and ⊖ as the
negative class. Then, we have the following expressions:
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

(𝐹. 1)

𝐸𝑟𝑟𝑜𝑟 = 1 − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑒 = 𝑃 (𝑌̂ =⊕ |𝑌 =⊖) =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑒 = 𝑃 (𝑌̂ =⊕ |𝑌 =⊕) =

(𝐹. 2)
𝐹𝑃
𝑇𝑁 + 𝐹𝑃
𝑇𝑃
𝐹𝑁 + 𝑇𝑃

(𝐹. 3)

(𝐹. 4)

𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑒 = 𝑃 (𝑌̂ =⊖ |𝑌 =⊕) =

𝐹𝑁
𝐹𝑁 + 𝑇𝑃

(𝐹. 5)

𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑟𝑎𝑡𝑒 = 𝑃 ( 𝑌̂ =⊖ |𝑌 =⊖) =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

(𝐹. 6)
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H.

APPENDIX H: PERFORMANCE MEASURES PLOTS
This appendix presents graphically the results of both predictions models plotting their
performance measures such as: false negative, false positive, true negative, and true positives; each
with a different color: black, red, blue, and green respectively. Additionally, false predictions are
represented by an “x” and true predictions by a dot “.”.
Figure H.1 and Figure H.2 represents the model based on the unbalance dataset. The cutoff value
of 0.573 maximizes accuracy and it can be seen in Figure H.1 that true positives results (green dots)
overcome the other results. For the case of a cutoff value of 0.717, it is noticeable that false positive
(red x’s) are less than in Figure H.1. Moreover, Figure H.2 present a more proportional amount of true
positive (green dots) and false positive (red x’s) as expected since that cutoff value aims to balance
those measures.

Figure H.1 Prediction Results - Cutoff value 0.573

Figure H.2 Prediction Results - Cutoff value 0.717
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A similar interpretation applies for Figure H.3 and Figure H.4. In this case cutoff value of 0.536
maximizes accuracy while 0.580 balances true positive and false positive results. These figures
represent the model based on the balanced dataset.

Figure H.3 Prediction Results - Cutoff value 0.536

Figure H.4 Prediction Results – Cutoff value 0.580
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I.

APPENDIX I: PROBABILITIES

MATRICES

This appendix presents the probability matrix for the “Do nothing” decision which is estimated
from the data available. And, it also presents the probabilities matrices for the four options considered
in the sensitivity analysis in Chapter 5. In this matrices, columns and rows represent states from 1 to
5. For example, the “Do nothing” matrix indicates that there is a 0.1429 probability to stay in state 1,
and 0.6190 probability of moving from state 1 to state 2. Similarly, we can interpret all values for the
matrices presented.
Probability matrix for the “Do nothing” decision:

𝐷𝑁 =

0.1429

0.6190

0.0476

0.0476

0.1429

0.0839

0.5032

0.1097

0.1097

0.1935

0.0667

0.6000

0.1000

0.0667

0.1666

0.1111

0.5556

0.1111

0.0741

0.1481

0

0.4687

0.1094

0.0781

0.3438

The probabilities matrices for option 1 – High and variable increments/decrements:

𝑀𝑀𝑅 1 =

𝑀𝑅1 =

0.2429

0.5590

0.0276

0.0326

0.1379

0.1342

0.5032

0.0795

0.0946

0.1885

0.0800

0.7500

0.0592

0.0014

0.1094

0.1278

0.6667

0.1389

0.0197

0.0470

0.1000

0.5624

0.1313

0.0350

0.1713

0.3573

0.4690

0.0154

0.0262

0.1322

0.2014

0.4973

0.0392

0.0862

0.1759

0.1001

0.8400

0.0098

0.0011

0.0491

0.1333

0.7056

0.1478

0.0010

0.0123

0.1500

0.6562

0.1422

0.0040

0.0476
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The probabilities matrices for option 2 – High and constant increments/decrements:

𝑀𝑀𝑅 2 =

𝑀𝑅2 =

0.2429

0.5940

0.0226

0.0226

0.1179

0.1342

0.5032

0.0929

0.0929

0.1767

0.0834

0.7500

0.0444

0.0111

0.1110

0.1333

0.6667

0.1333

0.0197

0.0470

0.1000

0.5156

0.1203

0.0308

0.2333

0.3573

0.5333

0.0047

0.0047

0.1000

0.2014

0.4738

0.0803

0.0803

0.1641

0.0867

0.7800

0.0330

0.0007

0.0996

0.1389

0.6945

0.1389

0.0158

0.0120

0.1500

0.5390

0.1258

0.0189

0.1663

The probabilities matrices for option 3 – Low and variable increments/decrements:

