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Abstract
Maintenance policy selection (MPS) is a topic that many companies struggle with, since companies are
interested in mitigating the risk of downtime without excessive costs. In some cases, condition based
maintenance (CBM), the maintenance of components based on the health of the system, is best
applicable. This is also becoming more attractive for companies to apply, since monitoring equipment
is becoming cheaper and data analyses techniques more widely available. For both purposes, much
data is necessary. In this study, we develop an approach that integrates the analysis of the availability
and absence of data for these purposes with the development of an MPS procedure and of a CBM
policy. The MPS procedure that we develop uses decision trees; we use the c control chart to predict
the replacement of components in a CBM policy. We show in a case study that the MPS method is
applicable in practice, and that the replacement of components can be predicted about 46 days in
advance. We develop an implementation plan that describes how to integrate the following steps to
increase the data availability and implement the MPS procedure and the CBM policy at the company
of the case study.
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Executive summary
This research is performed at Vanderlande Industries B.V. (Vanderlande), a company that provides
logistics solutions to airports, warehouses, and postal and parcel services.

Problem statement
Vanderlande is searching ways to improve its life-cycle services, in order to become more attractive
and competitive as a service provider. As part of this development, it has produced a service
proposition, a guideline to the services and the extent of partnership offered to its customers
(Peijnenburg, 2016a). Moreover, Vanderlande has created a roadmap that explains the maintenance
offerings from corrective maintenance up until performance-based maintenance, and Vanderlande
wants to evolve towards risk-based and performance-based maintenance within this roadmap
(Peijnenburg, 2016b). Therefore, different initiatives are explored, one of which is the possibility of
applying condition based maintenance. These will also help Vanderlande gain more knowledge about
its own systems, as little is known about the life cycle of systems. Furthermore, the objective of global
services for the long run is not to sell products and services separately anymore, but to evolve into a
service company that sells an integrated product-service solution. Both event data and condition
monitoring data are equally important in condition based maintenance (CBM) (Jardine et al., 2006). At
Vanderlande, the best data to be used to analyse the condition of a system is event data from systems:
warnings and errors. By combining these elements, we obtain the following main research question:
What is the potential of CBM using warnings and errors?

Research
To answer the main research question, we look at the three main issues that Vanderlande currently
faces, and develop an implementation plan to guide the following actions. Here, we discuss the
approach and the results for each. First, we identify the data currently available for maintenance
purposes and, more importantly, what is missing. This part of the research is determined in two steps.
In the first step we identify what information is available and what is missing in order to determine the
optimal maintenance type for a specific component. The second step focuses on CBM. This means that
we first consider different databases and their contents for CBM purposes, after which we identify the
missing information. This analysis results in an overview of the data that is available and absent for
both maintenance policy selection (MPS) and CBM purposes, for which we identify the source of the
information and determine the quality. We use the available data in the development of an MPS
procedure and a CBM policy, and give some insights into how the missing data can be retrieved.
Second, an important step in developing a maintenance strategy is to know why a specific maintenance
type should be applied. Therefore, in this part of the research we focus on developing an MPS
procedure, for which we first determine the relevant criteria using insights gained from the company,
with input from stakeholders in this process, and from literature (Goossens & Basten, 2015). We
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develop a questionnaire, used to identify the criteria most applicable to the company, after which we
process the results from the questionnaire. Thereafter, the criteria are evaluated and we create
decision trees using the criteria evaluated as important. The decision trees are finally validated for a
specific case. We create three decision trees, each with a different purpose in mind. The first
determines whether there are issues outside of Vanderlande’s control that must be considered, and
whether it makes sense to consider preventive maintenance (PM) for the component considering its
failure rate. The second evaluates whether the equipment the component is installed in is critical, and
the third considers the optimal maintenance type of a component within the equipment. The criteria
and decision trees in this process are thus specified to the interests of Vanderlande. During the
validation of this procedure, we develop an adapted procedure as a transition from considering current
maintenance types at Vanderlande towards the MPS process described above.
Third, we develop a CBM policy form based on a c control chart (Montgomery, 2009), which studies
the number of nonconformities, i.e. defects, as the condition indicator to monitor the health of the
system. The control chart identifies when a system is found to be out-of-bound, i.e. exceeding some
predefined control limit, but more importantly, when it is considered out-of-control, i.e. being
diagnosed as out-of-bound a number of consecutive periods. The CBM policy analyses warnings and
errors produced by the system as the quality characteristic and relevant condition monitoring data.
We develop the policy form by looking at the daily count of two different errors found relevant in a
specific case, the size of the rational subgroup being one day, for which we wish to predict a
replacement decision made in the past. We define control limits for each error to determine when the
process is out-of-bound, and an out-of-control diagnosis is made when both errors are diagnosed as
out-of-bound over two consecutive days in the case study. An out-of-control diagnosis is first made
about 46 days before the replacement decision was actually made. We describe an action plan that
should be used to act upon out-of-bound and out-of-control diagnoses. The distance of the control
limits to the average number of errors and the number of consecutive days before an out-of-control
diagnosis are variables that may be changed to adjust the sensitivity of the model. We provide insights
into the implications of changing these variables.
Finally, we explore the implementation of the results of the thesis. For this purpose, we describe an
implementation plan that describes the next actions for Vanderlande, which also determines the
employees or disciplines that should be involved in the process and for what purpose. The
implementation plan combines the recommendations resulting from the conclusions discussed above
with benefits and pitfalls found in CBM implementation literature, to provide an idea of what can be
expected and when.

Recommendations
The research has produced good insights into how the problem of implementing CBM can be tackled
by Vanderlande. The most important recommendation is to follow the implementation plan developed
to guide Vanderlande in the following steps. The plan carefully describes the implementation of the
following recommendations.
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Increase the data availability
Much data is missing that is required to evolve in the roadmap. Especially for further implementation
of CBM, it is essential that good quality condition monitoring data is logged. Thus, efforts in logging
data directly from components, i.e. fitting existing as well as new systems with sensors, must be made.
Additionally, we recommend Vanderlande to aggregate the data over different customers such that it
can be used for different purposes.
Apply the maintenance policy selection procedure
We recommend that the MPS procedure is deployed first towards product managers with the help of
reliability engineers, to create a database with optimal maintenance types for an increasing number
of components. Thereafter, it should be deployed towards reliability engineers to apply the policies at
customers, and it should be further updated as the data availability increases.
Implement the CBM policy and investigate how to apply it to other cases
We develop the CBM policy form as an example to show how, using the data currently available, a
simple CBM policy, widely applicable to many cases, can be developed. We therefore recommend to
deploy the model and find ways to apply it to different cases, by adjusting the model’s parameters.
The main idea is to start logging data, and determine what to do with it simultaneously, thereby taking
a more proactive approach to the problem.

Academic relevance
The scientific contribution of the thesis is fourfold. First, we have produced an integrated approach for
companies starting to implement CBM, by looking at the data necessary to develop a procedure to
determine the optimal maintenance type and a CBM policy form. Most literature on MPS and CBM
omit this analysis and directly focus on the development of models.
Second, we have developed and applied both an MPS method and a CBM model within the same
research, whereas the literature on the topics focuses on either one. Thereby, we contribute to
literature by developing a cohesive approach that first determines the relevant maintenance type for
a component before it develops the CBM policy form, which is also of great value to companies.
Third, we have applied the MPS procedure and CBM policy form in a company environment. Even
though the extent of literature available on these topics is tremendous, it focuses mostly on theory
rather than on the application in practice.
Finally, the CBM policy form contributes in multiple manners. It can analyse multiple components using
CBM without the need for detailed condition monitoring data. The simplicity of the model makes it
applicable to different situations in practice, by adjusting the model’s parameters. The model is
suitable to analyse both warnings and errors for different control limits; the use of different types of
control limits specifically for CBM purposes is not widely researched. The policy form can be applied
both to single-component as well as multi-component systems, depending on the definition of the
quality characteristic. Finally, multiple significant quality characteristics are integrated into one
analysis.
v

Preface
This report is the result of the Master Thesis Project conducted at Vanderlande and the Eindhoven
University of Technology (TU/e). It is the final step towards obtaining a Master of Science in Operations
Management and Logistics at the TU/e and concludes not only this research, but also marks the end
of my student life.
Completing this thesis would not have been possible without the help of a number of people, whom I
would like to thank here. First of all, my first supervisor from the TU/e, Rob Basten. I would like to
thank you for the interesting insights and ideas, as well as the constructive feedback you always gave
me. I deeply appreciate the time you spent in coaching me throughout the project, and truly enjoyed
our meetings together. I would like to wish you all the best with the remainder of the ProSeLoNext
project. Second, I would like to thank Joachim Arts, my second supervisor at the TU/e, for your
constructive feedback and ideas for improving my report. I wish you all the best with your new
challenge in Luxembourg.
Next, I would like to thank my supervisor at Vanderlande, Joost van Montfort, for his guidance in the
ways of working at Vanderlande. I would also like to thank the team for the pleasant environment to
work in and the people from the sporting facilities for the nice distractions after work. Also, I would
like to thank my fellow graduation student at Vanderlande, Luc, for always making time to help me
with the ideas that were running through my head.
Following, I would also like to thank my friends and family. My friends as they helped me distract from
the thesis and have some fun in the meanwhile, and my family for always supporting me, both during
the thesis as throughout my student life. Finally, I would like to thank my boyfriend, Luc, for always
being there for me and for helping me keep the broader picture in mind.
Begoña

vi

Contents
List of Figures........................................................................................................................................... ix
List of Tables .............................................................................................................................................x
List of Variables ........................................................................................................................................x
List of Abbreviations ................................................................................................................................ xi
List of Definitions .................................................................................................................................... xii
1. Introduction ..................................................................................................................................... 1
1.1. Thesis environment ................................................................................................................. 1
1.2. Introduction to maintenance .................................................................................................. 2
1.3. Current maintenance concept................................................................................................. 3
1.4. Available tools ......................................................................................................................... 5
1.5. Available data .......................................................................................................................... 6
1.6. Thesis outline........................................................................................................................... 7
2. Research design ............................................................................................................................... 8
2.1. Problem description ................................................................................................................ 8
2.2. Benefits and pitfalls of CBM .................................................................................................. 10
2.3. Problem statement................................................................................................................ 11
2.4. Scope ..................................................................................................................................... 12
2.5. Research questions................................................................................................................ 12
2.6. Deliverables ........................................................................................................................... 14
3. Data availability ............................................................................................................................. 15
3.1. Data for MPS ......................................................................................................................... 15
3.2. Data for CBM ......................................................................................................................... 17
3.3. Conclusions............................................................................................................................ 19
4. Maintenance Policy Selection ....................................................................................................... 21
4.1. Criteria in MPS ....................................................................................................................... 21
4.2. Method selection .................................................................................................................. 22
4.3. MPS process .......................................................................................................................... 23
4.4. Validation .............................................................................................................................. 27
4.5. Conclusions............................................................................................................................ 29
5. Condition Based Maintenance Policy ............................................................................................ 30
5.1. Control chart for nonconformities ........................................................................................ 30
5.2. Case study.............................................................................................................................. 32
5.3. Conclusions............................................................................................................................ 42
6. Implementation ............................................................................................................................. 44
6.1. Implementation plan ............................................................................................................. 44
6.2. Conclusions............................................................................................................................ 46
7. Conclusions and recommendations .............................................................................................. 47
7.1. Conclusions............................................................................................................................ 47
7.2. Limitations and future research directions ........................................................................... 48
7.3. Recommendations................................................................................................................. 50
Bibliography........................................................................................................................................... 51
Appendix A – Description data .............................................................................................................. 53
Appendix B – Questionnaire maintenance policy selection .................................................................. 55
vii

Appendix C – Questionnaire results ...................................................................................................... 58
Appendix D – Decision rules .................................................................................................................. 60
Appendix E – Variation to MPS solution................................................................................................ 61
Appendix F – Intermediate control charts ............................................................................................ 62
Appendix G – Out-of-control diagnoses ................................................................................................ 63
Appendix H – Results for implications of CBM policy ........................................................................... 64
Appendix I – Ideas for data collection ................................................................................................... 65

viii

List of Figures
Figure 1: Maintenance policies – Source Arts (2017).............................................................................. 2
Figure 2: Steps in CBM optimisation ....................................................................................................... 3
Figure 3: Service proposition – Source Peijnenburg (2016a) .................................................................. 3
Figure 4: Overview of definition of terms ............................................................................................... 4
Figure 5: Framework for CBM implementation – Source Stadhouders (2011)....................................... 8
Figure 6: Roadmap to performance-based maintenance – Source Peijnenburg (2016b) ...................... 9
Figure 7: Benefits of CBM ...................................................................................................................... 10
Figure 8: Overview of research questions ............................................................................................. 12
Figure 9: CM vs. PM decision tree ......................................................................................................... 23
Figure 10: PM equipment decision tree ................................................................................................ 25
Figure 11: PM component decision tree ............................................................................................... 26
Figure 12: Example of a c control chart – Source Montgomery (2009) ................................................ 31
Figure 13: Error occurrence aggregated on a daily basis ...................................................................... 33
Figure 14: Error occurrence for all HDS shuttles for errors #3 and #103 .............................................. 34
Figure 15: Error occurrence for errors #3 and #103 after data cleaning .............................................. 35
Figure 16: C control chart for error #3 .................................................................................................. 36
Figure 17: C control chart for error #103 .............................................................................................. 36
Figure 18: Out-of-bound error counts for error #3 ............................................................................... 37
Figure 19: Out-of-bound error counts for error #103 ........................................................................... 37
Figure 20: Out-of-control error counts for error #3 .............................................................................. 37
Figure 21: Out-of-control error counts for error #103 .......................................................................... 37
Figure 22: Sensitivity analysis on 𝑘 for error #3 .................................................................................... 39
Figure 23: Sensitivity analysis on 𝑘 for error #103 ................................................................................ 39
Figure E.1: Adapted CM vs. PM decision tree ....................................................................................... 61
Figure E.2: Adapted PM component decision tree ............................................................................... 61
Figure F.1: First control chart for error #3............................................................................................. 62
Figure F.2: Second control chart for error #3 ........................................................................................ 62
Figure F.3: First control chart for error #103 ........................................................................................ 62
Figure G.1: Out-of-control diagnosis for error #3 ................................................................................ 63
Figure G.2: Out-of-control diagnosis for error #103 ............................................................................. 63

ix

List of Tables
Table 1: Overview data for MPS ............................................................................................................ 15
Table 2: Overview data for CBM ........................................................................................................... 18
Table 3: Questionnaire results .............................................................................................................. 22
Table 4: Overview of validation ............................................................................................................. 27
Table 5: Classification of validation components .................................................................................. 27
Table 6: Results for control chart .......................................................................................................... 36
Table 7: Results from sensitivity analysis .............................................................................................. 38
Table 8: Out-of-control diagnoses for different decision rules ............................................................. 39
Table B.1: Questionnaire…………………………………………………………………………………………………………………. 57
Table C.1: Questionnaire results for equipment……………………………………………………………………………….. 58
Table C.2: Questionnaire results for component……………………………………………………………………………… 59
Table C.3: Respondents’ functions…………………………………………………………………………………………………… 59
Table D.1: Results questionnaire for different decision rules……………………………………………………………. 60
Table H.1: Results for different number of consecutive out-of-bound days………………………………………. 64
Table I.1: Possible ideas for data for CBM purposes…………………………………………………………………………. 65
Table I.2: Possible ideas for data for UBM purposes………………………………………………………………………… 65

List of Variables
Variable
𝜶
𝜷
𝒄
𝒄̅
𝑪𝑳
𝒌
𝑳𝑪𝑳
𝒏
𝑼𝑪𝑳

Definition
The probability of a type I error in a control chart.
The probability of a type II error in a control chart.
The standard value for the number of nonconformities in a preliminary sample of
inspection units.
The observed average number of nonconformities in the time period studied.
The observed average number of nonconformities in the time period studied, the same
as 𝑐̅.
The number of standard deviations from the centre line to determine whether a
process is out-of-bound.
The lower control limit below which a process is found to be out-of-bound.
The number of consecutive days that the errors have to be out-of-bound before an outof-control diagnosis is made.
The upper control limit above which a process is found to be out-of-bound.

x

List of Abbreviations
Abbreviation
#
AHP
BPI
CBM
CFR
CL
CM
CUSUM
DFR
DOS
EAM
ERP
EWMA
FMEA
FMECA
FSE
HDS
IB
IFR
LCL
LSP
MCDM
MHS
MMS
MPS
MTBF
MTTR
OM
PLC
PM
ProSeLoNext
R&D
SCADA
SD
SPC
TU/e
UBM
UCL
USD
Vanderlande
VIDI

Definition
Number
Analytic Hierarchy Process
Business Process Intelligence
Condition Based Maintenance
Constant Failure Rate
Centre Line
Corrective Maintenance
Cumulative Sum
Decreasing Failure Rate
Deliver Outstanding Service
Enterprise Asset Management
Enterprise Resource Planning
Exponentially Weighted Moving Average
Failure Mode and Effects Analysis
Failure Mode, Effects and Criticality Analysis
Field Service Engineer
High Dynamic Storage
Installed Base
Increasing Failure Rate
Lower Control Limit
Local Service Provider
Multi-Criteria Decision Making
Material Handling System
Mobile Maintenance Solution
Maintenance Policy Selection
Mean Time Between Failures
Mean Time To Repair
Opportunistic Maintenance
Programmable Logic Controller
Preventive Maintenance
Proactive Service Logistics for capital goods: the Next steps
Research and Development
Supervisory Control And Data Acquisition
Scheduled Down
Statistical Process Control
Eindhoven University of Technology
Usage Based Maintenance
Upper Control Limit
Unscheduled Down
Vanderlande Industries B.V.
Vanderlande Industries Data Intelligence

xi

List of Definitions
Term
Assignable cause
Chance cause
Condition
based
maintenance
Condition
monitoring data
Control limit
Corrective
maintenance
Diagnostics

Explanation
A cause that explains the loss of control in a process modelled by a control chart
A cause that explains the variation during an in control period in a control chart
A maintenance type that recommends maintenance decisions based on the
information collected through condition monitoring (Jardine et al., 2006)
The measurements related to the health condition/state of the physical asset
(Jardine et al., 2006)
The threshold which triggers an out-of-bound diagnosis
The maintenance that is performed after a component has broken down

The category of maintenance decision support that focuses on detection,
isolation and identification of faults when they occur (Jardine et al., 2017)
Downtime
The time that a system is out of operation resulting from the breakdown of a
component, which may be either scheduled or unscheduled
Event data
The information on what happened and/or what was done (Jardine et al., 2006)
Failure distribution The fit of a statistical distribution to documented times to failure
Failure rate
The insight of an expert of whether a component wears or not, i.e. whether it
has IFR, or CFR or DFR
Maintenance policy The process of selecting the optimal maintenance type for a specific component
selection
Maintenance type
The type of maintenance that can be applied, i.e. CM, UBM or CBM
Policy form
The form the applied policy takes, i.e. the model that is developed
Preventive
The maintenance that is performed to replace parts before failure occurs
maintenance
Prognostics
The category of maintenance decision making that deals with fault prediction
before it occurs (Jardine et al., 2017)
Quality
A process parameters that describe what the user perception of quality
characteristic
Site-based team
A team that is located on a customer’s site and is responsible for maintenance
Spare
parts A list of parts that are suggested for a customer to purchase together with the
package
delivery of the system
Usage
based A maintenance type that prescribes maintenance based on usage data from
maintenance
systems

xii

1. Introduction
This master thesis is the result of the graduation project conducted at Vanderlande Industries B.V.
(Vanderlande) in order to obtain a master degree in Operations Management & Logistics at Eindhoven
University of Technology (TU/e). Vanderlande is a company that provides logistics solutions to airports,
warehouses, and postal and parcel services (Vanderlande, 2017). The company delivers solutions to
and services solutions at locations all over the world, and its customers are very dependent on the uptime of the machines. It is therefore important to consider smart and cost-effective maintenance
solutions.
This chapter discusses the context of the project. Section 1.1 provides a description of the thesis
environment. We give an introduction into the topic of maintenance in Section 1.2 and discuss the
current maintenance policy in Section 1.3. We discuss the available data and tools in Sections 1.4 and
1.5, respectively. Finally, we give the report outline in Section 1.6.

