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Abstract

Manufacturing Execution Systems (MES) operate in the Manufacturing Operations Management
(MOM) environment and focus on the actual execution of production. MES manages, measures,
analyses and optimizes the production operating. The market for MES is a billion dollar market,
though MES systems still seem relatively unknown to many people in production. Also, in practice
MES gets vaguely described. This research aims to provide a structured overview of the possibilities
and opportunities of extracting information from MES system data that provide insights for

improving the MOM. This overview is, to the best of the writer’s knowledge, not presentin current
literature yet.

In order to establish this overview, two frameworks named as Informational Matrices were
established. First, the Current Informational Matrix, focused on current MES functionality, and
second the Future Informational Matrix, focused on advanced data analysis methods. Both matrices
exist of Informational items that are pieces of information that one could extract from MES. Because
MOM considers four areas (Production Operations, Quality Operations, Maintenance Operations
and Inventory Operations), there are separate informational matrices for each area. All
Informational items in the matrix have a set of properties that provide more information about the
item. Usefulness percentage score, established by a questionnaire among MES experts, generates a
ranking among the informational items in both matrices. In the Current Informational Matrix, the
time frame of the informational item showed that in current MES the focus is past and present
oriented which makes the MOM reactive. Additionally, the degree of standardization for data
capturing and (performance analysis) per MOM area showed that in the field of production
operation the highest degree of standardization is present which makes the configurability of the
informational item most generalizable among different MES implementations. In the Future
Informational Matrix, main and sub groups were defined in order to structure the findings from the
literature search for knowledge discovery with manufacturing operations data. The methods used
for each informational item showed that a wide range of methods can be used in order to extract
the informational element. The year of publication of the articles, on which the informational
elements are based, indicate the amount of time still needed before it becomes available in MES
systems as theory takes time to be translated to practice.

The case study demonstrated that the established Informational matrices are both applicable and
usable. It is possible to extract the informational items from the data and that there are many
opportunities in the presentation of this informational item to enable fast and reliable dedision
making. The Current Informational Matrix enables a company to assess their own MES related
choices and to better discover their own informational needs. Also the ranking provides an
opportunity to benchmark their MES (choices) against what is considered useful by the MES experts.
The Future Informational Matrix enables a company to be prepared for the (possible) future abilities
of data analysis, in other words for future MES. This is very useful for companies to take into account
when making decision about data capturing, datastructures and MES today.

In a real-life environment different factors will affect how MES is integrated in a company and within
its IT structure. The amount of legacy systems and the managerial choices of which information is
important to monitor and control, will affect the actual information captured within a MES. Also,
every production company has specific processes, specific needs and specific company questions.
This makes every MES somewhat different. However, having an overview of the abilities and
opportunities of a typical MES can be useful for every company regardless the spedfic process. It
provides company insights in MES abilities and it triggers them to re-evaluate their own MES and
MES related choicesin ordertofurtheroptimize their Manufacturing Operations Management.
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1. Introduction

Manufacturing Execution Systems (MES) are information system that are widely implemented in the
production industry and focus on the operations management or the actual execution of a
production process. A MES operates between planning software at enterprise level and control
software to floor level. MESA (Manufacturing Enterprise Solutions Assodiation) defined MES in 1992
as follows:

“a dynamic information system that drives effective execution of
manufacturing operations: Using current and accurate data, MES guides,
triggers and reports on plant activities as events occur. The MES set of
functions manages production operations from point of order release into
manufacturing to point of product delivery into finished goods. MES
provides mission critical information about production activities to others
across the organization and supply chain via bi-directional channels”
(MESA International, 1992).

Generally speaking, MES is concerned with supporting the execution processes in a production plant
or plant area while focusing on the use of machines, people and equipment. According to MESA’s
survey (MESA International, 1997), MES have provided manufacturing enterprises with some of the
most impressive benefits of any manufacturing software, such as an average 45% reduction in
manufacturing cyde time, a significant improvement of the flexibility to respond to customer
demands, the realization of certain degrees of agile manufacturing and customer satisfaction. The
great impact of MES is due translating the data to information at the right time to help making the
right decisions. Therefore the information that can be extracted from a MES, in order to improve the
manufacturing operations, is the focus of this research.

1.1. Problemintroduction

MES have a lot of unused potential though they have been widely implemented since the early
1990s. Three reasons explainthis gap:

1. The MES and MES’s functionality is still relatively unknown to the production field
2. Theis no comprehensive and/or consistent overview of the capabilities of a MES
3. The MES data analysisisstill very basicwith limited use of advanced analytics

The MES Industry has developed over the years in terms of formalization and in terms of market
growth, yet the term MES is still relatively unknown in the manufacturing domain. On the MESA
Intemational website, a small survey with among 252 respondents shows that 41,9% of the voters
are most unfamiliar with the term MES/MOM compared to terms like ERP, PLM, SCP, SH&S, CRM
and other (MESA International, 2015). Though, the number of participants is not significantly high, it
does indicate that the term MES/MOM is relatively unknown. Especially since this survey was
conducted at a website where MES/MOM is a frequent and significant topic. This unfamiliarity with
the acronym MES is enhanced by many vendors who do not brand their product with the name
‘MES’. Only 15 out of the 71 partidpants of a MES research conducted by Iskamp and Snoeij (2015)
have a brand name with the acronym “MES” in it. This could be due to the fact that the early MES
did not have a good reputation in the manufacturing business. Many early MES were dosed narrow
built systems that lacked the configurability and flexibility it actually needed in order to adapt to
changing business needs (NearSoft Europe, 2013). This created long lingering implantation processes
and high service costs. Therefore, MES earned a reputation early on as “an expensive and risky
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endeavor that often did not deliver on initial return on investment goals” (Littlefield, 2012). Though,
MES have evolved, since the advancement of computing technologies since the mid-nineties, into
more powerful and more integrated software applications (Saenz de Ugartea, Artibab, & Pellerina,
2009), MES vendors today might want to prevent clients thinking back of these “expensive and risky”
MES when considering their products. More information about the MES functions, architecture and
backgroundis providedin Chapter2.

For those who are familiar with the MES, many still do not have a comprehensive and/or consist
overview of the MES functionality and what added value it can bring to a company. There are
organizations who have tried to establish a standardized framework for the MES functions (see
Chapter 2), but all implemented MES are different from each other. There is some frequently
implemented functionality but most organizations have to fit in into their own IT organization and
want to do this in their own way. Kletti (2007) states that “the relevant data model used for the MES
will be guided by the sector of industry and the production processes”. This is supported by vendors
(Van Veen, 2015) who states that every company has different views on what they believe is
important information and in what format they believe it should be provided in. “In addition to a set
of standardized key figures, the MES must also be able to calculate project-specific KPIs at the user’s
request” (Meyer, Fuchs, & Thiel, 2009). In other words there is a lot of customization present and no
constant or comprehensive overview in terms of information that can be extracted from MES even
though there are many similarities for every business.

The data present in MES, which can be translated to information through analysis, consists of data
from the planning level, the control level, and data stored by the MES itself. “It is evident that the
amount of information collected from control systems increases greatly with the degree of increased
automation on the shop floor” (Saenz de Ugartea, Artibab, & Pellerina, 2009). Al this data capturing
creates a potentially big and rich database. However, existing analytics in MES, “are coined by major
short-comings considerably limiting continuous process improvement. In particular, they do not
make use of data mining to identify hidden patterns in manufacturing-related data” (Groger,
Niedermann, & Mitschang, 2012). Current performance analysis in MES mostly aims at current
effidency levels and historic trends and does not use many advanced techniques from the big data
field. This means that there is great potential in exploring these options.

1.2. Relevance

Since the 1990s MES have been implemented in manufacturing environments. In 2015, the market
for MES is still rapidly growing and developing and is estimated to reach $12.6 billion by the end of
2020 at a CAGR of 10.85% between 2015 and 2020 (Markets And Markets, 2015a). Due to this size
and revenue generation, itis a relevant market to research.

Also, a global trend is expected to disrupt many industries, including manufacturing. This trend is
called the Internet of Things (loT). The basic idea of this concept is “the pervasive presence around
us of a variety of things or objects which, through unique addressing schemes, are able to interact
with each other and cooperate with their neighbors to reach common goals” (Giusto, lera, G., &
Atzori, 2010). In the manufacturing industry, the loT will generate a new revolution in ways of
working when all machines, parts and products become interconnected. This is often referred to as
Industry 4.0 or Smart Manufacturing. This is will not be happing in a far future, but it is already
happening right now. The loT in manufacturing market is estimated to grow from USD 4.11 Billion in
2015 to USD 13.49 Billion by 2020, at a compound annual growth rate (CAGR) of 26.9% (Market And
Markets, 2015b). This loT or Industry 4.0 will have great impact on how the information systems
within factories are used, espedially MES. MES has a unique position the IT architecture as it is a



central point for data collection with both production management and data analysis functionality.
This could make it very suitable to play a crucial role in the interconnectivity of devices as part of loT.
Some researchers state that planning systems will be more integrated so the need for a separate
MES will disappear (INFOR, 2014). However, others strongly believe that MES will improve with (self-
) learning from the past and improving or forecasting the current conditions (Critical Manufacturing,
2014a) (Cisco, 2014). MES and analytical power should be taken seriously when considering the
strategy mix (Critical Manufacturing, 2014b). In otherwords, MES could play a crucial role in Industry
4.0 ifit isable to incorporate smarteranalytics and informational abilities.

Last, when exploiting the MES correctly it can generate significant savings for the MES user's
company. An example from Schneider Electric’'s MES shows that for a bottle manufacturer,
measuring downtime information and the status of all equipment automatically in MES enabled
them to find the root cause for downtime during the changeover process. This led to a reduction of
50% in changeover time. This created savings in downtime, and additional savings in raw materials
and packaging. A saving of $78,500 annually was established (Schneider Electric Software). This was
established by only making use of current MES functionality and basic data analysis. As the analysis
improves with advanced analytics the financialimpactin terms of savings could increase as well.

Concluding, the market for MES is big and still growing. Also, the market conditions are changing
rapidly and a need for improved analytics and informational abilities is present. Additionally, MES

can generate significant savings when exploding correctly. Given these reasons and it is relevant to
research thistopicnow.

1.3. Research goal

As stated in the problem introduction, there is a lack of overview of the current informational
abilities of MES and there is a lot of unused potential of the MES database. Therefore the research
goal of thisresearch isformulated as follows:

Research Goal

Provide an overview of the possibilities and opportunities of extracting information from MES
data that provide insights for manufacturing operations management.

The defined research goal has multiple aspects that will be discussed successively. First, the aim is to
provide an overview. Currently, the possibilities of MES are too unknown or vaguely described and
referred to as ‘implementation specific’. Therefore, there is a need for a clear overview. Second, the
overview needs to show both the possibilities and the opportunities. It is important to first research
what is already possible in current MES tooling, how it uses MES data and what can be the added
value. Also, there is a great unused potential in MES data. This unused potential of the MES data is
researched in the opportunities part of the research where advanced data analytics are explored.
Third, the aim is to extract information, this generally means that the data needs to be cleaned,
structured, analyzed and/or interpreted in order to translate it from data to information. Fourth, it is
explored how the information can contribute to the manufacturing operations management and
with that generatingadded valueforacompany.



1.4. Research questions

In order to establish the research goal, several research questions are defined. First, the current
situation is assessed by researching the current MES informational abilities and its attributes.
Second, the opportunities for MES data that arise from big data and data analysis tools used in
literature in the manufacturing industry will be researched. In both steps, a MES expert’s opinion is
important for a ranking of the information. Finally, a case study will provide a proof-of-concept for
several current possibilities and found opportunities.

In orderto structure these steps, the following research questions are defined:

Research Question 1. What information can be derived from MES for manufacturing
operations management purposes?

What other information relevant for manufacturing operations
management can be derived from the MES database by making use
of knowledge discovery?

How can we derive thisinformationin a real world situation?

What relevant insight are provided and what challenges can be
encounteredina real world situation?

Research Question 2.

Research Question 3.
Research Question 4.

In the next section the theoretical framework will be explained and the research questions will be

mapped on the research steps. Also the tasks corresponding to each step or question will be
explained.

1.5. Research approach

The methodology used is based on the Design Science Research Process (DSRP) of Peffers et al.
(2006) which is created for design science in information systems research. In their paper Peffers et
al. (2006) created a model for design science in the field of information systems that is consistent
with prior research and practice, provides a nominal process sequence for the execution of the
research and provides a mental model for how the research’s output should look like. The research
process with corresponding research questions for this research exists out of three phases and is
representedin Figure 1.

Design & Development

)

> Demonstrate with

Current MES
Information
Matrix

Determine Future MES

properties

)

Matrix

)zt @)

Information

a proof of concept

Evaluate

* Determinethe + Determinethe
informational items informational items
hased on leading based knowledge
MES functionality discoverytoolsin

manufacturing

operations
literature

+ Determinethe
relevant properties

* Assesthe
properties per
informationalitem

+ Assesthe
properties per
informational item

* Applythe MES information
matrices in a real world situation

« Extract chosenrelevant
informationfrom MES

* Assesthe usability of the MES

information matrices

« Assesthe insights gathersfrom

the MES information matrices

Figure 1 Sequential research process and corresponding moments of the research questions

Perresearch phase, the approach is discussed separately in the next section.




1.5.1. Design & Development

The aim of this phase is to create two frameworks that provide a structured, complete and
comprehensive overview of all information that can be extracted from MES by making use of either
current leading MES functionality or knowledge discovery tools. The information elements identified
are referred to as the informational elements of the framework. For each informational element, a
set of properties is given. The framework itself is referred to as the Current/Future Informational
Matrix for the current MES abilities or future possibilities. The establishment of the Informational
Matrices consists out of three subsequent steps which are discussed separately.

1.5.1.1. Determine properties
The properties defined for both MES information Matrices are presented below. Some properties
are onlyrelevantforone of both matrices.

e Operational area of MES implementation: As the operational processes in different
operational areas of a production fadlity are different, the information to extract differs as
well.

e Field expert’s ranking: Field experts are asked questions about the informational elements in
order to rank them based on (predicted) use which indicates the value of that informational
element for practitioners. Field experts are people actively working with MES or a MES
related organization orthose who are interested in the field of MES.

e Degree of standardization: In the current MES environments the degree of customization is
relatively high which could harm the generalizability of the matrix. Therefore, the degree of
standardizationisincorporated as ageneralizability indication.

e Time horizon: Information from the MES can have implications about the past, present or
future.

e Source: The origin of the source is provided as there might be differences between
theoretical and practical sources of MES.

e Method used: Information is extracted by making use of knowledge discovery tools is non-
typical therefore the methods used are mentioned.

e The year of publication: The publication year for Informational items found in literature
could indicate a research focus in time and an indication for the time to market of an
informationitem.

1.5.1.2.Current MES information Matrix

First, the informational items from current leading MES functionality are determined based on MES
sources. These sources need to represent both the leading theoretical and leading practical
perspectives for completeness reasons. The theoretical sources are organizations defining MES by
research and by creating conceptual standards; these are the ISA-95 and MESA. The practical
sources are leading MES vendors as they implemented MES informational abilities into their based
on actual customerdemand who use it in practice.

Second, the properties for each information items are assessed. For each relevant property the
method is provided

e Operations area of MES implementation: Some theoretic sources already provide this
information. For other theoretic sources, as well as the practical sources the area is
determined based on the explanation provided about the informational item.

e Field expert's ranking. An online survey about the informational item is held among MES
expertsin MES related LinkedIn discussion groups. The followinginformationis gathered:



o General information for the classification of the respondents (relation to MES,
country, age)

o General questions about their knowledge of MES standards, functionality and
operational areas.

o Questions about which MES information items are most frequently used. It is
assumed that the most frequent used information is the mostvaluable.

e Degree of standardization: A recent study of Iskamp and Snoeij (2015) has researched the
degree of standardization of data collection and performance analysis in MES functionality
peroperational area. Thisisresearchis used to assessthe degree of standardization.

e Time horizon: For each informational item the time horizon of is determined based on the
description of the informationitem.

e Source:The source indicating the informationitemincorporated.

1.5.1.3. Future MES information Matrix

First the information items from knowledge discovery tools in MES related, manufacturing
operations areas are determined by a literature review. This literature review takes both knowledge
discovery (which makes use of data mining), and data mining alone into account. As a literature
review provides a wide range of informational items, the items are grouped in main- and sub-groups
with similarinformation uncovered.

Second, the properties for each information items are assessed. For each relevant property the
methodis provided

e Operations area of MES: Based on background of the process analyzed and data used in the
literature articles.

e Field expert's ranking: A second online survey is held among the same target group as the
first online survey. The set-up of the survey is also similar only different informational items
are asked.

e Method used: The methods in literature are presented in the corresponding informational
itemgroup.

e Year of publication: The year of publication of the literature is presented in the
correspondinginformational item group.

1.5.2. Demonstrate with a case study
In order to demonstrate the applicability and the usability of the MES information matrices, they will
be assessed in a real world situation. A partnership is established with a company that uses an
operating MES.

The applicability is assessed by demonstrating informational items based on the partner company’s
MES. For this case study a root cause analysis and other small informational items. Both current
(MES) analysis methods and knowledge discovery methods are used for this. The usability is
assessed by discussing the MES information matrices with the company and discussing how the
information items relate to a real world environment. The possible value of the informational items
isdiscussed aswell asthe challenges. Also the presentation of the information is discussed.

1.5.3. Evaluate
As a conclusion of this research the MES Information Matrices are evaluated with the partner
company on the applicability, usability and the possible value created.



1.6. Scopeof the research

The focus of this research is given in Table 1 where per item, the aspects in and out of scope are
addressed. Note that some of the aspects that are considered out of scope are shortly addressed in
the background section of this researchin section 2 for clarification reasons.

Table 1 Overview of the scope of this research

WLEL In Scope Out of Scope

Industry Manufacturing Other industries where MES could be
implemented

Type of Manufacturing Discrete Manufacturing Other types of manufacturing

Industry industries (for examplethe process
industry)

Information system MES Other information system. As well

other level systems like enterprise
planning systems of control layer
systems, as systems comparableto

MES
MES functionality Data acquisition and performance Other MES functionally (for example
analysis functionalityaimed atfacilitating the
actual production)
Information Relevant to manufacturingoperations Relevant to other areas or non-
management relevant information

1.7. Contribution of the research

This research provides an overview of the possibilities and opportunities of MES which is currently
not present in literature and practice. With this, the research relates the MES systems data to
information that can provide insights that help effectively improving the manufacturing operations
management.

Current research about MES in literature is focused on the functionality of MES and how the IT
structure with other systems can be integrated. There is no literature that provides a consistent and
comprehensive overview of the informational abilities of MES and no research that relates business
insights to MES abilities. This indicates an opportunity especially when comparing this to other
widely implemented information systems, like for example enterprise resource planning systems for
which there are ample researches. Additionally, in practice a comprehensive overview is also not
present. There is a leading standard for MES functionality but this is a conceptual standard focused
at functionality. Also, MES vendors tend to emphasize that every company with MES is different and
that they can custom-build almost any client demand if necessary. This research is positionedin that
gap and does provide a comprehensive overview of MES informational abilities which can be linked
to businessinsights.

1.8. Structure of the document
The document starts with a background section on MES. Next, the Current MES Information Matrix
is established in Chapter 3. Then, in Chapter 4, the establishment of the Future MES Informational

Matrix is presented. The demonstration with a case study is provided in Chapter 5. Finally the
research endsin Chapter 6 with the conclusion, limitations and further research.




2. Background section

In this section more information about MES is provided as background of this research. Information
for the background section is gathered from MES related organizations, literature and websites. The
MES vendor’s websites have been researched as well. Also several calls, meetings and email
conversations have taken place with people who know much about MES or surrounding system. An
overview of this can be foundin Appendix 1.

In this chapter a short introduction in MES is provided first and how two associations have tried to
standardize MES with their reference models. In practice MES vendors have adapted these
standards to some extent though they differentiate from this standard and/or each other as well.
Reasons for this are elaborated on. Also, the interaction of MES with other manufacturing systems is
discussed as well as the data present in MES. Finally, a small insight in the global MES market is
provided.

2.1. The MES

As stated in the introduction, MES are information systems that focus on the actual operations
management or execution of a production plant/process while operating between the enterprise
planning software and the floor control software. Before MES was formally called MES, systems that
considered shop floor management where already present. Because there was a need for a more
formal description of MES and its functions two organizations played a major role in formalizing it:
MESA International and the International Society of Automation (ISA). MESA International focusses
on formalizing the core functions of MES. ISA also describes this, but focusses on the cooperation
and communication of MES functions with each other and with other systems layers their formalized
standard the ANSI/ISA95. The two organizations work closely together in their research. The two
organizations and their models are described in the following sections.

2.1.1. MESA (Manufacturing Enterprise Solutions Association)
MESA was originally established as the Manufacturing Execution System Association but when the
ANSI/ISA95 gained popularity with the term MOM and the need for a broader definition of MES
rose, MESA changed its name the Manufacturing Enterprise Solutions Assodation. Currently MESA
usually referstothe combined term “MES/MOM” when talking about MES(-like) software.

MESA conducts research in order to improve business results and production operations. They

created the MESA model, which reflects to the research areas of MESA and its strategic objectives.
They define five strategicobjectives of theirresearch areas in their most recent model of 2008:

Asset performance management (APM)
Lean manufacturing

Quality and regulatory compliance
Productlifecycle management (PLM)
Real-time enterprise

s wNE

The sixth strategic initiative is defined “Additional initiatives” which consist of all of the subjects that
do not fit in the five main areas. The graphical MESA model shows which business operations are
importantforresearch, as well as which manufacturing or production operations.

In a previous model in 1997 MESA defined the MESA-11 model, which is shown in Figure 2. In this
model the 11 core functions of a MES can be found. In their published model, the relationships to
external enterprise systems and functional areas are also described.
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Figure 2 MESA-11 model, established in 1997 with the 11 core functions of MES (MESA International)

The eleven core tasks of MES are defined by MESA in their whitepaper “MES Functionalities and
MRP to MES Data Flow Possibilities” (1997). Though this whitepaper is not publically available, the
book Manufacturing Execution Systems — MES by Kletti (2007) explained the eleven core functions of
MES based upon the original whitepaperas:

1. Operation/detailed Sequencing
Sequence and time optimization of the orders finely tuned to the performance of the
machinesincluding theirfinite capacity and to otherresources

2. Resource Allocation & Status
Management and monitoring of resources, such as machines, tools, and so on. Also,
registration and display of the current status of resources

3. Dispatching Production Units
Management of the input materials and intermediate products used in production, this
insome cases being forthe purpose of documenting material consumers.

4. DocumentControl
Management and distribution of product, process, design or order information as well as
work instructions which help secure quality.

5. ProductTracking & Genealogy
Documentation of all events connected with the creation of a product. Recording details
of the input materials and ambient conditions.

6. Performance Analysis
Comparison and evaluation of measured and recorded actual values for installations or
areas against operational targets, customer targets, etc.

7. Labor Management
Control and definition of operations and dispatching to work centers and personnel.

8. Maintenance Management
Planning and implementation of suitable measures aimed at enabling machines and
installations to meet their performance targets.

9. Process Management
Control and management of the workflow in a production facility in accordance with the
plannedand current loads and specifications.

10. Quality Management
Recording, tracking and analysis of the product and process, and verification against
ideal values.



11. Data Collection & Acquisition
Visualization, recording, collection and organization of process data, of material and raw
materials, of personnel handling, of machinefunctions and their control.

All of these function groups, or a reasonable combination of them, can form a total MES solution
(Kletti, 2007). In 2004 MESA published a new model for MES, the c-MES. The name c-MES stands for
Collaborative MES. The defined eleven functions are redefined or merged into eight main functions.
Additionally the collaboration with other enterprise systems is again defined and now also shown in
the figurein Figure 3.
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Procurement

Figure 3 c-MEs model, established by MESA in 2004 with the 11 core functions of MES and how they co-operate with other
systems. Source: MESA International

In c-MES, MES is again defined as a connection between automation and corporate management.
However, now MES is now also defined as a data and information hub. In other words, MES is
defined as an integration platform within the manufacturing company. Though this might be a very
broad interpretation, the role of MES for the overall company objectives does become clear.

When looking at the practical side, early MES were on-site applications that solely represented the
current as-is process. This had some drawbacks as they were somewhat isolated. Also, they were
typically rigid and required a high initial investment both in terms of coding and for on-site hard-
ware (Manufacturing, 2013). This made ita risky investment for some clients.

As MES kept evolving it became more flexible. MES did not only create on-line web-based
applications, but it also became more modular so that the client could choose which functionality
they needed the most. As stated above, any combination of MEs functions could be a MES.

MES evolved even more and gained functionality outside of the ‘Execution’ domain. With the launch
of the c-MES model, a need for a broader definition raised. This is when the term MOM
(Manufacturing Operations Management) was defined by the International Sodety of Automation
(ISA). ISA created an industry standard to define the functional hierarchy of a manufacturing
environment in terms of functions, activities and systems, the ISA-95. Later in this chapter, a more
detailed description of ISA-95is provided.

MESA however, also kept evolving and launched a new model in 2008. In this new model, shown in
Figure 4, the focus is no longer solely on MES. The new model ranges from enterprise level’s
strategic initiatives, to business operations, to manufacturing/production operations (plant
operations), to the actual manufacturing/production. The model shows how the interrelationship
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between the levels and shows how events trigger other events that lead to information. The
Manufacturing/Production Operations layer describes possible functions of a MES. When looking at
the 10 described functions, they are similar to previous defined function of MES in earlier MESA
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MANUFACTURING/RROBUCTION

VERSION #2.1

Figure 4 MESA model of 2008. Source: MESA International

2.1.2. ISA (International Society of Automation)
The International Society of Automation is “a nonprofit professional association that sets the
standard for those who apply engineering and technology to improve the management, safety, and
cybersecurity of modern automation and control systems used across industry and critical
infrastructure” (ISA). ISA sets standards, conducts research and provides training and education for
industrial automation.

A more formalized and structured hierarchy of how all systems should be integrated and which
function belongs to which system level and how they should interact, is formalized by the
Intemational Sodety of Automation in the ANSI/ISA-95.00.02.2013(IES 62264-3 Modified), referred
to as the ISA-95.

The ISA-95 is an international standard for the integration of enterprise and control systems. The
standard is developed for the global manufacturing industry and can be applied in all types of
processes and industries. ISA-95 sets a conceptual foundation for the terminology and
communication between the systems in the different functional levels. With this, ISA-95 is the most
successful in the Industry with its standards for the vertical integration, though it also sets guidelines
for horizontal integration. ISA also works closely together with MESA to keep up to date with new
research and developments. The ISA-95 terminology and models have an academic and conceptual
character. Many vendors use the basis of ISA-95 but implement variations around this basis as well.
Furthermore, clients also often ask for custom made alterations fortheirspecificprocesses.

For the vertical integration, ISA-95 refers to a functional hierarchy model with five levels. Each level
provides different functions and work with different timeframes. The hierarchy model is presented
inFigure 5.
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Level 4 4 - Establishing the basic plant schedule -
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Figure 5 ISA-95 Functional hierarchy model with examples of corresponding system types. Source: ANSI/ISA95.00.01-2010

In this standard the different levels display different business functions. These levels could be linked
to different systems types as well, though ISA-95 does not explicitly mention system types as it is a
conceptual guideline.

- Level 0 defines the actual physical processes, like the physical production process on a
machine.

- Level 1defines the activities related to the sensing and manipulating the physical production
process of level 0. The timeframe of this level is typically seconds or faster. In term of
systems, this can be sensors to sense the process or PLCs to manipulate the process based
on programmed rules, usuallyinan “If-Then-Else" format.

- Level 2 defines the activities related to the monitoring and supervisory and automated
controlling of the physical process. The timeframe of this level can hours, minutes, seconds
and/orsub-seconds. Interms of systems, thislevel is can be forexample a SCADA system.

- Level 3 defines the activities related to the work flow or recipe control of the production
steps that reach the desired end-product. This includes coordination, maintaining records
and optimization. This level is called Manufacturing Operations Management (MOM). The
timeframe of this step is typically days, shifts, hours, minutes and seconds. In terms of
systemsthislevelcan be for example a MES.

- Level 4 defines the business related activities that are needed to manage the
(manufacturing) organization. This indudes scheduling production, materials, employee etc.
as well as determining inventory levels. The information from level 3 is critical for level 4 to
function. The timeframe of this level is typically months, weeks and days. In terms of
systems this can be forexample an ERP system.

Concluding, MES operates between the business systems and the production control systems. In
formalized terms, by ISA, MES operatesin the Manufacturing Operations Management level.