𝑀𝑀𝑅 3 =

0.1929

0.5890

0.0376

0.0401

0.1404

0.1133

0.5032

0.0921

0.1009

0.1906

0.0734

0.6900

0.0758

0.0280

0.1328

0.1222

0.6389

0.1333

0.0333

0.0723

0.0500

0.5156

0.1203

0.0565

0.2576
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𝑀𝑅3 =

0.2429

0.5490

0.0326

0.0376

0.1379

0.1426

0.5003

0.0745

0.0980

0.1847

0.0834

0.7200

0.0549

0.0339

0.1078

0.1278

0.6667

0.1389

0.0197

0.0470

0.1000

0.6093

0.1313

0.0256

0.1338

The probabilities matrices for option 4 – Low and constant increments/decrements:

𝑀𝑀𝑅 4 =

𝑀𝑅4 =

0.1929

0.6065

0.0351

0.0351

0.1304

0.1091

0.5032

0.1013

0.1013

0.1851

0.0767

0.6900

0.0667

0.0334

0.1333

0.1278

0.6389

0.1278

0.0391

0.0664

0.0500

0.4921

0.1149

0.0544

0.2886

0.2429

0.5790

0.0276

0.0276

0.1229

0.1426

0.4885

0.0950

0.0950

0.1788

0.0834

0.7500

0.0442

0.0117

0.1108

0.1333

0.6667

0.1333

0.0274

0.0392

0.1000

0.5156

0.1203

0.0308

0.2333
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J. APPENDIX J: SCENARIOS

RESULTS

Table J.1 Results per state of all scenarios tested

0.717

0.573
State 1
0.536

0.58

0.717

0.573
State 2
0.536

0.58

0.717

0.573
State 3
0.536

0.58

0.717

0.573
State 4
0.536

0.58

0.717

0.573
State 5
0.536

0.58

Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4

Case 1
MR
MR
MR
MR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MR
MMR
MMR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MMR
MR
MR
MR
MMR
MMR
MMR
MR
MMR
MMR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MMR
MMR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR

Case 2.1
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR

Case 2.2
MR
MR
MR
MR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MMR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MMR
MR
MR
MR
MMR
MMR
MMR
MR
MMR
MMR
MMR
MR
MMR
MR
MR
MR
MR
MR
MR
MMR
MMR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
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Case 2.3
MR
MR
MR
MR
MMR
MMR
MMR
MMR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MR
MMR
MR
MMR
MMR
MMR
MMR
MR
MR
MMR
MMR
MR
MR
MMR
MR
MR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MR
MMR
MMR
MMR
MR
MR
MR
MR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MR
MMR
MR
MR
MR
MR
MR
MR
MR
MR

Case 3.1
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR

Case 3.2
MR
MR
MR
MR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MMR
MR
MMR
MMR
MR
MR
MMR
MMR
MR
MR
MR
MR
MR
MMR
MR
MR
MR
MMR
MMR
MMR
MR
MMR
MMR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MMR
MMR
MMR
MMR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR
MR

Case 3.3
MR
MR
MMR
MR
MMR
MMR
MMR
MMR
MR
MR
MMR
MMR
MR
MR
MMR
MR
MR
MR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MR
MMR
MMR
MR
MR
MMR
MMR
MR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MR
MMR
MMR
MMR
MR
MR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MMR
MR
MR
MMR
MR
MR
MR
MR
MR
MR
MMR
MR
MMR
MR
MR
MR
MR
MR
MR
MR
MR

K. APPENDIX K: EXCEL TOOLS
This Appendix shows the two Excel tools developed in this thesis. Section K.1 presents the
prognosis tool. And Section K.2 presents the decision-making tool.

K.1. P ROGNOSIS T OOL
The prognosis tool is divided into two parts. The first part refers to the prediction of a failure
obtaining as an output failure or non-failure. The second part presents a list of potential failure reasons
based on some parameters required as input.
Figure K.1 illustrates the introduction section of the prognosis tool, where a brief explanation
about the tool is provided to the user. Figure K.2 presents the first part of the tool to determine the
failure prediction. On the left side, input parameters are required. An explanation is provided to aid
the introduction of such parameters. Additionally, for the cutoff values, a drop-down list facilitates the
provision of that information. On the right side, the output is presented. This output consists of two
elements: the failure probability and the interpretation of such probability (i.e. failure or non-failure).
Two buttons are placed. The “Clear” button, as its name suggests, clears all the cells that require an
input. The “Predict Failure” button, runs the prediction model and provides the output as previously
mentioned.

Figure K.1 Screenshot of the introduction of the prognosis tool

Figure K.2 Screenshot of the first part of the prognosis tool - Failure prediction
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Figure K.3 shows the second part of the prognosis tool that provides a list of potential failure
reasons. The left side of the figure presents a table to introduce input parameters. The right side
presents the output for the failure reason. Two buttons are placed. The “Clear” button, as its name
suggests, clears all the cells that require an input. The “Search Reason” button, runs a search of failure
reasons in the database and provides the list of potential failure reasons for the input parameters
introduced.