1.1.

Thesis environment

Vanderlande Industries B.V. was founded by Eddie van der Lande in Veghel, the Netherlands in 1949,
and initially refurbished and later produced machines for the textile industry. The company has since
grown to become the global market leader for value-added logistic process automation at airports and
in the parcel market, as well as being a leading supplier for warehouses in the e-commerce, food retail
and fashion sectors. Vanderlande operates in four main market segments: airports, warehousing,
parcel and life-cycle services. Life-cycle services is concerned with the delivery of services to the
installed base at the company’s customers. The segment has grown significantly in recent years, and
now accounts for 20% of the total turnover. The company has more than 100 teams based at the
customers’ site spread over the entire world.
The research is expected to contribute to the life-cycle services activities of Vanderlande, and is
therefore conducted within the global services department at the company, primarily responsible for
this business unit. Specifically, the research is conducted within the data science team in the service
technology department of global services. Currently, the team is responsible for all activities involved
in the acquisition and processing of large amounts of data to be used for further professionalising the
products and services of Vanderlande, one of the topics being condition based maintenance (CBM).
Moreover, the research is part of a greater project on proactive service logistics for capital goods
(ProSeLoNext), which in turn is part of a consortium comprising four universities and nine companies,
including both TU/e and Vanderlande. ProSeLoNext comprises three work packages: predictive
maintenance and service logistics, service business models and service control towers. The proposed
research is part of the first work package, which focuses on applying previously developed models for
timely maintenance and efficient service logistics, and using the results to improve the models (NWO,
2017).
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1.2.

Introduction to maintenance

Typically, maintenance is classified into a number of possible types. We use the classification by Arts
(2017), illustrated in Figure 1, in this research. Other policies considered in literature are opportunistic
maintenance (OM) (Ab-Samat & Kamaruddin, 2014) and predictive maintenance (Bertolini &
Bevilacqua, 2006; Khalil et al., 2005).

Figure 1: Maintenance policies – Source Arts (2017)

The three main types are modificative, preventive and corrective. Modificative maintenance refers to
updating the machine to the latest technological standards, and is generally done to improve the
machine’s performance. Preventive maintenance (PM) refers to replacement of a component done
before it breaks down. Corrective maintenance (CM) is maintenance that is performed after a
component has broken down. Preventive maintenance can be divided into usage based maintenance
(UBM) and condition based maintenance. Usage based maintenance refers to the replacement of parts
after a specific mileage, time, etc. has been reached. It can be specified as block replacement and/or
overhaul, meaning that multiple components are considered at the same time (multi-component
systems), or as component replacement and/or overhaul (single-component systems). Condition
based maintenance refers to the inspection of parts, and replacement done only once the condition
of the parts passes a previously established threshold. CBM can be done by means of continuous
monitoring or by periodic inspections.
Furthermore, maintenance policy selection is the term used in literature to refer to the process of
selecting the best maintenance type for a specific system. A couple of issues should be considered
during this process. First, the scope of the system must be taken into account, i.e. whether a single- or
a multi-component system is considered. Wang (2002) discusses different maintenance policies
emphasising on the single-component case, whereas Nicolai & Dekker (2008) discuss maintenance
policies oriented towards multi-component systems. Moreover, the characteristics of a component
must be considered, i.e. whether the component has increasing, decreasing or constant failure rate
(IFR, DFR or CFR, respectively). Furthermore, a model may be selected to help the selection process. A
literature review on this topic by Ding & Kamaruddin (2015) provides insights into the (recent)
developments and applications in the area. Finally, the goal of maintenance should be taken into
account, meaning that some criteria, for example costs, safety and availability, may be more or less
important to a company, and their given priority should influence which policy is selected. Also note
that not all maintenance types are useful in every situation.
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Moreover, Jardine et al. (2006) argue that there are two important aspects to a CBM strategy:
diagnostics and prognostics. Whereas diagnostics refers to the detection, isolation and identification
of failures, prognostics concerns the prediction and prevention thereof. Furthermore, CBM
optimisation can be done by following a number of steps, in line with the steps defined by Jardine et
al. (2006): data acquisition, data processing and maintenance decision making. A visualisation is
provided in Figure 2. First, the data must be collected and processed, referring to the first two steps in
the process of Jardine et al. (2006). The authors categorise this data into two types, condition
monitoring data and event data, both equally important in CBM. The first concerns the conditions of
the components being measured, whereas the second relates to events of failures or errors.
Maintenance decision making is a more complex step, since it involves many separate parts. The
degradation process must be mapped, for example by using a model to describe the process. Once this
model is fitted to the data, different variables may be considered. First, the time interval between
inspections may be improved. Second, the threshold values at which CBM should be applied must be
optimised. Alternatively, statistical process control (SPC) may be used to track and control the
degradation process instead of using threshold values (Panagiotidou & Tagaras, 2010).

Data acquisition

Data processing

Maintenance
decision making

Figure 2: Steps in CBM optimisation

1.3.

Current maintenance concept

The specific business units are responsible for the installation of the different solutions, but the global
services department is responsible for maintenance on all solutions. First, we discuss the service
proposition in Section 1.3.1, after which we explain the maintenance policy in Section 1.3.2.
1.3.1. Service proposition
The service proposition Vanderlande uses for sale of its services comprises three types of partnerships,
depending on the company’s level of responsibility and customer’s requirements for the system: asset
services, logistic services and business services. Each partnership comprises two solutions that in turn
consist of different services, also called building blocks. An overview is shown in Figure 3.

Figure 3: Service proposition – Source Peijnenburg (2016a)
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Asset services refers to the cases in which Vanderlande supports and maintains the complete system
including software, and IT and controls. The supporting solution consists of a 24/7 hotline, periodic
inspections, access to spare parts, and education of the customer’s own maintenance technicians. In
the maintain solution, Vanderlande executes the maintenance activities, and the corrective and
preventive maintenance of parts. Access to specific service tools and performance monitoring can be
included as well. In logistic services, Vanderlande operates and optimises the customer’s logistical
process. Logistic services comprises the optimise solution and the operate solution, seen in Figure 3.
The optimisation of customers’ systems is accompanied by life-cycle planning and by process
optimisation, whereas the operate solution comprises the control room operations and material
handling systems (MHS) operations building blocks. Furthermore, business services is chosen when the
customer wants Vanderlande to consult on, and thereby also participate in, its success. This
partnership may consist of consulting the customer and of cooperating to create business advantage
together. Consulting comprises both asset management consulting and intralogistics consulting,
whereas participate comprises primarily customised financial solutions in the finance building block
and ownership of the operations in the managed services building block.
We observe that the extent of partnership increases from asset services towards business services.
Moreover, the services involved in asset services are included in logistic services, and those in logistic
services are included in business services, i.e. business services may include all the services
Vanderlande has to offer. For Section 1.3.2, we focus on the “maintain” building block.
1.3.2. Maintenance policy
Prior to introducing the current maintenance policy, we give a short definition of terms, since the
company’s systems can be viewed from different levels. An overview of the definitions is shown in
Figure 4. We refer to the complete installed base (IB) at a customer as a system. A sub-system, for
example a main loop comprising multiple sorters and connecting elements, is called an area. Different
items within an area, such as a sorter, are referred to as equipment. This equipment then consists of
different components, such as bearings or motors. Systems, area and equipment are multicomponent, and individual components are single-component systems.
Equipment
Area

Component
Component

Equipment
System

Component
Area

Equipment

Component

Figure 4: Overview of definition of terms

Currently, Vanderlande uses mostly corrective maintenance and a very basic form of CBM, i.e. periodic
inspections, either during a scheduled down (SD) or during operation, without formal rejection criteria.
UBM is only applied in a few cases. Corrective maintenance is used in cases where a component breaks
down between inspections, in which cases one of two events may occur. The first is that the
component is not critical for the system, meaning that the breakdown may go unnoticed, and the
component’s breakdown may be found during the next inspection. The second event is when the
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component is critical for the system, and its breakdown results in downtime for the customer. In this
case, an unscheduled down (USD) occurs, and the maintenance technician is asked to figure out the
problem and replace the component. We should note that only USDs determine a decrease in system
availability, meaning that SDs do not affect this availability.
Furthermore, a maintenance manual is delivered with the system that indicates how often the system
should be inspected, i.e. when to perform CBM. This manual is generally set up by R&D, based primarily
on endurance tests and information from the third party supplier, but may also be influenced by the
wishes of the customer whilst setting up the service contract, since more inspections means higher
standard maintenance costs. During such an inspection, for instance an SD, a Vanderlande
maintenance technician estimates whether a component is in a sufficiently good state to keep running
until the next inspection, or not. In most cases, criteria on when to replace do not exist and the
estimate of the engineer is done to the best of his knowledge. Only for some variables is usage data of
a system recorded (e.g. number of products transported), but in few cases is it acted upon using UBM.
These cases are also poorly documented. Thus little information is known about the exact method.

1.4.

Available tools

Different tools are available for the processes involved in maintenance; we discuss these next. First of
all, SCADA (Supervisory Control And Data Acquisition) comes with a graphical user interface of the
automated process and is used to monitor equipment status and react to changes in system
availability, as well as control/direct the activities that bring the availability back to the desired level.
Also, it shows the specific area and more detailed on equipment level where a problem occurs and the
warnings and errors associated with the problem, and provides the possibility to start and stop the
system. The data shown is real-time, but is only stored for a limited amount of time.
Second, Maximo is used for enterprise asset management (EAM), in which information can be stored
for longer periods of time. This tool facilitates the processing of work orders, both PM and CM. During
planning of a maintenance action, it also considers human resources and spare parts required.
Specifically, the DOS_Maximo (Deliver Outstanding Service with the help of Maximo) tool has recently
been developed to create a ‘one-way-of-working’ process within Vanderlande. Moreover, MMS
(Mobile Maintenance Solution) is a handheld service tool that is used by field engineers of the MHS
and facilitates the administration of maintenance on a site by interfacing with Maximo and SCADA.
Following, JD Edwards ONE is the Enterprise Resource Planning (ERP) tool for Vanderlande. For this
tool, we are specifically interested in the use by the spare parts department within global services,
since this is most relevant for us. Service orders placed by customers, site-based teams or local service
providers (LSPs) for replenishment or acquisition of new spare parts are handled in this tool, and can
be found here for all customers over a long period of time.
Furthermore, VIDI (Vanderlande Industries Data Intelligence) is the (relatively new) big data platform
for continuous optimisation and improvement of customer business, based on reporting, (process)
analysis and advanced models. A high variety of information from different sources, such as SCADA
and Programmable Logic Controller (PLC) units, is collected here and used for reports and predictive
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and prescriptive analyses. The platform can be used both locally at the customer site and at
Vanderlande’s headquarters in Veghel, the latter case will provide the possibility to combine
information from different sites. Additionally, the platform can be customised per customer.
Business Process Intelligence (BPI) is a performance management tool used prior to VIDI for gathering,
storing and analysing data. Similar to VIDI, it uses input from other sources, collects it in a clear
overview and provides performance reports. It is used both during commissioning activities, to reduce
the number of initial warnings and errors, and during customer operations to improve the process. It
can also be customised to show different dashboards per customer.
Finally, the maintenance manuals may be of interest to this research; these include the information
from R&D on when to do maintenance, i.e. how many inspections are required, and in some cases
after how many years or operating hours a component should be replaced.

1.5.

Available data

Seeing as this research focuses on CBM, we are mainly interested in the available data with respect to
the condition of equipment. The availability of such data is briefly discussed here. First, we have seen
that some information on equipment is monitored in VIDI for specific sites. This ranges from
information on the number of pieces transported and the percentage correctly scanned by a system,
to power usage of equipment, i.e. data for CBM and for UBM purposes. However, since this platform
is relatively new, this is only being done recently. The site for which power usage is documented was
delivered in February, meaning that this data does not provide sufficient to base analyses on. Also,
data from BPI was migrated to VIDI for a couple of customers. One part of this data is information on
warnings and errors in a system, being the SCADA alarms that indicate that a specific part of the system
is not functioning properly. These alarms may be seen as ways of noticing that the condition of a
component is deteriorating, and can help for CBM purposes if linked to specific replacements. Also, a
distinction must be made between operational and technical warnings and errors. The first are alarms
that appear because of unintended use of the system, and can hence be attributed to the customer,
whereas the second are alarms that relate to use of the system as intended, hence attributed to
Vanderlande. Only technical problems therefore affect the system’s availability.
Second, maintenance information is stored in Maximo. This infrastructure records what replacement
order was made, for which customer, at what time, and what resources (both spare parts and human)
were needed. However, it depends on the customer and/or service team how reliable this data is.
Some teams are very well-ordered in their administration, i.e. an order is entered once needed and
closed once finished, whereas others may only do the administration sporadically and combine
multiple orders. Moreover, a component can be replaced because the maintenance manual indicates
it should be done, or because a field service engineer (FSE) estimates that the component will not last
until the next inspection. However, this decision is not recorded and therefore the state of a
component at replacement is not known. We assume that, in case no follow-up action is determined
during an inspection, the components are regarded as good. In exception situations, the number of
hours that a system was up and running is documented and used for maintenance purposes.
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Moreover, the Stack@Ease, a highly flexible and ergonomic loading aid solution in the airports sector,
was delivered with software that made it possible to log data on internal temperatures. However, this
was never recorded in any database, so the data is only recorded in the machine’s hard disk, meaning
that little data is actually logged at the installed units. Although this may be good data for CBM
purposes, these units are serviced by another company, thus the maintenance information may not
be available.
Furthermore, some autonomous teams, i.e. site-based teams and local Vanderlande branches, are
quite progressive and have decided to record their own data. This means that, locally, some more
information may be available, but this is not benchmarked within the organisation.

1.6.

Thesis outline

The outline of the remainder of this thesis is as follows. In Chapter 2, we discuss the research design,
in which we describe and state the problem, and define the scope, the research questions and the
deliverables for this project. In Chapter 3 we discuss the answer to the first research question, i.e. the
data availability within Vanderlande. We discuss maintenance policy selection, the topic of the second
research question, in Chapter 4. Next, we describe the development of a condition based maintenance
policy form, i.e. the third research question in Chapter 5. Following, in Chapter 6 we describe the fourth
research question concerning the implementation of the results of the research. Finally, we provide
conclusions, limitations and recommendations in Chapter 7.
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2. Research design
We discuss the research design in this chapter. First, we give the problem description in Section 2.1.
Next, we describe the benefits and pitfalls in implementing CBM in Section 2.2. Following, we provide
the problem statement in Section 2.3 and define the scope in Section 2.4. We define the main research
question as well as sub-questions in Section 2.5 and discuss the deliverables in Section 2.6.

2.1.

Problem description

In this section, we discuss the problem Vanderlande faces. First, we briefly discuss one thesis within
Vanderlande on the topic of CBM in Section 2.1.1. Following, we deliberate on a roadmap that was
developed by Vanderlande for its maintenance offerings in Section 2.1.2.
2.1.1. Previous research
Stadhouders (2011) researches the ways in which operational data can be used by Vanderlande for
CBM. The author develops a framework that may be used to implement CBM into the operations at
Vanderlande, an overview of which is found in Figure 5. For each of the steps in the framework,
Stadhouders (2011) makes some preliminary valuations and calculations, but full application of the
framework was not possible due to a lack of data.

Figure 5: Framework for CBM implementation – Source Stadhouders (2011)

2.1.2. Roadmap
Vanderlande currently struggles with the fact that it is losing sales contracts on its service proposition,
because the company is becoming less competitive compared to for example local service parties. This
is primarily due to the fact that Vanderlande is too expensive in its services, and does not have any
added value compared to competitors with a lower price. Therefore, Vanderlande needs to find ways
to become smarter in its offerings, for example by lowering its costs or by creating more added value
for its customers. The company cannot provide this smarter mind-set within its current activities and
wants to move towards offering more integrated service solutions. In order to guide the advances
towards such solutions, Vanderlande has developed a roadmap explaining its maintenance offerings
from CM up until performance-based maintenance. An overview is shown in Figure 6. Although not
fully in line with the types discussed in Section 1.2, some overlap in definitions exists.
The first step in this roadmap is CM, which is simply doing maintenance as the result of a breakdown.
It is one of the actions currently performed by Vanderlande. The remaining steps together form the
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PM proposition, represented by the grey shade in Figure 6. The second step is technical cleaning, which
consists of cleaning system components and direct environment to avoid operational disruptions. The
following step is planned maintenance. This offering entails the adjustment and replacement based on
a predefined schedule, as well as the planning of maintenance execution activities, among which the
scheduling of spare parts and resources, the work itself, and testing and commissioning. This is in line
with UBM as discussed in Section 1.2, but is only applied at some sites, as discussed in Section 1.3.

Figure 6: Roadmap to performance-based maintenance – Source Peijnenburg (2016b)

The fourth step is condition-based maintenance, which involves inspections that include adjustment,
replacement and repair of components if necessary, which is when a component is going to fail or
when equipment performance is deteriorating. This is a basic form of CBM as discussed in Section 1.2,
since a decision to replace or not is made based on the result of the inspection. However, since no
rejection criteria are defined, this is not well-developed. Also, as the inspections are subject to
agreements made with the customer in the service contract, it means that inspection rates differ per
customer for the same component. The next step in the roadmap is risk-based maintenance, which is
an optimised offering based on system criticality related to potential business risks. This step combines
the previous steps to form a customised policy, ranging from consultation to execution. The final step
is the most integral form of PM, namely performance-based maintenance, involving continuous review
and adjustment of all maintenance activities for complete control on system performance, business
risks and costs. Both risk-based and performance-based maintenance are more sophisticated forms of
CBM as discussed in step four, and align more with the definition of CBM in Section 1.2. Note that the
description in this section is more on what to offer, whereas that in Section 1.2 refers to how to execute
it; the definitions of the two for CBM do not completely align.
In combination with the discussion in Section 1.3, we conclude that Vanderlande currently primarily
offers the first and fourth steps of the roadmap, and whilst concurrently active in technical cleaning, it
only has limited actions in planned maintenance. However, it is important to note that progressing in
the roadmap is not relevant for all components, since investments in advancement must be returned
by their benefits. For example, it is reasonable to say that performing CBM should not be done
primarily on cheap, easily replaceable and non-critical components, whereas CM on a system-critical
component is unadvisable. Although Vanderlande is well aware of what it offers its customers and
what actions must be done in order to achieve the offering, the company does not know why to
perform certain maintenance actions, i.e. the optimal maintenance type for each component.
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2.2.