In the ISA-95, level 3is described as the Management Operations Management (MOM) layer. In this

layer, typically a MES could be implemented. Before focusing on the MES, a more detailed
description of MOM will be provided.
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MOM is defined in the ISA-95 and describes the activities and business processes in level 3 of the
ISA-95 architecture. Inthe MOM model, four main operation management areas are defined:

- Production operations management, associated with production control and partly
production scheduling.

- Quality operations management, associated with quality assurance.

- Maintenance operations management, associated with maintenance management.

- Inventory management, associated with partly material and energy control and partly
productinventory control.

Manufacturing Execution Systems (MES) is one possible system in the MOM level of the ANSI/ISA-
95. MOM is has a broad definition in which MES is one of the most common systems. However some
parts of MOM can also be executed by other systems, as MES can be different combinations of
different functions.

Thought both the theoretical model of MESA and the ISA-95 framework provide theoretical
guideless, the implementation in practice can vary. The next section will provide information about
this.

2.2. MES implementation in practice
The practical implementation of a MES can vary from the theoretical guidelines as described in
section 2.1. This has three main reasons. First, all implementations are different because every
manufacturing organization and its processes, systems and people are different. Second, because
MES needs to be integrated with the other (manufacturing) systems present with the specific
manufacturing organization. Third, due to the origin of the MES vendor because the MES offered

itself can vary between the MES vendors as well. These three points will be discussed in more detail
inthe nextsections.

2.2.1. Differences due to variation of a client’s MES choices
When implementing a MES there are some important variables to consider. First, the functions and
combination of MES can be seen as building blocks, from which the user can freely choose. Second,
the areas in which MES is implemented and the configuration to other systems is also an important
user’s choice. Third, the systems already present in the organization, on which MES has to function
together with is important to consider due to amount of configuration needed for them to interact.
Fourth, the degree of customization the client wishes for its MES product will play an important role.
This degree of customization tends to be relatively high in the MES market. Figure 6 and Figure 7 are
from the annual MES Product Survey by Iskamp and Snoeij (2015) and present a graphical overview
of these building blocks the customization for a template version of MES and an actual implemented

version.
Funotion  Funafion
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Figure 6 Template with building blocks for MES core. (Ipskamp & Snoeij, 2015)
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Figure 7 MES architecture for an example plant (X). (loskamp & Snoeij, 2015)

2.2.2. Differences due to integration with other manufacturing systems

In the total manufacturing environment, many systems operate together in order to produce the
desired end products within a certain time frame. At enterprise level, production gets planned andin
the factory the actual production takes place. When looking into these systems many systems
abbreviations will arise in different layers of the organization. At enterprise level ERP (Enterprise
Resource Planning), CRM (Customer Relationship Management) or PLM (Product Lifecycle
Management) systems are frequently used. In the plant however MES, HMI (Human Machine
Interface) or SCADA (Supervisory Control And Data Acquisition) systems are very common. This
might be very confusing at first but it is dear that these systems all co-exist, have their own added
value and need to be integrated in order to work together. Figure 8 gives a graphical overview of
how a few common systems interact on the axis of Business versus Production and Suppliers versus
Customer side. It is clear that the amount of other systems, the type of other systems and the
implantation of the other systems affect how MES needs to be configured in order to cooperate with
them.

Business

§
%

Enterprise
Operations

Product
Lifecycle

Suppliers
siswaoisnd)

O
)
$F

Production

Figure 8 Scope of CPM in the context of adjacent systems. Source: (Meyer, Fuchs, & Thiel, 2009)
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2.2.3. Differences due to the origin of the MES vendor

MES where raised from two different system types. On the one hand there where enterprise
software providers who wanted to get more detailed information about what is happening in
production. On the other hand, there were production control software providers who found that
adding functionality opened many possibilities. Currently there are many MES providers but this
distinction in origin can still be found in several MES. The major difference is usually the point of
view the MES takes. Some take the point of view of machines, where products run through, while
others take the point of view of products which run through machines. Though the outcomes are
similar, the data structures and way of working can be very different.

Even though there can be differences in the implementation of the MES, all MES work with data.
Therefore, more information about the datastoredinthe MES is provided inthe nextsection.

2.3. Datastoredin MES

As MES operates between level 2 and level 4 software, both aspects are present within MES in terms
of data. From a top level point of view this data and information can be: production orders, serial
numbers, bill of materials, routing, work instructions, inventory locations and many more. From a
floorlevel point of viewthis can be machine status, product defects, operator IDand many more.

To fully understand what happens with this data, the data structure and basics of all three levels will
be explained shortly:

- In an ERP system, the production data consists of object usually linked to a type of order or
command which is sent to the MES. For example a production or for a certain amount of
items of a specific product scheduled at a specifictime.

- Ina SCADA system the PLC’s of the machines constantly sent messages of a certain variable.
This can be as often as multiple times per second to monitor what is happening in a real-
time manner. The data in SCADA is ‘flat’ as it can be compared to a list of data entries that
describe acurrent behavior.

- MES combines both data parts and translates them to MES data. The data can be seen as
multi-dimensional as the objects have multiple attributes and data object which can be part
of a greater hierarchy. A machine for example will compose of several parts, data objects
and variables as well as the products, quality control and other objects do. Additionally the
database of MES is updated in an event based manner. Not like in SCADA it is constantly
updating, butitonlyrecords eventlogs when changestriggerthe system.

Essentially for MES there are two types of data collection. First, data can be collected through the
connection with the control or the enterprise layer. Second data can be collected by the MES itself.
This can be done automatically by installing an automatic sensor or scanner. However this can also
be done manually by letting the operator scan materials or by making the operation enter values
into the MES manually.

The data in MES has a XML (Extensible Markup Language) structure if it relates to the ISA-95
standard. XML is a markup language that defines a set of rules for encoding documents while being
readable for both computers/machines and humans. The data models used in ISA-95 are
represented in the by ISA-95 presented B2MML (Business To Manufacturing Markup Language)
which is an XML implementation. In practice 61% of the MES support B2MML which makes it the
second largest language after OPC-UA with 65% according to the MES annual product survey.

MES captures the data by itself within the MES database or uses a historian. The MES database
where this data is stored in are mostly MS SQL servers or Oracle RDBMS. According to the Annual
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MES Product Survey 2015, 84% of the MES supports MS SQL and 76% Oracle RDBMS. Both use a
SQL-type language to communicate. MS SQL uses Transactional SQL where Oracle RDBMS uses
Procedural Language SQL. These languages have many similarities. The main difference between the
two languages is how they handle variables, stored procedures, and built-in functions (Stansfield,
2014). Ideally there would be one big MES database for an entire plant or subject. However, various
databases are often found within “one” MES (Meyer, Fuchs, & Thiel, 2009). This makes can make it
hard to find the desired data or a standard database structure. Historians are interfaced with MES
products when large volumes of data need to be stored that exceed the MES database capabilities.

Additionally when data needs to be collected from outside the MES product, historians are used as
well.

As all data entries contain several data objects or attributes and always a time stamp, they can be
referred to as event logs. Event logs are structured pieces of information that most information
systems store during operation. An event log typically contains information about events referring to
a user, atimestamp and a case (Van der Aalst, 2005). In ISA-95 these data entries, or event logs, are
also described on a conceptual basis. ISA-95 advices that all datais structured with several tags like
ID, start time, end time, value, category, description etc.

Aside from data entries, also information about the production execution is communicated between

MES and the ERP level. This is information like a bill of material, work instruction and other. This is
out of scope for this research.

In Figure 9 a graphical representation of the dataentriesin MES is provided.
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Figure 9 Representation of data in MES

Like in all systems, data quality is highly relevant for MES. The impact of data quality on the
information chain has been widely recognized since the onset of large-scale data processing (Sadiq,
2013). Low quality data is more time consuming to analyze, as the data has to be cleaned first.
Additionally, low quality data will provide low quality insights. Finally low data quality will prevent
algorithms from working properly. In literature the importance of data quality is described as well.
Data quality is important to organizations because that it impacts customer satisfaction, operational
costs, effectiveness of decision making, and strategy creation and execution (Redman, 1998).

On order to position this background information about MES in the industry and to know which key
players are active in the market, more information about the global MES market is provided in the
nextsection.
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2.4. MES global market

As stated in the introduction, the global MES market is a billion dollar market that is still rapidly
growing.

Historically, MES is well implemented the process industries like pharmaceutical and food where
MES realized the traceability needs imposed by the authorities (Saenz de Ugartea, Artibab, &
Pellerina, 2009). However MES is currently implemented in many industries, even outside of
manufacturing. In 2014, the process industry was still the largest industry for the MES market with a
market share of around 56 (Markets And Markets, 2015a).

The total number of MES vendors and MES products in the global MES market is unknown yet some
estimates indicate that globally more than 300 MES products might exist (lpskamp & Snoeij, 2015).
The major playersinthe manufacturing execution systems market are representedin Table 2.

Table 2 Biggest companies in the global MES market (Markets And Markets, 2015a)

‘ Company Country of origin ‘

ABB Ltd. Switzerland
Andea Solutions Poland
Dassault Systemes SA France
Emerson Electric Co. USA
General Electric Co. USA
Honeywell International Inc. USA
Rockwell Automation, Inc. USA

SAP AG Germany
Schneider Electric SE France
Siemens AG Germany
Werum IT Solutions GmbH Germany
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3. Establishment of the Current MES Informational Matrix

In this section the current analysis tools of a MES is assessed in order to answer the following
research question:

Research Question 1: What information can be derived from MES and is considered useful?

The research question is answered by establishing the Current MES Informational Matrix which
provides a structured, complete and comprehensive overview of the information that can be derived
from MES and is considered useful.

The information is extracted from MES data by analyzing it. In MES, this is usually referred to as
performance analysis functionality. First, a short introduction is provided on what performance
analysis in MES means from a theoretical point a view in MES. Second, the current performance
analysis tools are investigated by which information they uncover, these are the informational item.
This is investigated by assessing two leading theoretical sources and leading practical sources. Third,
the values of the information items properties, as defined in the research approach, are determined
perinformational item. This is assessed by researching the informational items and by a survey held
among MES experts. Last, the values are mapped and the Current MES Informational Matrix is
established and presented.

3.1. Performanceanalysisin MES from a theoretic point of view
In the two leading MES books the following definitions of performance analysis are presented:

- From the manufactured sizes to down time, disruptions, piece counters, etc., managerial key
figures are produced promptly, in real time, if feasible, in order to allow for simple
assessment of production efficiency, detection of problems, etc. Display in various diagram
formatsis made available to the user (Meyer, Fuchs, & Thiel, 2009).

- Comparison and evaluation of measured and recorded actual values for installations or areas
againstoperational targets, customertargets, etc. (Kletti, 2007)”

What comes back in both definitions is that reporting by a MES is necessary to assess the
performance. In these reports, certain defined metrics will be assessed on. A MES will usually
provide a couple of ‘standard’ metrics which will be combined with customer specific metric during
implementation.

What is notable of the definition of Kletti is the comparison of actual data with pre-defined
operational targets. Key Performance Indicators (KPIs) are becoming ever more important for
assessing the competitiveness of production companies relative to others from around the world.
MESA has conducted a research about ‘Metric That Matter’ in manufacturing in which they defined
18 important manufacturing KPIs. Naturally, more KPIs are used within manufacturing, but these are
importantto consider.

The reports that MES generate can be standard reports, usually generated automatically, or ad-hoc
reports, generated manually. Automatic reports are usually able to generate real-time results and
insights. Some ad-hoc reports can also be real time but usually, ad hoc reporting is conducted
offline. This means that data is exported and will be analyzed by making use of analysis tooling.
Additionally, the MES database can also be connected to a separate Business Intelligence (BI) Engine
to generate more in depth reports. This Bl Engine is usually not a standard feature in MES but a
separate module or server. Many MES vendors offer this module or service separate on their
websites.
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3.2. Informationalitemsfrom MES provided by leading MES functionality

The informational items derived by MES provided by leading current MES functionality represent the
information that should be currently available for MES users, given they implemented their system
close to the standards. Thisis researched by combining multiple leading sources:

- ANSI/ISA-95.00.02.2013(IES 62264-3 Modified): In this framework the possible areas of
Manufacturing Operations Management, in which MES operates, are described. These areas
are Production management, Quality management, Maintenance management and
Inventory management. Additionally, performance analysis in each area is described. As ISA-
95 is an industry standard, this will be the basis of the framework.

- MESA International: The research of MESA about Metric that matter provided a funded
background on important KPIs in manufacturing. As MESA is leading in MES research, these
metrics can be important for MES as well. As in MES some metrics are pre-installed while
others are configured during implementation, it is reasonable to add the manufacturing
operations specific metrics of the metric that matter report in the framework. The metrics
that are out of scope for the plant floor, are not induded. The full list of the Metrics that
matteris includedin Appendix2.

- MES Vendors: The ten biggest MES vendors according to the research of Markets And
Markets (2015) are assessed to check what they sell as the main performance analysis tools.
This is checked, by exploring the vendors’ websites. Not all analyses possibilities will be on
the website, therefore the results of the ten biggest vendors is combined. Also, it is not the
case that MES vendors cannot provide the information they do not mention directly on their
website. The listof vendorsinincludedin Table 3.

Table 3 List of top ten MES vendors

Company MES product

ABB Ltd ABB MES
Andea -

Dassault Systemes -

Emerson Electric Syncade
General Electric Proficiancy

Honeywell International Intuition
Rockwell Automation FactoryTalk & MES

SAP AG SAP ME
Schneider ElextricSE Wonderware MES
Siemens AG MES Simatic
Werum PAS-X

3.3. Determining the informational items’ properties
In this section, the values for each informational item’s properties are assessed. The actual values
perinformational item can be foundinsection 3.4., but the additional information is assessed in this
section.
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3.3.1. Operational area of MES implementation
Accordingto the leading standard in MES, the ISA-95, MES isimplemented inthe Manufacturing
Operations Managementareain (acombination of the) four areas:

Production Operations Management
Quality Operations Management
Maintenance Operations Management
Inventory Operations Management

Eall o

For eachinformational item, the operational areais determined either by the source, or derived
fromthe explanation of the informational item by the sources.

3.3.2. Field expert’s ranking
In order to assess the field experts ranking of the informational item, a survey was held. The goal of
the survey was to discover to what extent MES experts believe that the informational items are used
in practice and would be useful to improve the manufacturing operations management. The survey
was held as an online questionnaire in MES related LinkedIn discussion groups. It is assumed that
people active in these groups are MES experts. The questionnaire was open from December 24"
2015 to March 13" 2016. During this period of time, 54 respondents filled in the questionnaire.

First, classification questions are asked in order to understand the background of the respondents.
The relation to MES, age and country were asked. Also it is asked in which Manufacturing O perations
Management area MES is used in the most (multiple answers possible). The answers are summarized
in Figure 10. It can be found that most respondents are (working for) MES vendors and between 30
and 40 years old. There is much variation in the countries with India, The Netherlands and USA as
largest groups. As expected, the respondents believe that MES is most used in production
management.

Classification of the respondents Age distribution of the respodents
4% N n - 35%
® (working for) MES vendor
7% e 30%
308
m User of a MES system 24%
13% 25 22%
3% ® Member of MESA 20 %
Other 13%
10% 7%
5 u Interested in the field of
MES 5 .
m Member of ISA(-95) 0
19% 0-30 years old 30- 40years old 40-50 yearsold 50- 60years old 60 + years old
Country distribution of respondents Amount of votes for most used Manufacturing

Operations Management Area

19% 60
uindia

m Netherlands

Belgium

mGermany
m Switzerland

Figure 10 Summary of respondent's background and vote for MOM area

Next, the respondents are asked how familiar they are with some MES related topics in order to

validate whether the respondents are MES experts. On a scale of 1 (not familiar) to 5 (very familiar),
they are askedtoscale the following 6topics:

1. The ANSI/ISA95
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The MESA Model

MES functionality for Production management
MES functionality for Maintenance management
MES functionality for Quality management

MES functionality for Inventory management

ok wnN

The average score of these six topics was a 4,18 which indicates that the respondents are good
familiar with the topic and can be labeled as MES experts. When segmenting this score among the
groups some interesting finding can be uncovered. In Figure 11 the segmented results are
presented. It can be found that the users of MES have the second least knowledge of the MES
related topics. This reflects on the statements of the problem introductionin 1.1 where it was stated
that the MES are still unknown in the field. Second, it can be found that some countries, like
Switzerdand and Germany, have very high scores which implicate relatively low scores in other
countries in order to get to the average score. This indicates a difference between countries and
knowledge of MES. Last, it is interesting that the older respondents have more knowledge of MES
topics then the younger respondents. This could be due to the higher average age in production
companiesbutisinteresting to be aware of forthe continuity of MES knowledge in the industry.

Group Average score Group Average score Group Average score

(working for) MES vendor 4,27 India 3,75 0-30yearsold 3,76
User of a MES system 3,50 Netherlands 4,46 30- 40 years old 3,99
Member of MESA 4,63 USA 3,98 40-50 years old 4,46
Interested in the field of MES 3,42 Belgium 3,94 50- 60 years old 4,52
Member of ISA(-95) 5,00 Switzerland 4,92 60 + years old 4,50
Other 4,55 Germany 4,78

Figure 11 Average score of MES topics, segmented among the groups

Last, the respondents per MOM area which of the informational items they believed are most useful
and would be used most in practice. The amount of times an informational item gets ticketed in this
question divided by the total amount of respondents calculated a percentage for each information
item. This percentage indicates how useful the information item is according to the MES experts.
Comparing these percentages generates a field experts ranking. These score are added to the
informationitemasapropertyinthe Current MES Informational Matrix.

More information about the survey questions can be found in Appendix 6 and results can be found
inAppendix 7.

3.3.3. Degree of standardization
The degree of standardization indicated the generalizability of the information among different MES.
Performance analysis is the main function of MES that uncovers information from the data.

Therefore, this function combined with the data collection is important to investigate when it comes
to standardization.

CGl conducts an annual MES survey in which they do research on current MES trends and
developments. In this research they also examine whether vendors offer certain MES function with
standard ‘out-of-the-box’ (standard) or ‘configurable’ (limited configuration needed) functionality or
that extensive programming effort is needed. Below the results of each function of MES, according
to the ANSI/ISA95, can be found in Figure 12. For the MES Analysis function on average around 64%
have out-of-the-box or configurable functionality. For Data Collection this amount is significantly
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higher with on average 81%. Additionally, the amount of out-of-the-box or configurable functionality
is highest for production management within MES.

Out-of-the-box + Configurable
100% B Production

B Maintenance

0%

Inventony
80%
40%
20%
0%

Figure 12 Percentage of out-of-the-box + configurable solutions. Source: (Ipskamp & Snoeij, 2015)

Dedniton
Mgt
R @Sauros
Mgt
Execution
Data
Collecion
Tracking
Analysis

Datailad
Scheduling
Dispatching

From this, it can be derived that MES functionality is partly standard and partly custom made to
client’s implantation desire. This is also confirmed by a MES Expert (Ogura, 2015), as he stated that
for most his most familiar vendor, from the metrics and KPIs measured by MES, about 40% is
standard implemented. This number can rise and be different for specific vendors and client
markets, though about 30% will also be custom made metrics.

The percentages derived from the CGl research are used in the Current MES Informational Matrix as
a property values per operational area. It is important to mention that the out-of-the-box solutions
between different vendors might also differ. What one vendor considers ‘standard’ might not be
standard functionality foranother.

3.3.4. Time horizon
The time horizon the informational item assesses can be either the past, the present (also referred
to as current status) or the future. The value of this property is derived from the explanations of the
informational items provided by the sources.

3.3.5. Source
The source fromwhich the informational itemis derivedis also provided. This can be the ANSI/ISA95
standard, MESA International’s Metrics that mattersurvey or MES vendors websites.

3.4. The Current MES Informational Matrix

The informational items are listed and the values for each informational item’s properties are added.
A split is made between the operational areas because these are different processes in the
manufacturing environment and because the MES user makes choices in which areas they
implement the MES. Also the top three informational items per area is highlighted which will be
elaborated on later. The Current MES Informational Matrix will be provided for Production
Operations Management first in Table 4, second for Quality Operations Management in. Also the
standardization for both data collection and performance analysis is high. This could be due to the
fact that MES is mostly used in production operations.
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Table 5, Next for Inventory Operations Management in Table 6 and last for Maintence Operations
Managementin

Table 7. This secuence is chosen because this is the ranking according to experts in which area MES
isused most.

Table 4 Current MES Informational Matrix for Production Operations Management

Production Operations Management
Degree of Standardization Data Collection 90% - (Performance) Analysis 70%

Ranking
78%
76%
67%
65%
57%
56%
46%
46%
43%
41%
41%
41%
37%
30%
26%
22%
17%

Informational Item

Resource traceability*

Operational Equipment Efficiency (OEE)
Work In Process (WIP) data

Real-Time plant and production status
Equipment/Resource performance
Productionvariability

Schedule or production attainment (time target vs actual)
Equipment/ Resource utilization
Throughput

Production unit cycle times

Root cause analysis

Material compatibility & availability
Weight and dispense support
Notification management

Personnel tracking

Tracking non-productive activities

Other

Past

X X X X X X X X X X X X

Time Horizon

Present

X X X X X X X X X

x X X X

Future

ISA95

Source
MESA | Vendor
X
X X
X
X
X
X
X
X X
X
X
X
X
X
X
X

*Material, equipment, personnel bothforward and backward

The list of informational items is largest for production operations management. It can be found that
all informational items either reflect on the past or on the current situation. The top three
informational items are not surprisingly ranked high. Traceability is one of the most frequent heard
uses of MES, as it enables the user to structured recall the information about a product when
needed. This can significantly increase recall speed and reduce cost when a defect in of the product
in the field occurs. The OEE is also frequently used in manufacturing as is broad measure that takes
into account three variables when assessing the efficiency of the equipment. This enables the user to
effectively see in which machines could be causing bottle necks. Last, work in process data is a key
item for effectively managing the production operations. Also the standardization for both data
collection and performance analysis is high. This could be due to the fact that MES is mostly used in
production operations.
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Table 5 Current MES Informational Matrix for Quality Operations Management

Quality Operations Management
Degree of Standardization Data Collection 80% - (Performance) Analysis 60%

| Time Horizon Source

Ranking | Informational Item ~ Past | Present | Future | ISA95 MESA Vendor
67% | Quality variability and deviations X X X
57% | Yield (analysis) X X X
52% | Batch quality trend analysis X
46% | Resource traceability analysis X X
41% | Quality indicatoranalysis X X
35% | Quality department/operations cycle times X X
31% | Quality equipmentutilization X X
24% | Quality resource utilization X X

7% | Other

It can be found that again the time horizon for all items is past of present oriented. Additionally, it
can be found that for quality operations management the top three informational items revolve
around monitoring the quality of the products. Information about the stability of the product
quality, the yield percentage and the quality of product batches for batch analyses. It is important
for a production company to monitoring the quality of products. First, because errored products can
cause problems if they are sold to customers, so this has to be prevented. Second, if the error is
detected fault products cost money when repairing or rejecting. Therefore, this needs to be
minimized by making use of the quality information. The degree of standardization for data
capturing is relatively high, this could be due to the fact that errors can be dassified and counted or
to the fact the MES is second most used in quality operations. The standardization of performance
analysisis middle high.

Table 6 Current MES Informational Matrix for Inventory Operations Management

Inventory Operations Management

Degree of Standardization Data Collection 70% - (Performance) Analysis53%

Time Horizon “ Source
Ranking | Informational Item Past | Present Future “ ISA95 MESA Vendor
64%] Inventory movement analysis X X X
54%| Received material quality and time X X X
48%] Inventory efficiency X X X X
38%| Inventory waste analysis X X
28%| Inventory Resource usage X X X
7%| Other

It can be found that again the time horizon for all items is past of present oriented. The top three is
more diverse in Inventory operations management. The movements, quality of received materials
and efficiency are ranked most important. These informational elements revolve around knowing
where the products in the production area are and around quality. Both are very important aspects
of manufacturing operations management. The degree of standardization is lower than for
production and quality operations but still the data collection is relatively high. Standardization for
performance analysis is the lowest among the four MOM areas. For Inventory operations
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management many companies chose to incorporate inventory related functionality in their ERP
system.

Table 7 Current MES Informational Matrix for Maintenance Operations Management

Maintenance Operations Management
Degree of Standardization Data Collection 70% - (Performance) Analysis 55%

| Time Horizon Source
Ranking Informational Item | Past Present Future ISA95 | MESA \ Vendor

61% | Downtime in proportion to operating time X X X X
59% | Status equipment and maintenance schedule X X X X
43% | Status materials X X X X
43% | Percentage plannedvs emergency maintenance X X X

30% | Statusassets and maintenance schedule X X

13% | Status maintenance personnel X X X

9% | Other

It can be found thatagain the time horizonforallitemsis past of presentoriented. The top threeis
a top four of informational items due toatie in the third rank. The downtime in proportiontothe
operatingtime isanimportant measure when optimizing the manufacturing operations. Thisis
important for companies as downtime costs money and disturbs the solid production process. The
status of the schedule and material is key for day-to-day operations and the percentage planned
versus emergency maintenanceis againimportant for optimizing the manufacturing operations. The
standardization of data collectionis relatively high, and for performance analysis only slightly higher
than inInventory Operations. For maintenance some companies also chose a separate maintenance
system, this could explainthe lowest ranking forareain which MES is used in the most.
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4. Establishment of the future MES Informational Matrix

In this section new data analysis tools in manufacturing and espedally on MES data are researched.
Thisin orderto answerthe following sub research question:

Research Question 2: What other information could be derived from the MES database by making
use of knowledge discovery?

This research question is answered by establishing the future MES Informational Matrix which

provides a structured, complete and comprehensive overview of the information that can be derived
fromthe MES database by making use of knowledge discovery.

The information extracted from the MES database is assessed from the literature point of view for
data analysis tools in a manufacturing environment. First, short introduction in MES and knowledge
discovery is provided. Second, a literature study is conducted on knowledge discovery tools with a
focus for execution or MES related data in a manufacturing environment in order to find all
informational items. Third, the values of the information items properties, as defined in the research
approach, are determined per informational item. This is assessed by researching the informational

items and by a survey held among MES experts. Last, the values are mapped and the Future MES
Informational Matrix is established and presented

4.1.  Introduction in MES and Knowledge discovery
MES has a very big and potentially rich database with capturing production specific data and
information. Also MES itself has already intemal analytic tools to provide manufacturing process
information to the user. However, these analytics in MES have limitations. In particular, they do not
make use of data mining to identify hidden patterns in manufacturing-related data (Groger,
Niedermann, & Mitschand, 2012). In other words, there are many other analytic possibilities with
MES data to discovery information thatis now unknown or not accurate.

This creates potential value for new data analysis tools like Knowledge Discovery. Knowledge
Discovery in Databases (KDD) is “the nontrivial process of identifying valid, novel, potentially useful,
and ultimately understandable patterns in data” (Fayyad, Piatetsky-Shapiro, Smyth, & Uthurusamy,
1996). One of the steps of KDD is Data Mining (DM) and therefore KDD makes use of a particular
data miningalgorithm. Therefore literature on KDD and literature on data mining can be combined.

4.2. Informational items from MES data by making use of knowledge discovery tools

A literature study is conducted in order to find a complete list of informational items from MES by
making use of knowledge discovery tools. For the literature study a split has been made between
articles before 2009 and articles from 2009 and beyond. This split is made because in 2009,
Choudhary et al. published an extensive literature review about of knowledge discovery in
manufacturing, based on the type of knowledge. In their literature review, the scope is on
knowledge discovery in manufacturing. Though manufacturing is broader than only execution
related data andinformation, they do cover the execution related part of manufacturing extensively.
In other words, in their literature review, they cover the scope of this thesis research as well.
Therefore, the literature review of Choudhary et al. (2009) is assumed to provide a complete
overview of relevant articles before 2009 for this thesis research.

For the literature from 2009 and beyond, a separate literature review is conducted. For this
literature review the library search engine of Eindhoven University of Technology “Focus” is used.
This search engine provided access to a diverse set of 102 databases which is suffidently
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reprehensive for this search. The full list of databases used by “Focus” in added in Appendix 3. For
the search inthe search engine the following restrictions have been applied:

- Publication date: from 01/01/2009 until 01/01/2016
- Contenttype:Journal orJournal Article
o Books are not included because books are usually too broad or will refer to specific
articles.
- lLanguage:English
- Keywords: “Manufacturing” always in the abstract combined with:
o “Data mining”inthe abstract
o “Knowledge discovery” inthe abstract
o “Manufacturingintelligence” inthe abstract

This search resulted in artides for the combination with “Data Mining”, 21 articles for the
combination with “Knowledge discovery” (exduded Choudhary et al. (2009), and 42 articles for the
combination with “Manufacturing Intelligence”. For the longlist the top 25 most relevant artides for
each search are included. It is assumed that because the top 25 most relevant articles write about
similar information to uncover from the data, the list is extensive and complete when addressing the
most relevantand common information to be extracted fromthe data.