Figure K.3 Screenshot of the second part of the prognosis tool - Failure reason

K.2. D ECISION - M AKING T OOL
The decision-making tool has five sections. The first section presents an introduction of the tool.
The second section defines the initial set-up of the model. The third section presents the input
parameters based on historical data. The fourth section refers to the input parameters based on
assumptions. Finally, the last section presents the output of the tool which is the CBM policy.
Figure K.4 presents the introduction of the decision-making tool, where some indications are
provided to the user for a better understanding of the tool. Figure K.5 shows the initial set-up, where
an explanation of the model is provided. The user can select from a drop-down list the settings for
actions available in each state and an initial policy.
Then, Figure K.6 presents the input parameters based on historical data, consequently, this section
should be modified only if more data becomes available. Figure K.7 presents the inputs based on
assumptions. In this section, the user needs to provide information regarding transition probabilities
for minimal and major repair actions, maintenance costs, and select from a drop-down list a cutoff
value. Some instructions are provided to guide the user in this task.
Finally, Figure K.8 shows the output of the tool that is the CBM policy. It presents the initial
policy and the optimal policy with their corresponding costs, facilitating comparisons. Two buttons
are placed. The “Clear” button, as its name suggests, clears all the cells that require an input. The
“Optimal Policy” button, runs the decision model and provides the output as previously mentioned.
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Figure K.4 Screenshot of the introduction of the decision-making tool

Figure K.5 Screenshot of the initial set up of the decision-making tool

Figure K.6 Screenshot of the inputs based on historical data of the decision-making tool
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Figure K.7 Screenshot of the input parameters based on assumptions of the decision-making tool

Figure K.8 Screenshot of the output of the decision-making tool
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L. APPENDIX L: EXTRA COSTS SCENARIOS
This appendix elaborates on the extra costs scenarios tested in the sensitivity analysis performed
in Chapter 5. These extra scenarios aim to illustrate in which cases it is acceptable to select the “Do
nothing” decision.
Table L.1 presents the extra costs cases tested as an extension of the sensitivity analysis
performed in Section 5.5. Extra case 1 assumes that minimal repair costs are more expensive than
major repair costs; extra case 2 considers that reactive maintenance costs are cheaper than preventive
maintenance costs.
Table L.1 Extra costs cases

Reactive repair cost
Preventive minimal
repair warnings
Preventive major
repair warnings
Preventive minimal
repair failure
Preventive major
repair failure

Extra
Case 1
€ 1,500

Extra
Case 2
€ 1,500

€ 3,000

€ 2,000

€ 2,000

€ 2,500

€ 3,500

€ 3,000

€ 2,500

€ 3,500

To test these extra costs assumptions, we have a total of 32 new scenarios since we still
considered the four cutoff values and the four transition probabilities options as explained in Section
5.5.1. Results are shown in Table L.3.
In addition, we computed the expected savings for these scenarios by aggregating transition
probabilities options. Consequently, we are only distinguishing among cutoff values and costs. Table
L.2 shows the percentage of savings for these extra scenarios. We notice that savings range from 0%
to 4%. This occurs mainly because even with such new differences tested in costs, for some states still
is recommended to perform a maintenance action. However, savings are extremely small compared to
the ones obtained in Figure 5.13 in Section 5.7. Furthermore, note that these cases are less likely to
happen in practice since usually major repair costs are more expensive than minimal repair costs and
preventive repair are smaller than reactive costs.
Table L.2 Expected savings extra scenarios

Extra Case 1
Extra Case 2

0.537
0%
0%

0.717
4%
1%
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0.536
1%
0%

0.580
4%
1%

Table L.3 Results 32 extra scenarios tested

0.717

0.573
State 1
0.536

0.58

0.717

0.573
State 2
0.536

0.58

0.717

0.573
State 3
0.536

0.58

0.717

0.573
State 4
0.536

0.58

0.717

0.573
State 5
0.536

0.58

Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
Option 1
Option 2
Option 3
Option 4
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Extra Case 1 Extra Case 2
MR
MR
MR
MR
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
MR
DN
DN
DN
DN
DN
MR
MR
MR
MR
DN
DN
DN
DN
MR
DN
MR
MR
DN
DN
MR
DN
DN
DN
DN
DN
DN
DN
DN
DN
MR
DN
MR
DN
DN
DN
DN
DN
MR
DN
MR
MR
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
MR
MMR
MR
MMR
MR
DN
MR
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
MR
DN
DN
DN
DN
DN
MR
MMR
MR
MMR
MR
DN
MR
DN
MR
MR
MR
DN
MR
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
DN
MR
DN
DN
DN
DN
DN
DN
DN
MR
MR
MR
DN
MR
DN
DN
DN