Benefits and pitfalls of CBM

To better understand why the topic of CBM is so interesting and important for a company like
Vanderlande, we discuss the benefits of CBM and how these come about in Section 2.2.1, and the
difficulties in Section 2.2.2. This is, generally, only shortly discussed in literature on CBM, and we
believe describing this here helps companies understand what to expect when implementing CBM.
Note that many of the issues we discuss are also observed during the implementation of UBM.
2.2.1. Benefits of CBM
The companies starting to implement CBM are rather eager, but they expect results shortly after
implementation. The benefits of CBM take some time before being realised, and different benefits
require different horizons to be considered. Therefore, we classify benefits of CBM on the horizon on
which they can be expected: short-term, mid-term, long-term. A summary is provided in Figure 7. We
discuss this classification with general benefits of CBM, but also consider some company-specific
benefits. A number of case studies describing some of these benefits are discussed in Jones (1998).

Figure 7: Benefits of CBM

Short-term
Shortly after the implementation of CBM, knowledge about the useful life of components, system
health and performance, and the root causes of failures increases (Prajapati et al., 2012). Also,
maintenance costs become lower (Xia et al., 2011), since we use more of the useful life of components
and thus less spare parts when compared to a UBM policy, and we perform fewer corrective and
unnecessary maintenance actions (Jardine et al., 2006). Accordingly, the component’s lifetime, thereby
also the system’s lifetime (Gardiner, 1998), and MTBF is increased, but we also see higher availability,
as well as reduced (un-)planned downtime (Wang, 2008). In addition, we see a decrease in the impact
of failures (Prajapati et al., 2012), as well as in the frequency and severity thereof (Xia et al., 2011).
Mid-term
Over a longer period of time, we see that companies become better at predicting, planning and
managing maintenance. This results in increased effectiveness and efficiency in maintenance planning
and performance (De Jonge et al., 2017). It also means that companies can integrate this with their
resource planning, meaning that maintenance teams may become smaller (Prajapati et al., 2012), or
can be deployed dynamically. Also, information from data from IBs results in feedback for R&D.
Long-term
For the long run, we see two main benefits. First, Van Horenbeek et al. (2013) discuss the joint
optimisation of maintenance and spare parts inventory. As the knowledge of when components are
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going to fail becomes available, it will become possible to have better spare part inventory
management through coordinated logistics support (Pintelon & Parodi-Herz, 2008). The fact that less
spare parts are used will result in reduced overall waste by the company, meaning that the supply
footprint is reduced (Prajapati et al., 2012). Second, components, equipment and systems can be
better designed as the failure of components becomes more predictable and we have less (un-)
planned downtime, meaning that redundancy in systems can be reduced (Gardiner, 1998).
2.2.2. Difficulties in CBM
We shortly discuss some of the difficulties faced when implementing CBM here. One of the main
disadvantages is that the initial investments in CBM are enormous, since condition monitoring
equipment and software to store, analyse and initiate maintenance actions must be acquired (De Jonge
et al., 2017). Scarf (2007) discusses how returns on investment are not always guaranteed. De Jonge
et al. (2017) also warn companies interested in implementing CBM, since there are risks involved in
implementing CBM related to the lack of experience, and add that a certain flexibility in planning is
required as CBM involves dynamic scheduling of maintenance actions. Also, implementing a new
strategy may result in changes in daily operations of maintenance engineers, which may be reluctant
to cooperate, in which cases change management may play an important role. Misra (2008) discusses
more specifically the problems in condition monitoring, such as the fact that the degradation of a
component is influenced by many factors, so many different patterns may be recognised. Also, in order
to be able to develop CBM policies, components must first break down while under observation.

2.3.

Problem statement

The struggle of Vanderlande with losing sales contracts combined with the will to continue developing
better ways of doing maintenance results in the fact that Vanderlande wants to evolve towards riskbased and performance-based maintenance. Specifically, the company wants to explore the
opportunity of using more sophisticated CBM for this purpose, for the reasons we discuss in Section
2.2. Currently, much maintenance is done correctively, since the inspections are not refined enough
to drastically reduce CM actions. Planning better PM may result in less downtime due to CM, thereby
increasing the system availability, as SDs do not influence this availability. However, the company
wants to see a proof of concept before fully committing to implementation of CBM. Still, some of
Vanderlande’s competitors have already introduced some condition monitoring or CBM policies, and
Vanderlande is lagging behind. Also, little is actually known about the life cycle of systems. R&D
personnel generally has no feedback from systems after they leave the plant, unless big problems
occur. The maintenance manual indicates what the inspection intervals should be, but R&D lacks data,
knowledge and/or experience to determine whether this indication is correct or whether it can be
optimised. If R&D receives feedback about the life-cycle, this attributes to better knowledge
management, which might result in better design of components, equipment and systems. Finally, the
objective of global services within Vanderlande for the long run is not to sell products and services
separately anymore, but to evolve into a service company that sells an integrated product-service
solution. In order to do this, many mind-sets must be changed, since global services is still seen as an
additional feature to the core product of Vanderlande, its systems. This is a long-term transition that
must be carefully monitored, but, more importantly, first steps need to be made.
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The combination of the factors described above identifies the need for Vanderlande to act on
developments in maintenance, specifically CBM. Thus, the problem statement is the following:
Vanderlande wants to step into CBM, but does not know how to do so and what the benefits can be.

2.4.

Scope

First, we focus on continuous monitoring for CBM within the classification of maintenance types of
Arts (2017), where possible. Also, the focus lies on single components, as multi-component systems
may require us to consider multiple maintenance types for a single system. However, the availability
of data may force us to define equipment as a single-component system (i.e. one maintenance type),
since considering a broader definition may result in better availability of data.
Moreover, we scope the project within the roadmap described in Section 2.1.2. We determined that
both risk-based and performance-based maintenance are successive forms of CBM. Focusing on the
fourth step in the roadmap, CBM, therefore enables development towards the remaining steps.
We consider warnings and errors as condition monitoring data as they may help define a CBM policy
and thus focus on this type of data. However, in order to make conclusions on degradation, this is
combined with event data as described by Jardine et al. (2006), e.g. orders in Maximo. Also, we aim to
emphasise on diagnostics for CBM rather than prognostics, since warnings and errors already indicate
that something is wrong with the system. Additionally, we cannot attribute operational warnings and
errors to degrading Vanderlande equipment, but to, for example, wrong or misuse of the system or
incorrectly loaded packages. Therefore, we only consider technical warnings and errors.

2.5.

Research questions

We define the research questions in this section. We can improve the maintenance concept as
warnings and errors may model degradation patterns in equipment. To address the problem defined
in Section 2.3, we define the following main research question:
What is the potential of CBM using warnings and errors?
In order to answer this research question, we define a number of sub-questions. An overview of these
questions is provided in Figure 8.

Figure 8: Overview of research questions
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First, it is important to determine what data is actually available for the purpose of CBM. Depending
on the quality of the data available, more data may be required. This research question thus may also
entail discovering what data is still necessary to apply CBM:
1. What data is available?
Furthermore, as discussed in Section 2.1.2, a more sophisticated maintenance type is not necessarily
applicable to all system components. We want to know the reasons for which to apply a specific type
of maintenance, i.e. CBM, UBM or CM, and thus for which components it may actually be interesting
to consider either one. This research focuses on determining a process for maintenance policy
selection (MPS), since this is an important step, currently missing at Vanderlande, and can help in
better understanding maintenance activities. Hence:
2. What is the optimal maintenance type for a specific component?
After the MPS process is defined, we determine the following sub-question. We want to know the
optimal CBM policy form, i.e. the optimal parameters, for a specific component:
3. What is the optimal CBM policy form?
This question comprises a number of sub-steps, since this accounts for an extensive share of the thesis.
First, we want to know which warnings and errors are of interest for this research, i.e. which ones are
capable of predicting a component’s failure:
a. Which warnings and errors should be monitored?
Next, the degradation process must be modelled. Arts (2017) discusses multiple ways in which this
may be done, such as Markov degradation and gamma processes:
b. How can the degradation process be modelled by using warnings and errors as
condition data?
Moreover, the optimal policy form should be determined. This is two-fold since the observation at
which action should be taken must be defined, as well as the activities that should be performed once
maintenance is required. Arts (2017) discusses ways to determine the optimal threshold, and
Panagiotidou & Tagaras (2010) discuss the option of using SPC for this purpose:
c. What observation should be used for CBM to be applied? Which actions must be
performed once this observation is made?
Following, the question arises of how the results from the previous questions can be implemented:
4. How can the results from the previous questions be implemented?
Finally, we reflect on the research by discussing conclusions, limitations and recommendations.
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2.6.

Deliverables

We discuss the deliverables involved in the thesis in this section. First, we discuss the deliverables for
Vanderlande in Section 2.6.1. Next, we provide the academic deliverables in Section 2.6.2.
2.6.1. Deliverables for Vanderlande
The deliverables for Vanderlande are to help in preparing the company for the future. As discussed in
Section 2.1.2, the defined roadmap can be better applied within current operations, which is the goal
of this research. This is achieved by delivering the following:
- An overview of the available data on maintenance within the company;
- A decision making process describing how the optimal maintenance type for a component may
be determined. The benefits are twofold: better and more efficient maintenance execution is
done at sites, and the process can be used by R&D and services to better design systems and
maintenance manuals. Above all, the results are validated within the company;
- A specific case that is used as a proof of concept to show the profitability of applying CBM
within current operations. For this case, we aim to:
 Select the warnings and errors that best predict degradation of a component and can
be used for monitoring the condition of the component;
 Develop a model that can explain the degradation process, by fitting the warning and
error data;
 Determine the optimal maintenance policy form, for which the threshold values as
well as the follow-up maintenance actions are defined;
- An implementation plan considering the benefits and pitfalls discussed in Section 2.2 during
the following actions for Vanderlande.
2.6.2. Academic deliverables
The academic deliverables are, first, that MPS models as well as degradation models and threshold
calculation methods are taken from theory and applied to practice. Although the development of new
theory is quite substantial, the application and the benefits thereof are poorly tested in companies by
means of case studies. Hence, we propose to contribute to research in this manner.
More specifically, to the best of the author’s knowledge, the specific discussion of developing an MPS
process and a CBM optimisation model within the same research has not been documented in
literature. Therefore, we propose to contribute by discussing these important aspects of maintenance
within the scope of one thesis.
Finally, we propose to develop a method of using warning and error data for developing a CBM
optimisation model. The application of such a method specifically for maintenance purposes is not
extensively discussed in literature.
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3. Data availability
We discussed the available tools within Vanderlande in Section 1.4, and the available data briefly in
Section 1.5. We elaborate on the latter in this chapter, thus answer the first research question. We
extend this question by also considering the data available for MPS in Section 3.1, and discuss the data
for CBM purposes in Section 3.2. Finally, we draw conclusions on the topic in Section 3.3.

3.1.

Data for MPS

There are several interesting data (sources) that may be useful for maintenance policy selection. These
are discussed in Section 3.1.1. We provide a more elaborate description on the (acquisition of some of
the) data in Appendix A. We discuss the missing information in Section 3.1.2. An overview of the data
considered in this section is provided in Table 1. As we can see, little information is widely available for
an MPS procedure to be developed based on the data. Much information is actually available in the
minds of experts, but this requires a large manual step, which makes the MPS less widely applicable.
The data in Table 1 is discussed in the following sections.
Table 1: Overview data for MPS

Data
Criticality analyses
Availability models
Mean Time Between Failures (MTBF)
and Mean Time To Repair (MTTR)
Labour and spare parts costs
Error logs
Spare parts criticality
Expert knowledge
Local information
Failure rate
Failure times
Failure modes
Detectability
Predictability
Maintainability
Reachability
Plannability
Presence service team
Availability of parts

Available
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
No
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

Source
Internal folders
Internal folders
Not clear –
internal folders?
Excel file
BPI, VIDI

Quality
Good
Good
Poor

Experts
Local sites

Fair
Fair

Not centralised
Not centralised

R&D?
Experts
Experts
Experts
Experts
Experts
Experts
Maximo

Poor
Fair
Fair
Fair
Fair
Fair
Good
Fairly
good

No documentation
Not centralised
Not centralised
Not centralised
Not centralised
Not centralised

Fair
Good

Comments
Limited extent
Limited extent
No documentation, area
based
Limited extent

Not everything is booked
directly

3.1.1. Data sources
First, we discuss criticality analyses, performed by process engineers to determine the risk of the
current maintenance policy, and the risk the customer wants to have. The information acquired in this
analysis may be useful for MPS since the criticality of equipment is determined, with the experience of
a couple of years of operation to work with. However, this analysis has, up until now, only been
performed at about eight customers.
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Second, Vanderlande is in the process of developing customer-specific availability models. The
intention behind this development is to use the models in order to, in the future, be able to better
standardise the systems sold to customers. The models have been developed for more than 20
customers until now. The aggregated availability determined by these models may help in deciding
which maintenance type might be most desired for specific equipment.
Third, the mean time between failures (MTBF) and mean time to repair (MTTR) are sometimes
determined together with the availability models. However, these calculations are made at the area
level, meaning that they do not suffice for comparison of components.
Fourth, labour and spare parts costs associated with maintenance actions are to some extent available,
since the customer services centre in Italy has been recording this information since 2009. This
information can be used if these costs are deemed important in maintenance policy decision making.
Fifth, some of the information discussed above is processed in a spare parts criticality calculation. This
calculation is done to determine the criticality of spare parts for the operations of a customer when a
spare parts package is found too expensive by a customer. A spare parts package is a list of parts that
are suggested for a customer to purchase together with the delivery of the system. Although the
figures used in the calculation may be estimated, even estimates are difficult to give at some points
due to a lack of knowledge. Thus, for now, this calculation is just an example of how it should work.
Sixth, a lot of information is available locally at sites, as well as expert knowledge in the minds of service
engineers and maintenance technicians. One example is the information available at the Italy customer
service centre, discussed above, but more examples exist, as briefly discussed in Section 1.5. However,
this information is so dispersed and diverse that attaining this information is difficult.
Last, we briefly discuss a number of data sources. The error’s log code records the time of occurrence
and duration of the error in either BPI or VIDI. By aggregating this information over different sites, we
determine the frequency of errors and combine this with the duration. This aggregated information
can help gain better insights into the gravity of errors. Also, a record of the spare parts ordered and
used at a customer is kept in Maximo. Hence, we know the availability of parts at any time at a
customer, although this might not be updated as thoroughly as expected. Additionally, whether the
site is maintained by a Vanderlande service team, by an LSP or by the customer itself is also registered.
We discuss these factors here as they may influence the decision for a specific maintenance type.
3.1.2. Missing data
Although quite some data is available, we still miss some that may be of interest in the process of MPS,
both on failures as well as on maintenance actions. We first discuss the missing information on failures.
First of all, as seen in Section 1.2, the failure rate of a component, i.e. the insight of whether a
component has IFR, CFR or DFR, is indicative of the maintenance type that is best suitable. However,
this information at component level is not available within Vanderlande, since the company has never
had the necessity to attain this knowledge.
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Second, we miss information on the failure times of components, i.e. an overview of all the times to
failure and/or replacements per component. With this information, we can fit a failure distribution to
this data to determine whether UBM is applicable. Although most interesting for wearing components,
we want this information on all components.
Third, information on failure modes is not readily available within the company. Although failure mode
and effects analyses (FMEAs) or failure mode, effects and criticality analyses (FMECAs) are sometimes
done within a customer as a part of services, the results are not translated back to the design of the
system and are difficult to find. Also, this is mostly oriented towards failure modes of the system, rather
than at the component level. Furthermore, R&D performs FMEAs during the design of the system, but
we do not know how this is established. The information is not made available to the rest of the
organisation and thus the failure modes for components, as well as the criticality of components for
equipment, is not known. Therefore, although possibly available for exceptional cases, this information
is not generally available and we consider it missing for MPS purposes.
Fourth, we want information on the detectability of failures and/or component degradation, as well
as on the predictability of failures. These measures may help determine the extent to which preventive
maintenance can be applied or whether the component does not allow for PM, as some knowledge of
an upcoming failure must be present in order to apply PM.
Finally, we discuss missing maintenance information. We refer to issues such as the maintainability of
the component and the reachability within a system. An example of poor maintainability is located at
one of Vanderlande’s customers, which has the system in a conditioned room at -25°C, meaning that
engineers may only work for 30 consecutive minutes. Afterwards, they need to go back to normal
temperature to heat up, before continuing the maintenance action. An example of poor reachability is
when an easily replaceable component is located at 8 metres height, which then requires a whole setup to be built for the simple action. Also, the plannability of the maintenance action should be
registered; think of customers that operate 24/7 compared to customers that have a peak in the
afternoon or at night. The maintenance actions are more difficult to plan in the first case than in the
second. These are all factors that may influence the decision made on which policy to apply, but they
generally differ from one customer to another. This makes the information difficult to record and leads
to the fact that the information is not readily available within Vanderlande.

3.2.

Data for CBM

In Section 1.2 we differentiate between two types of data required for CBM purposes. Jardine et al.
(2006) define event data as information on what happened and/or what was done, and condition
monitoring data as measurements related to the health condition/state of the physical asset. Jardine
et al. (2006) point out that both are equally important in CBM; we thus discuss both types here.
A general remark is that, as information is logged on a site-by-site basis, we can only look within one
customer to establish relationships between condition monitoring and event data. Since these logs are
not standardised over all sites, the availability as well as the quality of data can differ per customer.
The integration of different databases with information from different sites in one platform (VIDI) is
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part of the data science initiative. This assimilates information also logged by BPI, Maximo and recently
acquired information on energy usages and system usage, as the first steps towards an integrated
approach of sites. This will result in a better standard for data collection and thus better quality data.
Unfortunately, this is only done recently, meaning that the data available in this database is not
sufficient for research. The data availability and absence for event data is discussed in Section 3.2.1,
and that for condition monitoring data in Section 3.2.2. Table 2 shows an overview of the available and
missing data for CBM purposes. We see that a lot is actually available, although the quality, i.e.
appropriateness for CBM purposes, is generally merely adequate.
Table 2: Overview data for CBM

Data
Event data
Error logs
Maintenance work orders
Condition monitoring data
Availability
Performance
Number of products processed
Energy usage
Sensor data

Available?