When combining the artides from the three search words, 71 articles are found. After deletion of
duplicate articles, a long list of 63 articles remains. This long list of articles is converted into a short

list by reading the artides abstract and scanning the document. Articles are assigned to the shortlist
if the following criteria are met:

- Thearticle is abouta Manufacturing environment

- Thedatausedin the article is Execution datarelated

- Thearticle aimsto uncoverinformation

- Uncovered information applies to performance analysis in MES and no other functions
of MES.

In Appendix 4, the long list of articles can be found, with a short description of each artide and the
decision whether or not the article is assigned to the short list. In total, 33 articles are assigned to
the short list.

Now all relevant literature within the scope is gathered, all articles are read and for every article the
information that is uncovered by the research with the corresponding method used is listed. For the
literature review of Choudhary et al. this generates a list of multiple informational items that are
uncovered by a range of methods. Some articles of 2009 and beyond also research multiple
informational items to uncover. The list of information items is then clustered in groups that
research similar information or have similarities in the goal of the information, like supporting
decision making. These groups are called: “Main information (purpose) group”. Within these groups,
more specific sub-groups are defined where informational items that are very similar are grouped.
These sub-groups are called “Information sub-group”. The full overview all articles, their
informational items and their corresponding methods, main information (purpose) group and
information sub-group can be foundin Appendix 5.

4.3. Determining the informational items’ properties
In this section the values for each informational item’s properties are assessed. The actual values per

informational item can be found in section 3.4, but the additional information is assessed in this
section.
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4.3.1. Operationalarea of MES implementation
For each informational item, the operational area is derived from the analyzed process or data in the
literature articles.

4.3.2. Usefulness according to experts

In order to assess the field experts ranking of the informational items, a second survey was held. The
goal of the survey was to discover to what extent MES experts believe that the informational items
are expected to be used most practice and would be most useful to improve the manufacturing
operations management. The survey was held as an online questionnaire in MES related LinkedIn
discussion groups. It is assumed that people active in these groups are MES experts. The
questionnaire was open from February 23" 2016 to March 13" 2016. During this period of time, 21
respondentsfilled in the questionnaire.

First, classification questions are asked in order to understand the background of the re spondents.
The relation to MES, age and country were asked. Also the familiarity with big data and data mining
related topics was asked on a scale from 1 (not familiar) to 5 (very familiar). The answers are
summarized in Figure 13. It can be found that users of MES are the biggest group followed by
(working for) MES vendors, who were the biggest group in the first survey. Most respondents were
between 30 and 50 years old and most were from Belgium, The Netherands or USA. The familiarity
with big data or data mining related topic is good, as most give this a score of 4. This is important
because some familiarity with these topicsis convenient.

Classification of respondents Age distribution of respondents
20% 38% 38%
14% = Amember of MESA
19% 359%
0% = Amemberof ISA 30%
25%
= A User of MES
20%
(working for) a vendor of . 14%
. MES ’ 10%
¢ = Interested in the field of MES 10%
5%
Other 0%
0%
0-30years old 30- 40years old 40- 50yearsold 50- 60yearsold 60+ years old
Country distribution of respondents Familiarity with Big Data and Data Mining related
topics

60%

57%
50%
= Belgium 40%
= Netherlands 29%
= USA A
Other 20% I
10%
10% 5%
0% o - .
2 3 4

Not familair 1

Very familiar 5
Figure 13 Summary of respondent's background and familiarity with big data and data mining related topics

Next, the respondents are asked to what extend they believe that the main informational items
would be used in practice and are considered useful on a scale from 1to 5. This score is translated to
a percentage. Per main group, the respondents could choose which of the sub groups would be the
most useful/ relevant. The amount for ‘votes’ is also translated to a percentage. By scoring the
items, the respondents are forced to think about each item individually. Because, the items are not
widely available in practice and therefore fast recognized, it is necessary that the respondents take
some time to think about each item. The resulted scores are added to the information item as a
propertyinthe Current MES Informational Matrix.
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More information about the survey questions can be found in Appendix 8 and about the survey
answersin Appendix 9.

4.3.3. Method

As knowledge discovery makes use of data mining techniques, the used methods are presented as
well. It can be found that a wide range of methodsis used.

4.3.4. Theyearofpublication
As the literature review uses another literature review article of 2009 and separate articles of 2009
and later, the year of publication is added. It can be found that there is a wide variety in years over
the informational items though some sub-informational item groups were a focus in research in a
specificperiodintime.

4.4. The Future MES Informational Matrix
The informational items are listed and the values for each informational item’s properties are added.
Again the operational areas are split. The Future MES Informational Matrix is provided for
Production Operations Management first in, second for Quality Operations Management and last for
Maintence Operations Management in. On Inventory Operations no informational items are found.
This can be due to fact that inventory related research with data mining could indude demand
patternsanalysis. Demand datais usually presentin an ERP system and not a MES.

The secuence of the matrices is again chosen because this is the ranking according to experts in
which MOM area MES is used in most.

Table 8 Future MES informational matrix for Production Operations Management

Production Operations Management

o%score Main informational Sub-Informational Item % within Method Year of
’ (purpose) group group sub publication

Id;rr;téf;gsi;::ac:;z;gzal 57% Regression, Classification, Clustering 2010
Associationrule mining 2013
Classification by Neural Networks and
L 2012
decision tree
Knowledge of operational 20% Integrated relational databases approach | Before 2009
process(es) data mining withlearning classifier Before 2009
Two-stage data mining approach Before 2009
Decision trev? mduct!on, neural network Before 2009
and composite classifier
Knowlfedgole of Range of DM algorithms 2011
83% ma :E:e:rcntiring Regression, Classification, Clustering 2010
settings Optimization of parameter 14% Classification (decision tree) 2011
settings Set of data mining tools Before 2009
GeneticAlgorithms and Neural Networks | Before 2009
Fuzzy c-means clustering Before 2009
Combination of rule based knowledge
Grading of (raw)materials 0% representation, fuzzy logicand genetic Before 2009
algorithms
Improved dispatching 0% Geneticalgorithms Before 2009
rules Decision tree based classifications rules Before 2009
Impz‘;\;i?ﬁr:f):zzsss:or a 0% Range of Artificial Intelligence tools 2013
Root cause analysis of
nonconformities in the 38% Herfindahl-Hirschman Index (HHI) 2015
production process
R e e pcﬁitS?:\lZonnifrgTi;agfts 19% Tree based supervised learner Before 2009
Root cause analysis for 19% Bayesiannetwork, Design of Experiment Before 2009
process failure and Statical Process Control
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General Root cause

el 14% Regression, Classification, Clustering 2010
Root cause analysis for
unnatural patterns in the 0% Fractal dimension based classifier Before 2009
data
Monlctct))rzldr:tgiggzcess 67% Hybrid fuzzy inductive learning Before 2009
Condition based Integrated Neural Networks and rough
82% mclmlitoring Monitoring of parameters set techniques (other article extended Before 2009
9 ith fi tth
settingsand their effects 29% \:“ uzzy ;e eo.r:/])f iabl
uzzy set theory with fuzzy variable Before 2009
rough set
|dentification of critical kernel-basedapproach combined with a
process parameters 52% maximum margin- based support vector 2010
regressionalgorithm
. SPC combined with artificial neural
78% Patterns ca.\us.mg Detection of abnormal 48% networks, supportvectorregression and 2012
APEESS VRTINS process behavior ° multivariate adaptive regressionsplines
Hybrid neural network and decision tree Before 2009
Identification of process 0% Decision tree classification Before 2009
(o]
fault classes Metric Temporal Logic Before 2009
Geneticalgorithms 2014
Improved scheduling g:)c:);l)’:et::ve estimation of contribution 2014
decisions by insights in 52% g . .
options and effects Geneticalgorithms 2014
73% Decision support Evolttltlonary.algorlthmscomblned with 2014
hybrid planning
Knowledge discovery for databases 2013
Insightsin the effectofto- 18% Geneticalgorithms Before 2009
. e (]
be-made decisions Workflow mining by Artificial Neural
Before 2009
Networks and fuzzy rule sets
Gauss-Newton regression method and
. 2012
back-propagation neural network
Aol Stepwise linear r.e.glfessmn and symbolic 2013
cvele time 81% knowledge acquisition technology
Cycle/lead time ¥ Classification (decision tree and NN) 2013
72% i - Set of data mining tools (multiple articles
prediction Before 2009
extended)
gegrrisasclr?ntree based data mining Before 2009
Forecastinglead time 19% pp. . . .
Decision tree combined withif-then-else
Before 2009
rules
data envelopment and back-propagation 2014
Forecasting production 86% neural network
(]
process performance Bayesianmethod Before 2009
Process Model selection and cross-validation Before 2009
67% performance Forecasting of Metric Temporal Logic 2014
prediction facturi 10%
manu abceﬁglciifrocess ? Decision tree 2010
Prediction of system
: cluutput ¥ 5% Data mining andtype Il fuzzy system Before 2009

Again most informational items are found for production operations. The most promising according
to field experts are the broad group ‘Knowledge of optimal manufacturing settings’, the ‘Root cause
analysis’ and ‘condition based monitoring’. These are all informational items that contribute to a
solid production process and effectively improving the Manufacturing Operations Management. A
wide range of data mining methods is used for this. It is interesting that condition based monitoring
literature was all before 2009. It could be that this informational item and its possibilities are
becoming more widely known among the industry.
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Table 9 Future MES informational matrix for Quality Operations Management

Quality Operations Management

%score

Main informational
(purpose) group

Sub-Informational
Item group

Detection ofa

%

within
sub

Method

Clustering byself-organizing maps for
classification

Year of
publication

Before 2009

. ) o
produc}fav::g; el 76% Fuzzy k- & c-means clustering Before 2009
Associationrule mining Before 2009
Range of DM algorithms 2011
Classification (decision tree) 2011
decision tree, artificial neural network and 2013
83% Defect/l'o.w qyality support vector machines
classification Classification of 19% Integrated neural networkandroughset Before 2000
product quality techniques
Set of data mining tools Before 2009
Hierarchical clustering, k-means partitioning | Before 2009
Hybrid learning ba'sc.ed system with Neural Before 2009
Networks and decision tree
Product state 59 Cluster analysis and supervised machine 2014
diagnosis learning
. Root cause analysis
83% | Root Causeanalysis of product qual\i/ty 10% Hybrid OLAP-associationrule 2013
Decision correlation rules and contingency 2012
vectors.
Design of experiment data mining 2014
Spatial statistics with neural networks 2013
Identification of Chi-square automaticinteraction detection 2013
characteristics for 43% (CHAID) algorithm and chi-square test.
low yield (product Geneticalgorithms 2009
quality failure) Hybrid OLAP-associationrule 2013
Self—grga nl.zmg maps, Neural Networks and Before 2009
rule induction
74% Low yield factors Geneticprogramming Before 2009
identification Rough set theory Before 2009
Rough sets theory, attribute relevance
Identification of analysis, anomaly detection analysis, 2012
characteristics 29% decision treesand ruleinduction
product quality Range of DM algorithms 2011
Rough set theory Before 2009
Suggested
improvements for
next generations 29% Bayesian Networks 2011
based on quality
failure
Range of DM algorithms 2011
prediction of Hybrid OLAP-associationrule 2013
Yield/Low quality product quality 76% Clustering and Artificial Neural Networks 2014
74% prediction Feature set.decomposmonmethodology Before 2009
based algorithm
Yield prediction 24% Geneticprogramming Before 2009

Decision trees and Neural Networks

Before 2009

The most promising of Quality Operations informational items are focused on the dassification of
product quality and the identification of what is causing low product quality or defects. This is
interesting because it is logical that one needs to know the cause before it can solve a problem. This
also ranked high in the Current Informational Matrix. These elements are again focusing on the past
and the present. The pro-active prediction of product qualityis ranked the lowest. This indicates that
the industry is still in the phase of improving knowledge of the past and the present, before they can
become proactive and focus on the future.
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Table 10 Future MES Informational Matrix for Maintenance Operations Management

Maintenance Operation Management

1 0,
!VIam . Sub-Informational A’, . Year of
%score informational within I
Item group publication
(purpose) group sub
Preventive
maintenance . -
schedule 43% Decision tree based data mining Before 2009
recommendations
Metric Temporal Logic 2014
Decision tree 2010
Forecasting Regression, Classification, Clustering 2010
machine/equipment 29% Decision tree Before 2009
Machine failure Recurrent Neural Networks model Before 2009
component ini
83% ( " pl ) Agent b.ased model and data mining tools for Before 2009
ailure prediction
prediction Forecasting 24% Set of data mining tools (Decision trees, rough Before 2009
(]
component failure sets, regressionand Neural Networks)
Machine
performance 5% Neural Networks based estimation model Before 2009
prediction
Forecilset;r:g tool 0% Rough set theory based classifier Before 2009
Probability for . -
machine fa»illure 0% Classification by decision tree Before 2009
82% Conditionbased Monitoring tool . Rough set theory classifier Before 2009
? monitoring wear ; Neural Networks and Support Vector Machines Before 2009
Diagnostics of
hi t
rr;ancd érc]::rr:j;ti\gs:r 33% associationrule mining 2015
between parts
Diagnostics of Hybrid case based reasoning Before 2009
macﬁine failure 24% Data mining approach for concept description Before 2009
72% Machine fault Hybrid rough settheoryanda genetic algorithm Before 2009
° diagnostics Identification of L . .
L Decision theoretic approachto mine the data
characteristics of 19% . ) ; : Before 2009
machine failure combinedwith greedy value for information
ﬁ:::iiceafg'ﬁ:g 14% Associationrules Before 2009
Classification of
machine fault types 10% Rough set theory approach Before 2009

For maintenance operations the predicting of failure is ranked the highest, this isin contrast with the
results of the quality operations where it was still re-active. This can be due to the high cost of
downtime and to the fact that downtime is noticed by everyone, while having some defect product
is not. The industry knows the importance of reducing downtimes which was supported by the
Current MES Informational Matrix where it showed that downtime related informational items
scored high in maintenance operations. It can also be found many publication dates of the
maintenance operations related articles are before 2009. This indicates that much research has
already been conducted in the past which could indicate that they will sooner be possible and
integrated in software functionalities. This because there is always a delay between theory and
practice.

A general observation is that for all four areas of MOM many knowledge discovery and data mining
methods are used. Many methods are also used within the sub-groups, which have similar goals.
This indicates that there are many possibilities and opportunities in extracting an informational
element. This could be due to the variety of production processes and production data or to the
variety of possible methods and techniques.
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5. Demonstrate with a Case Study

In this chapter the applicability of both the Current and Future MES informational matrix is
demonstrated with a case study in a real-life environment. For the case study it is researched
whether the informational elements can indeed be extracted from MES and how useful the
information can be for a company in order to get insights for their manufacturing operations
management. Also the usefulness for insights provided by the Informational matrices themselves is
researched.

The case study starts with the motivation of the case study as a research method. Next, the goal and
the scope of the case study are explained. Then, background information is provided about the case
study. From this point the case study proceeds by making a split between the applicability case study
and usability case study goal. In both parts the case study design, data collection and analysis are
discussed. The results of both case studies are then evaluated as well as the choice for a case study
as a research method forthis research.

5.1. Motivation for a case study as a research method
A case study is a suitable method as it focuses on research questions related to “how, why?” It
requires no control of behavioral events and it is focused on the contemporary events (Yin, 2009).
For the case study a partnership with a company is necessary. One partnership was established with
an engine factory, and therefore it willbe asingle-case study.

5.2. Goal of the case study

The goal of the case study is to demonstrate both the applicability and the usability of the
Informational Matrices. First the applicability is demonstrated by assessing informational items by
making use of a MES data analysis. The informational items demonstrated are chosen by the partner
company. Second, the usability is demonstrated by assessing how useful the matrices are in general
(to have an overview of MES informational capabilities and possibilities), as well as the
demonstration of the informationalitem.

The outcomes of this case study are the start of establishing a portfolio of practical examples and
best practices for the applicability and usability of the Informational matrices.

5.3. Scope of the case study

The research focusses on the MES of the partner company. In this MES system the focus is on a
restricted part of the manufacturing process and corresponding machines. The data in MES for this
production part of the year 2015 is used.

5.4. Background of MES situation in the case study’s company

The partner company for the case study is a global engine manufacturer. In order to monitor and
control their processes they have an operating MES integrated in their production operations area
and a small part of their maintenance operations. The use of the MES is currently aimed at three
main activities:

1. Operational process control: The MES actively controls the process and sends bill of
materials and work instructions of the spedific engine to the corresponding machines and
operators. Partly automaticand partly activated by a signal ormanual operation.

2. Tracking and tracing of products and materials: The MES tracks the production steps and
corresponding engines. Also the system stores all data of operations and parts of each
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spedific engine so backward tracing of all steps can be conducted when a problem occurs
withthe engineinalaterprocess stage orinthe field.

3. Root cause analysis when a problem occurs: The manufacturing company has employees
working with the MES data to analyze problems in their operational processes or products.
These analyses are conducted by making use of the historic MES data.

5.5. The case study execution

This case study consists out of two parts which are discussed separately. The first part of the case
study focusses on the applicability of both the Current and the Future Informational Matrix by
demonstrating informational items in a real-life setting. The second part of the case study focused
on the usabilityand the added value of the Informational matrices, in other words the usefulness.

For confidentiality reasons, not all information might be presented and information might be
anonymized.

5.5.1. The applicability case study
First the design of the case study, for this part, is presented. Next, the data collection is presented.
Then the actual analysisis presented in two parts. First the demonstration of the informational items
by making use of the Current Informational Matrix and second the demonstration of the
informational items by making use of the Future Informational Matrix.

5.5.1.3.1. The applicability case study design

As the partner company has to make time and resources available for this research, the
informational items for the demonstration are chosen by the company. The informational item
chosen is ‘Root Cause analysis’ for a problem they have with some caps of their engines in
production. The Root Cause analysis consists out of two parts as there are two informational
matrices. The first part will make use of current analysis techniques like data analysis with Excel and
SPSS. The second part will make use of knowledge discovery techniques like data mining by making
use of KNIME. KNIME is chosen as the data mining program because it is a powerful but easy to use
program. Also because it can be linked to an MS SQL server on which MES operates as well.
Therefore it could be used in a real-life MES environment. For the first part, the root cause analysis
consistsout of foursteps:

Understand the problem and the production process relevantto the problem
Hypothesis generation forthe possible root causes

Data analysis per hypothesis

Evaluate the resultsand conclude about the root cause and next steps.

HwnNe

Additional informational elements that can be (relatively easy be) extracted from the MES data are
demonstrated as well. For this an example dashboard is created in Qlik Sense. This enables the
partner company to get a feeling of how the information could be presented and used on a daily
basis instead of providing just the plain information output. Qlik Sense was chosen because it can be
linked toan MS SQL server, just like KNIME.

For the second part, the root cause analysis consists out of four of the six steps in the Cross Industry
Standard Process for Data Mining (CRISP-DM) steps (Chapman P., etal., 2000).

1. Data preparation
2. Modeling
3. Evaluation
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The step business and data understanding (first steps) will already be covered before this phase and
the deploymentstepis out of scope as thisis for demonstration purpose only.

5.5.1.3.2. The applicability case study data collection
For the problem with the engine caps, the data from three machines is collected. The torqueing
machine, the tightening machine and the fine drilling machine. Also the data from the rejected
engines is collected. This data is collected is it was available in MES and because it considers

operations related to the caps. The fine drilling is chosen as it is the first operation after the
operations considering the caps. Table 11 provides an overview of the data.

Table 11 Overview of data collected for the root cause analysis

Operation name Description Measurement Data period

Cracking Cracking of the cap from the Force used for 2015
casting block cracking

Tightening Tightening of the cap backon | Tightening moment | 2015
the casting block with bolts androtation angle

Fine drilling Accurate fine drilling of the Diameter 131 and 2015
cylinder 105

Tracking of errors Error and cause per unique Error and causes 2015

document (not in MES) engine code

5.5.1.3.3.  The applicability case study analysis
The analysis consists out of two parts. The first part will make use of current analysis techniques like
data analysis with Excel and SPSS for a root cause analysis and additional informational elements.
The second part will make use of data mining techniques for the root cause analysis by making use
of KNIME. The two parts are discussed separately.

5.5.1.3.1. Rootcause analysiswith current data analysistools
The root cause analysis with current data analysis tools consists out of four steps which are

discussed subsequently. As the fifth step, additional informational elements and dashboards are
presented.

5.5.1.3.1.1. Understand the problem and the production process relevant to the problem
In order to understand the problem, conversations about the problem have taken place with several
employees within the company. Also the production process is analyzed. A simplified representation
of the production process involved is provided in Figure 14. Also knowledge of the dependencies in

the datais necessary as there are two suppliers but also as each engine has seven caps tightened by
two bolts each. Thisisrepresentedin Figure 15.

Operations considering the caps

v

Pre- . . . o . - Several
S Cracking Tightening Fine drilling T

Figure 14 Simplified production process representation relevant to the case study production line part
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Figure 15 Representation of data dependencies

The engine factory produces seven engine part numbers according to the MES data. From these
seven engines parts numbers, the errors arise in the three biggest groups: engine type X, Y and Z.
These three part numberaccount for98% of the production according to the MES data.

The engine factory produces 120 engines per shift, two shifts a day. Most of these engines are
presentinthe MES data, though some gaps are presentin the data due to downtime of the MES.

In order discover whether all engines with cap errors can be compared, a statistical study for the
three operations on the engine is conducted by making use of SPSS. First, a general analysis for the
data has taken place and a standardization of all measurement values is created. All values with
corresponding (standardized) Z-value smaller than -3 of greater than 3 are determined to be outliers
and are removed from the data. Second, in order to compare the significance of difference of means
between two groups the assumption of normality has to be checked. This is checked by creating Q-Q
plots. For the operation cracken, the values are not completely normally distributed but it could
approach itand for tightening and fine drilling it approaches the normal distribution nicely.

The following groups have been compared for each operation by making use of a t-test:

- EnginetypesX,Y, Zingroups of two at a time
- SupplierAandSupplierB

It was found that the means between the part numbers and the means between the suppliers are
significantly different for most operations on the cap number. Therefore these groups cannot be
compared and need to be addressed separately. This was also checked with a chi-square test which
also indicated different populations. Also the correlation is tested for the operations between the
cap numbers for cracken and fine drilling and between the bolts for tightening. It was found that
they are correlated which makes sense as they are from one and the same engine.

The results of all statistical test used in this chaptercan be foundin Appendix 10.

5.5.1.3.1.2. Hypothesis generation for the possible root causes
After conversations with the process manager and the project manager at the company and
brainstorming about the problem, the hypotheses were established.

- Hypothesis 1:Errors in caps arise more oftenin a specificenginetype and/orsupplier
- Hypothesis 2: Errors in caps are always presentina specificengine cap number

- Hypothesis 3: Errors in caps occur during specificperiodintime

- Hypothesis4: Whenthereisan errorina cap, the processingtimeislonger

- Hypothesis 5: A higherforcesin cracken causesthe error in the cap
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- Hypothesis 6: When there is an error in the cap, the bolt will need more rotations and has
more force applied onit.

- Hypothesis 7: When there is an error in the cap, the cylinder measured in fine drilling is
smaller.

The first four hypotheses can conveniently be researched broadly. Hypotheses five to seven are
engine type and supplier specific as these are different populations in the data. These hypotheses
require much manual work and therefore will only be analyzed for one specific population.

5.5.1.3.1.3. Data analysis per hypothesis
The analyses are completed and an overview of the hypotheses and the findings can be found in
Table 12. For clarity reasons only hypothesis one, two, three and six are induded in this section.

Hypothesis one and two as they provided background for the problem and hypothesis three and six
as these hadinterestingresults. The extended results of all hypotheses can be foundin Appendix 11.

Table 12 Overview of the hypothesis and the corresponding findings
Hypothesis Result Findings

Hypothesis 1: Errors in caps arise more often in a ' Rejected
specific engine type and/or supplier

Hypothesis 2: Errors in caps are always present in | Not rejected Interesting period duringthe summer
a specific engine cap number

Hypothesis 3: Errors in caps occur during specific Rejected
period in time

Hypothesis 4: When there is an error in a cap, the | Rejected
processing time is longer

Hypothesis 5: A higher forces in cracken causes Rejected

the errorin the cap

Hypothesis 6: When there is an error in the cap, Not rejected Further researchin differences left and
the bolt will need more rotations and has more approved for right
force applied on it. some bolt
numbers
Hypothesis 7: When there is an error in the cap, Rejected

the cylinder measured in fine drilling is smaller.

Hypothesis 1: Errorsin caps arise more often in a specific engine type and/or supplier

In total 87 engines with an error in a cap where detected in 2015. From these 36 raised at type X, 37
at type Y and fourteen at type Z. The engines with errors are traced in the MES data in order to find
the corresponding supplier. 61 engines where found and mapped per type and supplier. This is
representedin Figure 16.
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% Supplier A Supplier B
Engine Type
F:23 ) F:0 0,
T:3189 0.72% Tosg 0.00%
F:0 o/ F:29 o
F:9 o/ F:0 o/

Figure 16 Error engines per engine types and supplier. F = number of false/errors engines and T = the total amount of
engines.

It can be foundthatthe errors occur at both suppliersandinall three e ngines types. The hypothesis
istherefore rejected.

Hypothesis 2: Errors in caps are always present in a specific engine cap number

The errors occur at the caps of the engines. Usually at only one, but sometimes at two or more caps.
Per cap numbers the amount of engines with an error on that cap number are counted per engines
type. This is done for each engine type. Not for all engines with errors the error location was saved,
therefore that total differs from the total found in hypothesis 1. The errors occur in almost all caps,
only nevercap 7. The hypothesisisrejected.

Table 13 amount of engines with an error detected on a specific cap
Cap number Type X Type Y Type Z
1 6 0
2
10
6
1
5
0 0
Hypothesis 3: Errors in caps occur during specific period in time
The engines errors per engine type are mapped during the year. The engine errors are counted per
week. In Figure 17 Number of errors per week per engine type the result is presented. It can be
found that the errors occur during the whole year. It is interesting that during the summer only
engines of Type Y occur. The Type Z engines only occur at the end of the year. However, this is due
to the fact that the part number for this engine type only exists at the end of the year. The
hypothesis is not confirmed as the errors occur during the whole year. However the summer is and
interesting period, which does notdirectly lead to rejecting the hypothesis.

w W wiw un
O O O Fr N P

Engine errors counted per week

2

0
1234567 8910111213141516171819202122232425262728293031323334353637 383940414243 44454647 4849505152
Il Type X [ Type Y [l Type Z

Figure 17 Number of errors per week per engine type
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Hypothesis 6: When thereis an errorin the cap, the bolt will need more rotations and has more force
appliedon it.

The data is of Type X and supplier A is used for this analysis. First the average values for each
measurementitemis plotted. Thisis presentedin Figure 18.

Average values per measurement
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350 /\/\/\/\/\/\/
IR A N e &

300

250

200 — Rotation good
Rotation error
— Moment good

150
— Moment error

100 —_—

S &S S S S S

O O i O O i i O WO O O O O

S S e S T o 68 o o o8 B 5 B o8 B B s o s
RERORY RO QT TR RO RC R0 <

Figure 18 General analysis tightening measurements

Is can be observed that there is a saw-pattern in the graphs. All even values are higher than the odd
values. This could indicate a difference in left and right as cap one has bolt 1and 2, cap two has bolt
3 and 4 and so forth. When splitting the data into even and odd numbers, the pattem disappears.
These graphs can be foundin Appendix 11.

To further research the differences between the good engines and the engines with errored caps,
boxplots are created. These are presented in Figure 19.

_ Bolt moment boxplot
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Figure 19 Boxplots for tightening

The differences are again researched whether they are significant by comparing the means by

making use of the t-test in SPSS. The results are presented in Table 14. No variances where
significantly different.
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Table 14 Significant differences between the means of good engines and error engines

Rotation  Moment Rotation  Moment Cap Errors
X X Bolt 1 Bolt 2 Sign Sign Cap1 1
X X Bolt 3 Bolt 4 Sign Sign Cap 2 2
X X Bolt 5 Bolt 6 Sign Sign Cap 3 10
X X Bolt 7 Bolt 8 X X Cap 4 6
Sign Sign Bolt9 Bolt 10 X Sign Cap5 1
X X Bolt 11 Bolt 12 X X Cap 6 5
X X Bolt 13 Bolt 14 X X Cap7 0

It can be found that for some bolt numbers there are significant differences between the means. For
example bolt number 6 is significantly different for engines with errors compared to good engines.
Also in the corresponding cap number, there are many errors. However, in cap 5it can be found that
four out of three values are significant different for engines with errors compared to good caps,
though there are no actual errors found on cap 5. Further research to the differences between left

and right might generate interesting insights. Especially setting up an experiment on which side most
errors are found (left of right) would be interesting.