Source

Quality

Yes
Yes

BPI, VIDI
Maximo

Adequate
Adequate

Yes
Yes
Yes
Yes
No

BPI, VIDI
BPI, VIDI
BPI, VIDI
VIDI

Adequate
Adequate
Poor
Good

Comments

Only recently

3.2.1. Event data
Event data refers to information on the events of failure or errors. This data is available within
Vanderlande in several systems, at different aggregation levels. SCADA registers system alerts such
that an operator knows that the system is not functioning accordingly, and therefore simply states
what area of the system is having issues. BPI, on the other hand, registers the exact logging of these
events, and therefore identifies which specific error occurred on which equipment. However, this
platform was initially seen as an added value for the customer, more than for Vanderlande. Therefore,
the services were sold to customers, if they wanted more information about their system. This means
that the availability of this type of information depends on whether this specific feature was seen as
added value by the customer and therefore sold to this customer, and is therefore available at a limited
number of customers. VIDI currently also logs this data for a number of customers, but now the value
for Vanderlande is seen and logs will be made for all customers.
We observe a number of issues with the registration of event data. First, even though errors and
warnings are seen, they are not always acted upon. This is due to the fact that one of the first actions
after the appearance of an error is to restart the system and see whether the error still appears. If it
does not appear again, the problem is fixed for the time being. This results in high occurrence of some
errors. Second, error numbering is not consistent through different sites. This means that the errors
are not easily aggregated over different sites and we first require a translation to a standard numbering
in order to generalise analyses. Third, the same problem can result in different errors codes, both in
the number and in the description, for different systems, meaning that standardisation over the error
codes is not yet possible. Last, according to a product manager that helped understand this data, the
classification of whether an error is operational or technical appears to be incorrect, which means that
some technical errors are classified as operational and vice versa. This means that we cannot assume
that the technical errors are those indicated by BPI, and a correct classification should be made.
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Furthermore, information on maintenance actions is available in the form of work orders in Maximo,
as discussed in Section 1.5. This includes both corrective and preventive actions. However, we do not
know the reliability of the registration of events or the state of a component when replaced, and it is
difficult to trace back by whom an event was executed and registered. Also, no distinction is made
between whether a component is replaced because it reached the end of its maintenance cycle, or
because it was inspected and found to be too degraded. Also, systems are designed not to break down.
Therefore, a long period of data is generally required in order to observe failure of components.
3.2.2. Condition monitoring data
Condition monitoring data is currently only registered by BPI and VIDI. The data logged in BPI consists
of more than solely the system’s errors. It also shows statistics of the system, such as the availability,
calculated through the method described in Appendix A, and the performance of the system, as well
as the number of products processed, which is usage data from the system. In some cases, even,
information on the number of kilometres run by equipment is registered. This is, similar to the data in
BPI, only done for the customers that viewed added value in obtaining this information, which is a
subset of a couple of customers. In VIDI, the same information as in BPI is logged, but currently also
energy usage is registered and small steps towards logging internal machine data, i.e. sensor data, are
made. This data is more suitable for CBM purposes, but as it is only logged recently, it is not enough to
provide a base for research. The intention of logging this type of data is that it will, in the future,
provide a good basis for CBM models to be developed.

3.3.

Conclusions

Much data is available, but we, in many cases, miss essential information to be able to describe a good
MPS procedure and to begin with CBM. Generally speaking, we can say that most data is registered on
a site-by-site basis, such that no umbrella database is filled. This makes it difficult to create an
aggregated overview of the data. Also, the information is spread throughout the organisation, which
means that much effort is required for the information to be grouped in one place. We discuss a more
elaborate description on specific missing information and possible ideas about how to obtain this in
Section 3.3.1 for MPS, after which we discuss these insights for CBM in Section 3.3.2.
3.3.1. MPS
For maintenance policy selection, much data is available, but the quality is not always good and a
couple of issues must be overcome in order to be able to properly apply an MPS process. First, we
should know the failure rate of the components, but specific insights should also be considered. For
example, electronic components often have DFR. External factors such as dust, nevertheless, might
influence the components’ degradation such that they become less reliable over time, resulting in an
IFR and the desire for preventive maintenance to be applied. Second, a failure distribution of
components should be fitted to failure times. In order to achieve this, we need to record times to
failure for each component and link successive maintenance actions for components at all sites. With
the failure distribution, the MTBF and MTTR can be determined at component level. Additionally, we
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would like to know the state of the component at replacement, to obtain a better estimate of the life
cycle of components and to help better understand the degradation of components. Also, the
detectability and predictability of failures is important, since these provide insights into the application
of PM to the component. Finally, the criticality of components within equipment is important for MPS,
since this may dictate the optimal policy for components.
The information discussed above can be sought at the supplier, but may also be obtained within the
company. Endurance tests performed by R&D can be extended to include component testing, in order
to observe how these act and what their parameters are. The information, especially failure times, can
also be obtained by linking maintenance actions, as described in Section 3.1.2, thereby creating a large
database of the distribution per component. Alternatively, the values can be estimated by service
engineers, until proper registration measures are put in place. Finally, it should not be forgotten that
both the criticality analyses and availability models should continue to be developed for customers.
3.3.2. CBM
Much data is available, but we still miss some essential information in order to fully commit to CBM.
As CBM is commonly based primarily on condition monitoring data, more specifically sensor data, this
type of data is essential to develop a CBM policy. Generally speaking, good quality condition
monitoring data is missing at Vanderlande, as well as data on the degradation of components when
replaced. Contrary to what is generally seen in CBM practice, namely that the focus is laid on condition
monitoring data and that event data is overlooked in decision making (Jardine et al., 2006),
Vanderlande registers event data well, but fails to record any condition monitoring data to link it with.
Event data, although well documented, is not enough to create a well-elaborated CBM policy.
Therefore, we identify increasing the availability of sensor data as an important effort to be made
before continuing with CBM.
We observe that the ambition of data registration is determined at the start of the service contract
with a customer. An example is BPI that is only sold to customers initially willing to pay for it. This
means that BPI has not been widely deployed at customers, resulting in the fact that CBM analysis on
this data is currently impeded. In order to overcome these issues, Vanderlande should acknowledge
the value of data acquisition, and obtain good quality condition monitoring data. This means that it
should include data logging as part of its services, adding value to itself by gaining knowledge of its
systems. VIDI is already making good steps in this process, but it should be continued for Vanderlande
to develop data acquisition.
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4. Maintenance Policy Selection
In this chapter we discuss the second research question. Note that we consider the maintenance types
discussed in Section 1.2 for the MPS procedure and that we refer to maintenance policy selection as
the process of selecting the optimal maintenance type. First, we discuss the criteria that should be
considered during MPS in Section 4.1. Next, we discuss the method selection process in Section 4.2,
after which we describe the MPS procedure in Section 4.3. We discuss the validation of the process in
Section 4.4. Finally, we give conclusions in Section 4.5.
The question of what components to select has been researched previously in a number of theses. Van
Elderen (2016) develops a combined matrix and decision tree approach to the problem. Van Sprang
(2017) and Stadhouders (2011) also develop methods of selecting components, but they focus more
on the components that are currently already suitable for CBM purposes, rather than starting at the
components and deciding the best maintenance policy from there. These are examples within the
ProSeLoNext initiative or within Vanderlande of how this question has been approached, but many
more examples exist outside this context.
The goal of maintenance is different for each company. For Vanderlande, the general goal is to mitigate
downtime and consequential productivity loss. However, the company has a wide spectrum of
customers with different ideas about maintenance. Whereas some customers do not perform any PM,
because they do not find a need in reducing the risks in their operations, others try to perform PM on
all components, such that the risk of the process stopping for CM is mitigated. The maintenance
applied to a customer is thus adjusted to fit that customer’s goal.

4.1.

Criteria in MPS

We first define the scope or aggregation level, but we consider two issues here. First, we focus on
single-component systems to determine the optimal maintenance type. This is done to align with the
maintenance policies defined within Vanderlande, which are determined at this aggregation level and
were defined in Section 1.3.2. However, as the decision made at equipment level influences the
optimal type, we also consider (in less detail) the optimal type at equipment level. Moreover, since the
optimal maintenance type should still be determined for many components, we can now focus on
determining a specific maintenance type for a component, rather than integrating different
maintenance types into one policy. Once the optimal maintenance type per component is determined
and developed, next steps towards an integrated multi-component strategy combining different
maintenance types can be made, but this is out of scope for the current report.
In order to translate the goal of maintenance within Vanderlande to factors that influence
maintenance risk in the form of workable decision criteria, we develop a questionnaire to determine
the criteria that are believed to be important in maintenance policy selection. The criteria included in
this questionnaire are partly based on Goossens & Basten (2015) and complemented by other criteria
found in literature and believed to be applicable to Vanderlande. Furthermore, we ask the respondents
to indicate whether a specific criterion is missing, and add “detectability” and “legislation” to the list.
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We provide the questionnaire in Appendix B, in which we also provide a definition of each criterion.
We ask the respondents to score the relevance of each criterion on a five point Likert scale and to
indicate this relevance for two different aggregation levels; the first at equipment level, the second at
the component level. This is done, since a decision at equipment level may influence the maintenance
type selected at component level. We summarise and discuss the results from the questionnaire in
Appendix C.
Next, we discuss the decision of whether to consider a specific criterion for the MPS procedure. We
want a decision tree that is easy to understand and use, but includes all relevant issues identified by
the respondents. The score for a criterion is the number of responses given for a specific scale, e.g. if
two respondents found criterion A to be barely important, the score for barely important for criterion
A is two. We evaluate three different decision rules to obtain a workable number of criteria:
1. If we obtain a score of 5 or higher in either the fourth or fifth scale, we consider the criterion;
2. If we obtain a score of 4 or higher in the fifth scale, or a score of 5 or higher in the fourth scale,
we consider the criterion;
3. If we obtain a score of 5 or higher in the fifth scale, we consider the criterion.
The criteria that result from these different decision rules are shown in Appendix D. We evaluate these
rules with the goal of maintenance in mind. Also, we consider the fact that the decision making process
should remain clear and not too complex to work with, i.e. with too many decision variables, but that
it should comprehend the different factors deemed important by the respondents. The result is that
we choose to follow decision rule 1. This shows that we find the following criteria to be relevant in the
MPS question, shown in Table 3. Note that, for failure rate, we refer to the insight of an engineer of
whether the component wears or not.
Table 3: Questionnaire results

Aggregation level
Equipment
Component
Failure rate
Failure rate
Criticality of equipment
Criticality of component
Downtime
Availability
Maintainability
Frequency of occurrence
Predictability
Reliability
Safety
Spare parts costs
Presence of service team
Predictability
Safety
Detectability

4.2.

Method selection

In the previous section, we have seen that a large number of criteria are assessed to be important in
MPS decision making. Hence, we look at multi-criteria decision making (MCDM) methods. Many
MCDM are discussed in literature, such as the Analytic Hierarchy Process (AHP) (Goossens & Basten,
2015) and the decision tree (Waeyenbergh & Pintelon, 2003). Within maintenance selection, the AHP
is the most commonly used method (Ding & Kamaruddin, 2015).
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Although the AHP is a very popular method, we believe it is not suitable for our purpose. In the AHP,
the relative measurements of intangible criteria are compared to one another (Brunelli, 2015). For
many criteria, we must determine a large combination of relative weights, which may also differ
between components. Additionally, the method is developed as a group-tool. Altogether, it means that
the AHP is a time-consuming and labour-intensive method. As we focus on companies with great
variety in their products, the AHP has to be developed for each component (type). Also, we have seen
in Chapter 3 that the availability of data is not abundant for this purpose, meaning that the MPS
process will need to be updated as data becomes more widely available. Therefore, we propose to use
the decision tree, not extensively researched for this application. It has many of the benefits of the
AHP, since it can also consider intangible criteria, but not the pitfalls, i.e. specific per component, timeconsuming, group-tool, difficult to update. Also, the method is very intuitive for service engineers to
follow. This makes the deployment of the model easier and more accepted, and therefore has higher
probability of being eagerly adopted by service engineers.

4.3.

MPS process

For the MPS process, it is important to note that we make a couple of decisions irrespective of internal
factors. First, we do not dictate any maintenance action not safe for the operators. Therefore, we
consider this criterion at the beginning of the decision making process. Second, legislation within a
country must be adhered to whichever maintenance type best suits a component. Therefore, if the
legislation indicates to follow a specific maintenance type, we prescribe this irrespective of the type
otherwise identified by the process. Third, we only consider PM in cases with IFR. As PM is performed
to replace parts before failure, it is undesirable to apply PM when the reliability does not decrease, i.e.
components with DFR or CFR. In the case of IFR, the instantaneous failure probability increases over
time, meaning that PM will not only result in replacement before failure, but also help increase the
component’s reliability. This decision making process is illustrated in the decision tree in Figure 9.

yes

Is safety compromised
when applying CM?

no

Apply safe policy

Apply policy
prescribed by
legislation

yes

Does legislation
prescribe PM?

no

yes

Apply PM
equipment
decision tree

Does the
component have
IFR?

no

Apply CM

Figure 9: CM vs. PM decision tree

As discussed in Section 4.1, we ask the respondents of the questionnaire to score the relevance of the
criteria on two different aggregation levels. In the cases where “Apply PM equipment decision tree”
action results from the decision tree in Figure 9, the decision tree at equipment level, developed in
Section 4.3.1, is followed, after which we may follow the decision tree at component level, developed
in Section 4.3.2.
23

4.3.1. Equipment level
From the decision tree in Figure 9, we determined that the component considered has IFR, so we now
look at the equipment it is located in. Keeping in mind that we wish to define a clear decision making
process that is easy to follow, we take a closer look at the criteria in the first column of Table 3, since
some of the criteria might not be as relevant in this matter. We discuss whether or not we consider
the criterion in the following paragraphs.
Criticality of equipment
First, we determine the criticality of equipment as described in Section 3.1.1. We consider this in the
decision making process, since it is the most indicative measure for PM to be applied within
Vanderlande, as it specifies whether the system is put at risk. This is where we consider the goal of
maintenance for the customer. That is, if customers are less interested in availability and rather in
reducing costs, the system in itself, thus the equipment, is not critical. However, if a customer depends
on the system running, we indicate the critically as high if also the case for the equipment.
Downtime
We believe downtime, although important, should not be one of the decision factors for two reasons.
First, the redundancy at a customer determines whether and to what extent breakdown of equipment
results in system downtime. Also, within a customer, downtime may depend on the time of the day of
the breakdown. Besides, the downtime incurred is, to some extent, already considered in the criticality
analyses. Second, registration is currently not good enough to directly link breakdowns to downtime
and aggregate this over different sites. The duration of errors is looked at, but this does not necessarily
mean that the system is not operating and it is difficult for an engineer to estimate the length of
downtime. We might, however, consider downtime in the MPS process if the registration improves.
Maintainability
Although we specify the maintainability of components as relevant, the measure is difficult to quantify
and the question is only relevant in few cases, i.e. the example discussed in Section 3.1.2. Also, poor
maintainability does not necessarily results in the desire for a different maintenance type, but that a
service engineer should take a closer look at how it can be altered to fit the situation. Therefore, we
consider this issue to be more applicable for exception-handling than standard decision making.
Predictability
Although the predictability of failures is also important within equipment, we consider the measure to
be more relevant at component level. This is since failures of equipment are predicted by looking at a
combination of the predictability of its components, but the predictability should still be looked at
specifically for each component, so the measure is considered twice.
Presence of service team
The respondents indicate they believe the presence of a service team should be considered in the
decision making process. Nevertheless, we believe that the optimal type should not depend on this
availability, rather that the decision should be the other way around; in case the maintenance schedule
prescribes the amount of maintenance for which a service team is required, this should be the advice
towards the customer.
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As a result, the second decision tree is shown in Figure 10. If CM is determined, we assume that this
policy is also prescribed for the underlying components. If PM is selected for the area/equipment, we
take a closer look at the components for which this holds and for which it does not, and at what PM
policy fits best, i.e. the “Apply PM component decision tree” action.

yes

Apply PM
component
decision tree

Is the equipment
critical for the
customer?

no

Apply CM

Figure 10: PM equipment decision tree

4.3.2. Component level
Following, we need to standardise the decisions made within equipment. We do this as we determine
the maintenance type for different components within critical equipment. Whereas the previous
decision depends strongly on the application at the customer, the decisions made here are standard
for equipment at different sites. Moreover, we focus on the balance between considering the criteria
indicated as important by the respondents and creating a simple decision tree that comprehends the
full decision making process.
Criticality of component
We start by looking at the criticality of components, but now within equipment. A service engineer is
able to indicate the criticality of components for equipment, but a component might also be critical
for the process. For example, photocells are critical for the operations of the customer, but not for the
equipment they are mounted on. This should also be considered at this decision.
Availability
We leave the availability of the system out of consideration, since we consider it to be less relevant at
this point. Although marked as important, the availability is calculated by means of the effects of
errors, which is not the same as malfunctions of a component. Also, the registration of the errors and
availability is not constant, and we do not know the exact impact of each individual error on the system
availability; this has to be calculated disregarding other errors. In case the registration on availability
becomes clearer and of better quality, this decision may be evaluated.
Frequency of occurrence
The breakdown of a component often results in problems and perhaps even in downtime for the
customer. In cases where a component fails often, this occurs frequently and should therefore be
prevented. Nevertheless, the failure frequency at most influences the how often one has to respond
to a problem, but should not influence the decision on which maintenance type to apply.
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Reliability
The reliability is deemed important by the respondents. However, this measure is currently not
recorded in any way and is difficult to estimate, even for maintenance technicians, since it does not
relate to any quantifiable measure for the system. Therefore, we disregard this criterion in this process.
Spare parts costs
We consider the spare parts costs in determining the optimal maintenance policy for components. In
literature, the cost of a component is identified as indicative of the extent to which the useful life
should be extended. In case a component is expensive, one does not want to replace it long before its
end of life, whereas this issue does not matter if the component is relatively cheap. Therefore, in cases
where spare parts costs are high for the component under consideration, CBM is further explored.
Predictability
We include the predictability of component failure in the decision tree. If a component’s failure cannot
be predicted, PM will not help in knowingly preventing the failure. One benefit of this MPS procedure
is to eventually gain more knowledge about the systems and their components, but performing PM
where failure cannot be predicted will rather create room for ambiguity on this knowledge.
Detectability
The detectability of a failure is not necessary in order for the optimal maintenance policy to be
determined, since the underlying measures should be considered. It is therefore not taken into account
in the decision tree in Figure 11. This detectability is, however, relevant in developing the actual policy
and should thus be considered in that process.
Finally, a degradation pattern must be identified, or at least possibly identified, in order to look at the
option of applying CBM. Namely, CBM can be used whenever the degradation of a component can be
linked to a specific condition of that component, and UBM if this is not the case. This is the final decision
in the decision tree, which is shown in Figure 11. Different from the previous decision making process,
many criteria are included in this process.

yes

Can a degradation
pattern be identified?

yes

yes

Are the spare parts
costs high?