The hypothesisis notrejected but not confirmed as well. Additional researchis needed.

5.5.1.3.1.4. Evaluate the results and conclude about the root cause and next steps.
The results of the seven hypotheses can be found in Table 12 in section 5.5.1.3.1.3. The actual root
cause of the problem is not found, though some interesting insights are raised by the MES data
analysis. Further research on the summer period and the differences between the left and right side
of the cap seem the most promising. Also repeating the hypotheses five to seven for the engine
typesY and Z isrecommended.

5.5.1.3.2. Additional informational elements and dashboards

In order to demonstrate that more informational elements can be extracted from the MES data the
otherinformational elements are analyzed as well.

- Operational Equipment Efficiency

- Work in process data

- Real-time plantand production status
- Schedule vs production attainment

- Throughput

- Yield

With the data available only the yield and the thought put could be correctly calculated but the

other could be approximated for exemplary purposes. An example dashboard with this information
is created.

In the Future Informational Framework it showed that identifying critical process parameters is
ranked very high as well as finding nonconformities in the process and change points in the control
charts. Monitoring these process conditionsis ranked third. In order to provide insights in the future,
two more dashboards where created. In these dashboards the operations cracken is monitored. The
values in MES per cap can be monitored over time and compared to periods of time where errors
occurred. Also the average values for a specific period in time can be compared to the average in
other periods of time split per engine type. These are examples demonstrate the intractability of
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dashboards and the fast forwards clicking trough the screens for monitoring and first sight analyses.
The example dashboards are included in Appendix 12.

5.5.1.3.4. RootCause analysis with KDD (future) data analysis tools
For the second part of the root cause analysis, data mining tools from the Future Informational
Framework are demonstrated. The Root cause analysis can be mapped as a root cause analysis,
defect low quality classification or low vyield factors identification. This leads to a list of various data
mining methods to use. For demonstration purposes, four data mining algorithms have been chosen.
A short description and a motivation for the choice can be found in Table 15. All four algorithms will
be used as a dassification model. Classification aims to identify to which of a set of categories (sub-
populations) a new observation belongs, on the basis of a training set of data containing observations (or
instances) whose category membership is known, in a supervised learning technique (Wilbik, 2014).
The classification will be a binary class problem with class 0 as good engines and dass 1 as engines

with errors.

Table 15 Overview of chosen data mining algorithms with a short explanation and motivation

Data mining method
Decision Trees

Explanation

The creation of a model that will
predictthe valueof a target variable
based on several previous analyzed
input variables. The leaves, represent
class labelsandthebranches
represent a conjunctof features that
lead to those class labels (Chauhan,
2013)

Motivation

An easyto usebut powerful
algorithm. Also the branches of
the model mightindicate
important values of parameters
that have a significantimpacton
the classification and ultimately
the root cause of the error

Random Forest

A combination of tree predictors
suchthat each tree depends on the
values ofa random vector sampled
independently and with the same
distribution for alltrees in the forest
(Breiman, 2001).

This is more robustto noisethan
the decisiontree but is stilla very
powerful method.

(Probability) Neural Networks
(PNN)

Probabilistic neural network (PNN)
cancompute nonlinear decision
boundaries which approaches the
Bayes optimal (Specht, 1990)

The PNN has a fastlearning speed
and provides probabilities based
on a Bayesian classifier model.
The probabilities mightprovide
useful insights when the actual
classificationis notadequate asis
provides a probability to which
class thedata string belongs to.

Support Vector Machines

A machinelearningalgorithms for

classification thatmaps non-linear

input vectors in a high-dimensional
spaceto construct a linear decision
(Cortes & Vapnik, 1995)

This can handlenon-linear data
which makes it generalizablefor
multipledata sources.

5.5.1.3.4.1. Data preparation

In order to create the right data samples, the datais researched. As established in section 5.5.1.3.1
the three engine types are three different populations in the data and therefore considered
separately. The hypotheses five to seven focused on engine type X and supplier A and therefore this
data mining demonstration will do thisas well.
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In engine type X of supplier A, only 23 of the 3189 engines had an error. In other words the groups
with good engines (class 0) is significantly bigger then the group with errors (class 1). The data is
unbalanced. Though this is also a main attribute of the problem, as it represents its uniqueness, it
makes it difficult forthe algorithms to distinguish between the two classes.

No artides of the literature research handled unbalanced data so no methods could be copied from
literature. In order to handle the unbalanced data, the data is sampled. Then the data mining
methods of the articles will be used.

The data is sampled with an oversampling technique. Oversampling is chosen because under
sampling would leave to little data left for an appropriate analysis. A risk in oversampling is that the
model would eventually over fit. Therefore a cross-validation technique is used where two groups of
data are created. This is represented in Figure 20. Group 1 consists of 17 fault engines (originated
from 18 engines, but one had too many missing data point and is therefore removed) copies 50
times and a random sample of 2000 of the 3189 good engines. This data is used to leam a model.
Group 2 consist out of 5 category 1 engines, and a random sample of 1000 category O engines.
Outliersare notremoved from the datais they might be useful attributed forthe model.

3100 engines + 23 engines!
Original data Cat.0 | Cat.1 |

Group 1: 2000 engines +
Train the model Cat.0 17 engines
Cat. 1

Group 2: 1000 engines
Test the model cat.0 +

Figure 20 Data preparation and split between group 1 and group 2

Copied 50 times

5.5.1.3.4.2. Modelling
The data mining models are created by making use of KNIME. KNIME is an open source business
intelligence tool that works with ‘nodes’ that can be dragged into the modeling screen. The nodes
can be connected and configured before the model runs. The four models will be discussed
separately in the next section. The print screens of the KNIME models are added in Appendix
13Error! Reference source not found.. KNIME has a dot as decimal separator; this has to be altered
to commas for every KNIME model.

Decision Tree model

The decision tree in KNIME can handle missing values so no alteration on the missing values is
necessary. The group 1 datais used for the decision tree learner and the group 2 data is used for the
decision tree predictor. At first no pruning was used. Pruning is a method that reduces the size of the
tree by eliminating the section with only little power. The model learns the target variable category
which holds the class of the engine as a string. The predictor node, predicts the category of the new
data. Ina second run pruning was used.

Random Forest model

The random forest algorithms in KNIME cannot handle missing values. Therefore a missing values
node is added to the model. The missing values only occur at the class 0 data. Because this group is
very big, the rows with missing values are deleted. The group 1 data is used for the random forest

42



learner and the group 2 data is used for the random forest predictor. The model learns the target
variable category which holds the class of the engine as a string. The predictor node, predicts the
category of the new data.

Probability Neural Network model

The PNN node in KNIME can handle missing values. However, the option to delete the rows is not
available. Therefore, the missing value rows are deleted by a missing values node. The group 1 data
is used for the PNN leamer and the group 2 data is used for PNN predictor. The model learns the
target variable category which holds the class of the engine as a string. The predictor node, predicts
the category of the new data.

Support Vector Machine (SVM) model

The PNN algorithm in KNIME cannot handle missing values. Therefore a missing values node is added
to the model. The missing values only occur at the class 0 data. Because this group is very big, the
rows with missing values are deleted. The group 1 datais used for the SVM learner and the group 2

data is used for SVM predictor. The model learns the target variable category which holds the class
of the engine as a string. The predictor node, predicts the category of the new data.

1.5.3.3.3.3.Evaluation
The models predict the class of the group 2 data based on the model they ‘learned’ by making use of
the group 1 data and the algorithm. The output provides the table presented in Table 16.

Table 16 Output representation of KNIME scorer which is directly connected to the predictor

Category \ Predicted category

1 0
1 True Positive (TP) False Negative (FN)
0 False Positive (FP) True Negative (TN)

The models are evaluated on the following criteria:

Accuracy: How oftenisthe classifier correct?

o Thisvalue should be as high as possible
TP+TN

TP+TN+FF+FN
- Misclassification rate: How oftenis the classifierwrong?
o Thisvalue should be aslow as possible

. o FN4FP
o Misclassificationrate= ——————
TP+TN+FEP+FN

- False positive ratio: How oftenisitclassified good when therewas an error?
o This value should be as low as possible, though an extra check on a good engine is
not bad dependentonthe extrawork or related costs.
o FPratio=

o Accuracy =

TE+FF
- False negative ratio: How otherisitclassified as errorwhenitwas good?
o This value should be as low as possible as it means that an engine with an error will
go further in the process. This can have related costs like defect engines or even
reputation cost, when the engines gettothe field.

o FN Ratio—

TN+FN
- Cohen’sKappa: How well does the classifier perform compared to chance?
o This should be as low as possible as it compares the predicted output to the null
error rate. The null error rate is the amount of time the model would be wrong
whenitwouldjust predictallitemstothe biggest category.
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The results of all models are summarizedin Table 17.

Table 17 Summary of data mining model results

Decision Tree

Accuracy 98,40%
1 0 Misclassification rate 1,60%
1 0 5 FP Ratio 100,00%
0 11 982 FN Ratio 0,51%
Cohen's Kappa -0,007
Decision Tree (with Pruning)
Accuracy 97,70%
1 0 Misclassification rate 2,30%
1 0 5 FP Ratio 100,00%
0 18 975 FN Ratio 0,51%
Cohen's Kappa -0,008
Random Forest
Accuracy 99,50%
1 0 Misclassificationrate 0,50%
1 0 5 FP Ratio
0 0 990 FN Ratio 0,50%
Cohen's Kappa 0
Probability Neural Network
Accuracy 99,50%
1 0 Misclassification rate 0,50%
1 0 5 FP Ratio
0 0 993 FN Ratio 0,50%
Cohen's Kappa 0
Support Vector Machine
Accuracy 54,87%
1 0 Misclassification rate 45,13%
1 4 1 FP Ratio 99,12%
0| 448 542 FN Ratio 0,18%
Cohen's Kappa 0,119

Table 18 Overview of the probability of belonging to a specific class according to the PNN model.

Actual Class Probability(Class=0) Probability(Class=1) Predicted
class
0 0,775894 0,224106 0
0 0,803595 0,196405 0
0 0,830991 0,169009 0
0 0,83215 0,16785 0
0 0,843315 0,156685 0
1 0,925472 0,074528 0
1 0,967191 0,032809 0
1 0,978897 0,021103 0
1 0,990669 0,009331 0
1 0,998967 0,001033 0




In Table 18 the five items with the highest probability of belonging to dass 1 are presented and the
actual class 1 engine. The enginesin between are replaced by dots for clarity reasons.

When looking at these results it can be found that no model is close to being an adequate predictor
for the engine errors. However there are some differences between the models.

The Decision Tree model, both for with and without pruning, does not dassify any of the error
engines correctly and has a false positive rate of 100% which means that all engines it indicates as
error, is actually a good engine. The Cohen’s Kappa is negative for these models which is rare. This
means that the model performs worse than just classifying all engines as dass 0. However, this is
due to the uniqueness of the class 1 as there are only 5 class 1 engines compared to 1000 class 0
engines. The decision tree does try to classify some engines as class 1, though wrongly.

The Random Forest and the PNN both have the same behavior. Both models classify all engines as
good (class 0). This generates a high accuracy but this is misleading as the model does not help with
the dassification problem. For this reason the Cohen’s Kappa is 0 for both models. The probabilities
of the PNN are also not good for the actual class 0 engines as these probabilities are very low and
alsonot highercomparedto others.

The SVM model seems like the best model as it correctly classified 4 out of the 5 class 1 engines.
However, the FP rate is 99,12% so many engines would get an extra check based on this result, while
they are actually good engines.

It can be concluded that for this demonstration the data mining methods did not find the root cause
or generate amodel that can correctly classify the (unique) engines with the errors.

5.5.2. The usability case study
Firstthe design of the case study, forthis part, is presented. Next, the data collectionis presented.

Thenthe analysis of the usability of the matricesis presented based onthe data, case interviews,
gathered.

552.1 The usability case study design
The usability of the Informational Matrices is assessed in two ways. First, the results of the
informational item demonstration (the root cause analysis) are presented. The feedback and first
impression of this is gathered. Second, small semi-structured interviews are conducted with
attendees of the presentation and a MES expert at the company. Semi-structured interviews are
chosen because it gathers answers on a set of questions but also creates the possibility for an open
discussiontogetbroaderinformation. The interview questions are added in Appendix 14.

For confidentiality reasons, not all information might be presented and information might be
anonymized.

552.2 The usability case study data collection
For the usability first the feedback and first impression of the Informational matrices and the
informational item demonstration is gathered during a presentation given at March 21° 2016 at
13:00h at the company location. Second, semi-structured interviews are taken from relevant people

within the company. Table 19 provides an overview of the interviews. The full interview transcripts
can be foundin Appendix15.
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Table 19 Overview of interviewees for data capturing

Function Intervn.ew Present at. the Relation to MES
Date/Time presentation
Managing director engine 30-03-16 Yes Final responsiblefor the whole factory,
factory 11:45 including MES
£ -

Senior PE Project 29-03-16 Uses. MES data frequehtly inproblem a'nalyses

Yes andimprovement projects. Part of the 'new
Manager 11:00 ,

MES' team

PE Project Manager 29_2':’)_.;2 No Partof the 'new MES' team
Area Manager Engine 30-03-16 Uses the reports others generate from MES

Yes
factory 11:30 frequently

E ini 1-03-1
Head of PE machining 31-03-16 Yes Involved with establishingthe current MES
process 12:00
Supervisor Engine 31-03-16
Factory Machining 18:00 Yes Uses a small partofthe operating MES
process line 2 ’
552.3. Informational Matrices usability: the analysis

Six interviews are conducted among different functions of the organization. In these interviews
questions were asked about the usability and added value of the frameworks. From this it can be
derived which insights can be gathered for the company by making use of the framework. The two
frameworks and the proposed example dashboards are discussed separately.

The Current Informational Matrix did not have surprising Informational items though some were not
expected in the MES environment. It also provided an overview for the company that was not
present before. The company’s managing director recognized the lack of overview and said this
framework helps to start the discussion within his company about MES and what they would wantin
their own MES. It was also stated that there is always a difference between what is possible in MES,
so the Current Informational Matrix, and what is actually implemented in a real-life situation. Some
informational items are not possible to configure due to the IT infrastructure and legacy systems,
while other informational items are not configured by choice. This information can be tracked in
another system but also not measured automatically at all as they the company does not see the
added value of measuring this information automatically. What is configured in MES is always
demand driven, so what does the company want and how does is related to their spedific process.
Concluding, the actual implantation and configuration of MES is company specific but having an
overview which was not present before is useful to get an insight in the possibilities which can help
inthe discussion of what the company would want within its MES.

The Future Informational Matrix provided an insight in the future. Some interviewees found this
useful to have an insight in what will be possible in a near future. Especially one interviewee who is
in the team of developing the new MES for the partner company was interesting in improve
identification of critical process parameters and monitoring those to become more pro-active based
on the (MES) data. Others also indicated that these future abilities did not represent the current
challenges of the company. It is interesting to know what is coming in the future but not relevant
now. They did indicate that it might be more useful for more high tech companies. Conduding, itis
interesting to have an overview of what is coming in the near future but the relevance depends on
the company and theirchallenges.
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There were two types of proposed example dashboards, a general overview dashboard and an
operating parameters dashboard. The general dashboard was very interesting for the partner
company. It provided an example of what several interviewees already have been looking and asking
for. These types of dashboards will be implanted in the new MES as well. The operational
parameters dashboards are not relevant for all interviewees. Some believe it is useful to be able to
click through screens and compare parameters in time and with each other while other prefers
analytical programs for this. Also some so not deal with this in their daily work so they do not have a
strong opinion about this. Conduding, the example dashboards are useful but especially the general
dashboard.

5.6. Case study results evaluation
With the evaluation of the results of the case study, the fourth research questionis answered.

Research Question 1. What relevant insight are provided and what challenges can be
encounteredina real world situation?

The insights provided and challenges encountered are different for both parts of the case study.
First, the demonstration of informational items is discussed and next the usability of the
Informational Matrices.

For the demonstration of an informational item, a root cause analysis is conducted for an error with
engine caps. Data from the machining operations regarding the engine caps provided insights in the
possible causes of the error. Having improved insightsin this of this error, could help the company to
reduce the amount of errors which ultimately saves money. There were challenges in this part. First,
not all information that was needed was present in the MES. In a real-world environment many
system co-exist and not all data is documented in the same format or documented at all. Second,
when the datais available the data quality is not always good due to different formats or downtime
of the MES. This can make the analysis challenging. Third, it is important to have knowledge about

the production process and the product in order to establish the hypotheses but also to explain
some of the behaviorfoundinthe data.

The additional extracted informational elements, and example informational elements that were
represented in the example dashboards provided an example of what the company would want in
practice. Having accessible, reliable and accurate information about the production process can help
the company with creating a more solid process which will lead to increased process performance,
reduced errors and much more. In other words it can help a company improve its Manufacturing
Operations Management. This will ultimately lead to increased revenues or reduced cost. The
challenges for this part are again that not all information is presentin MES (or any system) and the
data quality. Also for dashboards it is important to have deep understanding in what information is
neededand whatisthe bestformat to presentit.

The Informational Matrices provided insights for the company as well. The Current Informational
Matrix was very useful to get an overview of what is possible in MES and how experts rank these. For
the partner company this enables them to start the discussion within their own company of what
they want for their MES. There are also some challenges when applying this Matrix. First, not all
informational items are possible to extract from a MES as mentioned before. Second, extracting
certain information from MES, in other word configuring MES in such a way that is measures,
analyzes and presents the information is always a managerial choice based on the demand of that
company. Itis very difficult to generalize the informational element to direct benefits of a company.
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Third, not all informational items can be extracted from MES because of the IT structure or because
of the IT inthe machines and PLCs.

The Future Informational Matrix provided an insight in the Future of MES abilities. This enables the
company to think about these upcoming opportunities when making data related choices in their
current systems. The challenges with this matrix is that the actual extracting the informational
elements is more difficult than in the current informational matrix. The literature on which the
elements are based are all full researches themselves. Also the attitude towards newer data analysis
techniques where more conservative in the partner company as they are focused on fundamental
challengesfirstand want to see results of this first before they believe the ‘advanced’ methods.

5.7. Case study as a research method evaluation

The case study has both a quantitative and a qualitative aspect. The quantitative aspectis evaluated
duringa presentation at the partner company. At the presentation a project manager, process
managers and the managing director of the engine factory were present. All attendees had
knowledge of eithera process partor the MES data involved. Therefore, the attendeesall had a
critical view inreviewingthe results. During the presentation, and the case study evaluation the
qualitative case study analysis was evaluated as solid and representable.

For the qualitative part of the research fourtest criteriafrom literature are used. These tests are
oftenusedinempirical social research but as this case study also aim to demonstrate and

understand aphoneme (the MES and its abilities), thesecriteriacan be used as well. The criteria,
based on the article of Yin (2009):

e Construct validity: Whether the key operational measures are used for the purpose to the
case study

e Intemal validity: Whether (causal) relationships have been searched for in the case study
(only forexploratory and causal studies)

e External validity: Whether the case study can be generalized to other cases within a
specified domain

e Reliability: Whetherthe operation the case study is repeatable

For the construct validity multiple employees within the partner company have been interviewed.
All of these employees had knowledge of MES but they had different functions and responsibilities
considering MES. For the internal validity the status of the company considering their MES was
researched in combination with the interviews. Having knowledge of the current MES, its
functionality is key to understand the answers in the interviews. Also the developments in their MES
environment, that they are developing a new MES, are key information to relate to the interview
answers. The external validity or the generalizability is valid for the basics of MES are basic
challenges. The conclusions about the overview that the informational matrices provided, which was
not present before, are generalizable. Another conclusion about MES usage and the future
possibilities are more company spedcific. This because first, each company has its own operation
process and IT architecture and second because there can be a difference in attitude towards data
and information automation. A high tech company with a very predse process would have a
different attitude towards MES, and a different benefit, than the partnering company of the case
study.
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6. Conclusion

In this section the condusion of the research is presented. Also the limitations of this research and
the suggestionsforfurtherresearch.

6.1. Conclusion of the research

The developed Informational matrices of this research provide an overview of the possibilities and
opportunities of extracting information from MES data that provide insights for manufacturing
operations management. The Informational Matrices provide a comprehensive and consistent
overview which is not present yet. Also it provides insights in MES for the production field and it
includes opportunities derived from advanced data analytics methods. Moreover, the Informational
Matrices are both applicable and useable in areal-life scenario as demonstrated by a case study.

The overview is established by creating two Informational Matrices which reflect on both the current
MES functionality and advanced data analytics like knowledge discovery and data mining. Both
matrices exist of Informational items that one could extract from MES given current MES
functionality and standards, or by making use of knowledge discovery tools. Because Manufacturing
Operations Management considers four areas (Production operations, Quality operations,
Maintenance Operations and Inventory Operations), there is a separate informational matrix for
every area.

The Informational matrices consist of Informational that have a set of properties which provide
more information about the specific Item. Both have an indicated usefulness percentage score which
was established by a questionnaire among MES experts. This generates a ranking of the
informational items. For the Current Informational Matrix the time frame of which the informational
item provides information is added which always is past or present oriented. Also the source from
which the informational item was found is added. The degree standardization of data collection and
performance analysis in MES applications of the specific MES area is induded to indicate the
generalizability of the configuration of the informational items. It was found that data acquisition is
more standardized than performance analysis and most production operations have the highest
degree of standardization. For the Future Informational Matrix, main and sub groups are defined
and the knowledge discovery method used in literature is added as a property per sub group. It was
found that a wide range of methods can be used to extract information from the data. Also, the year
of publicationis added to identify focus areas in time and to estimate the time it will take before the
informational item could be widely available in practice. It was found that some sub groups have had
research conducted on for a longertime than others.

The case study demonstrated that the Informational matrices are both applicable and usable. The
case study demonstrated that it is possible to extract the informational items from the data and that
there are many opportunities in the presentation of these informational items to enable fast and
reliable decision making. The Current Informational Matrix enables a company to assess their own
MES related choices and their own informational needs. Also the ranking provides an opportunity to
benchmark their MES and choices to what is considered useful by the MES experts. The Future
Informational Matrix enables a company to be prepared for the possible future abilities of data
analysis, in other words for future MES. This is very useful to consider when making decision about
data capturing, data structures and MES today.
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6.2. Limitations of the research

The first limitation of the research is in the survey among MES experts. The number of respondents
for both surveys could be highertoincrease the reliability of the answers provided by them.

Second, the literature study conducted for the Future Informational Matrix has limitations. This
literature study was focused at knowledge discovery and data mining techniques. However, there
are also other ‘advanced’ data analysis techniques that might provide informational items, for
example Monte Carlo simulation. This was not included in this research. Moreover, for the literature
of 2008 and before, a literature review was used. This has as a consequence that this research is
dependent on how complete this literature review conducted by an external personiis.

The case study used in this research only considered one company. This makes the influence of this
company and this company’s vision relatively big. Also the MES system this company used has
limited informational functionality which could be different in other companies. Furthermore, the
articles used for the literature study where mostly researched conducted in a high tech company,
like a semiconductor company. This makes the Future Informational Matrix less applicable to the
case study company. Last, the company’s desire for the root cause analysis affected the
demonstration of informational items. The case study was conducted on a very specific problem. For
this MES (data) can be used, however, the majority of the MES use is about general process

conditions and improving problems like bottlenecks and other process obstacles. MES is very
suitable to detectthese problems and the cause of these problems.

The last limitation is that this research was not aimed at fully exploiting the data mining techniques.
Therefore the data mininganalyses are limited.

6.3. FutureResearch
First, the surveys could be extended to more sources to get more respondents. For this cooperation

with the Annual MES Survey of Iskamp and Snoeij could be searched as they conduct a very wide
MES research every year. This cooperation would be interestingin all aspects of the research.

Next, the literature research could be extended to other advanced data analysis fields. Also an
additional search forarticles of 2008 and before could provide interesting results.

It would also be interesting to test the MES Informational Matrices in more real world environments
with more case studies. This needs to involve more case studies in the discrete manufacturing
industry which are both high tech and less high tech. Also the scope can be wider in future research

and case studies could be conducted in other industries to check the generalizability of the
informational matrices.

Also the case study of this research could be extended by an extensive data mining research as the

data mining opportunities have not been exploited fully. A data mining expert could further improve
the data mining part of the case study which could provide interesting results.

Last it would be interesting to research how measuring certain information in a MES environment
relates to management initiatives like Lean and Six Sigma which are getting widely implemented in

the manufacturing industries. Researching whether gathering more information in MES enhances or
counterwork these initiatives could be interesting.
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Appendix 1.

Non written courses for background section

Expertin SCADA systems
also some knowledge of
Dina industrial control systems How the linkfrom PLCto
08-09-2015 | HadZiosmandovic | Deloitte Meeting | ingeneral SCADA to MES works.
Basics of MES and SCADA,
historyintroduction of
Expertin SCADA systems MES and developmentsin
and experience with both the industrial control
19-09-2015 | Tracje Dimkov Deloitte Meeting | SCADAand MES inpractice | systems field
Informationabout the ISA-
Pietervan Creators ofthe ISA-95 95; the useandthe
22-09-2015 | Klooster ISA-95 Email standard contentofit.
Informationabouthow a
specific MES works and the
process of
implementation. Also
informationabout why
Experience with some MES related choices
implementing and working | are made bythis
23-09-2015 | Michiel Mennen Deloitte Call with a MES organization.
A building control system is
a SCADA system witha
HMI. Information about
how this works and what
informationis gathered
Works dailywiththe provides information
Location building control system of | aboutdatafrom the
29-09-2015 | JoostVerbeek "the Edge" Meeting | 'the Edge' control layerin MES
André van Informationabout
Barneveld developmentsinIndustry
08-10-2015 | Binkhuysen Deloitte Meeting | Experton the Industry4.0 4.0
Information about MES,
the MES marketandhow
informationis gathered,
analyzedandreturnedto
the userof MES. Also
Co-Authorof the annual information about current
13-10-2015 | Jan Snoeij CGlI Call MES product survey developments in MES
A building control system is
a SCADA system witha
HMI. Information about
how this works and what
Responsible for building informationis gathered
Eindhoven management of the TU/e provides information
University of campus, works with aboutdatafromthe
10-11-2015 | Edwin Binnenheim | Technology | Meeting | building control system control layerin MES
Informationabout how
Oracle MES works and MES
works together with the
enterprise planninglayer
(of the Oracle ERP
Expertin Oraclesolutions. | product).Also general
MostlyinOracle ERP but informationabout KPI's
also experience with measured and presentin
16-11-2015 | Alberto Ogura Deloitte Call Oracle MES. Oracle MES solutions.
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17-11-2015

Leon de Groot

SAP

Call

SAPis known as a vendor
of ERPsystems andalso
has a MES product named
SAP ME

Informationabout how
their MES product works
and howa MES works
togetherwiththe
enterprise planninglayer
(ofthe SAP ERP product).

19-11-2015

Andre Bokma

Deloitte

Meeting

Expertin SAPERPsystems

Informationabout how
SAP ERP works andthe
layers close to MES. Also
how theyinteract

25-11-2015

Nicovan Veen

MESBuilder

Meeting
+ email

Former MES advisorand
founder of MESBuilder

Informationabout how
MES work and which
problems companies
encounterwhen
implementing. Emphasis
on that MES needs much
customization because
everycompanyhastheir
own processes, ITand
MES need. Also explained
the tailor made focus of
MESBuilder

05-01-2016

Erik Tenbiilt

PROMAS ST

Call

PROMAS STis a MES
combined witha portable
control system

PROMAS ST works inthe
animal-food-industry.
Informationabout how the
MES works and which
informationis gathered
from the MES data. Also
information about how this
developedovertheyears
as the animal-food-
industryusedto be more
traditional butis slowly
gettingmore data
oriented.
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Appendix 2. MESA Metric that matter, 28 manufacturing KPI’s

Improving Customer Experience & Responsiveness
1. On-Time Delivery to Commit — This metricis the percentage of time that manufacturing delivers a
completed product on the schedule that was committed to customers.

2. Manufacturing Cycle Time — Measures the speed or time it takes for manufacturing to produce a
given productfromthe time the orderis released to production, to finished goods.

3. Time to Make Changeovers — Measures the speed or time it takes to switch a manufacturing line
or plantfrom makingone product overto makinga different product.

Improving Quality
4. Yield — Indicates a percentage of products that are manufactured correctly and to spedcifications
the firsttime through the manufacturing process without scrap or rework.

5. Customer Rejects/Return Material Authorizations/Returns — A measure of how many times
customers reject products or request returns of products based on receipt of a bad or out of
specification product. (OUT OF SCOPE)

6. Supplier’s Quality Incoming — A measure of the percentage of good quality materials coming into
the manufacturing process froma given supplier.

Improving Efficiency
7. Throughput — Measures how much product is being produced on a machine, line, unit, or plant
overa specified period of time.

8. Capacity Utilization — Indicates how much of the total manufacturing output capacity is being
utilized atagiven pointintime.

9. Overall Equipment Effectiveness (OEE) — This multi-dimensional metric is a multiplier of
Availability x Performance x Quality, and it can be used to indicate the overall effectiveness of a
piece of production equipment, oran entire production line.

10. Schedule or Production Attainment — A measure of what percentage of time a target level of
productionis attained within a specified schedule of time.

Reducing Inventory

11. WIP Inventory/Tums — A commonly used ratio calculation to measure the efficent use of
inventory materials. Itis calculated by dividing the cost of goods sold by the average inventory used
to produce those goods.

Ensuring Compliance
12. Reportable Health and Safety Incidents — A measure of the number of health and safety incidents
that were either actual inddents or near misses that were recorded as occurring over a period of
time. (OUT OF SCOPE)

13. Reportable Environmental Incidents — A measure of the number of health and safety incidents
that were recorded as occurringovera period of time. (OUT OF SCOPE)

14. Number of Non-Compliance Events / Year —A measure of the number of times a plant or facility
operated outside the guidelines of normal regulatory compliance rules over a one-year period.
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These non-compliances need to be fully documented as to the specific non-compliance time,
reasons, and resolutions. (OUT OF SCOPE)

Reducing Maintenance
15. Percentage Planned vs. Emergency Maintenance Work Orders — This ratio metric is an indicator
of how often scheduled maintenance takes place, versus more disruptive/un-planned maintenance.

16. Downtime in Proportion to Operating Time —This ratio of downtime to operating time is a direct
indicator of assetavailability for production.

Increasing Flexibility & Innovation

17. Rate of New Product Introduction — Indicates how rapidly new products can be introduced to the
marketplace and typically includes a combination of design, development and manufacturing ramp
up times. (OUT OF SCOPE)

18. Engineering Change Order Cyde Time — A measure of how rapidly design changes or
modifications to existing products can be implemented all the way through documentation
processesand volume production. (OUT OF SCOPE)

Reducing Costs & Increasing Profitability (ALL OUT OF SCOPE)

19. Total Manufacturing Cost per Unit Exduding Materials — This is a measure of all potentially
controllable manufacturing costs that go into the production of a given manufactured unit, item or
volume.

20. Manufacturing Cost as a Percentage of Revenue — A ratio of total manufacturing costs to the
overall revenues produced by a manufacturing plant or business unit.

21. Net Operating Profit — Measures the financial profitability for all investors/shareholders/debt
holders, either before or aftertaxes, foramanufacturing plant or business unit.

22. Productivity in Revenue per Employee —This is a measure of how much revenue is generated by
a plant, business unit or company, divided by the number of employees.

23. Average Unit Contribution Margin —This metricis calculated as a ratio of the profit margin that is
generated by a manufacturing plant or business unit, divided into a given unit or volume of
production.

24. Return on Assets/Return on Net Assets - A measure of finandal performance calculated by
dividing the net income from a manufacturing plant or business unit by the value of fixed assets and
working capital deployed.

25. Energy Cost per Unit — A measure of the cost of energy (electricity, steam, oil, gas, etc.) required
to produce a specificunit orvolume of production.

26. Cash-to-Cash Cycle Time — This metric is the duration between the purchase of a manufacturing
plant or business unit's inventory, and the collection of payments/accounts receivable for the sale of
products that utilize thatinventory —typically measured in days.

27. EBITDA — This metric acronym stands for Earnings Before Interest, Taxes, Depreciation, and
Amortization. It is a calculation of a business unit or company's earnings, prior to having any interest
payments, tax, depredation, and amortization extracted for any final accounting of income and
expenses. EBITDA is typically used as top-level indication of the current operational profitability of a
business.
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28. Customer Fill Rate/On-Time delivery/Perfect Order Percentage - This metricis the percentage of
times that customersreceive the entirety of their ordered manufactured goods, to the correct
specifications, and delivered at the expected time.
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Appendix 3. List of databases in the Focus search engine

ABI /Inform

Depatisnet

Narcis

ACM DigitalLibrary

Derwent Innovations Index

NationalCenterfor Biotechnology
Information

ACM Guide to Computing Literature

Digitale Bibliografie Nederlandse
Geschiedenis

Natural product updates

AfricaBib DRIVER - Digital Re pository Infrastructure OAISTER

Vision for European Research
Agricola EconlLit OpenDOAR
Airbase Elsevier Science Direct OPmaatSduWettenbank
American Chemical Society ERIC Philosopher's Index
Analytical abstracts Espacenet Phil Papers

Arbozone.nl

Essential Science Indicators

ProQuestAnnual Reports

Archidat bouwkosten EthicShare PsycArticles
Autotechnisch handboek FOCUS on scientific literature PsycINFO
Avery Indexto Architectural Gartnerresearch library PubMed
Periodicals

Base- Bielefeld Academic Search GoogleScholar Reaxys
Engine

Basiskaarten Eindhoven, Amsterdam,
Rotterdam

GreenFile

Reference Manager

Bedrijfsinformatie NL

Groenekennis

Rehva HVACDDictionary

BeheerenOnderhoud

Historische collectie CBS

RepositoryTU/e

Bibliografie van de Nederlandse Taal- | Hydrotheek SAE Digital Library
en Literatuurwetenschap

Biografisch Woordenboek van Iconda SciFinder Scholar
Nederland

Bouwkosten Ideas Scopus

Bouwregels in de praktijk

|EEE-IET Electronic Library

ScriptiesOnline

BRIS Warenhuis

Inorganic Crystal Structure Database (ICSD)

SPIE DigitalLibrary

Catalogus TU/e

Inspec

SpringerJournals

Catalysts and Catalysed Reactions

Internet encyplopedia of philosophy

SSRN elibrary Database

Chemical hazards inindustry

Journal Citation Reports (JCR)

Statline

ChemlDplus

JSTOR

TU/e in Beeld

Chemiekaarten Online

Keesings Historisch Archief

Ulrichs XML Data

ChemSpider

Krantenbank

USPTO - Patent Full-Textand Full-
Page Image Databases

Chemwatch(GoldFFX)

Laboratoryhazards bulletin

Van Dale woordenboeken

CiteseerX

LISTA: Library, Information Science &
Technology Abstracts

Web of Science

Collection of Computer Science MathSciNet Wijsbegeertein Nederland
Bibliographies

Company.info Medline WileyOnline Library
CuminCAD Mendeley World Factbook

The DBLP Computer Science Methods in organic synthesis WorldCat

Bibliography

Delpherboekentijdschriften kranten Module Kengetallen zbMath
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Appendix 4. Long list of literature for literature review of 2009

and beyond

The literature search generated alonglist of 63 articles. From thislist, 33 articles are determined to

be withinthe scope of thisresearch. The articles of the longlistand the explanation why they are
determinedto be within orout of the scope can be foundin thisappendix.

Abramovici, M., & Lindner, A. (2011). Providing product use knowledge for
the design of improved product generations. CIRP Annals-Manufacturing

Focus on improving next generation products by making use of the information in

1 Technology, 60(1), 211-214. Yes the current generation like faults and quality indications.
Archimede, B., Letouzey, A., Memon, M., & Xu, J. (2014). Towards a
distributed multi-agent framework for shared resources scheduling. Journal Article proposes a framework for shared resources and information exchange
2 of Intelligent Manufacturing, 25(5), 1077-1087. No with partners. Not information to uncover from MES
Aussem, A., de Morais, S., & Corbex, M. (2012, Jan). Analysis of
nasopharyngeal carcinoma risk factors with Bayesian networks. Artificial
3 intelligence in medicine, 54(1), 53-62. No Field of medicine where patients work in manufacturing
Azhar Ramli, A., Watada, J., & Pedrycz, W. (2014). A combination of genetic
algorithm-based fuzzy C-means with a convex hull-based regression for real-
time fuzzy switching regression analysis: application to industrial intelligent Focus on dealing with heterogeneous data and improve regression with a
data analysis. IEEJ Transactions on Electrical and Electronic Engineering, 9(1), combination of algorithms for fuzzy switching regression analysis. This can be on
4 71-82. No any type of information, so not specific enough for the research.
Borangiu, T., Raileanu, S., Trentesaux, D., Berger, T., & lacob, 1. (2014).
Distributed manufacturing control with extended CNP interaction of Focus on adding local intelligence to either the machines (PLCs) or the products
5 intelligent products. Journal of Intelligent Manufacturing, 25(5), 1065-1075. No itself. Not adding to MES
Brito, P., Soares, C., Almeida, S., Monte, A., & Byvoet, M. (2015). Customer
segmentation in a large database of an online customized fashion business. Improved understanding of customer segments based on customized product
6 Robotics and Computer-Integrated Manufacturing, 36, 93-100. Yes orders and their specifications
Burlacu, A., Copot, C., & Lazar, C. (2014). Predictive control architecture for
real-time image moments based servoing of robot manipulators. Journal of
7 Intelligent Manufacturing, 25(5), 1125-1134. No Focus on improving the actual industrial robot.
Carpanzano, E., Ferrucci, L., Mandrioli, D., Mazzolini, M., Morzenti, A., &
Rossi, M. (2014). Automated formal verification for flexible manufacturing Formal verification of the control design of manufacturing system behavior ( for
8 systems. Journal of Intelligent Manufacturing, 25(5), 1181-1195. Yes example detect errors upfront) in a flexible manufacturing system
Casali, A., & Ernst, C. (2012). Discovering correlated parameters in
semiconductor manufacturing processes: A data mining approach. Focus on improving the yield by discovering hidden relationships between
9 | Semiconductor Manufacturing, IEEE Transactions on, 25(1), 118-127. Yes numerous complex process control parameters.
Charaniya, S., Le, H., Rangwala, H., Mills, K., Johnson, K., Karypis, G., & Hu,
W.-S. (2010, Jun). Mining manufacturing data for discovery of high Process data-driven knowledge discovery aimed at finding performance
productivity process characteristics. Journal of biotechnology, 147(3-4), 186— parameters. Also able to identify and rank process parameters to their relevance
10 97. Yes in predicting the process outcomes
Chien, C.-F., Chang, K.-H., & Wang, W.-C. (2014). An empirical study of design- Focus on developing a design of experiment data mining that matches with the
of-experiment data mining for yield-loss diagnosis for semiconductor potential design with huge amount of automatically collected data. Aims at
11 | manufacturing. Journal of Intelligent Manufacturing, 25(5), 961-972. Yes effective and meaningful knowledge from the data to improve the yield
Chien, C.-F., Chen, Y.-J., & Peng, J.-T. (2010). Manufacturing intelligence for Focus on demand forecasting incorporating seasonal factors, market growth,
semiconductor demand forecast based on technology diffusion and product price, repeat purchase and technology substitution. This is more ERP level and
12 life cycle. International Journal of Production Economics, 128, 496-509. No not at MES level
Chien, C.-F., Gen, M., Shi, Y., & Hsu, C.-Y. (2014). Manufacturing intelligence
and innovation for digital manufacturing and operational excellence. Journal Is the introduction of the managing that explains what topic will be addresses
13 of Intelligent Manufacturing, 25(5), 845. No later
Chien, C.-F., Hsu, C.-Y., & Hsiao, C.-W. (2012). Manufacturing intelligence to Forecast the cycle time of the production line, with input factors WIP, capacity,
forecast and reduce semiconductor cycle time. Journal of Intelligent average layers, utilization athroughput. Also an adaptive model to respond to
14 Manufacturing, 23(6), 2281-2294. Yes changes of the production line status
Chien, C.-F., Hsu, S.-C., & Chen, Y.-J. (2013). A system for online detection and i s?lutiqn that spatial .statistics and neural .net\luorkfor the F{etectioln ar}d
R R . o . classification of Wafer Bin Maps patterns. This will enable online monitoring and
classification of wafer bin map defect patterns for manufacturing intelligence. R N . . K .
International Journal of Production Research, 51(8), 2324-2338. V|sual!zat|on of failure percentages with corresponding patterns that are causing
15 Yes the failures.
Chien, C.-F., Zheng, J.-N., & Lin, Y.-J. (2014). Determining the operator-
machine assignment for machine interference problem and an empirical A methodology to optimize the assignment of test machines and operator in
study in semiconductor test facility. Journal of Intelligent Manufacturing, different product mixes. This to improve the utilization and optimize the systems
16 25(5), 899-911. Yes performance
Chou, J.-S., Cheng, M.-Y., Wu, Y.-W., & Tai, Y. (2011). Predicting high-tech
equipment fabrication cost with a novel evolutionary SVM inference model. Focus on predicting the fabrication cost. Though some variables could be present
17 Expert Systems with Applications, 38(7), 8571-8579. No in the MES environment, this contribution is too small for MES related research
Chou, J.-S., Tai, Y., & Chang, L.-J. (2010). Predicting the development cost of
TFT-LCD manufacturing equipment with artificial intelligence models. Focus on predicting product cost in conceptual stages. Not MES or actual
18 International Journal of Production Economics, 128, 339-350. No production related yet.
Ciflikli, C., & Kahya-Ozyirmidokuz, E. (2010). Implementing a data mining
solution for enhancing carpet manufacturing productivity. Knowledge-Based Improvement of the manufacturing process by data mining. It detects and
19 | Systems, 23(8), 783-788. Yes predicts behavior like breakdowns
Ciflikli, C., & Kahya-Ozyirmidokuz, E. (2012). Enhancing product quality of a Improve performance of manufacturing quality control by discovering hidden
20 process. Industrial Management \& Data Systems, 112(8), 1181-1200. Yes patterns.
Davidson, I., & Tayi, G. (2009, sep). Data preparation using data quality
matrices for classification mining. European Journal of Operational Research, Aims at data preprocessing for data mining when considering the quality of the
21 197(2), 764-772. No database (imprecise database)
Di Orio, G., Candido, G., & Barata, J. (2015). The Adapter module: A building Though it focusses on the evolution of manufacturing production system, to
block for Self-Learning Production Systems. Robotics and Computer- reduce faults and improve cycle times. It focusses on the monitoring and control
22 Integrated Manufacturing, 36, 25-35. No systems which are level 2 software instead of MES
Donauer, M., Pegas, P., & Azevedo, A. (2015). Identifying nonconformity root
causes using applied knowledge discovery. Robotics and Computer-Integrated
23 Manufacturing, 36, 84-92. Yes Aims to make identifying root causes for nonconformities more simple and agile
Hao, X.-C., Wu, J.-Z., Chien, C.-F., & Gen, M. (2014). The cooperative
estimation of distribution algorithm: a novel approach for semiconductor Improves semiconductor final test scheduling. This already makes use of data
final test scheduling problems. Journal of Intelligent Manufacturing, 25(5), mining techniques though this paper incorporates interdependent relations of
24 867-879. Yes group decision making in a complex and large problem with local constrains
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Hsu, C.-Y. (2014). Integrated data envelopment analysis and neural network
model for forecasting performance of wafer fabrication operations. Journal of

Predict performance based on the results of the present performance by

25 Intelligent Manufacturing, 25(5), 945-960. Yes integrating data envelopment and back-propagation neural networks.

Huang, C.-Y., & Lin, Y.-H. (2013). Applying CHAID algorithm to investigate

critical attributes of void formation in QFN assembly. Soldering \& Surface Diagnosing void formation with causes errors and determine what is causing this
26 Mount Technology, 25(2), 117-127. Yes by making use of data mining

Jia, S., Tang, R., &Lv, J. (2014). Therblig-based energy demand modeling

methodology of machining process to support intelligent manufacturing. The focus is to determine energy demand on machine level. This is not at MES
27 | Journal of Intelligent Manufacturing, 25(5), 913-931. No level

Kamsu-Foguem, B., Rigal, F., & Mauget, F. (2013). Mining association rules for Improvement of the operations processes by extracting knowledge about for

the quality improvement of the production process. Expert systems with example causes of operation dysfunctions or lost production time by making use
28 applications, 40(4), 1034-1045. Yes of association rule mining

Kim, S., Jitpitaklert, W., Park, S.-K., & Hwang, S.-J.(2012). Data mining model- Active monitoring and detection of abnormal behavior by combining statistical

based control charts for multivariate and autocorrelated processes. Expert process control (SPC) tools with data mining techniques. This in order to analyze
29 Systems with Applications, 39(2), 2073-2081. Yes large scale multivariate and auto correlated processes

Kubler, S., Derigent, W., Thomas, A., & Rondeau, E. (2014). Embedding data

on “communicating materials” from context-sensitive information analysis. Focus on applying "Internet of Things" intelligence to the products itself and
30 Journal of Intelligent Manufacturing, 25(5), 1053-1064. No propose an information dissemination process.

Kwak, D.-S., & Kim, K.-J. (2012, feb). A data mining approach considering

missing values for the optimization of semiconductor-manufacturing Focus on data preprocessing and propose a method to handle missing data for
31 processes. Expert Systems with Applications, 39(3), 2590-2596. No process improvement analysis.

Kwong, C., Chan, K., & Tsim, Y. (2009). A genetic algorithm based knowledge

discovery system for the design of fluid dispensing processes for electronic Using a genetic algorithm to gain knowledge of the fluid dispensing process in the
32 packaging. Expert Systems with Applications, 36(2), 3829-3838. Yes form of rules. This enables optimizing the settings for a high-yield environment.

Koksal, G., Batmaz, I., & Testik, M. (2011, sep). A review of data mining

applications for quality improvement in manufacturing industry. Expert
33 | Systems with Applications, 38(10), 13448-13467. Yes Review of data mining for quality improvement

Lamond, B., Sodhi, M., Noél, M., & Assani, O. (2014). Dynamic speed control

of a machine tool with stochastic tool life: analysis and simulation. Journal of Optimizing machine equipment by dynamic programming. This is not data mining
34 Intelligent Manufacturing, 25(5), 1153-1166. No related

Lee, C., Choy, K., Ho, G., Chin, K., Law, K., & Tse, Y. (2013). A hybrid OLAP-

association rule mining based quality management system for extracting Real-time hybrid OLAP association rule mining to detect patterns for quality

defect patterns in the garment industry. Expert Systems with Applications, failure with a root cause analysis, quality prediction and formulation of pro-active
35 40(7), 2435-2446. Yes measures

Legat, C., Schiitz, D., & Vogel-Heuser, B. (2014). Automatic generation of field

control strategies for supporting (re-) engineering of manufacturing systems. Focus on the adaptability of the process in open-loop control software in
36 Journal of Intelligent Manufacturing, 25(5), 1101-1111. No manufacturing. Not about information acquiring

Li, C.-D., Xie, T., & Tang, Y.-L. (2014). GMVN oriented S-BOX knowledge

expression and reasoning framework. Journal of Intelligent Manufacturing, Focus is on global manufacturing market on a level higher than the MES level.
37 25(5), 993-1011. No Demand and supply chain as a whole focus.

Liang, C.-J., Chen, M., Gen, M., &Jo, J. (2014). A multi-objective genetic

algorithm for yard crane scheduling problem with multiple work lines. Journd
38 of Intelligent Manufacturing, 25(5), 1013-1024. No Scheduling and planning related

Liu, Y., & Harding, J. (2009). Editorial for the special issue of knowledge

discovery and management in engineering design and manufacturing. Journal
39 of Intelligent Manufacturing, 20(5), 499-500. No Editorial of the magazine so not a specific research

Moharana, U., & Sarmabh, S. (2015). Determination of optimal kit for spare

parts using association rule mining. International Journal of System Assurane
40 Engineering and Management, 6(3), 238-247. Yes Optimize associated spare parts mix for corrective or preventive maintenance

Mozafary, V., & Payvandy, P. (2014). Application of data mining technique in

predicting worsted spun yarn quality. The Journal of The Textile Institute,
41 105(1), 100-108. Yes Prediction of spun yarn quality by data mining

Negahban, A., & Smith, J. (2014, December). Simulation for manufacturing

system design and operation: Literature review and analysis. Journal of About discrete event simulation. The data mining that is present, is used on
42 Manufacturing Systems, 33(2), 241-261. No planning and scheduling which is more ERP related

Perzyk, M., Kochanski, A., Kozlowski, J., Soroczynski, A., & Biernacki, R.

(2014). Comparison of data mining tools for significance analysis of process Focus on determining the relative significance of input variables. Though this can

parameters in applications to process fault diagnosis. Information Sciences, be useful for fault diagnosis, the paper focusses on the technical aspect of the
43 259, 380-392. No input variables and not on the actual fault diagnosis.

Polczynski, M., & Kochanski, A. (2010). Knowledge Discovery and Analysis in Article about knowledge discovery and analysis in manufacturing. The current
44 Manufacturing. Quality Engineering, 22(3), 169-181. Yes statement, future and deployment is explained with examples.

Roy, R, Shehab, E., Tiwari, A., Mey Goh, Y., & McMahon, C. (2009). Improving Article is about knowledge management systems and how the management of

reuse of in-service information capture and feedback. Journal of information should be within a manufacturing organization, not about the
45 Manufacturing Technology Management, 20(5), 626—-639. No specific knowledge to be discovered.

Russell, B., Shapiro, D., & Vining, A. (2010). The evolution of the Canadian

mining industry: The role of regulatory punctuation. Resources Policy, 35, 90— Article about the Canadian mining Industry. Not manufacturing execution, or
46 97. No data mining related.

Sajadfar, N., & Ma, Y. (2015). A hybrid cost estimation framework based on

feature-oriented data mining approach. Advanced Engineering Informatics,
47 29(3), 633-647. No Focus is on data associated with ERP systems and not MES.

Sanders, D., & Gegov, A. (2013). Al tools for use in assembly automation and

some examples of recent applications. Assembly Automation, 33(2), 184— Artificial intelligence (Al) tools for assembly automation. Some data mining
48 194, Yes techniques are used, as well as execution data

Stockton, D., Khalil, R., & Mukhongo, M. (2013). Cost model development

using virtual manufacturing and data mining: part | —methodology The automation of het identification of the virtual manufacturing process time is

development. The International Journal of Advanced Manufacturing the focus of this article. This is later used as a basis for the process cost model.
49 Technology, 66(5-8), 741-749. Yes They use manufacturing process parameters and apply data mining techniques.

Tirkel, I. (2013). Forecasting flow time in semiconductor manufacturing using

knowledge discovery in databases. International Journal of Production Flow time (noted cycle time) forecasting by making use of data from MES and
50 Research, 51(18), 5536-5548. Yes data mining techniques.

Uchino, E., Koga, T., Misawa, H., & Suetake, N. (2014). Tissue characterization

of coronary plaque by kNN classifier with fractal-based features of IVUS RF-
51 signal. Journal of Intelligent Manufacturing, 25(5), 973-982. No Not manufacturing related but about a syndrome present in human patients.

Vin, E., & Delchambre, A. (2014). Generalized cell formation: iterative versus

simultaneous resolution with grouping genetic algorithm. Journal of Algorithm for allocation of machines to operations of machine grouping into
52 intelligent manufacturing, 25(5), 1113-1124. Yes cells. This to analyze the choice of iterative of simultaneous resolution.

Visintin, F., Porcelli, I., & Ghini, A. (2014). Applying discrete event simulation

to the design of a service delivery system in the aerospace industry: acase Article is focused on simulation of a service delivery system for a long term
53 study. Journal of Intelligent Manufacturing, 25(5), 1135-1152. No service contract by making use of Monte Carlo simulation.

Wu, C.-H., Wang, D.-Z., Ip, A., Wang, D.-W., Chan, C.-Y., & Wang, H.-F. (2009).

A particle swarm optimization approach for components placement

inspection on printed circuit boards. Journal of Intelligent Manufacturing,
54 20(5), 535-549. No A rectification with an added acknowledgement. Not the full article
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Wuest, T., Irgens, C., & Thoben, K.-D. (2014). An approach to monitoring
quality in manufacturing using supervised machine learning on product state

Describing a product’s state and corresponding characteristics during the entire

55 data. Journal of Intelligent Manufacturing, 25(5), 1167-1180. Yes process step in order to increase quality
Xiao, J., & Huang, Y. (2011). Design of Sustainable Multifunctional Article focusses on the design on sustainable multifunctional Nano coatings from
Nanocoatings: A Goal-driven Multiscale Systems Approach. Chinese Journal of microscopic molecular modeling to classical continuum modeling. Data mining is
56 Chemical Engineering, 19(4), 666-673. No not included to gain knowledge.
Yeh, C.-W., Li, D.-C,, & Zhang, Y.-R. (2012). Estimation of a data-collection Data f:ollection maturity m(_:del that threat the da_la. in three phas?sf inste.ad ofas
) R R one big population. The article focuses on determining the two critical points
matu_rlty' model to detect manufacturing change. Expert Systems with where the phases split by making use of neural networks. This improves
Applications, 39(8), 7093-7101. X >
57 Yes understanding of the manufacturing process
. . . Article is about creating a classification method by making use of knowledge
Y?h, D.—Y.,'Cheng, C.—H:, & H5|ao,.S.£. (2.0.11)' C|a55|ﬂcat.|on knowledge discovery in the mold tioling test. By making useyofa decgision tree knowlgdge
discovery in mold tooling test using decision tree algorithm. Journal of A . . . . L
Intelligent Manufacturing, 22(4), 585595, was gained and parameters where adjusted for improving the classification in the
58 Yes test.
Article is focused on establishing a framework for real-time equipment
Yu, H.-C,, Lin, K.-Y., & Chien, C.-F. (2014). Hierarchical indices to detect monitoring by the decrease of the hierarchical indices. The focus on on the
equipment condition changes with high dimensional data for semiconductor hierarchy and the framework and not the actual data analysis. However a point is
manufacturing. Journal of Intelligent Manufacturing, 25(5), 933-943. made that their framework could improve (predictive)maintenance policies and
59 No root cause detection
Yu, Q., & Wang, K. (2013). 3D vision based quality inspection with Focus on accurate classification of products with a 3D vision method to prevent
60 computational intelligence. Assembly Automation, 33(3), 240-246. Yes low quality product to go to the customer.
Zapcevic, , & Butala, . (2013). Adaptive process control based on a self-
learning mechanism in autonomous manufacturing systems. The
International Journal of Advanced Manufacturing Technology, 66(9-12), 1725- Research aimed at knowledge discovery in large real time operating data bases of
61 | -1743. Yes manufacturing organizations like MES and SCADA databases.
Zhang, M., Miesegaes, G., Lee, M., Coleman, D., Yang, B., Trexler-Schmidt, M,
... Chen, Q. (2014, Jan). Quality by design approach for viral clearance by
protein a chromatography. Biotechnology and bioengineering, 111(1), 95—
62 103. No About modifying a virus for medical purposes
Zhang, W., Gen, M., &Jo, J. (2014). Hybrid sampling strategy-based
multiobjective evolutionary algorithm for process planning and scheduling Improved process planning and scheduling by making use of hybrid sampling
63 problem. Journal of Intelligent Manufacturing, 25(5), 881-897. Yes strategy -based multi objective evolutionary algorithms
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Article

Appendix 5. Overview of all informational items
In article numberrefersto the article numbergivenin Appendix 4.