Is the failure of the
component
predictable?

yes

Is the component
critical for the
equipment?

Apply CBM

no

no

Apply UBM

no

no

Apply CM

Figure 11: PM component decision tree
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4.4.

Validation

In this section, we discuss a case study that we performed for face validity of the MPS procedure. First,
we discuss the validation sample in Section 4.4.1. Following, we discuss the validation of the different
decision trees in Section 4.4.2. Finally, we discuss variations to the decision trees in Section 4.4.3.
4.4.1. Validation sample
We select one Vanderlande’s customers, for which a criticality analysis has been performed, to
perform a case study for face validity. We select different components from different areas at the site
to obtain a complete picture of the applicability of the MPS procedure. Table 4 shows an overview of
the areas, the equipment and the components we consider during this validation, as well as the
criticality of the different items. Note that the criticality for the cranes and the picking stations is not
fixed, but rather depends on the use by the customer. This specific customer has five aisles, and if the
products are distributed equally over all the aisles, the cranes are redundant. However, if each product
is located in only one specific aisle, the cranes are not redundant and are therefore critical. A similar
situation is observed for the picking stations; as long as the capacity of the system is not fully used, the
stations are not critical, which changes when the system operates at full capacity. We show an
overview of the classification of the components by means of the MPS procedure in Table 5.
Table 4: Overview of validation

Area
Inbound logistics

Critical?
Yes

Equipment
VCC-lift

Critical?
Yes

Live Wheel Curve

Yes

Miniload

Yes

Photocell
Crane

Consolidation

Yes

Picking station

Empty tote retour

No

Belt floor veyor
Stacker
Conveyor

Depending
on
redundancy of aisles
Depending on use
by customer
Yes
No
No

Component
Bearing
Motor
Belt
Motor
Photocell
Belt
Motor
Motor

Critical?
Yes
Yes
Yes
Yes
Yes, for process
Yes
Yes
Yes

Conveyor
Motor
Belt

Yes
Yes
Yes

Table 5: Classification of validation components

Area

Equipment

Component

IFR

Predictable?

Inbound
logistics

VCC-lift

Bearing
Motor
Belt
Motor
Photocell
Belt
Motor
Motor
Conveyor
Motor
Belt

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

Live
Wheel
Curve
Photocell
Crane

Miniload
Consolidation
Empty
retour

tote

Picking station
Belt floor veyor
Stacker
Conveyor
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Spare
costs
high?
No
Yes
No
Yes
No
No
Yes
Yes

Degradation
pattern
detectable?
Yes
Yes

Yes
Yes

Maintenance
policy
UBM
CBM
UBM
CBM
UBM
UBM/CM
CBM/CM
CBM/CM
CM
CM

4.4.2. Validation of decision trees
We ask the senior team leader of service specialists to collaborate in determining the face validity of
the procedure described in Section 4.3. First, we evaluate the process in the decision tree in Figure 9
to be accurate, as it correctly classifies the components according to criteria outside the control of the
company. An example is tooling that must be calibrated after a fixed time period due to legislation.
Second, the service specialist indicated that PM is not desired if areas are not critical. This is in line
with the second decision tree in Figure 10. Therefore, the classification of performing CM on the empty
tote retour is correct, as well as that of performing PM on other equipment. Note here that the cranes
and picking stations may also be maintained correctively, as discussed above.
Third, according to the service specialist, the classification of the components within equipment is
correct, except that he would base the decision on maintenance costs rather than spare parts costs,
since this is more comprehensive. However, we then discuss the results from the questionnaire, and
reach a compromise, as discussed in the following section. Moreover, the specialist indicated that,
although not having IFR, some components, e.g. the belt floor veyors, must be inspected every now
and then to make sure they are operating correctly, one variation which is also discussed next.
4.4.3. Variations
We discuss a couple of issues deliberated during the validation with the service specialist. Vanderlande
currently performs much of its maintenance inspection-based. Although we want to step away from
this and apply the policies discussed in Arts (2017), it is important for Vanderlande to have an MPS
process that it can implement as soon as possible. We therefore, as a short-term solution, include the
possibility of applying inspections in the variation to Figure 11 shown in Appendix E. Still, the long-term
goal is to move towards the decision trees discussed in Section 4.3.
Even though CM is advised after applying the decision tree in Figure 9, sometimes, external reasons
influence the maintenance type. For example, the steel frame that forms the basis of the system
sometimes suffers from ruptures. Although it does not have IFR, a simple inspection may be desired,
to be sure that the damages are noticed in time, which is also the case for the belt floor veyors
discussed in Section 4.4.2. However, these actions should be determined by experience and although
not considered in Section 4.3, they are included in the variation to Figure 9 shown in Appendix E.
Finally, the service specialist would rather see that the total maintenance cost is considered, which
quantifies issues such as maintainability and reachability. However, the questionnaire shows that spare
parts costs are considered important in this question. Also, for now, it is very difficult to standardise
across different projects. The time to perform a specific maintenance action, for example, varies
strongly, and is poorly documented. First steps in improving this issue are currently being made with
the implementation of DOS_Maximo, but not enough to consider it in the decision tree. We therefore
decide to keep the spare parts costs in the decision tree, but advise Vanderlande to look into the option
of including the total maintenance costs at a later stage, by first looking at whether the stakeholders
agree with the service specialist in considering this criterion.

28

4.5.

Conclusions

In this chapter, we discussed the development of a maintenance policy selection procedure. First, we
determined the decision criteria that we used for MPS decision making and discussed the selection of
an MPS method from literature. Following, we determined an MPS procedure consisting of three
different decision trees, each with a different focus. Finally, we performed a case study for face validity
of the process with the help of a service specialist. The MPS procedure will create a basic idea of the
components interesting for the data science team to look at for (sensor) data logging.
We consider the maintenance types discussed by Arts (2017). For CBM, we specifically focus on
condition monitoring, but if this is not possible, we recommend periodic inspections with clear
rejection criteria. For UBM, we suggest to look at measures such as the total number of kilometres run,
the number of picks, the number of starts and stops and many more. Moreover, when we prescribe
PM, the application as discussed in this thesis is suggested, i.e. considering clear rejection criteria and
measures, not the continuation of methods currently used within Vanderlande, since these are not
clear in what is actually expected from the execution of the policies.
We discuss different arguments on whether or not to consider specific criteria and, in some cases,
make the decision not to include the criterion simply because the data does not allow for it. Therefore,
it is important that this data be recorded from now on. The criteria that should be looked at more
closely are criticality analyses, failure rate, downtime, predictability, and spare parts and maintenance
costs (considering issues such as maintainability and reachability). Some of this information can be
sought at the supplier, or estimated by service engineers. If the information is not available at suppliers
or engineers, Vanderlande should put effort into creating the means for this to be recorded.
Nevertheless, the standardisation of many of the criteria is difficult due to the wide variety of systems.
This might complicate the process of recording and analysing data and, most importantly, that of
obtaining widely applicable standards. This should be closely kept in mind, and ways to overcome these
issues must be considered, such as creating one database with all relevant information, i.e. the
developments currently made within VIDI, or creating a more standardised approach to its systems.
Although we consider the decision tree to work well, common sense must still be applied when using
the MPS procedure. Sometimes, interdependencies are present between components, though not the
common case. Think of, for example, a sprocket and the adhering chain, and we prescribe CBM for
sprocket and CM for the adhering chain. This will not work in practice, as the chain must also be
replaced when replacing the sprocket. Moreover, for example for electromechanical components, the
hardware may still last without maintenance, but the software cannot be updated, or the components
are not delivered by the supplier anymore. In these cases, modificative maintenance may be applied,
which is a decision that falls outside the scope of this thesis. Therefore, the decision made by means
of the MPS procedure described in this chapter classifies the optimal maintenance type for most cases,
but individual thinking is still always required. Both maintenance technicians that have the experience
to understand these interactions and perform the maintenance, as well as reliability engineers that
apply the MPS and determine the optimal maintenance type should be able to incorporate these issues
in the maintenance they perform or prescribe.
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5. Condition Based Maintenance Policy
Different types of CBM policy forms exist, a number of which have been researched in previous theses.
Botman (2017) develops diagnostic and prognostic models using error information and sensor data in
printers by respectively applying SPC and the random coefficient model. Claessens (2017) compares
the benefits of CBM and UBM models for a maintenance, repair and overhaul company using Markov
chains, and Van Elderen (2016) combines single-item maintenance policies to create a multi-item
maintenance plan based on failure, usage and condition information. These theses were performed
within the ProSeLoNext project, but many more examples exist outside this project.
In this chapter we present a CBM model for diagnostic purposes, based on the control chart for
nonconformities, proposed by Montgomery (2009) as one of the tools in SPC to analyse errors. We
first discuss the theory behind the model in Section 5.1. Second, we discuss the application of this
model to the case at Vanderlande in Section 5.2. Finally, we draw conclusions in Section 5.3.

5.1.

Control chart for nonconformities

Statistical process control is a method used to track and control a process by using statistical
techniques to reduce variation for continuous improvement in quality such that early corrective action
may be undertaken (Montgomery & Runger, 2011). Montgomery & Runger (2011) discuss how this
variation can be classified in two ways: variation due to either chance causes, i.e. “background noise”,
or due to assignable causes. The two types of variation are considered in different ways, background
noise to determine the in-control state of the process, and the assignable causes to determine when
a process is out of control. See Alcorta (2017) for a more detailed description of these types of
variation. SPC is commonly applied using control charts that look at quality characteristics, which
create great value for modern-day business and industry (Montgomery, 2009). Panagiotidou & Tagaras
(2010) and Mehrafrooz & Noorossana (2011) discuss the application of SPC to CBM, although they
focus more on monitoring the quality of the products of the process rather than on the state of
equipment itself. The description in this section is strongly based on Montgomery (2009).
We first explain the concept of a quality characteristic. In quality engineering, quality characteristics
are defined as process parameters that describe what the user thinks of as quality. According to
Montgomery (2009), data on quality characteristics can be classified as either variables or attributes
data. The first usually refers to continuous measurements and the second mainly to discrete data.
Although we defined error logging as event data in Section 3.2.1, we consider it condition monitoring
data here, as it is the best indicator of degradation available. Therefore, the quality characteristic we
consider in this analysis is an attribute, namely the number of errors produced by the system.
Montgomery (2009) defines a couple of phases in control chart usage. Phase I is the phase in which
the control limits are determined, focusing more on detecting larger, increasing shifts, whereas phase
II focuses on process monitoring and thus on detecting smaller process shifts. Shewhart control charts
are most effective in phase I, whereas cumulative sum (CUSUM) and exponentially weighted moving
average (EWMA) control charts perform better in the phase II. We focus on the first phase, since we
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are interested in determining the control limits and in detecting larger shifts in the process; the reason
for the latter is clarified in Section 5.2.1. Specifically, this type of problem is analysed using a control
chart for nonconformities (also called the c control chart), which is a Shewhart control chart adapted
to suit this kind of quality characteristic. An illustration of a c control chart is provided in Figure 12.

Figure 12: Example of a c control chart – Source Montgomery (2009)

As the Shewhart chart forms the basis for the control chart considered in this analysis, we start by
explaining the basics. The Shewhart control chart is typically characterised by a sample statistic
measuring the quality characteristic of interest, for example the (average) concentration of copper in
copper plating for printed circuit boards (Montgomery, 2009), plotted against the sample number, i.e.
the number of the sample corresponding to the measurement, or against time. It displays the centre
line (CL) indicating the mean of the sample statistic in an in-control state, and two control limits, the
upper control limit (UCL) and the lower control limit (LCL).
The c control chart is different as it shows the number of nonconformities, i.e. defects, as the quality
characteristic itself, as shown in Figure 12, and usually assumes that the occurrence of nonconformities
in samples of constant size is well modelled by the Poisson distribution. The Poisson distribution means
that the number of opportunities for nonconformities should be infinitely large and the probability of
occurrence small and constant (Montgomery, 2009), and that we prefer data without auto-correlation
to apply the c chart. The 𝐶𝐿 and control limits for this chart are calculated using the following formulas:
𝐶𝐿 = 𝑐
𝑈𝐶𝐿 = 𝑐 + 𝑘 ∙ √𝑐
𝐿𝐶𝐿 = 𝑐 − 𝑘 ∙ √𝑐

(5.1)
(5.2)
(5.3)

Where 𝑐 represents the standard value for the number of nonconformities in a preliminary sample of
inspection units and 𝑘 is normally set to 3. In case 𝐿𝐶𝐿 < 0 , it is common practice to have 𝐿𝐶𝐿 = 0.
However, when no standard for 𝑐 is given, these control limits should be considered as trial limits and
a lack of control in phase I should be examined. In this case, 𝑐 can be estimated by 𝑐̅, the observed
average number of nonconformities in a preliminary sample of inspection units, in equations (5.1),
(5.2) and (5.3).
The size of 𝑘 specifies the probability of falling between the control limits. This can be translated to
the risk of both type I and type II errors. Type I (𝛼) is the probability of an out-of-control diagnosis
being made without an assignable cause being found for the variation, i.e. the probability of a point
falling beyond the control limits. Type II (𝛽) is the probability of an out-of-control situation not being
recognised by the control chart, i.e. the probability of diagnosing a point as in-control when the process
is truly out of control. Increasing 𝑘 results in a lower number of type I errors, whereas the type II error
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increases. The reversed effect is observed if we decrease 𝑘. Generally, the trade-off between a type I
and type II error is made to determine the optimal parameter settings, e.g. 𝑘. As the Poisson
distribution is not symmetric, 𝛼 is not equally distributed above and below the 𝑈𝐶𝐿 and 𝐿𝐶𝐿,
respectively, if these are symmetric respective to 𝐶𝐿. For fixed 𝑘, the following formulas are used to
calculate 𝛼 and 𝛽, where 𝑋 is a Poisson random variable with parameter 𝑐̅, used to calculate the control
limits, and 𝑌 a Poisson random variable with parameter 𝑐̃ , representing the out-of-control process:
𝛼 = 1 − 𝑃(𝐿𝐶𝐿 ≤ 𝑋 ≤ 𝑈𝐶𝐿|𝑐̅) = 1 − (𝑃(𝑋 ≤ 𝑈𝐶𝐿|𝑐̅) − 𝑃(𝑋 ≤ 𝐿𝐶𝐿|𝑐̅))
𝛽 = 𝑃(𝑌 < 𝑈𝐶𝐿|𝑐̃ ) − 𝑃(𝑌 ≤ 𝐿𝐶𝐿|𝑐̃ )

(5.4)
(5.5)

Furthermore, sensitising rules such as the Western Electric rules are typically added to the control
charts to increase the sensitivity of the shift detection (Montgomery, 2009). We, however, prefer a
less sensitive control chart, for the reasons discussed in Section 5.2.1.

5.2.

Case study

We discuss the application of the model to the case at Vanderlande in this section. In Section 5.2.1, we
select the specific case that we focus on. We clean the data in Section 5.2.2. Third, the model is
developed and the results for the case provided in Section 5.2.3, after which we discuss a sensitivity
analysis in Section 5.2.4. We give an action plan describing the actions to be performed when the
process is diagnosed as out-of-control in Section 5.2.5. Finally, we discuss the implications of different
parameter settings in Section 5.2.6. We implement the model in MATLAB.
5.2.1. Case selection
We discuss the case selection process in this section. First, we look at the documentation and the
extent of data logged on the components, in order to obtain a case that provides sufficient data for
the analysis to be done, i.e. error data considered as condition monitoring data in the case of
Vanderlande. This must be accompanied by knowing when the replacement of the components took
place, i.e. event data. As discussed in Section 3.2, the information available at Vanderlande is more on
a site-by-site basis and information is not aggregated between sites. Therefore, we need to find a
component that has severely degraded in one site, within the period for which data is available. These
criteria help determine the case suitable for this analysis.
There are only few components that have good documentation (i.e. errors recorded over a long period
of time). There are even fewer components that have data recorded while breaking down, in large
amounts, due to the longevity of components (components are designed not to break down very often)
and due to the fact that data is not stored for the long run. After long deliberation with product
managers, we decide to look at carbon current collectors installed mostly at shuttles in the Warehouse
and Parcel & Postal business. These degraded within a short period of time after installation and data
on errors is widely available in BPI.
The case we select is the degradation of a large number of carbon current collectors of the shuttles in
a High Dynamic Storage (HDS) facility of a specific customer. This system operates with 42 HDS aisles,
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each of which has 6 shuttles, meaning a total of 252 shuttles. In June 2016, the customer observed
that these collectors were rapidly wearing and therefore needed to be replaced. Some preliminary
actions were taken to reduce the problems, but the problems kept coming back. Therefore, the
supplier was contacted to deliver a whole batch of a new type of copper current collectors.
Unfortunately, the exact replacement date of each of the collectors was not recorded, meaning that
there is a gap of about one month between decision to replace (20-6-2016) and confirmation of the
replacement of all current collectors (12-7-2016). We assume that the replacement of all current
collectors was performed on the 20th of June 2016, since this will ensure that no replacement was done
beforehand. Moreover, 6 current collectors are needed for each of the 252 shuttles, resulting in a total
of 1,512 current collectors replaced in this period. However, the distinction between these six is not
made, i.e. replacement occurs per six-fold for each shuttle. Some individual replacements of the six
current collectors for a shuttle have taken place. These are not so much replacements due to wear,
but more corrective replacements because they broke at a different point. These separate
replacements are not considered, since we are interested in the failures due to degradation of the
collectors, rather than incidental failures. We wish to predict the batch replacement date with our
CBM model, for which we thus only consider the replacement on June 20, 2016, and the data available
for this case study is censored.
Next, we determine which errors to consider. In Section 1.5, we distinguish between operational and
technical errors, after which we decided only to consider technical errors, since operational errors are
attributed to the customer. However, in Section 3.2.1 we discuss how the classification of these errors
is not always correct and is therefore not reliable to base the error selection on. Therefore, we
investigate all the errors that occurred from delivery of the system (3-12-2015) until the 31st of May,
2017 in Figure 13, showing the daily aggregated error count solely for the HDS shuttles. The latter
means that errors on other parts of the system are not considered. The size of the rational subgroup
for our control chart is the time length for which we aggregate the errors, therefore one day.

Figure 13: Error occurrence aggregated on a daily basis

The result is that 59 error types exist, which may or may not reflect the degradation of the current
collectors. In order to reduce this number, we ideally correlate the replacements of each shuttle with
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the errors and identify which correlation is significant. However, this is not possible, since the
replacements were not recorded individually for each shuttle. Hence, we need more information about
the degradation of the collectors. The product manager clarified that the collectors lost contact with
the power rail, and the shuttle was thus not able to receive signals about when to stop.
In collaboration with the product manager, we identify two errors that relate to the problem at hand:
errors number (#) 3 and #103. The description of error #3 is ‘External emergency off circuit open’ and
that of #103 ‘Emergency limit reached in negative direction of travel’. The product manager explained
the effect on the degradation of the collectors of both errors. Figure 14 shows the daily aggregated
error count specifically for these two errors, and the replacement date shown in green. We see the
error count increase steadily up to June 20, 2016, and continue to increase after. This can be explained
by the fact that the replacements only started on this date, and continued until before July 12, meaning
that the problems likely kept on occurring. It indicates that the insight by the product manager was
correct and shows that expert knowledge is necessary when first implementing CBM.

Figure 14: Error occurrence for all HDS shuttles for errors #3 and #103

In Figure 14, we see that the maximum count of errors is about 125 in December 2015 and that it
otherwise does not exceed 60 errors per day, over a total of 252 shuttles. This, together with the fact
that few individual replacements are documented, results in the fact that no individual shuttle analysis
can be done. Nevertheless, Goode, Moore & Roylance (2000) discuss how setting the limits is specific
for each machine and process, and might therefore be time-consuming and failure data-intensive. This
might be eased by comparing data from similar machines, which provides a larger population of data
from failures, done by aggregating the results over all shuttles. The aggregation of the data over all
shuttles and the fact that we only have one overall replacement date, inhibits us from defining testing
data for validation purposes. This means that we cannot validate the model in the traditional sense,
i.e. by checking different parameter settings for different events to determine the optimal settings,
but rather that we discuss the impacts of different settings to give a best estimate of the values that
result in the most desirable outcome. It also means that the trade-off between a type I and a type II
error discussed in Section 5.1 is not possible within this case, since we cannot compare the effects of
changing the parameters. Therefore, we use 𝛼 in Section 5.2.6 to discuss the effects of changing the
parameters, but do not make the trade-off with 𝛽.
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Overall, we see quite some variation in the daily count of errors without necessarily resulting in
degradation of the current collectors. As our data is aggregated over 252 different shuttles, small shifts
rapidly occur because of small issues with one of the shuttles, and a sensitive control chart is too
reactive to these shifts and this variation. Therefore, control charts that are sensitive to small shift
changes are likely to be too sensitive for the purpose of this case. Hence, we consider charts that are
better at detecting large shifts.
Also, the errors produced by the system are, to some extent, auto-correlated, since one step in error
handling is to turn the system off and on again. If a problem is present and giving errors, after turning
the system off and on again, it is likely that the error will appear again. In many cases, auto-correlation
can be reduced by increasing the sampling size and/or interval. Although we cannot influence the
sampling size, as we do not sample the occurrences of the errors, we can change the time over which
we aggregate the data, thereby changing the size of the rational subgroup. If the latter becomes too
small, we do not reduce the effect of the auto-correlation. If, however, we daily aggregate the errors,
we reduce the auto-correlation, since the occurrence of an error is not necessarily influenced by
turning the system off and on again the day before.
5.2.2. Data cleaning
Next, we prepare the data such that it can be used for the control chart. We can identify two different
types of exceptions in Figure 14. First, we see a number of counts that appear to be completely out of
line with the rest of the data, namely two peaks for error #3 (4-12-2015 and 13-3-2016) and four for
error #103 (23-2-2016, 21-4-2016, 20-2-2017 and 14-4-2017). Additionally, we see some dates for
which no data is recorded. After a discussion with a data scientist in the team, we decide that it is not
probable that these dates had zero errors, but rather that no errors were recorded for these dates due
to a problem with BPI. For example, we can identify a gap in error logging in Figure 13 from June 10th
to June 13th 2016. We checked this with the product manager, and he confirmed that the errors
continued occurring and rather that BPI was out of running. Thus, we average the outliers and these
dates without error logging over the three days previous, to obtain an estimate for the error count.
The result is shown in Figure 15, in which we show the outliers separately.

Figure 15: Error occurrence for errors #3 and #103 after data cleaning
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5.2.3. Model development and results
In order to develop the control chart for nonconformities, we first calculate the trial control limits by
defining an in-control period. Looking at Figure 15, it seems that the period after the current collectors
were replaced is stable. This is logical since no out-of-control situation regarding the degradation of
the collectors is expected here because they were recently replaced. In general, an in-control sample
size of 20-25 measurements is considered sufficient (Montgomery, 2009). However, since we are
working with dates, we use the full month of August 2016 as the in-control period, i.e. 1-8-2016 until
31-8-2016. We calculate the control limits using formulas (5.1), (5.2) and (5.3), with 𝑘 = 3 and 𝑐 =
𝑐̅. As discussed in Section 5.1, a lack of control during the development of trial control limits should be
examined. Therefore, for days in which the error count exceeds the 𝑈𝐶𝐿 within the in-control period,
we look for an assignable cause. If we do not find one, we assume that this day is an outlier within this
period and take the average of the three previous days as the new value. We show the resulting control
charts in Figure 16 and Figure 17 for errors #3 and #103, respectively, and the intermediate control
charts with the corresponding trial control limits can be found in Appendix F.

Figure 16: C control chart for error #3

Figure 17: C control chart for error #103

As we see, the 𝐿𝐶𝐿 is zero for both errors, since we cannot have a negative count for errors. This means
that the probability of falling below the 𝐿𝐶𝐿 is zero, thus equation (5.4) reduces to the following:
𝛼 = 1 − 𝑃(𝐿𝐶𝐿 ≤ 𝑋 ≤ 𝑈𝐶𝐿) = 1 − 𝑃(𝑋 ≤ 𝑈𝐶𝐿)

(5.6)

An overview of 𝑘, 𝐶𝐿, 𝐿𝐶𝐿, 𝑈𝐶𝐿 and 𝛼 for both errors is shown in Table 6.
Table 6: Results for control chart

𝒌
Error #3
Error #103

3
3

𝑪𝑳
1.183
3.559

𝑳𝑪𝑳
0
0

𝑼𝑪𝑳
4.445
9.219

𝜶
0.0073
0.0037

As mentioned in Section 5.2.1, 𝛼 is primarily relevant for Section 5.2.6 to determine the effects of
varying parameters. It is important to note that we consider a point exceeding the 𝑈𝐶𝐿 to be out-ofbound, not necessarily out-of-control; we explain this next. We provide an overview of the days
considered out-of-bound in Figure 18 and Figure 19 for errors #3 and #103, respectively.
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Figure 18: Out-of-bound error counts for error #3

Figure 19: Out-of-bound error counts for error #103

We see that a large number of days are found to be out-of-bound. Since we want to make a relatively
certain decision on when to identify the process as out-of-control and replace all current collectors,
we need certainty on when the process is truly out-of-control. Therefore, we apply a decision rule to
the control charts. In Section 5.1, we discuss that Western Electric rules make the control chart too
sensitive, since these rules generate out-of-control diagnoses from measurements within the control
limits.
Therefore, we propose to combine what we have seen in the two errors into an integrated rule. We
decide to look at days in which we find the counts for both errors to be out-of-bound. This results in
the figures shown in Appendix G. However, we see that some days are considered out-of-control
whereas no replacement was done following these days. Therefore, we decide to look at the
occurrence of an out-of-bound count for both errors on two or more consecutive days. This makes the
chart even less sensitive to small shifts, which is desired due to the high impact of an out-of-control
diagnosis, i.e. to replace all 1,512 current collectors. We show the days found to be out-of- with their
corresponding counts in Figure 20 and Figure 21 for errors #3 and #103, respectively. Note that every
bar represents at least the second consecutive day in which both errors are found to be out-of-bound,
and that the out-of-control diagnosis is made at the end of the second day.

Figure 20: Out-of-control error counts for error #3

Figure 21: Out-of-control error counts for error #103

We see that the first day of an out-of-control diagnosis is on 4-5-2016, which is 47 days before the
decision was made by the supplier. If we apply the model, the decision to replace all collectors is made
on this day, and all the following out-of-control diagnoses indicate that the problems are not yet
resolved. Therefore, we can say that the model with these parameters works at predicting this
decision.
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5.2.4. Sensitivity analysis
In this sensitivity analysis we vary two parameters to determine the performance of the model under
changing conditions. First, we vary the value of 𝑘 to determine the distance of the control limits to the
centre line. Second, we vary the number of consecutive out-of-bound days (𝑛) for both errors before
an out-of-control diagnosis is made. We provide a more detailed discussion of the effects of changing
these parameters in Section 5.2.6.
Distance of control limits
In this analysis, we assume two consecutive days (𝑛 = 2) as the decision rule for an out-of-control
diagnosis, and increase 𝑘 from 2.5 to 4.0, with increments of 0.1 to see the effects on different model
parameters and results. An overview is provided in Table 7. Note that the value for 𝐶𝐿 does not change
in this analysis.
Table 7: Results from sensitivity analysis

𝒌
2.5
2.6
2.7
2.8
2.9
3.0
3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
4.0

𝑳𝑪𝑳
Error #3
Error #103
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

𝑼𝑪𝑳
Error #3
Error #103
3.902
8.276
4.010
8.464
4.119
8.653
4.228
8.842
4.337
9.030
4.445
9.219
4.554
9.408
4.663
9.596
4.772
9.785
4.881
9.973
4.989
10.16
5.098
10.35
5.207
10.54
5.316
10.73
5.424
10.92
5.533
11.11

Error #3
0.0323
0.0073
0.0073
0.0073
0.0073
0.0073
0.0073
0.0073
0.0073
0.0073
0.0073
0.0014
0.0014
0.0014
0.0014
0.0014

𝜶
Error #103
0.0109
0.0109
0.0109
0.0109
0.0037
0.0037
0.0037
0.0037
0.0037
0.0037
0.0012
0.0012
0.0012
0.0012
0.0012
0.0003

# days outof-control
46
41
41
41
33
31
31
30
30
30
28
25
25
25
25
17

First outof-control
29-4-2016
3-5-2016
3-5-2016
3-5-2016
4-5-2016
4-5-2016
4-5-2016
4-5-2016
4-5-2016
4-5-2016
4-5-2016
5-5-2016
5-5-2016
5-5-2016
5-5-2016
6-5-2016

We observe that the effects for the 𝐿𝐶𝐿 are none, since an increased 𝑘 results in a more negative 𝐿𝐶𝐿,
which is then set to zero as we cannot have a negative count. Also, we see that the 𝑈𝐶𝐿 increases
more for error #103 relative to error #3. This is due to the fact that the control limit depends on both
the 𝐶𝐿 and the standard deviation, which are higher in the case of error #103.
Moreover, we see that 𝛼 drastically decreases whenever the rounded down integer value of the 𝑈𝐶𝐿
changes. This is due to the fact that a Poisson distribution is assumed, for which the probability is
calculated for integer values. Therefore, intermediate values have the same probability of occurring as
the integer value below them, meaning that many 𝑈𝐶𝐿 are actually the same. This is, however, not a
problem, since we are interested in knowing the probability of exceeding the 𝑈𝐶𝐿, meaning that the
rounded up value is considered for an out-of-bound diagnosis, so the probability is calculated correctly.
We also see that the number of out-of-control diagnoses decreases to about one third of its amount
by increasing 𝑘 from 2.5 to 4.0. Also, the days on which the first out-of-control diagnosis are made are
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within a week of each other, and all are long before the actual replacement date. This means that all
settings for 𝑘 are effective in predicting the replacement of the current collectors, but the choice for
𝑘 depends on the period of warning we want. An overview of the effects of increasing 𝑘 is shown in
Figure 22 and Figure 23 for errors #3 and #103, respectively. The figure shows the additional days that
are classified as out-of-control, for each 𝑘 that increases the total number of days diagnosed as outof-control in Table 7, i.e. the days for 𝑘 = 2.5 are all days shown, whereas those for 𝑘 = 4.0 are only
the purple ones. We see that the last day diagnosed as out-of-control is the same for all values for 𝑘,
namely 12-7-2017.

Figure 22: Sensitivity analysis on 𝒌 for error #3

Figure 23: Sensitivity analysis on 𝒌 for error #103

Both the table and the figure show that reducing 𝑘 to much less than 2.5 will result in too many outof-control diagnoses, whereas increasing it further than 4.0 will make the probability of a type I error
extremely small. This results in increasing the risk of not, or being too late in identifying an out-ofcontrol situation.
Number of consecutive out-of-bound days
In Section 5.2.3, we propose a model with 𝑘 = 3 and 𝑛 = 2. The value for 𝑘 is kept constant in this
sensitivity analysis. In Section 5.2.3 we saw that, if we consider the first out-of-bound day for both
errors, the model predicts an out-of-control situation where none is present. Hence, this value is not
considered here and we increase the number of consecutive days from two onwards. The results are
shown in Table 8, showing the first and last out-of-control days, as well as the total number of days
diagnosed as out-of-control:
Table 8: Out-of-control diagnoses for different decision rules

𝒏
First out-of-control diagnosis
Last out-of-control diagnosis
# days out-of-control

2
4-5-2016
12-7-2016
31

3
5-5-2016
12-7-2016
19

4
6-5-2016
4-7-2016
11

5
7-6-2016
4-7-2016
7

6
8-6-2016
4-7-2016
4

7
24-6-2016
24-6-2016
1

We see that the model is very sensitive to the number of consecutive out-of-bound days. As of five
consecutive days, the out-of-control diagnosis is not made until June, and if we consider seven
consecutive days, the diagnosis is only made after the decision for replacement was actually made. As
we wish to predict the replacement decision as soon as possible, we suggest to consider either two,
three or four consecutive days. If four consecutive days are considered, the last day diagnosed as outof-control is 4-7-2016, which is before confirmation of replacement of all collectors was given. Both
two and three consecutive out-of-bound days result in this last day being 12-7-2016. The decision
depends on whether the replacements continued until the day of confirmation, in which case both the
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two and three consecutive days decision rules perform well at identifying the out-of-control situation.
If the replacements stopped before, considering four consecutive days is better. As we have no
information about the time at which replacements stopped, no preference is given. The effect of the
total number of days diagnosed as out-of-control is discussed in Section 5.2.6.
5.2.5. Action plan
We define two types of actions, the first for the case of an out-of-control diagnosis. Since the impact
of an out-of-control diagnosis is so large, we also propose actions that should be done after an out-ofbound diagnosis, to prevent an out-of-control situation from happening.
In case the first out-of-control situation is identified, it means that the problems with the current
collectors are becoming severe. This means that direct action for replacement must be taken.
Therefore, we propose to decide to order a whole batch of current collectors, i.e. 1,512 items, to start
replacing them as soon as possible. In case an out-of-control situation is identified that is not the first
one in that period, we propose to examine which shuttles are giving most errors, and replace these
first if the inventory is available. This reduces the total number of errors and therefore reduce the
probability of a following out-of-control situation.
Second, we propose an out-of-bound action plan, defined together with the maintenance technician
at the site selected for this case. This is a combination of smaller, more comprehensible actions that
can be performed on the carbon current collectors individually by the on-site maintenance team to
prevent errors from happening. First, if the out-of-bound situation is identified, the data must be
examined to determine which shuttle is contributing most to the errors. There are initial signs to look
out for, such as safety circuit faults, shuttle greyed out, etc. Then, the state of this shuttle’s collectors
should be checked and the extent of wear should be determined. The specific wear pattern of these
collectors is that they lose electrical contact due to them becoming shiny and in some cases dirty with
carbon debris build up. In case the wear is acceptable and the errors keep occurring, the system should
be turned off and on again, to see whether this solves the problem. The evaluation of whether the
wear is acceptable is left to the maintenance technicians and/or service engineers, as they have the
expert knowledge. The next step if errors continue is to file the current collectors so that the shininess
is decreased. This is, however, a temporary solution, since the state of the collector is returned to an
earlier one but it continues to degrade. If the problems continue, increasing the current through the
collectors helps reduce the degradation pace of the collectors, and is therefore done at this point.
Finally, if no new current collectors have arrived and the problems keep occurring, we suggest the
maintenance technician to replace the collector with local stock, i.e. an older type of collector, to
ensure the process keeps operating until new collectors arrive.
It is important to combine both the out-of-control and the out-of-bound action plans for the best
result. The out-of-bound action plan helps extend the time in which operations can continue, before
the collectors are completely worn and the shuttle cannot be used anymore, reducing the system’s
capacity. The out-of-control action plan is used to identify when the problems are too severe to
approach with the out-of-bound action plan and drastic measures need to be taken. This is the decision
that was actually made on 20-6-2016, which we now predict with our model and action plan.
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5.2.6. Implications
In Section 5.2.4, we discuss the results that are effective in forecasting the replacement decision, i.e.
all values for 𝑘 and 𝑛 ∈ {2,3,4}. Here, we interpret these results together with the action plan
discussed in Section 5.2.5, to provide better insights into the implications of changing parameters. We
are interested in observing the changes in the first out-of-control diagnosis, the total number of days
diagnosed as out-of-control and the probability of a type I error, which are influenced by the decision
for 𝑘 and 𝑛.
The implications of having an earlier first out-of-control diagnosis is that the decision to replace the
current collectors is made earlier, which means that the components are delivered before and
therefore the replacements can be done earlier. The days gained at the beginning of the out-of-control
period are also the days at the end of this period when maintenance brings the process in control. As
the error count per shuttle is generally not more than about three per day, it means that if the total
daily error count is around 20, at least six or seven shuttles are having problems. Towards the end of
the out-of-control period, many more errors occur than at the beginning, leading to a lot of stress both
for the maintenance team and for the customer. Therefore, as the out-of-control period is reduced
and moved forward, less time is spent without shuttles operating, thus more operating time is gained
and less maintenance hours are spent at the end of this period. Additionally, since the errors are
already occurring, the current collectors are rapidly wearing, meaning that they are towards the end
of their useful life. Hence, no significant remaining useful life is thrown away. Also, the cost of the
system losing the functionality of a shuttle are higher than that of collectors being replaced a couple
of days earlier. Therefore, we prefer to have an earlier out-of-control diagnoses rather than a later
one, as it may make a lot of difference towards the end.
The effect of the total number of days diagnosed as out-of-control is that the out-of-control action
plan is deployed more or less often. Although the action plan describes a clear path of what to do, if
we look at the definition of our quality characteristic and what we describe above, we know that having
a lot of errors each day already gives the customer and the maintenance team a lot of stress. As the
system already shows errors on these days, having an additional out-of-control diagnosis, after the
first one, is a confirmation of what the system is also telling us and thus partly redundant. Therefore,
with our definition of the quality characteristic, we prefer not to have a large number of out-of-control
diagnoses, as long as we can maintain the current collectors according to the out-of-control action
plan. This decision may be different for another observed quality characteristic. As we look at the
results in the sensitivity analysis in Section 5.2.4, we see that for 𝑘 < 2.8, the total number of days
diagnosed as out-of-control increases vastly. Therefore, we recommend 𝑘 ≥ 2.9.
The probability of a type I error is a measure that may influence the decisions made for 𝑘 and 𝑛. A
lower 𝛼 results in a higher certainty of an accurate out-of-control diagnosis, but therefore also a higher
risk of falsely diagnosing an out-of-control situation as in control. However, as the effects of an out-ofcontrol situation are large, i.e. order new current collectors for all shuttles, we prefer to be rather
certain of our decision, therefore a lower 𝛼. This is also in line with our preference for a lower number
of out-of-control diagnoses.
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Altogether, we prefer an earlier out-of-control diagnosis with a fewer total number of out-of-control
diagnoses and a lower 𝛼. Thus, we suggest either 𝑛 = 3 or 𝑛 = 4, as we discussed in Section 5.2.4 that
the last out-of-control day is only relevant depending on when the replacements were actually
completed, for which we have no information. To determine the best corresponding 𝑘, the total
number of days diagnosed as out-of-control and first out-of-control diagnosis is determined for both
𝑛 = 3 and 𝑛 = 4, shown in Appendix H. We see that 𝑘 = 3.5 provides a good combination of a low
total number of out-of-control diagnosis (17 and 9), early first out-of-control diagnosis (5-5-2016 and
6-5-2016) and low probability of type I error (0.0073 for error #3 and 0.0012 for error #103), for 𝑛 = 3
and 𝑛 = 4. This means that the replacement decision is made either 46 or 45 days before the decision
was actually made. Unfortunately, as we cannot validate these decisions by comparing the
performance of different replacements, this decision is our best estimate of the values that result in
the best performance.