Short reference

Information uncovered

Used method

Main informational

Informational sub-group

No. (purpose) group
X Choudhary et al. Online monitoring of causal Integrated Neural Networks Condition based monitoring Monitoring of parameters
(2009) relationship between and rough set techniques settings and their effects
process parameters and (other article extended with
output quality fuzzy set theory)
X Choudhary et al. Online monitoring of causal Fuzzy set theory with fuzzy Condition based monitoring Monitoring of parameters
(2009) relationship between variable rough set settings and their effects
process parameters and
output quality (extended)
X Choudhary et al. Monitoring process Hybrid fuzzy inductive Condition based monitoring Monitoring process
(2009) conditions by classification learning conditions
X Choudhary et al. Offline tool wear Rough set theory classifier Condition based monitoring Monitoring tool wear
(2009) monitoring
X Choudhary et al. Tool wear condition Neural Networks and Condition based monitoring Monitoring tool wear
(2009) monitoring Support Vector Machines
X Choudhary et al. Lead time prediction Regression tree based data Cycle/lead time prediction Forecasting lead time
(2009) mining approach
X Choudhary et al. Lead time prediction Decision tree combined Cycle/lead time prediction Forecasting lead time
(2009) with if-then-else rules
X Choudhary et al. Cycle time prediction Set of data mining tools Cycle/lead time prediction Forecasting production
(2009) (multiple articles extended) cycle time
X Choudhary et al. Analysis of the effects of Genetic algorithms Decision support Insights in the effect of to-
(2009) decision making be-made decisions
X Choudhary et al. Decision support for Workflow mining by Decision support Insights in the effect of to-
(2009) workflow related decisions Artificial Neural Networks be-made decisions
and fuzzy rule sets
X Choudhary et al. Online/Real-Time Integrated neural network Defect/low quality Classification of product
(2009) classification of quality and rough set techniques classification quality
faults
X Choudhary et al. Automatic defect Set of data mining tools Defect/low quality Classification of product
(2009) classification to find classification quality
patterns and derive rules
for yield improvement
X Choudhary et al. Automatic classification of Hierarchical clustering, k- Defect/low quality Classification of product
(2009) defect patterns means partitioning classification quality
X Choudhary et al. Real-Time classification of Hybrid learning based Defect/low quality Classification of product
(2009) product quality system with Neural classification quality
Networks and decision tree
X Choudhary et al. Defect product detection Clustering by self-organizing Defect/low quality Detection of a product with
(2009) maps for classification classification quality faults
X Choudhary et al. Flaws in product detection Fuzzy k- & c-means Defect/low quality Detection of a product with
(2009) clustering classification quality faults
X Choudhary et al. Fault detection in assembly Association rule mining Defect/low quality Detection of a product with
(2009) operations classification quality faults
X Choudhary et al. Determine the defective Association rules Identification of machine Identification of machine
(2009) machine in a set of Failure failure
machines
X Choudhary et al. Accurate grading of Combination of rule based Knowledge of optimal Grading of (raw)materials
(2009) materials knowledge representation, manufacturing settings
fuzzy logic and genetic
algorithms
X Choudhary et al. Improved dispatching rules Genetic algorithms Knowledge of optimal Improved dispatching rules
(2009) manufacturing settings
X Choudhary et al. Improved dispatching rules Decision tree based Knowledge of optimal Improved dispatching rules
(2009) classifications rules manufacturing settings
X Choudhary et al. Combine different Integrated relational Knowledge of optimal Knowledge of operational
(2009) databases for improved databases approach manufacturing settings process(es)
knowledge extraction
X Choudhary et al. Establishing rules to data mining with learning Knowledge of optimal Knowledge of operational
(2009) support manufacturing classifier manufacturing settings process(es)
system
X Choudhary et al. Improved understanding of Two-stage data mining Knowledge of optimal Knowledge of operational
(2009) the processing method by approach manufacturing settings process(es)
automatic detection and
recovery of a process flaw
and provide information
about the recovered flaw
X Choudhary et al. Improved understanding of Decision tree induction, Knowledge of optimal Knowledge of operational
(2009) the cleaning process neural network and manufacturing settings process(es)
composite classifier
X Choudhary et al. Prediction of product Set of data mining tools Knowledge of optimal Optimization of parameter
(2009) parameters forimproved manufacturing settings settings
quality
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Choudhary et al.

(2009)

Optimization of factory
conditions based on
extracted knowledge

Genetic Algorithms and
Neural Networks

Knowledge of optimal
manufacturing settings

Optimization of parameter
settings

Choudhary et al.

(2009)

Identify operational spaces
to optimize manufacturing
process and minimize lost

Fuzzy c-means clustering

Knowledge of optimal
manufacturing settings

Optimization of parameter
settings

Choudhary et al.

(2009)

Identification of poor yield
factors

Self-organizing maps,
Neural Networks and rule
induction

Low vyield factors
identification

Identification of
characteristics for low yield
(product quality failure)

Choudhary et al.

(2009)

Automated discovery of
factors that cause low yield

Genetic programming

Low yield factors
identification

Identification of
characteristics for low yield
(product quality failure)

Choudhary et al.

(2009)

Identify causes of defect
products

Rough set theory

Low vyield factors
identification

Identification of
characteristics for low yield
(product quality failure)

Choudhary et al.

(2009)

Significant features that
cause quality control issues

Rough set theory

Low vyield factors
identification

Identification of
characteristics product
quality

Choudhary et al.

(2009)

Predict component failure

Set of data mining tools
(Decision trees, rough sets,
regression and Neural
Networks)

Machine (component)
failure prediction

Forecasting component
failure

Choudhary et al.

(2009)

Predicting (machine) faults

Decision tree

Machine (component)
failure prediction

Forecasting
machine/equipment failure

Choudhary et al.

(2009)

Prediction of equipment
failure

Recurrent Neural Networks
model

Machine (component)
failure prediction

Forecasting
machine/equipment failure

Choudhary et al.

(2009)

Prediction of equipment
failure

Agent based model and
data mining tools for
prediction

Machine (component)
failure prediction

Forecasting
machine/equipment failure

Choudhary et al.

(2009)

Prediction of tool wear

Rough set theory based
classifier

Machine (component)
failure prediction

Forecasting tool wear

Choudhary et al.

(2009)

Machine performance
prediction

Neural Networks based
estimation model

Machine (component)
failure prediction

Machine performance
prediction

Choudhary et al.

(2009)

Preventive maintenance
schedule recommendations

Decision tree based data
mining

Machine (component)
failure prediction

Preventive maintenance
schedule recommendations

Choudhary et al.

(2009)

Probability of machine
failure or product failure

Classification by decision
tree

Machine (component)
failure prediction

Probability for machine
failure

Choudhary et al.

(2009)

Distinguish fault types for
machines

Rough set theory approach

Machine fault diagnostics

Classification of machine
fault types

Choudhary et al.

(2009)

(Machine) fault diagnosis

Hybrid case based
reasoning

Machine fault diagnostics

Diagnostics of machine
failure

Choudhary et al.

(2009)

Fault analysis to know
where to focus attention
when repairing

Data mining approach for
concept description

Machine fault diagnostics

Diagnostics of machine
failure

Choudhary et al.

(2009)

Fault diagnosis reporting

Hybrid rough set theory and
a genetic algorithm

Machine fault diagnostics

Diagnostics of machine
failure

Choudhary et al.

(2009)

Patterns for (machine)
failure

Decision theoretic approach
to mine the data combined
with greedy value for
information

Machine fault diagnostics

Identification of
characteristics of machine
failure

Choudhary et al.

(2009)

Discovery of typical
unnatural control chart
patterns causing process
variation

Hybrid neural network and
decision tree

Patterns causing process
variations

Detection of abnormal
process behavior

Choudhary et al.

(2009)

Identify classes of process
faults

Decision tree classification

Patterns causing process
variations

Identification of process
fault classes

Choudhary et al.

(2009)

Process fault classification

Metric Temporal Logic

Patterns causing process
variations

Identification of process
fault classes

Choudhary et al.

(2009)

Prediction of the probability
of performance (and
optimal settings of control
factors)

Bayesian method

Process performance
prediction

Forecasting production
process performance

Choudhary et al.

(2009)

Prediction of the
performance of the
manufacturing process

Model selection and cross-
validation

Process performance
prediction

Forecasting production
process performance

Choudhary et al.

(2009)

Prediction of system output

Data mining and type-II
fuzzy system

Process performance
prediction

Prediction of system output

Choudhary etal.

(2009)

Detection of change points
in control charts

Tree based supervised
learner

Root Cause analysis

Detection of change points
in control charts

Choudhary et al.

(2009)

Root causes for failure in a
process stage

Bayesian network, Design
of Experiment and Statical
Process Control

Root Cause analysis

Root cause analysis for
process failure

Choudhary et al.

(2009)

Discovery of unnatural
patterns in process data

Fractal dimension based
classifier

Root Cause analysis

Root cause analysis for
unnatural patterns in the
data

Choudhary et al.

(2009)

Prediction of quality of a
product or batch based on
the manufacturing
parameters

Feature set decomposition
methodology based
algorithm

Yield/Low quality prediction

Prediction of product
quality

64




X Choudhary et al. Yield prediction Genetic programming Yield/Low quality prediction Yield prediction
(2009)
X Choudhary et al. Yield predication Decision trees and Neural Yield/Low quality prediction Yield prediction
(2009) Networks
1 Abramovici, M., & Product improvements Bayesian Networks Low vyield factors Suggested improvements
Lindner, A. (2011) (reduce faults in next identification for next generations based
generation products) on quality failure
8 Carpanzano, E., Forecasting machine errors Metric Temporal Logic Machine (component) Forecasting
Ferrucci, L., failure prediction machine/equipment failure
Mandrioli, D.,
Mazzolini, M.,
Morzenti, A., &
Rossi, M. (2014)
8 Carpanzano, E., Forecasting of Metric Temporal Logic Process performance Forecasting of
Ferrucci, L., manufacturing system prediction manufacturing process
Mandrioli, D., behavior behavior
Mazzolini, M.,
Morzenti, A, &
Rossi, M. (2014)
9 Casali, A., & Ernst, Identification of critical Decision correlation rules Low vyield factors Identification of
C.(2012) factors for low yield and contingency vectors. identification characteristics for low yield
(product quality failure)
10 Charaniya, S., Le, Identification of critical kernel-based approach Patterns causing process Identification of critical
H., Rangwala, H., process parameters combined with a maximum variations process parameters
Mills, K., Johnson, margin- based support
K., Karypis, G., & vector regression algorithm
Hu, W.-S. (2010,
Jun)
11 Chien, C.-F., Chang, Improve the yield Design of experiment data Low vyield factors Identification of
K.-H., & Wang, W.- mining identification characteristics for low yield
C.(2014) (product quality failure)
14 Chien, C.-F., Hsu, Forecasting of production Gauss-Newton regression Cycle/lead time prediction Forecasting production
C.-Y., & Hsiao, C.- cycle time method and back- cycle time
W. (2012) propagation neural network
15 Chien, C.-F,, Hsu, S.- Patterns for product failure Spatial statistics with neural Low vyield factors Identification of
C., &Chen, Y.-J. networks identification characteristics for low yield
(2013) (product quality failure)
16 Chien, C.-F., Zheng, Optimizing utilization by Genetic algorithms Decision support Improved scheduling
J.-N., & Lin, Y.-J. operator to machine decisions by insights
(2014) assignment/schedule options and effects
optimization
19 Ciflikli, C., & Kahya- Predicting machine Decision tree Machine (component) Forecasting
Ozyirmidokuz, E. Breakdowns failure prediction machine/equipment failure
(2010)
19 Giflikli, C., & Kahya- Predict manufacturing Decision tree Process performance Forecasting of
Ozyirmidokuz, E. process behavior prediction manufacturing process
(2010) behavior
20 Ciflikli, C., & Kahya- Patterns for low quality Rough sets theory, attribute Low yield factors Identification of
Ozyirmidokuz, E. relevance analysis, anomaly identification characteristics product
(2012) detection analysis, decision quality
trees and rule induction
23 Donauer, M., Pegas, Root causes for Herfindahl-Hirschman Root Cause analysis Root cause analysis of
P., & Azevedo, A. nonconformities in the Index (HHI) nonconformities in the
(2015) production process production process
24 Hao, X.-C., Wu, J.- Improved final test Cooperative estimation of Decision support Improved scheduling
Z, Chien, C.-F., & execution scheduling with contribution algorithm decisions by insights
Gen, M. (2014) multi resources and effect options and effects
of interdependent
relationships in group
decision making activities
25 Hsu, C.-Y. (2014) Predict process data envelopment and Process performance Forecasting production
performance back-propagation neural prediction process performance
network
26 Huang, C.-Y., & Lin, Root cause for product Chi-square automatic Low vyield factors Identification of
Y.-H. (2013) failure interaction detection identification characteristics for low yield
(CHAID) algorithm and chi- (product quality failure)
square test.
28 Kamsu-Foguem, B., Knowledge of operations Association rule mining Knowledge of optimal Knowledge of operational
Rigal, F., & Mauget, and information manufacturing settings process(es)
F. (2013) management for the
improvement of operations
processes
29 Kim, S., Jitpitaklert, Detection of abnormal SPC combined with artificial Patterns causing process Detection of abnormal
W., Park, S.-K., & behavior neural networks, support variations process behavior
Hwang, S.-). (2012) vector regression and
multivariate adaptive
regression splines
32 Kwong, C., Chan, K., Yield improvement (process Genetic algorithms Low vyield factors Identification of

& Tsim, Y. (2009)

knowledge of how the
product reacts on system

identification

characteristics for low yield
(product quality failure)
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settings)

33 Koksal, G., Batmaz, Classification of quality Range of DM algorithms Defect/low quality Classification of product
i., & Testik, M. classification quality
(2011, sep)

33 Koksal, G., Batmaz, Parameter optimization Range of DM algorithms Knowledge of optimal Optimization of parameter
., & Testik, M. manufacturing settings settings
(2011, sep)

33 Koksal, G., Batmaz, Characteristics for product Range of DM algorithms Low vyield factors Identification of
., & Testik, M. quality identification identification characteristics product
(2011, sep) quality

33 Koksal, G., Batmaz, Prediction of product Range of DM algorithms Yield/Low quality prediction Prediction of product
i, & Testik, M. quality quality
(2011, sep)

35 Lee, C., Choy, K., Identification of patterns Hybrid OLAP-association Low yield factors Identification of
Ho, G., Chin, K., for quality failure rule identification characteristics for low yield
Law, K., & Tse, Y. (product quality failure)
(2013)

35 Lee, C., Choy, K., Root Cause analysis Root Cause analysis Root cause analysis of
Ho, G., Chin, K., (product quality) product quality
Law, K., & Tse, Y.
(2013)

35 Lee, C., Choy, K., Quality predictions Hybrid OLAP-association Yield/Low quality prediction Prediction of product
Ho, G., Chin, K., rule quality
Law, K., & Tse, Y.
(2013)

40 Moharana, U., & Machine part wear and association rule mining Machine fault diagnostics Diagnostics of machine part
Sarmah, S. (2015) correlations between parts wear and correlations

between parts

41 Mozafary, V., & Quiality prediction Clustering and Artificial Yield/Low quality prediction Prediction of product
Payvandy, P.(2014) Neural Networks quality

a4 Polczynski, M., & Identification of critical Regression, Classification, Knowledge of optimal Identification of critical
Kochanski, A. process parameters Clustering manufacturing settings process parameters
(2010)

44 Polczynski, M., & Prediction of effects of Regression, Classification, Knowledge of optimal Optimization of parameter
Kochanski, A. manufacturing process Clustering manufacturing settings settings
(2010) changes

a4 Polczynski, M., & Prediction of equipment Regression, Classification, Machine (component) Forecasting
Kochanski, A. breakdowns Clustering failure prediction machine/equipment failure
(2010)

a4 Polczynski, M., & Root Cause detection Regression, Classification, Root Cause analysis General Root cause analysis
Kochanski, A. Clustering
(2010)

48 Sanders, D., & Improved methods for Range of Artificial Knowledge of optimal Improved methods fora
Gegov, A.(2013) automation in the assembly Intelligence tools manufacturing settings specific process

49 Stockton, D., Khalil, Identification of the process Stepwise linear regression Cycle/lead time prediction Forecasting production
R., & Mukhongo, cycle time and symbolic knowledge cycle time
M. (2013) acquisition technology

50 Tirkel, 1. (2013) Flow time (cycle time) Classification (decision tree Cycle/lead time prediction Forecasting production

predictions and NN) cycle time

52 Vin, E., & Improved insight in Genetic algorithms Decision support Improved scheduling
Delchambre, A. scheduling options for decisions by insights
(2014) cellular manufacturing options and effects

55 Wouest, T., Irgens, Increase quality by Cluster analysis and Defect/low quality Product state diagnosis
C., & Thoben, K.-D. describing the product state | supervised machine classification
(2014) in each step learning

57 Yeh, C.-W,, Li,D.-C., Improved understanding of Classification by Neural Knowledge of optimal Knowledge of operational
& Zhang, Y.-R. the manufacturing process Networks and decision tree manufacturing settings process(es)
(2012) and interdependencies

58 Yeh, D.-Y., Cheng, Classification of product Classification (decision tree) Defect/low quality Classification of product
C.-H., & Hsiao, S.-C. quality classification quality
(2011)

58 Yeh, D.-Y., Cheng, Improve suggested Classification (decision tree) Knowledge of optimal Optimization of parameter
C.-H., & Hsiao, S.-C. parameter settings manufacturing settings settings
(2011)

60 Yu, Q.,, & Wang, K. Classification of product decision tree, artificial Defect/low quality Classification of product
(2013) quality neural network and support | classification quality

vector machines

61 Zapcevic, , & Support decision making for | Knowledge discovery for Decision support Insights in the effect of to-
Butala, .(2013) adaptive process control databases be-made decisions

63 Zhang, W., Gen, M., Improved process planning Evolutionary algorithms Decision support Improved scheduling

&lJo, ).(2014)

and scheduling

combined with hybrid
planning

decisions by insights
options and effects
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Appendix 6. The field expert survey 1 questions

Target audience

The target audience of the surveys are MES field experts. In orderto reach this group, the surveys
are created as an online form and posted in MES related LinkedIn discussion groups. Inthese groups
people are active who are working orare interestedin the field of MES. The targeted groups are:

- LinkedIngroup: MESA International (2.046 members)
- LinkedIn group: MES — Manufacturing Execution Systems (16.586 members)

Survey questions

The survey starts with classification questions forthe respondents. Thisis added to research if there
are differences between respondent groups. The classification questions are:

- Please classify yourself.
o Memberof ISA(-95)
Memberof MESA
User of a MES
(working for) MES vendor
Interestedin the field of MES
o Other:
- From what country are you?
o Openanswer
- Whatisyour age?
o 0-30yearsold
30 -40 yearsold
40 -50yearsold
50 - 60 yearsold
60 +yearsold

o O O O

o O O O

Next, the respondents are asked first to what extent they are familiar with MES related terms. They
couldansweron ascale from 1 to 5. The MES related termsasked are:

- The ANSI/ISA95

- The MESA Model

- MES functionality for Production management

- MES functionality for Maintenance management
- MES functionality for Quality management

- MES functionality for Inventory management

Then, the respondents are asked what about what they believe is used the most in practice. First
generally with area (production, maintenance, quality or inventory) and next for each of these areas
the individual information blocks.

Last, the respondents are asked what they believe Big Data will bring operations management. The

options respondents can chose from are both based on section 4.2 as Big Data expectation for the
MES Annual survey by Iskamp and Snoeij (2015).
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Appendix 7. The field expert survey 1 answers
General Information

e Answerswhere gathered during the time period: 24-12-2015 to 13-3-2016
e Thenumberof respondentsis 54

Classification of the respondents Age distribution of the respodents
7% 4% m (working for) MES vendor 35%
30%

30%

u User of a MES system 24%,

13% 25% 22%
' 43% = Member of MESA 20% R

m Other 15%

10% 7%
15% m Interested in the field of
MES 5% l
B Member of ISA(-95) 0%
19% 0-30vyearsold 30-40yearsold 40-50 yearsold 50- 60yearsold 60+ years old
Country distribution of respondents Amount of votes for most used Manufacturing
Operations Management Area

60

M India 50
40

m Netherlands 30

mUSA 20

| : =
159 " Belgium 0 | ]
m Germany Production Quality Inventory Maintenance Other

management  management  management  management
 Switzerland

W Other = Production management  ® Quality management
® |nventory management = Maintenance management

11% = Other

In the classification of respondents, the respondents who ticket the box ‘Other’ added the following
categories:

- MES Team leader

- SystemIntegrator

- MES Project Manager
- Consultant
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Familiarity of MES terms and topics

Average familiarity on a scale from 1 to 5

The The MESA
ANSI/ISA95 maodel

MES MES

MES

MES

functionality functionality functionality functionality
forinventory
production Maintenance management management

for for

management management

for Quality

These scores can be segmented among the groups.

MES MES

functionality | functionality | MES MES
The for for functionality | functionality
The MESA | production Maintenance | for Quality for inventory
Count [ ANSVISA95 | model | management | management | management | management
Average 54 4,09 3,61 4,43 4,20 4,44 4,30
0 - 30 years old 12 3,00 2,75 4,17 4,17 4,33 4,17
30 - 40 years old 16 4,13 3,06 4,19 3,94 4,38 4,25
40 -50years old 13 4,46 4,31 4,69 4,31 4,62 4,38
50 - 60 years old 9 4,56 4,33 4,56 4,56 4,56 4,56
60 + years old 4 5,00 4,50 5,00 4,25 4,25 4,00
(w orking for) MES vendor 23 4,35 3,74 4,57 4,17 4,52 4,26
User of a MES 10 3,10 2,30 3,60 3,70 4,30 4,00
Member of MESA 8 4,88 4,63 4,88 4,38 4,38 4,63
Interested in the field of MES 4 3,00 3,00 3,75 3,75 3,50 3,50
Member of ISA(-95) 2 5,00 5,00 5,00 5,00 5,00 5,00
Other 7 4,14 3,86 4,86 4,86 4,86 4,71
India 10 3,60 3,40 3,80 3,80 3,90 4,00
Netherlands 7 4,63 4,00 4,88 4,13 4,63 4,50
USA 7 3,88 3,63 4,25 4,13 4,00 4,00
Belgium 6 4,17 3,67 3,67 3,67 4,33 4,17
Germany 3 4,67 4,67 5,00 4,67 5,00 4,67
Sw itzerland 2 5 4,5 5 5 5 5
Belarus 1 4 2 5 5 5 5
Singapore 1 4 5 4 4 4 4
New Zealand 1 5 3 5 3 5 3
France 1 5 5 5 5 5 5
Qatar 1 5 1 5 4 5 5
UK 1 5 5 5 5 4 4
Tunisia 1 5 5 5 5 5 5
ftaly 1 3 2 5 5 5 4
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Czech Republic 1 4 1 5 5 5 5
Denmark 1 5 5 5 5 5 5
Israel 1 5 4 5 5 5 5
Greece 1 1 1 5 5 5 5
South Africa 1 4 4 4 4 4 4
Zenith 1 4 4 4 4 5 4
Indonesia 1 2 1 5 5 5 3
France 1 3 3 4 4 4 4
Unknow n 2 4 4 5 4 5 5

Informational items per Manufacturing Operations Management Area

Production Operations Management

Resource traceability (material, equipment, personnel &

forward and backward) 42 78%
Operational Equipment Efficiency (OEE) 41 76%
Work in Process (WIP) data 36 67%
Real-Time status of plant and production 35 65%
Resource/Equipment performance 31 57%
Production variability 30 56%
Resource/Equipment utilization 25 46%
Scheduledtime target performance 25 46%
Throughput 23 43%
Material compatibility & availability 22 41%
Production unitcycle times 22 41%
Root cause analysis 22 41%
Weightand dispense support 20 37%
Notification management 16 30%
Personnel tracking 14 26%
Tracking non-productive activities 12 22%
Other 9 17%
None of the above 2 4%

The items mentioned as ‘Other’ where: Data Integrity, yield waste and quality/ supplier contract
/support of logisticfeedback, Production planning, Product safety, Data Acquisition (measurements
etc.), thisisall dependent on the workflow, waste and rework, and IPCalarms.

Maintenance operations management

Downtime in proportionto operatingtime 33 61%
Status of equipment and maintenance schedule 32 59%
Percentage planned versus emergency maintenance 23 43%
Status of materials 23 43%
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Status of assets and maintenance schedule 16 30%
Status of maintenance personnel 7 13%
Other 5 9%
None of the above 3 6%

The items mentioned as ‘Other’ where: Status of orders, Electronic Batch Records, all dependenton
the workflow, status of batches/lots

Quality Operations Management

Quality variability and deviations 36 67%
Yield analysis 31 57%
Batch quality trend analysis 28 52%
Resource traceability analysis 25 46%
Quality indicator analysis 22 41%
Quality department/ operations cycle time 19 35%
Quality equipment utilization 17 31%
Quality resource utilization 13 24%
Other 5 9%
None of the above 3 6%

The items mentioned as ‘Other’ where: Seasonal quality analysis, SPC, SPCSix Sigma, Quality
traceability, al dependent on the workflow

Inventory Operations Management

Inventory movementtracking 34 63%
Received materials quality and time 28 52%
Inventory efficiency 24 44%
Inventory waste analysis 20 37%
Inventory resource usage 14 26%
Other 4 7%
None of the above 3 6%

The items mentioned as “Other’ where: Inventory turnover, finished good stock, shippingand
handlingincludinglogistics, carrying cost of inventory, al dependent of the workflow.
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Appendix 8. The field expert survey 2 questions

Target audience

The target audience of the surveys are MES field experts. In orderto reach this group, the surveys
are created as an online form and posted in MES related LinkedIn discussion groups. Inthese groups
people are active who are working orare interestedin the field of MES. The targeted groups are:

- LinkedIngroup: MESA International (2.046 members)
- LinkedIn group: MES — Manufacturing Execution Systems (16.586 members)

Survey questions

The survey starts with classification questions forthe respondents. Thisis added to research if there
are differences between respondent groups. The classification questions are:

- Please classify yourself.
o Memberof ISA(-95)
Memberof MESA
User of a MES
(working for) MES vendor
Interestedin the field of MES
o Other:
- From what country are you?
o Openanswer
- Whatisyour age?
o 0-30yearsold
30 -40 yearsold
40 -50yearsold
50 - 60 yearsold
60 +yearsold

o O O O

o O O O

Next, the respondents are asked to how familiaron a scale from 1 to 5 the respondents with big data
and data miningrelated topics.

Then, the informational items are asked. The respondents are asked to score the main informational
groupon a scalefrom1 to 5 for how useful andrelevant they predictit would be. After each main

informational item group, a question about the sub group items of that specificmain group is asked.
The respondents are asked which sub group they believe would be most useful and relevant.
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Appendix 9. The field expert survey 2 answers

e Answerswhere gathered duringthe time period: 23-2-2016 to 13-3-2016
e Thenumberof respondentsis 21

Classification of respondents Age distribution of respondents

20% 38% 38%

14% = A member of MESA

35%

0% = A member of ISA 30%

25%

5% = A User of MES
20%
= (working for) a vendor of 15% 14%
MES 10%
33% 10%

= Interested in the field of MES
5%

= Other 0%
0%

0-30vyearsold 30-40vyearsold 40- 50years old 50- 60yearsold 60+ years old

Country distribution of respondents Familiarity with Big Data and Data Mining related
topics
60% 57%
50%
m Belgium 40%
8% = Netherlands 29%
= USA 0%
14% = Other 20%
10%
10% 5%
. O
0% |
Not familair 1 2 3 4 Very familiar 5

The familiarity with big data and data mining related topicsis segmented among the group. The
results are presented below.

3,71
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30 - 40 yearsold 8 3,88
40 - 50 yearsold 8 3,75
50 - 60 yearsold 3 3,00
60 + yearsold 0 X

The score permain group isa score given forhow useful/relevant the mainitemisaccording to the
respondentonascalefrom 1to 5. Thisscore istranslated toa percentage. Per main group, the
respondents could choose which of the sub groups would be the most useful/ relevant. The amount
for ‘votes’ isalsotranslated to a percentage. The results are presented below.

Main

group Main group  Main informational Sub-Informational Item group Sub group Sub group
votes Percentage

average percentage  (purpose) group

Mon.|tor|ng of pa_xrameters 6 29%
4,10 82% Condition based monitorin settings and their effects
! ’ g Monitoring process conditions 14 67%
Monitoring tool wear 1 5%
Forecastinglead time 4 19%
3,62 72% Cycle/lead time prediction | Forecastingproductioncycle
. 17 81%
time
Im.pro_vedsche.dullng decisions 11 52%
. byinsights options and effects
3,67 73% Decision support - -
Insights inthe effect of to-be-
- 10 48%
made dedsions
Classification of product quality 4 19%
Defect/low qualit Detectionof a product with
4,14 83% /low quality \ & 16 76%
classification qualityfaults
Product state diagnosis 1 5%
Grading of (raw)materials 0 0%
Identification of critical process 12 579%
parameters
Improveddispatching rules 0 0%
4,24 859% Knowledge.ofoptlr.nal Improved methods for a s pecific 0 0%
manufacturing settings process
Knowledge of operational 6 299%
process(es)
Optllmlzat|on of parameter 3 149%
settings
Identification of characteristics
forlow yield (product quality 9 43%
failure)
371 749% Lc?w yle'lfi faFtors Ident|f|cat|or?ofcharacterlstlcs 6 299%
identification product quality
Suggestedimprovements for
nextgenerations basedon 6 29%
quallityfailure
Forecastingcomponent failure 5 24%
Fo.reca stingmachine/equipment 1 5%
failure
414 83% Machine (component) failure | Forecastingtool wear 0 0%
’ ° prediction Machine performance prediction 1 5%
Preventive mamtenancg 9 43%
schedule recommendations
Probability for machine failure 0 0%
3,62 72% Machine fault diagnostics tC:I;ZZ'ﬁcat'O” el 2 10%
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Diagnostics of machine failure 5 24%
Diagnostics ?fmachlne part wear 7 339
and correlations between parts
Ident|f|c.at|on.ofcharacterlstlcs 4 19%
of machine failure
Identification of machine failure 3 14%
Detection of abnormal process
. 10 48%
behavior
3,90 78% Patterns ca.us.lng process Identification of critical process 11 529%
variations parameters
Identification of process fault
P 0 0%
classes
Forecastmgof.manufactunng ) 10%
process behavior
3,33 67% Process performance Forecastingproduction process
’ ° prediction gp P 18 86%
performance
Prediction of system output 1 5%
Detectionof change pointsin
i ge pointsi 4 19%
control charts
General Root cause analysis 3 14%
Rqot cause analysis for process 4 19%
failure
414 83% Root Cause analysis Rootcau_se analysis for unnatural 0 0%
patternsinthe data
Root cause analysis of
nonconformitiesinthe 8 38%
production process
Root.cause analysis of product ) 10%
quality
Prediction of product qualit 16 76%
3,71 74% Yield/Lowqualityprediction - - .p d y =
Yield prediction 5 24%
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Appendix 10. Statistical tests for Root Cause Analysis

The results of the statistical test are grouped perfocus area. Firstthe population determination.
Next, the operations cracken, tightening and fine drilling are examined for Type X, supplier A.

Population determination

Seven engines types are found in the data. The errors only occur in the three biggest engine types.
The data of these three engine typesis combined and with a Chi-square testitis checked whether
the amount of errorsis significant different amongthe three types.

Case Processing Summary

Cases
Valid Missing Total
N Percent N Percent N Percent
Type * Category 35425 100,0% 0 0,0% 35425 100,0%
Type * Category Crosstabulation
Category
0 1 Total

Partnr Type X Count 3198 23 3221
% withinType 99,3% 0,7% 100,0%
% within Category 9,0% 37,7% 9,1%
% of Total 9,0% 0,1% 9,1%
Type Y Count 31645 29 31674
% withinType 99,9% 0,1% 100,0%
% within Category 89,5% 47,5% 89,4%
% of Total 89,3% 0,1% 89,4%
Type Z Count 521 9 530
% withinType 98,3% 1,7% 100,0%
% within Category 1,5% 14,8% 1,5%
% of Total 1,5% 0,0% 1,5%
Total Count 35364 61 35425
% withinType 99,8% 0,2% 100,0%
% within Category 100,0% 100,0% 100,0%
% of Total 99,8% 0,2% 100,0%
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Chi-Square Tests

Asymp. Sig. (2-
Value df sided)
Pearson Chi-Square 138,790° 2 ,000
Likelihood Ratio 70,227 2 ,000
N of Valid Cases 35425

a.lcells(16,7%)have expected countless than 5. The minimum expected
countis,91.

Symmetric Measures

Value Approx. Sig.

Nominal by Nominal Phi ,063 ,000
Cramer'sV ,063 ,000
N of Valid Cases 35425

It can be found thatthe amountof errors per group are significantly different per group.

Next the behaviouris checked. Forthe operation crackenitis analysed whetherthere is a significant
difference between the mean values of the three part numbers. In orderto conduct a meanvalue
comparison with a t-testthe assumption of normality is checked with Q-Q plots.

Normal 0-Q Flot of Crackforce_01 1. Mormal Q-G Plot of Crackforce_02 . Hormal Q-0 Flot of Crackforce_03 \somNormal @-Q Plot of Crackforce_04

o

Expected Normal Value
Expected Normal Value
Expected Normal Value
Expected Normal Value

" o ) . ) = & . v r .
Ghserved Value Observed Value Cbserved Value Gbserved Value

Nermal 00 Plot of Crackforce_06 Marmal 0-0 Plot of Crackforce_06 Normal 0-O Plot of Crackfores_07
- - ) o

Expacted Normal Val
Expected Normal Valus
Expacted Normsl Val

B

L) ) x % 3 5 E i
Observed Valus Observed Valus Observed Valus

It can be found thatthe distributions approach normality. The normal distribution is assumed and
the t-test for compare means can be executed.

The means of the three partnumbers are compared on pairs of two for the operation cracken. Next,
the two groups of suppliers are compared. For before the comparison the outliers are removed. The

valuesforcracken are standardized and all rows with a Z-value above 3 or below -3 are removed.
Last a correlationtestis performedto see whetherthe values are correlated among the caps.
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Mean comparisonType X versus Type Y

Group Statistics

Partnr N Mean Std. Deviation Std. Error Mean
Crackforce_01 Type X 3167 | 68,318440813703870| 8,416652250188170| ,149559964076704
Type Y 31367 | 81,344080613350630| 6,820618084080358| ,038511216748362
Crackforce_02 Type X 3167 | 66,634240530786270 | 7,566940594951237| ,134460986376877
Type Y 31367 | 75,010270965630180| 6,847971272332553| ,038665660898225
Crackforce_03 Type X 3167 | 65,187204339753660 | 6,979464448684928 | ,124021810714185
Type Y 31367 | 72,626897439408820| 7,099568288286503| ,040086251685629
Crackforce_04 Type X 3167 | 65,560083454689060 | 6,749005228912675| ,119926658436803
Type Y 31367 | 69,853632099973990| 6,606956939279617| ,037304823052557
Crackforce_05 Type X 3167 | 63,968813867698330| 6,317486515689713| ,112258773233799
Type Y 31367 | 69,535755822675270| 5,796877349357737| ,032730875312583
Crackforce_06 Type X 3167 | 61,745684907483440| 6,459781545901664 | ,114787289201215
Type Y 31367 | 68,060711977296880 | 5,841486041525686 | ,032982749115186
Crackforce_07 Type X 3167 | 71,980241838964550 | 7,523354499263883| ,133686481893209
Type Y 31367 | 79,537088183758510 [ 6,281830908070877| ,035469065808263
Independent Samples Test
LOHEnE Janances testfor Equality of Msans
55% Confidencs Interval ofthe
Wean O Difference
F sig t df | sig (2taled) | Diffrence | Difference Cower Uppar
Crackforce 01 aua) vatances 88,757 000 | -100087 | 34532 000 | -130256398 | 1301824418 | -13,2808016 | -12,7704730
Equal variances ot -84342 | 3508163 000 | -130256398 | 1544386502 | -13,3284358 | -12,7228438
Crackfores 02 Equal variznces 1,107 001 | -64g47 | 34532 000 | -8,37603043 | 1289676414 | -3.62881115 | -8,12324872
Eaual variances ot -50.867 | 3708688 000 | -8,37603043 | 1399099360 | -3.65033833 | -8,10172248
Crackforce 03 Equal variances 2,113 000 | -56290 | 34532 000 | 743989310 | 1321678829 | -7.60874839 | -7,18083981
Crackforce_06 gg:s,',:sgames 1,785 182 | -57,308 34532 000 | -6,31502707 | 1100218826 | 653067340 | -6,00938065
Eg:s;’:gam”m 52876 | 3707820 000 | -6,31502707 | 1194319108 | 654818577 | -6,08086837
Crackorce 07 aua vatances 50,877 000 | -63272 | 34532 000 | 755684834 | 1194341398 | -7.79084108 | -7,32275130
Eaua) variances not -54636 | 3625593 000 | 755684834 | 1383117134 | -7,82802285 | -7,28566934

The means of all seven caps are significantly different between Type Xand Type Y. All witha
significance value of 0,000.
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Mean comparisonType X versus Type Z

Group Statistics

Partnr N Mean Std. Deviation Std. Error Mean
Crackforce_01 Type X 3167 | 68,318440813703870| 8,416652250188170| ,149559964076704
Type Z 521 [ 75,961005011516290| 9,562671217646567| ,418948232517310
Crackforce_02 Type X 3167 | 66,634240530786270 | 7,566940594951237| ,134460986376877
Type Z 521 | 75,267008341650720| 6,075398804031182| ,266168054182360
Crackforce_03 Type X 3167 | 65,187204339753660 | 6,979464448684928 | ,124021810714185
Type Z 521 | 73,125037518234180| 5,890110684587889| ,258050434285110
Crackforce_04 Type X 3167 | 65,560083454689060 | 6,749005228912675| ,119926658436803
Type Z 521 | 74,631352385796420| 6,843601873288786| ,299823641701247
Crackforce_05 Type X 3167 | 63,968813867698330| 6,317486515689713| ,112258773233799
Type Z 521 [ 68,370855719769700| 6,075851883794183| ,266187903967172
Crackforce_06 Type X 3167 | 61,745684907483440| 6,459781545901664 | ,114787289201215
Type Z 521 | 65,483810809980770| 5,775418886009571| ,253025695359657
Crackforce_07 Type X 3167 | 71,980241838964550 | 7,523354499263883| ,133686481893209
Type Z 521 75,502011276391490| 8,824364230115116| ,386602416119201
Independent Samples Test
LR et ttest for Equality of Mzans
35% Confidence nterval ofthe
Mean st Error Differsnce
F sig t df | Sig (2tailsd) | Differsnce Difference Cower Upper
Gracklorce 01 Equal variances 28,683 000 | 18,824 3686 000 | 764256420 | 4059983019 | -5,43856763 | -6,34656077
Edual variances ol 47180 | 659,226 000 | 764256420 | 4448435729 | -B.51604527 | -6,76908312
Crackforce 02 Equalvariances 4283 038 | 24760 3686 000 | -363276781 | 3486615689 | -0,31635638 | -7,04917823
Ez:m:yamsnm .28,049 | 810,603 000 | -863276781 | 2082032605 | -0,21810047 | -6,04742615
Crackforee_03 E::S‘r::yams 1,499 291 | 24560 3686 000 | -7,.0378338 | 3232021850 | -8,57150500 | -7,30416046
Crackfores_04 Eg:i‘r::ga”ws 1,981 026 | -28373 3686 000 | -8,07126893 | 3197093823 | -069800363 | -B 44444423
Edual variances ol -28,091 | 696,774 000 | -5,07126883 | 3229189055 | -5,70527966 | -8,43725620
Crackforce 05 Equalvariances 3288 o071 | 14817 3686 000 | -44D204185 | 2070886402 | -4,98451615 | -3,81956755
Edua vartances not 45238 | 717,688 000 | -44D204185 | 2888910390 | -1,96921438 | -3,83436932
Cracklorce 06 Equa vartances 1136 287 | 2417 3686 000 | -373812580 | 3010472745 | 432836153 | -3,14788027
creer T 46,539 poo | -sses | 368 000 | 352176344 | IsacBasTA1 | 423737004 | -280616004
Edual variances ol -8,600 | 650,263 000 | -352176944 | 4090641303 | -4,32501856 | -2,71852332

The means of all seven caps are significantly different between Type Xand Type Z. All witha
significance value of 0,000.
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Mean comparisonType Yversus TypeZ

Group Statistics

Partnr N Mean Std. Deviation Std. Error Mean
Crackforce_01 Type Y 31367 | 81,344080613350630 ( 6,820618084080358 | ,038511216748362
Type Z 521 [ 75,961005011516290| 9,562671217646567| ,418948232517310
Crackforce_02 Type Y 31367 | 75,010270965630180 | 6,847971272332553| ,038665660898225
Type Z 521 | 75,267008341650720| 6,075398804031182| ,266168054182360
Crackforce_03 Type Y 31367 | 72,626897439408820 | 7,099568288286503| ,040086251685629
Type Z 521 | 73,125037518234180| 5,890110684587889| ,258050434285110
Crackforce_04 Type Y 31367 | 69,853632099973990| 6,606956939279617| ,037304823052557
Type Z 521 | 74,631352385796420| 6,843601873288786| ,299823641701247
Crackforce_05 Type Y 31367 | 69,535755822675270| 5,796877349357737| ,032730875312583
Type Z 521 [ 68,370855719769700| 6,075851883794183| ,266187903967172
Crackforce_06 Type Y 31367 | 68,060711977296880| 5,841486041525686| ,032982749115186
Type Z 521 | 65,483810809980770| 5,775418886009571| ,253025695359657
Crackforce_07 Type Y 31367 | 79,537088183758510 [ 6,281830908070877| ,035469065808263
Type Z 521 75,502011276391490| 8,824364230115116| ,386602416119201
Independent Samples Test
Covens's Test for Equaliy of
Variances Hestfor Equality of Means
35% Confidence Intenval ofthe
Wean St Exror Differsnce
F sig. t daf | Sig.(2-ailed) | Differsnce Diffzrence Cower Uppar
Edual variances el 12785 | 528824 000 | 5383075602 | 4207145533 | 4,556568679 | 6,200552525
Crackforee 02 Edua) vaances 1141 286 | -850 | 31836 395 | -268737376 | 3019707962 | -B48611541 | 3351367885
Egif‘mféim”m - 955 | 542,174 ,340 | - 258737376 | 2689618307 | -785072300 | 2715975484
Crackfores 03 Eaual variances 11,198 001 | 1592 | 31836 A11 | -498140079 | 3128121638 | -111126373 | 1149335756
Ealua varances not -1,908 | 545384 057 | -498140079 | 2611454273 | -101111408 | 0148339256
Edual variances el 15813 | 536223 000 | -477772029 | 3021355082 | -537123463 | -4,18420504
Crackforce_D5 E::S‘r::yams 4,084 026 4546 | 31886 000 | 1164900103 | 2562720046 | 6625072056 | 1667202010
s 4344 | 535001 000 | 1164900103 | 2681926741 | 6380821393 | 1691738086
Crackfores 06 Eaual variances 3653 056 | 9988 | 31836 000 | 2578901167 | 2579894612 | 2,071232080 | 3,082570254
Ealua varances not 10,089 | 537,819 000 | 2578901167 | 2551663462 | 2,075656300 | 3,078146025
Edual variances el 10384 | 528790 000 | 4035076807 | 3882260717 | 3,272422194 | 4797731621

The meansofcap 1, 4, 5, 6, and 7 are significantlydifferent with asignificance value of 0,000. Cap 2
and 3 are not significantly different with asignificance value of subsequently 0,340 and 0,111.
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Supplier A versus Supplier B

The means of both suppliers are compared. All seven parttypes are included in the data.

Group Statistics
Std. Error
Supplier N Mean Std. Deviation Mean
109001 Crack-kracht 01 syppiiera 3464 68,80388858 10,26449185 1744008160
Supplier 8 32453 81,56493189 8,057038325 0447247585
109002 Crack-kracht 02 ¢ jicra 3465 68,01944532 10,04307219 1706141178
SupplierB 32418 7507784745 7,978284046 0443114932
109003 Crack-kracht 03 5, 1iera 3463 66,55408802 9,726132047 1652775687
SupplierB 32419 72,71578544 8,210746438 ,0456018890
109004 Crack-kracht 04  suppliera 3461 66,71130238 9,210975786 1565686623
Supplier 8 32409 70,09086458 7,641640781 0424476648
109005 Crack-kracht 05 suppliera 3464 64 66442226 8,891061294 1510652809
Supplier8 32415 69,64785985 6,843963162 ,0380132192
109006 Crack-kracht 06 SupplierA 3462 62,36111068 8,810203463 1497346826
SupplierB 32419 68,20253131 6,973657726 ,0387311882
108007 Crack-kracht 07  syppliera 3462 7214066340 9,698552269 1648327024
SupplierB 32407 79,77366683 7,419924772 0412173520
Independent Samples Test
L e Hest for Equallty of Means
. o 5% Corfidance vl fthe
F sig. t o | Sig (2tailed) | Difiersnce | Diferance Cower Upper
108001 Cracklracht 01 Bava)vafances 52,821 000 | -85082 | 35915 000 | -12,7610433 | 1482780854 | -130516727 | -12,4704139
109002 Crackcleaeh 02 Eaalvarances g 000 | arms | aseen 000 | 705080213 | 14pessise | 7aameratr | 577113008
108003 Crack-racht 03 Eaualvarances 9,081 003 | -a1,183 | 3880 000 | -816180742 | 1496174812 | -5.45485210 | -538844275
Edualvarances not -35,938 | 4006,686 000 | -616160742 | 1714532211 | -g4e784111 | -582555374
109005 Crackcaachl 05 Eatalvarances 18078 000 | saaes | assrr 000 | -4ss3s3758 | 1269343803 | 523108670 | e 73581088
Eaualvarancesnot -31,991 | 3913761 000 | -4,98343759 | 1557745633 | -528884483 | -4 67803085
108006 Crack-lracht 06 Paua)variances 18,907 000 | -45586 | 36879 000 | -584142083 | 1282240226 | -5,08274350 | -558008777

The means of all seven caps are significantly different between supplier Aand B. All witha

significance value of 0,000.
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Correlation testamong the caps

Correlations
Crackforce_0 Crackforce_0 Craclforce_0 Crackforce_0 Craclkforce_0 Crackforce_0 Crackforce_0
1 2 3 4 5 3 7
Crackforce_01  Pearson Correlation 1 814" 745" 678" B30 6107 6937
Sig. (2-tailed) oo ,ooo 000 000 000 000
M 35675 35675 35675 35675 35675 35675 35675
Crackforce_02  Pearson Correlation 814" 1 07" FITh 7517 739" B77
Sig. (2-tailed) ,ooo ,ooo 000 ,ooo 000 oo
M 35675 36675 35675 35675 35675 35675 35675
Crackforce_03  Pearson Correlation 748 07 1 BT 767 FETA 645
Sig. (2-tailed) ,ooo oo 000 ,ooo 000 oo
M 35675 35675 35675 35675 35675 35675 35675
Crackforce_04  Pearson Correlation 678 It eI 1 768" KR 626
Sig. (2-tailed) 000 000 000 ,0oo0 000 000
M 35675 35675 35675 35675 35675 35675 35675
Crackforce_05  Pearson Correlation 630 7517 767 768" 1 g90” 765
Sig. (2-tailed) ,ooo oo ,ooo 000 000 oo
I 35675 35675 35675 35675 35675 35675 35675
Crackforce_06  Pearson Correlation 107 739" 737 727 890" 1 7917
Sig. (2-tailed) ,ooo oo ,ooo 000 ,ooo oo
M 35675 35675 35675 35675 35675 35675 35675
Crackforce_07  Pearson Correlation 693" BT 645 626 765 7917 1
Sig. (2-tailed) 000 000 000 000 ,0oo ,0oa
M 35675 35675 35675 35675 35675 35675 35675

** Correlation is significant atthe 0.01 level (2-tailed).

The crack force per cap are significantly correlated amongthe caps. This makes sense as theyall are
fromthe same casting block.

In the nextsection, afocusisapplied on engine Type X and Supplier A. Also outliers with aZ-value
greaterthan 3 or lowerthan -3 are removed.

Cracken

It isanalyzed whetherengines with an errorare significantly different from engines without an error.
Engines withoutanerrorare group A and engines withan errorare group B.

Firsta testfornormality with Q-Qplots
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The Q-Q plots do deviate slightlyfrom the normal distribution line, but assumption of normalityis
possible. The t-test formeans comparisonis executed.
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Group Statistics

Std. Error
Category? M Mean Std. Deviation Mean

108001 Crack-kracht01 A 2845 6714663031 6821700259 257042571

B 23 68,02600857 6027606052 1,266842753

108002 Crack-kracht02 A 2845 66,00744738 6727506158 1239685316

B 23 66 50708074 5,328007663 1111362573

108003 Crack-kracht03 A 2843 G4 83136240 6721332782 J1238968507

B 23 6558890074 5320879945 1,111356804

108004 Crack-kracht04 A 2840 64 81857000 5875484344 083602525

B 23 65,37130604 4 961915611 1,034630926

108005 Crack-kracht05 A 2842 63,44984150 5973756611 1101352115

B 23 £3,82685135 5020732805 1,046855155

108006 Crack-kracht06 A 28349 6118127516 £,8026603749 070353811

B 23 62,25055196 50414885951 1,051223115

108007 Crack-kracht 07 A 2840 71,08943191 6,590828870 2165315926

B 23 72616591374 £,848881402 1,219676078

Independent Samples Test
Tevene's Tastior Equaliy of
Variances Hest for Equallty of Means
35% Confidence Interval o e
Wean A Differance
F Sig. t df | Sig (2ailed) | Differencs | Differencs Tower Upper

108001 Crackkracht 01 aua) vartances 374 541 816 | 2068 538 | 878378253 | 1426804821 | -367600505 | 1,919249456
109002 Crackchiachl 02 Eaualvarfances P 2 | o 2058 11 | a00ma3a6a | 1405303175 | 3re707218 | 23477esans
Edual vartances not -386 | 22551 718 | -400843364 | 1118255322 | 272648285 | 1,906196122
109004 Crack-kracht 04 =aual vartances 246 620 | 388 | 2081 713 | -452738038 | 1228504885 | -286172248 | 1,956250398
aEg;‘jln::‘games nt -435 22485 (668 | -452736039 | 1,040289911 | -2,60746881 | 1,701996836
09005 Craciciaeht 05 Eaualvarfances o wsa | amn | 2e 703 | arronsnad | 124510051 | -2p2622108 | 2072201368
Edual vartances not -358 | 22480 724 | -377009844 | 1052672427 | 255736636 | 1,303346670
103008 Crackkracht 06 2aual vartances 023 878 | -8t 2060 378 | -1,08927680 | 1,213556386 | -3 44877680 | 1,310222999
108007 Crackckiachl 07 =aual vartances 12 g3 | 1107 | 2981 268 | 152648183 | 1378558518 | -422051178 | 1,176548122
Edual vartances not 4245 | 22439 226 | -1,52648183 | 1225618615 | -4,06537763 | 1,012413960

The crack force on a cap is not significantly different between engines with and engines without an

error forall caps.

Tightening

It isanalyzed whetherengines with an errorare significantly different from engines without an error.
Engineswithoutan errorare group A and engines with an error are group B.

Firsta testfornormality with Q-Qplots. First forthe tightening moment (Schroefmoment)and
second forthe degree of rotation (verschroevingshoek)
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Tightening moment:
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Degrees of rotation:
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From these Q-Qplotstheitcan be found thatthe plots approach the line of normality. Therefore a
normal distribution can be assumed and the t-test for compare means can be executed.
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Group Statistics

Category 2 N Mean Std. Deviation | Std. Error Mean
109008 Schroefmoment01 A 3161 331,149 22,7844 ,4053
B 22 339,136 19,8477 4,2316
109009 Schroefmoment02 A 3161 339,063 21,8452 ,3885
B 22| 352,500 20,3651 4,3419
109010 Schroefmoment03 A 3161 330,621 22,3584 3977
B 22 337,409 20,4582 4,3617
109011 Schroefmoment04 A 3161 340,756 21,7703 ,3872
B 22 349,773 19,8012 4,2216
109012 Schroefmoment05 A 3160 328,902 22,0843 ,3929
B 22 333,727 20,0741 4,2798
109013 Schroefmoment06 A 3160 338,488 21,2913 ,3788
B 22 349,955 21,9295 4,6754
109014 Schroefmoment07 A 3162 330,114 22,5375 ,4008
B 22| 335,955 26,0978 5,5641
109015 Schroefmoment08 A 3162 339,018 21,6591 ,3852
B 22 347,455 22,5129 4,7998
109016 Schroefmoment09 A 3161 329,790 22,0111 ,3915
B 22| 339,091 18,6443 3,9750
109017 Schroefmoment10 A 3161 338,242 21,5863 ,3839
B 22 347,318 19,0423 4,0598
109018 Schroefmoment1l A 3159 330,750 21,5245 ,3830
B 22| 340,636 23,7838 5,0707
109019 Schroefmoment12 A 3159 339,091 20,8447 ,3709
B 22| 346,955 18,9296 4,0358
109020 Schroefmoment13 A 3159 | 330,765 21,6335 ,3849
B 23| 334,043 19,8666 4,1425
109021 Schroefmoment14 A 3159 | 336,896 20,9538 3728
B 23| 345435 20,8039 4,3379
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Independent Samples Test

Levene's Test for Equality of
Variances test for Equality of Means
95% Confidence Interval of the
Mean Std. Error Difference
F Sig. t df Sig. (2-tailed) Difference Difference Lower Upper

:]109003 SERrBemmoment Eg:ﬁx:ames 1,910 167 | 1,640 3181 101 -7,9872 48706 17,5371 1,5627
Equalvaniances nol 1,879 | 21387 074 79872 42509 168177 8433

io%00aehiosmoment; - -Eaualvarances 164 685 | -2876 3181 004 13,4370 46716 -22,5967 42774
il 3082 | 21338 006 13,4370 4,3592 -22,4938 -4,3803

1300108 chrosfmoment:.  “Equal variances 333 564 | 1420 3181 156 -6,7876 4,7808 16,1614 2,5862
Eg:j:g’;:ams it 1550 | 21,381 136 -6,7876 43798 15,8868 23116

10901 Schtosfmoment.  =qtalariances 688 407 | 1837 | 3181 083 -9,0186 48549 -18,1436 1103
Eg:j:,;’;jams nt 2127 | 21,355 045 -9,0166 42394 17,8240 -2093

A2 Rememaent Eg:s:::games 1,974 160 | -1,022 3180 307 -4,8257 47220 14,0842 44328
Eg:ﬁ;’;gams not 4123 | 21,355 274 -4,8257 4,2978 13,7544 41030

1900139 ORmamEnt;  cEdusivsrances 031 861 | -2517 3180 012 11,4867 4,560 -20,3997 -2,5337
Eg:sm’;zams ot 2445 | 21277 023 11,4667 4,6907 -21,2139 1,7196

139014 Schroefmoment:.  “Equalvanances 207 649 | -1210 3182 226 -5,8407 48271 15,3053 36239
“qualyarances not 1,047 | 21,218 307 -5,8407 55785 17,4345 57631

199015 Schroemament.  sEalalvarancas 060 806 | 1820 3182 069 -8,4365 46350 17,5244 6514
Eoualyaraneesol 4752 | 2127 094 -8,4365 48152 18,4425 1,5695

839016 SERroefmpment Eg:jg;:ams 2576 109 | 1977 3181 048 -9,3010 47047 18,5255 - 0764
£aual varances ol 2320 | 21,409 030 -3,3010 3,9942 17,5977 -1,0042

10907 SRR mament Eg:j:a’;ﬂa"ws 1,688 194 | 1967 3181 049 -9,0763 46148 18,1247 -0280
Eg;’jmgames not 2226 | 21,377 037 -9,0763 40779 17,5478 - 6049

109018 Schroefmoment Sg:j:g’;ﬂames 406 524 | 2145 3179 032 -9,8866 4,6084 18,9223 - 8509
S9uslvalences 1844 | 21240 065 -9,8866 50852 -20,4545 6813

1?9019 Sehrcefmoment Eg:m:;ames 1372 242 | 17684 3179 078 -7,8631 44570 16,6019 8758
EQuLaspcesat 1,940 | 21,356 066 -7,8631 4,0528 16,2828 5567

198020 aehrogfmomant Eg:s::::ames 1,618 203 -725 3180 469 -3,2788 45248 12,1507 5,5930
Equalvaniances nol 788 | 22,382 439 -3,2788 41603 11,8983 53406

19902k8ehiosmoment;  -Raualvarances 504 478 | 1947 3180 052 -8,5391 43848 17,1365 0583
Eg;‘jﬁg;{,‘a“”s s 1961 | 22,326 062 -8,5391 43539 17,5609 4827
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Group Statistics