5.3.

Conclusions

In this chapter, we developed a model for diagnostic purposes to detect failure of a system. The model
is based on the c control chart, which analyses the standard variation in a process and identifies when
a process is out of control by looking at a quality characteristic of attribute type. Expert knowledge is
used to determine the attribute considered. The model identifies an out-of-bound situation if the
attribute is higher than or equal to the 𝑈𝐶𝐿, defined as 𝑘 standard deviations from the average. The
model combines the analysis of different control charts by making an out-of-control diagnosis if the
out-of-bound diagnosis is made at least for 𝑛 consecutive days for the different attributes at the same
time. Finally, an action plan is defined to execute once the model is applied which is part of diagnostics
by isolating and identifying the problems.
We consider data from the process itself as the input for SPC in this model, and therefore use SPC
directly for equipment monitoring rather than looking at the process output or input as determinants
of process control. This helps monitor the process control and quality for maintenance purposes with
a more direct link to the component(s) to be maintained. We create the model such that it can be
applied both to single-component as well as multi-component systems, as long as the attribute(s)
represent(s) the user’s perception of quality for that system. Also, the model can be used as a way of
applying CBM as a block replacement policy, an approach that may be applicable to companies willing
to implement CBM but without the systems in place or the data available to perform CBM on a
component basis.
Furthermore, we applied the model to a case at Vanderlande. The model analyses the control of HDS
shuttles based on errors produced by the shuttles. The daily error count is the attribute type
considered in the case. We look at two different attributes, being two different error types (#3 and
#103). The degradation process is modelled by the control chart as described above for each attribute.
Also, we developed an integrated action plan for this specific case to identify what must be done in
both an out-of-bound and an out-of-control situation.
The CBM model is effective in predicting the replacement decision based on the errors produced by
the system for the number of standard deviations from the average 𝑘 = 3 and the number of
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consecutive out-of-bound diagnoses 𝑛 = 2. The decision is made on 4-5-2016 using the model, being
47 days before the actual decision was made (20-6-2016). We have seen that the model is sensitive to
changes in the number of consecutive days considered, since the first day diagnosed as out-of-control
varies strongly from 𝑛 = 2 (4-5-2016) to 𝑛 = 7 (24-6-2016). Also, the 𝑈𝐶𝐿 changes slightly and 𝛼
drastically for different 𝑘 for both attributes, more in the case of error #103 than #3, but the first day
diagnosed as out-of-control is not influenced that strongly compared to the sensitivity to 𝑛. Therefore,
we propose a model with 𝑘 = 3.5 and either 𝑛 = 3 or 𝑛 = 4, depending on until when the
replacements actually continued. With this model, we obtain a first out-of-control diagnosis of either
5-5-2016 or 6-5-2016 and a total number of out-of-control diagnoses of 17 or 9, depending on the
choice for 𝑛, and an 𝛼 of 0.0073 and 0.0012 for errors #3 and #103, respectively.
The model is easy to use and to explain to service engineers and maintenance technicians and
therefore appropriate for use by these employees. The sensitivity of the model makes it easily
adaptable to different cases, as the model does not need to be adjusted but only the parameters (𝑘
and 𝑛) do. We therefore suggest that the model is ma`de available to apply to different cases with a
similar problem at Vanderlande. Nevertheless, we have seen that expert knowledge is very important
in the process of developing a CBM policy. In our case, this input was relevant at several moments in
the analysis. First, it was useful in the case selection phase, both to determine a case suitable to
investigate as well as to determine which specific errors were significant for the degradation of the
current collectors. Second, we used expert knowledge to determine the action plan. Therefore, in cases
where the data or information is not sufficient to make analyses on, this type of knowledge should be
sought to develop an effective CBM policy. This likely also holds for other cases within Vanderlande,
hence experts should be contacted for each case.
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6. Implementation
We discuss the effects of implementing CBM in this chapter, thereby answering the fourth research
question. We tackle the question as we describe a plan to guide the implementation of CBM at
Vanderlande in Section 6.1. Finally, we provide conclusions in Section 6.2.

6.1.

Implementation plan

In this section, we discuss the implementation of the topics discussed in this thesis, i.e. the data
availability, the maintenance policy selection procedure and the CBM policy, at Vanderlande.
A number of actions need to be taken. Most importantly, the available data should be improved. This
is the responsibility of the data science team, since its members have the knowledge and means to log
this data and the responsibility for VIDI. For MPS, the emphasis lies on increasing the variety and quality
of data available, as discussed in Chapters 3 and 4, and start documenting information that is currently
in the minds of experts, such as the criticality of components within equipment. If this is not
documented, experts must be asked every time the MPS process is applied for the specific component.
Hence, we want to standardise this and document the information as the process is applied, thereby
creating a database for this information. The data on UBM measures should also be improved. For
CBM, we suggest that investments in logging condition monitoring data are made, to develop policies
analysing the degradation of components. These investments are two-fold: current systems need to
be fit with sensors, but new systems should also be designed with the ability to log condition
monitoring data. Therefore, collaboration with customers and R&D is required, to enable the logging
from current sites as well as the integration of sensors in new systems. Note that for the best possible
failure data, we want components to break; Vanderlande can thus lay the focus on customers that
perform mostly corrective maintenance. Also, it is important to first identify which conditions, and for
UBM what measures, should be monitored, for which the help of maintenance technicians, service
engineers, R&D personnel and suppliers may be useful. Some ideas about which data can be collected
are provided in Appendix I and can be found in Davies (1998).
Simultaneously, both for MPS and CBM purposes, data should be aggregated in a central database and
joint analysis over different sites and for identical components should be enabled, which is currently
not yet possible within VIDI. Moreover, documentation of event data, such as replacements in Maximo
and criticality analyses, is commonly provided at equipment level. This should be aligned with the
component level monitoring, such that condition monitoring data can be linked to event data. This
should be a combined effort of the data science team, and the service development and service
operations departments. Additionally, the idea of the database is that all parties should have access to
view this data, not just the employees developing the models. This will for example help in closing the
feedback loop towards R&D and starting with better designing the components, equipment and
systems.
Vanderlande should consider that discussions with customers may be held about the ownership of the
data. Some customers currently log data, but only allow Vanderlande viewing rights. The idea is that
44

Vanderlande is able to use this data to better design and maintain the systems, which is also in the
interest of the customer. Therefore, we recommend Vanderlande to keep this in mind, but make
agreements with customers such that the data can be obtained by Vanderlande.
The MPS procedure described in Appendix E should be deployed first towards product managers within
the service technology team, responsible for the service aspects during the entire life-cycle of
products, with the help of reliability engineers. They should determine the optimal maintenance type
for different types of components, equipment and systems and generate a database with this
information. They should also focus on redefining the MPS process as the availability of data increases.
Following, the procedure can be used by reliability engineers within service operations to apply to
customers’ sites. It should not be forgotten that the implementation of good UBM policies can already
result in huge benefits and that the goal is for Vanderlande to eventually move primarily to the decision
trees described in Chapter 4.
The development of a CBM policy is done according to the steps discussed by Jardine et al. (2006), for
a more detailed description of the activities involved in each step see Jardine et al. (2006) and Alcorta
(2017). We discuss the first, data acquisition, in the paragraph about data availability above. In the
case study, data processing was done primarily with the help of a domain expert, but can also be done
by applying anomaly detection or other data science methods in the future to reduce the amount of
manual labour involved. Maintenance decision making is the policy development as described in
Chapter 5. The model can be used by the data science team to examine whether the CBM policy can
be applied to more cases within Vanderlande, by looking at different definitions for the quality
characteristic such as the time between occurrences or duration of errors, and to develop more CBM
and UBM policies. As the policies are developed, they should be implemented and the feedback
obtained from the sites can then be used to better manage maintenance planning. We recommend
that the development of policies directly modelling the degradation of components, as well as the
implementation of anomaly detection for error selection, is researched as condition monitoring data
becomes more widely available. Also, for now, we recommend to start developing single-component
models, but initiate the development of multi-component models integrating different maintenance
types, see Zhu (2015), and the integration with spare parts inventory management, see Van Horenbeek
et al. (2013), once these are available. The latter should be developed together with the spare parts
department.
Additionally, the commercial aspect of CBM should be worked out, i.e. how to position this
maintenance concept within the service proposition. This should be done by service development, the
department responsible for developing the service proposition.
All considered, it should be noted that the above is an iterative process. As data is collected for
increased availability and is prepared for analysis, the MPS procedure can be further refined and
maintenance policies can be developed. Also, as data from these methods directly from sites is
collected, the database with maintenance information increases and better models can be developed.
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6.2.

Conclusions

We developed an implementation plan for Vanderlande to use after termination of this thesis in this
chapter. As the implications of implementing the topics are so great, the implementation process
should be carried by the whole global services organisation, since many of the departments are closely
involved in the process. Keep in mind that we are dealing with changes, such that change management
will play an important role throughout the implementation.
With the implementation plan described in Section 6.1, we estimate that it will take at least a couple
of years before the majority of the short-term benefits discussed in Section 2.2 can be noticed. This is
largely due to the fact that the mind-set of all parties involved, within the department, within the
company and at customers and suppliers, must be set to the same direction, that the attainment of
data is still in its beginning phases and will take a while before it is fit for analyses, and that the business
case must first be made before the increased scope of VIDI can be developed. This is, however,
provided that failure and sensor data can be obtained from the systems and components breaking
down, since components are made not to break down very frequently. Hence, note that the estimates
we provide here may also increase if data acquisition does not go smoothly. Then, still, the
maintenance models must be developed and applied before the benefits are noticed. The MPS
procedure can start by achieving small gains in creating the database with optimal maintenance
policies for components in the meanwhile. The mid-term benefits will likely take approximately five
years to materialise, because the iterative process must be working well and the links between
databases and departments enabled before these are noticed. The long-term benefits will take much
longer, about ten years, because all the steps discussed must be well coordinated and the concepts
already developed and implemented at customers before the benefits are observed.
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7. Conclusions and recommendations
We conclude the research in this chapter. The most important conclusions and contributions to
literature are discussed in Section 7.1. In Section 7.2 we discuss the limitations of the research and
future research directions. Finally, we give recommendations in Section 7.3.

7.1.

Conclusions

We conclude the research by answering the main research question: “What is the potential of CBM
using warnings and errors?” We show the potential by effectively and timely predicting the
replacement of components by applying a control chart on warnings and errors. We do this by
answering the questions discussed in the following paragraphs.
The first research question is “what data is available?” We identify different sources of information
and the quality thereof. We show that much data is available in segregated places, and that the data
is mostly collected on a site-by-site basis, but not aggregated for joint analysis. For MPS, we observe
that a large amount of data is available, but that the quality thereof is not always good. Also, the failure
rate and distribution of components, as well as the detectability and predictability of failures are the
main missing information for a more refined MPS procedure. We propose ideas about how this
information can be collected, for example at the supplier or by providing initial estimates and checking
these against data collected from sites. In the case of CBM, we notice that event data is generally
widely available, but that condition monitoring data is missing. Also, we observe that the degradation
of components when replaced is not documented and that successive events are not linked, making it
difficult to model component degradation.
The second research question is “what is the optimal maintenance type for a specific component?”
We answer this question by considering different criteria, with input both from literature and from
stakeholders in the decision process around maintenance policies. We develop an MCDM method,
based on decision trees, which structures the decision process based on the criteria marked as relevant
and for which data is available. The maintenance policies considered are CM, UBM and CBM. The MPS
procedure is validated for a case, after which some adjustments are made to fit to current processes
at Vanderlande, i.e. including inspection-based maintenance.
The third research question is “what is the optimal CBM policy form?” To determine this for a specific
component, we propose to apply the control chart for nonconformities on warnings and errors
produced by the system. We suggest talking to domain experts to identify which warnings and errors
might be predictive of the degradation of components. The control chart is able to analyse both singlecomponent as well as multi-component system, depending on the definition of the warnings and
errors. We develop a methodology to analyse these warnings and errors by looking at the control of
the process, rather than modelling the degradation of the components itself. The methodology defines
three states: in control, out-of-bound and out-of-control. Depending on the interaction between the
warnings and errors, an out-of-control diagnosis, triggering a CBM action, is made after a number of
consecutive out-of-bound measurements for a different number of warnings and errors. This is an easy
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way of applying a CBM policy form, where no degradation information is present. The methodology is
tested in a case, in which two distinct errors are analysed. We describe an action plan that should be
used in an out-of-control situation, with some steps to be made in out-of-bound situations.
The fourth research question is “How can the results from the previous questions be implemented?”
We translate the results from the data availability, MPS procedure and CBM policy form discussions to
the benefits and pitfalls found during CBM implementation. We describe this in an implementation
plan that can be used when the first steps in the implementation of CBM are being made.
We contribute to academia in multiple ways. First, we produce an integrated approach of considering
the data available within a company, by starting from the data available for the purpose of developing
the MPS procedure and CBM policy form. This aspect is generally not considered in literature on
maintenance, since the focus lies on the development of models, research on data availability
emphasises the information that should be present, rather than what is missing in practice. Second,
we develop an MPS procedure and a CBM policy within the same research. We see that these topics
are all typically considered in literature, but that a combination of the two is rarely seen. The cohesive
approach of first determining the optimal maintenance type before developing a policy form is not
only of value to literature, but is also valuable for companies. Third, we apply both an MPS procedure
and a CBM policy in a company environment. The literature on these topics is extensive, but focuses
mainly on developing new theories, rather than looking at the application in practice. Fourth, we
contribute to science with the CBM policy form developed in this research in multiple manners. We
develop a CBM model that is simple and widely applicable to many situations by changing the model’s
parameters, as the policy can analyse both warnings and errors for different control limits; the use of
different types of control limits for CBM purposes is not widely researched. The model is also suitable
for single-component as well as multi-component systems, depending on the definition of the quality
characteristic; if the warnings and errors analysed relate to equipment, the model applies to multicomponent systems, whereas if they relate to components, it applies to single-component systems.
The methodology is able to apply a CBM policy without detailed condition monitoring data and it can
analyse multiple components at the same time. Also, the model considers multiple significant quality
characteristics to diagnose the process as out-of-control, an integrated analysis not seen in literature.

7.2.

Limitations and future research directions

We identify a number of limitations to and interesting future research directions from our research,
which are discussed in this section. First, the maintenance policy selection procedure was developed
by means of a questionnaire, after which the results were aggregated. An alternative option for
performing this analysis is to have a session in which all respondents discuss the definitions of criteria,
as well as the relevance thereof. An upside of this is that no ambiguities exist about definitions, such
that everyone interprets the criteria in the same way. A downside is that the responses are more
amended and individual insights had perhaps not been obtained. The decision for a questionnaire was
made largely due to time restrictions, since the planning of such a session, with most respondents
present, was difficult. We are interested to see whether the results of the analysis are very different,
or the same conclusions can be drawn, if such a session were held. We expect that the criteria become
clearer for the respondents, but that the conclusions made for the MPS procedure are the same.
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We discuss the limitations and future research directions related to the CBM policy in the following
paragraphs. The error selection is made by using the insights of domain experts. Although extremely
useful, it is very labour-intensive to identify the relevant warnings and errors for each case. As long as
the method is only developed for a limited number of cases, this is manageable. If the method is
deployed for a large number of cases, this becomes too extensive. Therefore, it might be interesting,
both from a practical and from a scientific point of view, to integrate anomaly detection methods in
the integrated approach we have taken, to identify the correlations between trends in errors and the
replacements of components. This method is best developed by looking at different replacements,
such that significant correlations can be identified. However, this was not realistic for the case with
only a single replacement. The application of anomaly detection specifically for maintenance purposes
is not extensively discussed in literature. Also, this would help create the possibility to analyse
individual shuttles, since the relationships between errors and replacements can be analyse more
easily for all shuttles. However, if we apply the model to individual shuttles, the daily error count might
become very small and the c control chart might become ineffective. Montgomery (2009) explains how
the time between occurrence control chart can be used to deal with this problem and it might be
interesting to see this being applied in a case study.
As mentioned in the conclusions, the definition of the quality characteristic determines the
applicability of the model. Whereas we define it as the number of errors per day, different definitions
such as the time between or the duration of errors can be considered. The model can also be applied
to both single-component as well as multi-component systems, depending on this definition. Also, the
applicability of the model is susceptive to a varying number of warnings and errors considered. The
errors selected for the case are very specific, hence more research is needed into how applicable the
model is when considering more or less different errors. The case did not allow for the analysis of
warnings, since these did not occur for the components considered. It might therefore be interesting
to explore the application to a varying definition of the quality characteristic, as well as a varying
number of warnings and errors considered, to test the applicability of the model. Future research can
also be done into the development of the model considering different attribute types, for example
error counts and time between errors, at the same time. Moreover, we have developed a CBM policy
that combines control charts for diagnostic purposes to consider the replacement of one type of
component. It might be interesting to research whether the analysis of many quality characteristics
can be combined for prognostic purposes.
The Poisson distribution is assumed for the occurrence of the quality characteristic, the result being
that the data should not be auto-correlated. However, as mentioned in Section 5.2.1, we are aware of
the fact that the errors in the case are actually auto-correlated. We develop the general CBM policy
partly reducing this correlation, but for other cases, a different distribution may better fit the data.
Some alternative distributions are discussed by Montgomery (2009), such as the negative binomial and
geometric distributions, and the integration of these distributions into the control chart for
nonconformities can be further researched and applied to a case study to contribute to literature. The
theory on these distributions is more complicated than the Poisson distribution and we expect the
distributions to be difficult to fit to data. Once fitted, we believe that the models perform better at
explaining the data, but that the control limits do not change drastically, meaning that the general
results and conclusions remain the same.
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We develop an action plan that describes when the replacement decision should be made and how
the problems can be kept to a minimum, but not how the components should actually be replaced
once the stock arrives on site. Opportunistic maintenance (OM) combines the replacement of
components with already planned maintenance, meaning that maintenance visits are combined, thus
fewer visits are necessary and thereby also the total (scheduled) downtime is reduced. Therefore, it
may be interesting to research to what extent OM might be used for the actual replacement of the
components. Ab-Samat & Kamaruddin (2014) provide a literature review on OM, which can be
consulted for the models developed within the research area.

7.3.

Recommendations

Finally, we give a number of recommendations for Vanderlande, partly integrated in the
implementation plan discussed in Chapter 6. This plan discusses the actions that must be taken to
move forward in the roadmap, but also the departments that should be involved in the process. First,
we discuss how the availability of data should be increased, by considering which data should be logged
and how it should be done, which is the most important recommendation. Second, we discuss the
implementation of the MPS procedure defined in Chapter 4 and the next steps in the implementation
of the CBM policy of Chapter 5. We discuss general recommendations for Vanderlande next.
General recommendations
First, we recommend Vanderlande to keep in mind that CBM is not necessarily applicable in all cases,
but that in some cases UBM may be much more applicable, as shown by the MPS procedure. Generally
speaking, UBM is cheaper, making it more comprehensible for companies to start with. Therefore, we
suggest Vanderlande to investigate how it can incorporate UBM into its operations, and what data
might be relevant for the material handling systems, ideas for which are provided in Appendix I and
can be found in Davies (1998).
Second, we recommend to consider the development of more diagnostic models, which can for now
help Vanderlande in foreseeing the replacement of components just before they happen. As data
becomes more available, we recommend to develop prognostic models, to predict long before when
components are going to fail and be able to integrate this with maintenance planning and with spare
parts inventory management.
Third, we observe that the ambition of data registration is determined at the start of the service
contract with a customer. An example is BPI, which is only sold to customers that are initially willing to
pay for it, meaning that BPI has not been widely deployed at customers. In order to overcome these
issues, Vanderlande should acknowledge the value of data, meaning that it should include data logging
as part of its services, adding value by gaining knowledge of its systems. VIDI is already making good
steps in this process, but it should be continued for Vanderlande to develop data acquisition.
Fourth, we recommend Vanderlande to standardise its material handling systems, as this should help
reduce the variety of the components considered, making the data acquisition step easier. This is
currently being done for the ACP concept, but should be further deployed towards other products.
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Appendix A – Description data
This appendix provides some background information about how some of the data discussed in
Chapter 3 is acquired. First, we discuss how criticality analyses are performed. Second, we look at the
development of availability models. Third, we discuss how the MTBF and MTTR is determined. Fourth,
we look at how labour and spare parts costs are recorded. Finally, we look at the issues that are
considered in spare parts criticality calculations.
Criticality analyses
The criticality analysis is based on two workshops organised by service process engineers, held with
the customer and set up as follows. The first workshop is held to identify the impact of downtime.
During this workshop, the system is divided into sub processes, i.e. functional areas. Each equipment
within the area is examined, to determine how critical it is for the customer. This is done by looking at
three things: to what extent the process can operate without the equipment functioning, the impact
on production capacity and on a cut-off time of one hour downtime around the busiest hour, if it were
to break down. The second workshop gives an indication of the probability of a breakdown occurring.
The information used in this analysis is the occurrence of incidents, which is retrieved from SCADA and
Maximo. The workshops are combined at the end of the second workshop, to determine the risk
involved in the current policy, i.e. 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 × 𝑒𝑓𝑓𝑒𝑐𝑡 = 𝑟𝑖𝑠𝑘. The customer is then shown the risk
profiles for the different areas, and decides to what extent she wants to mitigate the risks involved,
thereby altering the current maintenance policy. The analysis can also be performed by R&D and
systems before implementing a new system, or by services together with a customer to specify the
service contract, but this will be more based on an educated guess. We obtain an understanding of the
relationship between an area and the overall system at a site. Even though the analyses have only been
performed at a number of customers, this will help extend the scope of the criticality analyses.
Availability models
For availability models, the customer’s operations are split into function blocks and their relevant
children blocks are identified, i.e. the different blocks that comprise the parent function block.
Thereafter, the relationships between the blocks and their parent blocks are determined, through
parallel and series probability calculations, starting from system level specifying down to equipment
level. This is aggregated to the whole system, to determine the overall availability that results from
malfunctioning of specific equipment. These calculations are based on the occurrence of errors in
SCADA and their duration, and the resulting downtime for the equipment. This model, in turn, is used
in BPI to display the current availability at any time depending on the errors present at that moment
in SCADA. The availability is split into operational and technical availability, depending on the
classification of the errors present.
MTBF and MTTR
The MTBF is calculated on the operational uptime, i.e. considering only the time in which the system
is operational, and the MTTR comprises both the fault analysis time and the repair time. The number
of breakdowns is measured by counting the number of visits after a call to the Vanderlande service
desk. These are used to compare to contractually recorded times, which Vanderlande must achieve
for the specific areas in 97% of all reported scores.
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Labour and spare parts costs
For each maintenance action, the customer services centre in Italy records the date, which customer
is concerned, whether the action is preventive or corrective, who performs the maintenance, the travel
times and working hours, as well as the kilometres travelled to a site. From this, labour costs are
calculated for each action. The spare part used is also recorded. This is then combined with a list of
spare parts and their prices to determine the spare parts costs for the action. This is the information
that is recently logged in DOS_Maximo, which will increase the availability of this data over all projects.
Spare parts criticality calculation
The calculation of the criticality of each part in a spare parts package can help determine which can be
left out of consideration for the customer, such that prices are reduced. This calculation combines
issues such as the average lifetime expectation, type of lifetime (i.e. hours, cycles, etc.), and use within
the system. Additionally, this calculation is combined with a reliability estimation of these figures,
meaning that if the value for one of the measures is an educated guess by an engineer, the result is
less certain than when the input is reliable.
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Appendix B – Questionnaire maintenance policy selection
The goal of this questionnaire is to find out which criteria you find important to make a decision on
which maintenance policy should be applied to a specific component. The intention is to describe a
procedure that will help future decision making in determining the maintenance policy that suits a
specific situation best, based on criteria that are deemed important within Vanderlande. In order to
do this, a large set of criteria was pre-selected, for which you are asked to determine to what extent
each one should be considered. This set is partly based on a set provided in literature, complemented
by other criteria that are most applicable to the case of Vanderlande. The case may arise in which a
criterion is deemed important, but data on the topic is not available. The retrieval of this information
should then be facilitated, so please indicate if this is the case.
The idea is to construct a decision tree based on your feedback from this questionnaire. It is important
to note that the specific value for the criteria is not (yet) considered; for now, we are only interested
in whether you believe that this criterion should or should not be one of the decision factors when
selecting a maintenance policy. For example, imagine plannability is deemed important and should be
considered during MPS. This is indicated by you scoring the criterion highly. Afterwards, the results of
good vs. bad plannability in the selection procedure will be considered, so whether good plannability
leads to either preventive or corrective maintenance. Moreover, we will make a distinction between
the decisions made for a specific area/equipment and for specific components, since the maintenance
of a component may differ depending on the policy selected for the area/equipment.
Definition of terms
In order to be able to answer these questions, some terms should be defined. First, system is referred
to whenever the complete installed base at a customer is discussed. Second, area is referred to as a
subset of the system, for example a main loop comprising multiple sorters and connecting elements.
Equipment refers to a more specific section of the system, for example a sorter. Finally, component
refers to a specific item that composes the equipment, such as a bearing or a belt. Moreover, the
maintenance policies under consideration are: corrective maintenance (CM), usage based
maintenance (UBM) and condition based maintenance (CBM). By corrective maintenance, we mean
run-to-failure and factors such as time, production volume, operating hours, etc. are considered in the
case of UBM, i.e. factors that describe how a system is being used. By CBM we mean any sort of
maintenance based on the health of the system, preferably looking at continuous monitoring but
otherwise regarding inspections with specific rejection criteria. Preventive maintenance (PM)
comprises both UBM and CBM.
Criteria
The criteria are defined as follows:
- Failure rate: the type of failure rate for the component. This can be increasing (meaning that
the component becomes less reliable over time), constant (meaning that the component’s
reliability remains constant over time) or decreasing (meaning that the component becomes
more reliable over time);
- Criticality of equipment/area: the extent to which the equipment/area is critical for the
operations of the customer, i.e. the risk involved. Preferably specified through a criticality
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analysis with the customer, which is done for the different areas at the site, since this provides
the best insights;
Criticality of component: the effect in which a component is critical for the functioning of its
corresponding equipment;
Downtime: the length of the period that the system is out of running when the component
breaks down;
Availability: the resulting total availability of the system due to breakdown of a component or
equipment. Determined through availability models currently based on errors, considering
issues such as redundancy;
Frequency of occurrence: how often the component breaks down;
Reliability: the total reliability of the system;
Labour costs: the costs associated with the time it takes a maintenance technician to do the
maintenance (split for PPM/callout);
Spare parts costs: the costs of the spare part required for the maintenance action;
Maintainability: the ease with which a component can be maintained;
Reachability: the ability to physically reach the parts in the system;
Plannability: how well the maintenance can be planned, e.g. whether the system shuts down
at night or does not operate 24/7;
Predictability: the predictability of the failure of a component/equipment;
Fail distribution: the distribution behind the degradation of a component/equipment;
Failure modes: the different ways in which equipment/a component may break down;
Consequential impact: both what happens if maintenance is done incorrectly and if it is not
done, consequential effects such as the damage to other components;
Availability of parts: whether spare parts are readily available where maintenance is needed;
Commonality presence: the presence of commonality within the system;
Presence of service team: the presence of an on-site service team;
Safety: the safety involved in the maintenance actions;
Detectability: the extent to which a failure is visible for an operator or technician, or it is
completely invisible;
Legislation: the legislation in place at the customer’s site.

Please indicate in Table B.1 below, for each of the following criteria, to what extent it should be
considered during maintenance policy selection. Please specify the importance for an area/equipment
by “E”, and in the case of components by “C”. This means that two values should be filled out for each
criteria. The possible scores are 1 (not), 2 (barely), 3 (moderately), 4 (considerably) and 5 (extremely).
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Table B.1: Questionnaire

Criterion

1 (not)

2 (barely)

Failure rate
Criticality of equipment
Criticality of component
Downtime
Availability
Frequency of occurrence
Reliability
Labour costs
Spare parts costs
Maintainability
Reachability
Plannability
Predictability
Fail distribution
Failure modes
Consequential impact
Availability of parts
Commonality presence
Presence of service team
Safety
Detectability
Legislation
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3 (moderately)

4 (considerably)

5 (extremely)

Appendix C – Questionnaire results
This appendix shows the results from the questionnaire. These are shown in Table C.1 and Table C.2,
for equipment and component, respectively. The questionnaire was initially sent to 14 people, after
which some respondents indicated that they knew other people that might have interesting insights.
Therefore, eventually, the questionnaire was sent to 18 people, of which 12 gave a clear response. An
overview of the respondents’ functions is provided in Table C.3.
The assumption was made that, in case no response was given for either equipment or component,
this is considered not to be relevant for the matter, i.e. a value of 1 was given for the respective scope.
Moreover, one respondent indicated that “availability” is considerably important for the system level,
which is a higher aggregation level than asked. It was assumed that this criterion is relevant for both
equipment and component. Additionally, one respondent did not fully understand the “commonality
presence” criterion, and therefore did not provide an answer. Also, two respondents did not fill out a
value for “legislation”, because they either believed that their knowledge of the matter was not
enough to provide an opinion on the matter, or that it is always mandatory so it should not be a
decision factor. However, since this criterion is considered as essential in MPS, this is not an issue.

Table C.1: Questionnaire results for equipment

Criterion
Failure rate
Criticality of equipment
Criticality of component
Downtime
Availability
Frequency of occurrence
Reliability
Labour costs
Spare parts costs
Maintainability
Reachability
Plannability
Predictability
Fail distribution
Failure modes
Consequential impact
Availability of parts
Commonality presence
Presence of service team
Safety
Detectability
Legislation

1 (not)

2 (barely)

3 (moderately)

4 (considerably)

5 (extremely)

0
1
5
0
0
1
0
2
5
1
1
1
1
1
0
3
3
3
2
0
1
1

1
0
1
0
0
1
1
3
2
1
3
1
0
4
4
2
4
6
0
0
1
2

3
0
4
4
5
3
3
3
2
4
4
5
4
5
4
0
4
1
2
3
2
3

5
4
2
1
4
3
4
3
3
5
3
3
5
1
1
3
0
1
6
0
4
4

3
7
0
7
3
4
4
1
0
1
1
2
2
1
3
4
1
0
2
9
4
0
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Table C.2: Questionnaire results for component

Criterion
Failure rate
Criticality of equipment
Criticality of component
Downtime
Availability
Frequency of occurrence
Reliability
Labour costs
Spare parts costs
Maintainability
Reachability
Plannability
Predictability
Fail distribution
Failure modes
Consequential impact
Availability of parts
Commonality presence
Presence of service team
Safety
Detectability
Legislation

1 (not)

2 (barely)

3 (moderately)

4 (considerably)

5 (extremely)

0
5
1
1
1
0
0
3
2
0
0
5
0
0
1
2
3
2
4
0
0
1

0
1
0
1
2
2
1
4
2
3
2
1
2
4
1
2
1
4
1
1
1
3

3
3
1
6
4
2
5
3
2
5
4
2
2
5
3
2
2
0
4
2
2
3

4
2
2
3
5
6
5
1
5
2
3
3
3
1
3
3
2
4
1
1
5
3

5
1
8
1
0
2
1
1
1
2
3
1
5
2
4
3
4
1
2
8
4
0

Table C.3: Respondents’ functions

Function
Mechanical development engineer
Controls development engineer
Senior service manager – regional contract management
Senior service manager – manager service delivery
Asset management
Service consultant
Senior process engineer
Technical author documentation & training centre
Service development engineer – process support
Senior manager site-based service
Manager customer service
Group leader product & marketing spare parts
Senior manager programme ACP

59

Appendix D – Decision rules
The resulting criteria for the different decision rules are shown in Table D.1.
Table D.1: Results questionnaire for different decision rules

Decision rule 1
Equipment
Component

Decision rule 2
Equipment
Component

Decision rule 3
Equipment Component

Failure rate

Failure rate

Failure rate

Failure rate

Criticality of
equipment
Downtime
Maintainability

Criticality of
component
Availability
Frequency of
occurrence
Reliability
Spare parts
costs
Predictability

Criticality of
equipment
Downtime
Maintainability

Criticality of
component
Availability
Frequency of
occurrence
Reliability
Spare parts
costs
Predictability

Criticality of
equipment
Downtime

Predictability
Safety
Presence
of
service team

Safety
Detectability

Predictability
Safety
Presence
of
service team
Frequency of
occurrence
Reliability
Consequential
impact
Detectability

Safety
Detectability
Failure
modes
Availability
of parts
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Safety

Failure rate
Criticality of
component
Predictability
Safety

Appendix E – Variation to MPS solution
This appendix shows the variations to the decision trees developed in Chapter 4. The variation to the
decision tree concerning the external factors is shown in Figure E.1, whereas that to the decision tree
on the internal classification of maintenance policies within equipment is shown in Figure E.2.

yes

Apply safe policy

Is safety compromised
when applying CM?

no

Apply policy
prescribed by
legislation

yes

Does legislation
prescribe PM?

Apply PM
equipment
decision tree

yes

no

Does the
component have
IFR?

Does experience
indicate inspections
should be done?

no

yes

Apply inspections

Apply CM

no

Figure E.1: Adapted CM vs. PM decision tree

yes

Can a degradation
pattern be identified?

yes

yes

Are the spare parts
costs high?

Is the failure of the
component
predictable?

yes

Is the component
critical for the
equipment?

Apply CBM

no

no

Apply UBM

no

Does experience
indicate inspections
should be done?

yes

Apply inspections

no
no

Apply CM

Figure E.2: Adapted PM component decision tree
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Appendix F – Intermediate control charts
This appendix shows the intermediate control charts with relevant trial control limits.
In Figure F.1, we clearly see that one point (18-8-2016) lies far above the UCL. This is not due to an
assignable cause, and is therefore averaged over the previous three days. The same is seen in Figure
F.2, where 17-6-2016 lies above the control limits. The average is taken for the new value for this day
to obtain Figure 16.

Figure F.1: First control chart for error #3

Figure F.2: Second control chart for error #3

The same process is followed for error #103. In Figure F.3, we see that two points lie beyond the UCL,
namely 9-8-2016 and 27-8-2016. These are also not assignable, and are thus averaged with the three
previous days to obtain Figure 16.

Figure F.3: First control chart for error #103
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Appendix G – Out-of-control diagnoses
This appendix shows the days diagnosed as out-of-control in the case where an out-of-bound count is
observed for both errors. In this case, 59 days are classified as out-of-control. The out-of-control
diagnoses for error #3 are shown in Figure G.1 and for #103 in Figure G.2.

Figure G.1: Out-of-control diagnosis for error #3

Figure G.2: Out-of-control diagnosis for error #103
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Appendix H – Results for implications of CBM policy
This appendix shows the results for 𝑛 = 3 and 𝑛 = 4 for varying 𝑘 in Table H.1. The values for 𝐿𝐶𝐿,
𝑈𝐶𝐿 and 𝛼 are the same as in Table 7.
Table H.1: Results for different number of consecutive out-of-bound days

𝒌
2.5
2.6
2.7
2.8
2.9
3.0
3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
4.0

𝒏=𝟑
# days out-of-control
First out-of-control
37
4-5-2016
32
4-5-2016
32
4-5-2016
32
4-5-2016
21
5-5-2016
19
5-5-2016
19
5-5-2016
19
5-5-2016
19
5-5-2016
19
5-5-2016
17
5-5-2016
14
6-5-2016
14
6-5-2016
14
6-5-2016
14
6-5-2016
8
24-5-2016

𝒏=𝟒
# days out-of-control
First out-of-control
30
5-5-2016
24
5-5-2016
24
5-5-2016
24
5-5-2016
12
6-5-2016
11
6-5-2016
11
6-5-2016
11
6-5-2016
11
6-5-2016
11
6-5-2016
9
6-5-2016
6
6-6-2016
6
6-6-2016
6
6-6-2016
6
6-6-2016
4
6-6-2016
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Appendix I – Ideas for data collection
This appendix shows possible ideas for data that can be recorded for two purposes. The ideas for CBM
are shown in Table I.1.
Table I.1: Possible ideas for data for CBM purposes

Condition based maintenance parameters
Energy consumption
Torque of the drive
Movements in x, y and z direction
Vibration
Temperature
Humidity
Sound (e.g. dB levels)
Speed
Cleanness of the air/surrounding (dust particles)
Pressure (chain tension)
Wheel diameters (running and guiding wheels)
The ideas for UBM are shown in Table I.2.
Table I.2: Possible ideas for data for UBM purposes

Usage based maintenance parameters
Lifetime of the product
Running hours
Running distance
Number of products processed (incl. weight)
Number of picks or tilts per carrier
Number of start/stops of the system
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