Category 2 N Mean Std. Deviation Std. Error Mean
109022 Verschroevingshoek A 3161 94,230838342296980 | 15,022382909655242 ( ,267193925030146
01 B 22| 98,436818181818180 | 14,532443633655282 | 3,098327393092836
109023 Verschroevingshoek A 3161| 97,311913951281470 | 13,078963793617099 | ,232627519372952
02 B 22| 106,064545454545450 | 12,237876693856085 | 2,609124077801747
109024 Verschroevingshoek A 3161| 93,900161341347830 | 14,936529723984757 | ,265666906993554
03 B 22| 97,949545454545440 | 12,486083864036000 | 2,662042024288704
109025 Verschroevingshoek A 3161| 98,482644732679660 | 13,072260755005184 | ,232508296530137
04 B 22| 104,263181818181820 | 11,622039156526887 | 2,477827073684487
109026 Verschroevingshoek A 3160 | 92,973920886075970 | 14,924544871035152  ,265495738605305
05 B 22| 96,708636363636340 | 15,684401500627960 | 3,343925635542892
109027 Verschroevingshoek A 3160 97,589591772151800 | 12,982125709860613 | ,230941652411495
06 B 22| 104,923181818181820| 13,169088765656825 | 2,807659158588657
109028 Verschroevingshoek A 3162 | 93,341446869070140 | 14,946038814993043( ,265793999988486
07 B 22| 99,477727272727310 | 17,084205719463096 | 3,642364897756149
109029 Verschroevingshoek A 3162| 97,686231815306950 | 13,179563921661511 | ,234379761500973
08 B 22| 103,233181818181820 | 15,372350375287644 | 3,277396112080762
109030 Verschroevingshoek A 3161| 93,350218285352820 | 14,640121872216444 | ,260394882055831
09 B 22| 99,861818181818170 | 10,456319409066245 | 2,229294788455996
109031 Verschroevingshoek A 3161 97,501175260993620 | 13,072586960681900 ( ,232514098550738
10 B 22(102,478181818181820| 11,350132634577921 | 2,419856408423205
109032 Verschroevingshoek A 3159 93,772139917695400 | 14,354749208972107 ( ,255399943240860
11 B 22| 99,694090909090900 | 14,723208326309633 | 3,138998562222102
109033 Verschroevingshoek A 3159 98,016139601139710 | 12,745886464011160  ,226775029787929
12 B 22| 102,834545454545460 | 11,362578399236150 | 2,422509854363933
109034 Verschroevingshoek A 3159 | 94,136198163975990 | 14,599574537468417 | ,259755879669397
13 B 23| 94,440434782608680 | 12,787541692195740 | 2,666386763178609
109035 Verschroevingshoek A 3159 | 96,194441278885960 | 13,022478349571596 | ,231696157342624
14 B 23| 101,445652173913060 | 12,632987419697889 | 2,634159969608702
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Independent Samples Test

Levene's Test for Equality of
Variances ttestfor Equality of Means
95% Confidence Interval of the
Mean Std. Error Difference
F Sig. t dr Sig. (2-tailed) Difference Difference Lower Upper

;I/glgsoczhzluevmgshnek 01 Eg:j:::games 1,000 297 -1,300 3181 AE -4,20587984 3,213228106 -10,5061884 2,004228725
zsq;ls:.:;;ianws ot -1,352 21,314 180 -4,20597984 3,109827202 -10,6674321 2,255472372

:/glgﬁ:ucih?ﬂevingshnek 02 Eg:j:::games 057 a1 -3,129 3181 002 -8,75263150 2,796981194 -14 2367006 -3,26856243
:g:j:-::gances et -3.341 21,335 003 -8,75263150 2,619473996 -14,1949194 -3,31034362

:/glgsucihﬁtueviﬂgshuek 03 Eggjgsgames 1,445 229 -1,268 3181 205 -4,04938411 3,192362691 -10,3086816 2,208913423
Egij:-::games not -1,514 21,420 145 -4,04938411 2675265715 -9,60626302 1,507494794

:/glgsuczhfuevingshuek 04 Eg;‘s:::gances 1,448 229 -2,088 3181 039 -5,78053709 2,764781795 -11,2602546 -, 300819613
Eg:j:-::games not -2,323 2137 030 -5,78053709 2,488711938 -10,9506253 - 610448875

:/gfsuczhﬁloevingshoek 05 Eg;‘s:.:zélanmas 158 693 -1,189 3180 242 -3,73471548 3164081444 -0,90738374 2,527952784
Eggj:-::gances not -1113 21,266 278 -3,73471548 3,354448784 -10,7053725 3,2359M529

:/gfsnczhioevingshoek 05 Eg;‘s:.:zéianmas 045 833 -2,640 3180 .ooe -7,33359005 2777682566 -12,7798208 -1,88735934
Eg:j:::,;iames not -2,603 21,285 016 -7,33359005 2817141104 -131873810 -1,47979912

:fgf:czhgloevingshoek 07 zsq;ls:.:;;ianws 152 697 -1,917 3182 055 -6,13628040 3,200805472 -12.4121310 1395702266
Eg:j:::games not -1,680 21,224 Joe -6,13628040 3,652049504 -13,7262508 1,453690124

:fglgsoczhgloevingshoek 08 :Sq:j:.:géiances 183 669 -1,965 3182 050 -5,54695000 2,823002238 -11,0820381 - 011861872
Eggjgsgames not -1,688 21,215 06 -6,64695000 3,2B5766143 -12,3758540 1,281953867

;Ifglgsocaholoevmgshoek 09 :gij:.::games 2,838 092 -2,082 3181 037 -6,51159990 3,127058568 -12,6428550 -, 360344810
Eg;‘s:::gances not -2,901 21,677 008 -6,51159800 2,244451102 -1 1716041 -1,85159571

;Ifglgsocariloevmgshoekw :gij:.::games 1,269 ,260 -1,781 3181 075 -4,97700656 2,794493490 -10,4561880 5021848463
Eg;‘s:.:zélanmas not -2,047 21,390 053 -4,97700858 2,431001408 -10,0269504 0728373181

;I/glssocahzlnevmgshnekﬂ Eggj:.::giances 000 989 -1,828 3179 054 -5,92185009 3,071608506 -11,9444860 ,1005840462
Eg;‘s:.:zéianmas ot -1,880 21,279 074 -5,92195099 3149371541 -12 4662036 6223016108

;I/glgsocahfﬂevmgshnek12 Eg:j:::games 1,634 201 -1,768 3179 077 -4,81840585 2,725028592 -10,1613980 6245863001
ESQ;JSL’:'Z!EHCES ot -1,980 21,370 061 -4,81840585 2,433101089 -0,87299238 2361806745

:/glgﬁiuﬁah‘:ﬂevingshnek13 Eg:j:::games 3,017 083 -100 3180 a1 - 304236619 3,052822156 -6,28993635 5681463108
:Sq:jlrl.::éiances not - 114 22,420 a1 -, 304236619 2,679009423 -5,85414018 5,245666944

:/glgsucahﬁluevingshuek14 Eggjgsgames 1431 232 -1,927 3180 054 -6,25121090 2,724686017 -10,5935307 0911089373
Egij:-::games not -1,886 22,342 059 -5,25121080 2,644330133 -10,7303568 ,2279340942

The means are significantly different between good engines and errorengines for:

Tightening moment (schroefmoment)of cap: 2, 4, 6,9 and 10

Degrees of rotation (verschroevingshoek) of cap: 2, 4, 6 and 9

For the other caps the difference in not significant between the means of the good enginesand the
error engines.
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Fine Drilling

It isanalyzed whetherengines with an errorare significantly different from engines withoutan error.

Engineswithoutan errorare group A and engines with an errorare group B.

Firsta testfornormality with Q-Qplots.
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From these Q-Qplotstheitcan be foundthat the plots approach the line of normality. Therefore a
normal distribution can be assumed and the t-test for compare means can be executed.

Group Statistics
Std. Error
Category2 N Mean Std. Deviation Mean
110001 Diameter A 1880 | 131,0126270 | ,0038743445 | 0000893551
01 B 15 | 131,0119167 | 0042401847 | ,0010948110
110002 Diameter A 1880 | 131,0143912 | ,0030599573 | 0000705727
02 B 15 | 131,0143333 | 0030075302 | ,0007765410
110003 Diameter A 1880 | 131,0125665 | ,0035473618 | ,0000818138
03 B 15 | 131,0124933 | 0037935032 | ,0009794783
110004 Diameter A 1880 | 131,0118682 | ,0029088493 | 0000670876
04 B 15 | 131,0111733 | 0036008861 | ,0009297448
110005 Diameter A 1880 | 131,0112804 | ,0032562445 | 0000750997
05 B 15 | 131,0085967 | 0035247323 | ,0009100820
110006 Diameter 131/0. A 1880 | 131,0117326 | ,0036562820 | 0000843259
02506 B 15 | 131,0114200 | 0038519383 | ,0009945662
110007 Diameter 131/0. A 1880 | 131,0110775 | ,0036518555 | 0000842238
02507 B 15 | 131,0080067 | 0042368227 | ,0010939429
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Independent Samples Test

Levene's Test for Equality of

Variances ttest for Equality of Means
95% Confidence Interval of the
Mean Std. Error Difference
F Sig. t df Sig. (2-tailed) Difference Difference Lower Upper
110001 Di i Equal vari
fameter oS 003 956 707 1893 480 | 0007103399 | 0010050685 | -001260819 | 0026814982
Equal variances not
assumed 647 | 14187 528 | 0007103399 | 0010984514 | -001642692 | 0030633717
110002 Di i Equal vari
o ameE e 0o 918 073 1893 942 | 0000578844 | 0007931236 | -001497604 | 0016133725
Equal variances not
assumed 074 | 14232 942 | 0000578844 | 0007797412 | 001611938 | 0017277067
110003 Di i Equal vari
fametet e 136 2 080 1893 437 | 0000731733 | 0009200597 | -001731264 | 0018776109
Equal variances not
e 074 | 14196 942 | 0000731733 | 0009828892 | -002032187 | 0021785333
110004 Diamete Equal variances
ametet e 824 364 920 | 1803 358 | 0006948793 | 0007555351 | -000786890 | 0021766482
Equal variances not
R 745 | 14146 468 | 0006948793 | 0009321621 | -001302473 | 0026922318
110005 Diameter Equal variances
' R 7 732 | 377 | 1803 002 | 0026837028 | 0008445419 | 0010271759 | 0043402297
Equal variances not 2,439 14,191 011 0026837028 0008131753 | 0007276106 00463975948
assumed
110005 Diameter E:::L::Llantes om a3 330 18493 T42 00031255483 0008481917 -,001547051 0021721648
Equal variances not
assumed A3 14,202 759 00031255483 0008881346 -,001825373 0024504520
110007 Diameter Equal variances 130 J18 3,240 18493 Rili}] 0030708487 0008478697 0012118686 0049298277
o7 assumed
| (| it
E::sm‘:;ances ne 2,799 14,166 014 0030708487 0010871804 0007202223 0054214750

The means for the operation fine drilling are significantly different between good engines and error
enginesforcapnumber5 and 7. For the other cap numbersthe difference is n ot significant.
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Appendix 11. Data analysis for all hypotheses

In this section the dataanalysis per hypothesisis discussed.

Hypothesis 1: Errorsin caps arise more often in a specific engine type and/or supplier

In total 87 engines with an errorin a cap where detected in 2015. From these 36 raised at type X, 37
at type Y and 14 at type Z. The engines with errors are traced in the MES data in order to find the
corresponding supplier. 61 engines where found and mapped per type and supplier. This is
represented in Figure 21 Error engines per engine types and supplier. Here F = number of
false/errors engines and T = the total amount of engines.

% Supplier A Supplier B
Engine Type
F: 23 . F:0
3180 0.72% T2as  0:00%
F:0 F: 29 g
to  000% | r3e00 007
raor 100% | T 0.00%

Figure 21 Error engines per engine types and supplier.

It can be foundthatthe errors occur at both suppliersandinall three engines types. The hypothesis
istherefore rejected.

Hypothesis 2: Errorsincaps are always presentin a specific engine cap number

The errors occur at the caps of the engines. Usually at only one, but sometimes at two or more caps.
Per cap numbers the amount of engines with an error on that cap number are counted per engines
type. This is done for each engine type. Not for all engines with errors the error location was saved,
therefore that total differ from the total found in hypothesis 1. The errors occur in almost all caps,
only never cap 7. The results can be found in Table 20 amount of engines with an error detected on
a specificcap. The hypothesisisrejected.

Table 20 amount of engines with an error detected on a specific cap

Cap number Type X Type Y Type Z
1 6 0
2

o W w ww
O OO0 -, N K-

=
o

Hypothesis 3: Errorsin caps occur during specific periodintime

The engines errors per engine type are mapped during the year. The engine errors are counted per
week. In Figure 22 the result is presented. It can be found that the errors occur during the whole
year. It is interesting that during the summer only engines of Type Y occur. The Type Z engines only
occur at the end of the year. However, this is due to the fact that the part number for this engine
type only exist at the end of the year. The hypothesis is not confirmed as the errors occur during the
whole year. However the summer is and interesting period, which does not directly lead to rejecting
the hypothesis.
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Engine errors counted per week

2 ‘
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Figure 22 Engines errors during the year, counted per week

Hypothesis 4: When thereis an error ina cap, the processing time is longer

For the processing time the data and time stamp of each cap operation is needed. The time between
the first and the last operations on an engine is the processing time. When exporting the MES data,
the data and timestamp get random formats. This leads to a lot of manual work when performing
this analysis. Therefore, the analysis is conducted on a data sample of two months. If there are large
differencesto observe, an analysis of afull year could be considered.

The data is split in two group. All engines that where produced ‘good’ and all engines with errors.
The outliers in processing time where removed. For fine drilling all data and time stamps where the
same for an engines and therefore the processing time could not be calculated. The results are
presented in Figure 23. It can be found that the differences in processing time are very small. Also
the processing time of the error engines are within the variation of the good engines. A year analysis
isnot needed. The hypothesisis rejected.

Processing time of operations
0:12:58
0:11:31
0:10:05
0:08:38
0:07:12
0:05:46
0:04:19
L e
0:02:53
0:01:26
0:00:00
Cracken good Cracken error Tightening good Tightening erros

Figure 23 Processing time analysis

For the next part the analysis will focus on a specific engine type and a specific supplier. The Type X
engine of Supplier A is chosen. This is chosen because the relative amount of error engines is higher
than the Type Y engines and the absolute amount of error enginesis 2,5 times biggerthan type Z.

Hypothesis 5: Engines with an error in a cap have had a higher force when in the operation
cracken

The datais of Type X and supplier A is used for this analysis. The average values for cracken per cap
cap numberis plottedina graph presentedin Figure 24.
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Figure 24 Crack force analysis

A difference can be observed. In order to check the variance and spread of the crack force, boxplots
where created. Again on the left the good engines and on the right the engines with an error. Again
a small difference can be observed. The results are also presented in Figure 24.In order to check
whether this difference is significant, the means are compared by making use of a t-test in SPSS for
which the results can be found in Appendix 10.The differences are not significant. And the
hypothesisistherefore rejected.

Hypothesis 6: When there is an error in the cap, the bolt will need more rotations and has
more force applied on it.

The data is of Type X and supplier A is used for this analysis. First the average values for each
measurementitemis plotted. Thisis presentedin Figure 25.
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Figure 25 General analysis tightening measurements

Is can be observed that there is a saw-pattern in the graphs. All even values are higher than the odd
values. This could indicate a difference in left and right as cap one has bolt 1and 2, cap two has bolt
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3and 4 and so forth. When splitting the data into even and odd numbers, the pattern disappears as
can be foundin Figure 26 and Figure 27.
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Figure 27 Values for tightening rotation

To furtherresearch the differences between the good engines and the engines with errored caps,
boxplots are created. These are presented in Figure 28.
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Figure 28 Boxplots for tightening
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The differences are again researched whether they are significant by comparing the means by
making use of the t-test in SPSS which can be found in Appendix 10. The results are presented in
Table 21. Novariances where significant different.

Table 21 Significant differences between the means of good engines and error engines

Rotation = Moment ‘ Rotation = Moment
X X Bolt 1 Bolt 2 Sign Sign Cap1l 1
X X Bolt 3 Bolt 4 Sign X Cap 2 2
X X Bolt 5 Bolt 6 Sign Sign Cap3 10
X X Bolt 7 Bolt 8 Sign X Cap 4 6
Sign Sign Bolt 9 Bolt 10 X Sign Cap 5 1
X Sign Bolt11 Bolt 12 X X Cap 6 5
X X Bolt 13 Bolt 14 X X Cap 7 0

It can be found that for some bolt numbers there are significant differences between the means. For
example bolt number 6 is significantly different for engines with errors compared to good engines.
Also in the corresponding cap number, there are many errors. However, in cap 5it can be found that
four out of three values are significant different for engines with errors compared to good caps,
though there are no actual errors found on cap 5. Further research to the differences between left

and right might generate interesting insights. Especially setting up an experiment on which side most
errors are found (left of right) would be interesting.

The hypothesisis notrejected but notconfirmed as well. Additional researchis needed.

Hypothesis 7: When there is an errorin the cap, the cylinder measured in fine drilling is
smaller.

For this operation also the average values are research and box plots are created. These are
presentedin Figure 29.Figure 29 Boxplots forfine drilling
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Figure 29 Boxplots for fine drilling

The differences are again research in SPSS and the means are compared between the good engines
and the engines with errors with a t-means test which can be found in Appendix 10. Surprisingly the
means where different for caps 5 and 7. These are the caps with almost no, or no errors. An
explanation forthis would require furtherresearch. However, the hypothesisisrejected.
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Appendix 12. Example Dashboards

The valuesinthe dashboards are example values for confidentialityreasons.

Example dashboard 1

Dashboard MES Example — General Dashboard
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Example Dashboard 3
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Appendix 13. KNIME models

Decision tree model
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Random Forest model
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Probability Neural Network
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Support Vector Machines
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Appendix 14. Interview Information Matrices usability questions

Questions aboutthe Current MES Informational Matrix

1

Do you feel that the Current MES Informational Matrix reflects on reality and how you

experience MES?

Does it help with creating an overview of the informational abilities of a MES?

Do you feel that the Current MES Informational Matrix is useful to your company and in
what way?

Do you feel that the Current MES Informational Matrix is useful to any company and in
what way?

Questions about the proposed dashboards

5.

Do you feel that the proposed dashboards (of dashboards in general) help to getan
overview of the (most important) information and does it help with the production

management?

Questions about the Future MES Informational Matrix

6.

Do you feel that the Future MES Informational Matrix helps with gettinginsightsin the
advanced possibilities with MES data and help you prepare for the future?
Which informational elements from the Future MES Informational Matrix would be

most interesting for your company?

Questions about the Root Cause analysis

8. How do you reflect onthe Root Cause analysis conducted and presented at your

company, both the approach and the results?
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Appendix 15. Interview transcripts

Interview 1

Function: Project Manager PE Engines
Date and Time: 29-03-2016 10:00h

Questions about the Current MES Informational Matrix

1. Do you feel that the Current MES Informational Matrix reflects on reality and how you
experience MES?

Yes it conform what | would expect. There are no surprises in the informational items from which | would not
expect to be possibleto extract from a MES.

2. Does it help with creating an overview of the informational abilities of a MES?

As | am in the middle of a project which concerns developing a new MES for our company, | already have a lot
of knowledge of what is possible with MES. Therefore it does not bring any new information for me. The
ranking with what are important elements according the experts/industry is useful for us to be able to
benchmark our MES. This helps us in assessing whether we are complete and if we are missing important
elements.

For people within our company who are working less with MES it is also useful to have an overview of the
possibilities.

3. Do you feel that the Current MES Informational Matrix is useful to you company and in what
way?

As mentioned before, mostly as a benchmark a check whether we thought about everything in the new MES
project. It could give insights for adding elements or at least of thinking about each elements and deciding why
we should or should not add it.

4. Do you feel that the Current MES Informational Matrix is useful to any company and in what
way?

It could be useful for every (production) company with MES to have an overview of the informational
capabilities and the ranking of which are considered most useful/ important.

Questions about the proposed dashboards

5. Do you feel that the proposed dashboards (of dashboards in general) help to get an overview of
the (most important) information and does it help with the production management?

Yes these could be very useful indeed. We want to make more use of dashboards in our new MES as well.
However we chose not to add the dash boarding functionality to the MES itself but to link a business
intelligence tool to the MES. So the MES will provide the data, but the BI tool will present the dashboards and
do the analyses.

We believeitis very useful to proactively use the dashboards because when you only use them when thereis a
problem, you will always be too late. Itis important to determine which parameters are most importantand to
closely monitor these. This will be in multiple screen that will vary between general information and process
part specific information. Then we can monitor the process and see when it is getting near critical boundaries
sowe can proactively takeaction.

Questions about the Future MES Informational Matrix

6. Do you feel that the Future MES Informational Matrix helps with getting insights in the advanced
possibilities with MES data and help you prepare for the future?
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Is looks useful at first sight. We missed some important aspects of MES in our previous MES so this would help
to be prepared for the future and to what will be possible with MES data. It is important for us to learn from
what we missed in our former MES to prevent mistakes in our new MES. It is useful to know what is possible
according to literature though we are already far in the process of developing the new MES. Therefore it is a
bit too late for us to be highlyrelevantright now.

7. Which informational elements from the Future MES Informational Matrix would be most
interesting for your company?
e Identification of critical process parameters
e Knowledge of operational process(es)
e Root causeanalysis
e Detection of change points in control charts
e Monitoring process conditions (especiallyin assembly operations)
e Detection of abnormal process behavior
e Forecastproductioncycletime
e Predictprocess performance

Interview 2

Function: Senior PE Project Manager
Date and Time: 29-03-2016 11:00h

Questions about the Current MES Informational Matrix

1. Do you feel that the Current MES Informational Matrix reflects on reality and how you experience
MES?

Yes they it is conform what one could expect. | can relate more to some element names then others. Most
informational elements | would consider useful. [We go through the list and extra explanation for some items
is provided]. | believe for the root cause analysis it is always conducted by humans by extracting information
from a MES, for us by making use of Minitab. Material compatibility would be something | would measure on
the floor and not in MES. Also weight and dispense responds would only be useful when having a recycling
process for the waste or dispense. Tracking non-productive feels like over automatinga waste step.

2. Does it help with creating an overview of the informational abilities of a MES?

It is an overview but for me | would not use it. What information you extract from MES is always demand
driven and not driven by possibilities and a MES expert ranking. That something is ranked high according to
experts does not mean that we need it. It is always demand driven. For example we have a problem, in order
to solve that we need certain information and then we research whether our vendor or a different vendor can
provideit as a software tool/packageor that they can custom buildit(dependent of the costs off course).

3. Do you feel that the Current MES Informational Matrix is useful to your company and in what way?

As mentioned before, itis an overview but we have incorporated the functionality in MES that we found useful
and did notincorporatewhat we did not found useful.For adding functionalityitis always demand driven.

4. Do you feel that the Current MES Informational Matrix is useful to any company and in what way?

It is difficult to guess whether it would be useful to other companies. The desired to add (informational)
functionality toa MES always rises fromthe specific process.
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Questions about the proposed dashboards

5. Do you feel that the proposed dashboards (of dashboards in general) help to get an overview of the
(most important) information and does it help with the production management?

| believe that dashboard functionality is one of the main reasons to have a MES next to logging data and using
it for traceability reasons. Dash boards are especially useful for continuous processes (like ours) where a
constant flow of productis produced in aline. With a dashboard we can monitor this process continuously and
proactive. We need to know the critic elements and monitor those. In our new MES we want to improve the
dashboards (currently there are limit dashboard available) with WIP, Machine status, process factors and these
critical parameters.

Questions about the Future MES Informational Matrix

6. Do you feel that the Future MES Informational Matrix helps with getting insights in the advanced
possibilities with MES data and help you prepare for the future?

| believe that here the same applies as before. There has to be a need for information (demand driven), and
then you research how you can obtain this information by research vendors and software possibilities. It would
be more useful for us to have a list of vendors and what they have to offer in this field. The ranking of experts
is not that useful for as the demand for information is different for each company. We have to focus on our
process and our demand for informationand research how we can get this.

7. Which informational elements from the Future MES Informational Matrix would be most
interesting for your company?

We already research critical process parameters. When we know these itis interesting to monitor those with a
dashboard or other functionality. The root cause analysis will always be conducted by humans as the system
only provides the information that humans request and the humans will always conclude. Human
interpretation is always key.

Questions about the Root Cause analysis

8. How do you reflect on the Root Cause analysis conducted and presented at your company, both the
approach and the results?

We also use a similar approach with hypothesis driven research. We brainstorm about possible causes (cause
and effect diagram) and determine which are most likely. Then we gather the data from MES and analyze the
data hypothesis driven. If we find the root cause we use this knowledge to change the process to prevent the
problem from happeningin the future.

Interview 3

Function: Area Manager Engine factory
Date and Time: 30-03-2016 11:30h

Questions about the Current MES Informational Matrix

1. Do you feel that the Current MES Informational Matrix reflects on reality and how you experience
MES?

| do not use all of our current MES functionality so | am no experts but there are no major surprises in the
informational elements. | usually do notuse MES data, | only look at the conclusions of a MES data analysis.

2. Does it help with creating an overview of the informational abilities of a MES?
| do not know whether we have an overview already and which item we have in MES and which we do not

have in MES. So yes this overview seems useful but itis hardfor me to tell.
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3. Do you feel that the Current MES Informational Matrix is useful to your company and in what way?
As | mentioned earlier,itis hard for me to determine that.
4. Do you feel that the Current MES Informational Matrix is useful to any company and in what way?

Depending on what they already have in MES and how much they are missing it could be useful. Itis hard for
me to determine.

Questions about the proposed dashboards

5. Do you feel that the proposed dashboards (of dashboards in general) help to get an overview of the
(most important) information and does it help with the production management?

A while ago | asked out IT Department whether something like this was possible. We feel it is important for
people on the floor to know what is happening with the process. We have a few people responsible for
multiple machine so it can be hard for them to keep the overview. A dashboard which can be viewed from
every angle of the factory would help them to get a fast overview and to prioritize what is important.
Especially since they have to walk quite a distance between the multiple machines. Our IT Department
proposed a dashboard that looks similar to the example. Linking this dashboard to MES could be an added
value. We will have a pilot soon with the dashboard on a screen and in a cloud environment so thatit can be
accesses fromanywhere.

It might also be useful to add the control cards to a MES environment. Then MES could predict and we can be
triggered by MES to take action instead of doing test and measurement on every machine every once in a
while.

Questions about the Future MES Informational Matrix

6. Do you feel that the Future MES Informational Matrix helps with getting insights in the advanced
possibilities with MES data and help you prepare for the future?

It is nice to know what will be possible in a near future in practice. Sometimes it seems that if everything is
working perfect, then the options are endless. However, the real world has though me that not everything
goes as smoothly as proposed. Also many opportunities will never be implemented. There is always this feeling
of that | want to seeit before | believe it.

7. Which informational elements from the Future MES Informational Matrix would be most
interesting for your company?

| think condition based monitoringwould be most useful.

Questions about the Root Cause analysis

8. How do you reflect on the Root Cause analysis conducted and presented at your company, both the
approach and the results?

| think it was a useful analysis. Upfront | thought that the data would provide quite some useful insights, but
unfortunately it did not. This probability indicates that the cause to the problemis broad or thatis has multiple
causes. It was a relative fast analysis that eliminated some possible causes. In the factory we usually think of
what the problem could be and do research on testing that. Now you started with addressing multiple
hypothesis and researched them subsequently. This is also the approach of the black belt employee who does
more of these analyses.
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Interview 4

Function: Managingdirector engine factory
Date and Time: 30-03-2016 11:45h

Questions about the Current MES Informational Matrix

1. Do you feel that the Current MES Informational Matrix reflects on reality and how you experience
MES?

Itis conform what | would expect. There are no big surprises of informational items in the list. There are some
eye openers | did not think about for integrating itin MES. For example the personnel tracking, | would think of
another system for this.

2. Does it help with creating an overview of the informational abilities of a MES?

Yes it is useful to have an overview. However there is always a differences between what theoretically possible
and what is possible in practice. Also not all information in MES is useful to measure with MES. The technology
push in these subjects is very high but the demand can be different. | think that all items thatare rated 50% or
higher by experts are useful to integrate in MES, the other are less useful.

3. Do you feel that the Current MES Informational Matrix is useful to your company and in what way?

We are already far developed in ourjourney of developing the new MES and the new MEs landscape. We will
re-scope our MES and limit it to core functionality and measure information in our main frame and other
systems.

4. Do you feel that the Current MES Informational Matrix is useful to any company and in what way?

If you do now have a MES (or are the beginning of redeveloping one), it is very useful to identify the
information need based on this list. There is no overview of the abilities of MES. When contacting a vendor for
the possibilities, you immediately get asked back what you are looking for. This leads to a cycle becauseit is
hard to identify your needs when you do not know what is possible and the vendor cannot tell you what is
possible because he does not know your needs. Having this overview with a ranking can help a company with
establishinga discussion to identify the needs.

Also | believe that MEs is a strategic choice whichis not ROI driven. MES has benefits in efficiency, traceability,
monitoring etc. but is hard to create a summation of benefits to calculate a (positive) ROI. Because you cannot
simply calculate the ROI, the discussion about MES has to be more fundamental in why you want this system
and what for. Then you cantest potential requirements better.

Questions about the proposed dashboards

5. Do you feel that the proposed dashboards (of dashboards in general) help to get an overview of the
(most important) information and does it help with the production management?

The first dashboardis an example of what | would like to have implemented tomorrow. We already collect this
information now but it is reported by team leader manually. This consumes a lot of time. This is what | am
looking for. A fast overview of the process status, generated in an automated way. | would like to add some
zoom infunctions per process step or buffer positionsothatl cansee which products arewhere.

The second and thirds example frameworks is what we want to establish outside our new MES with another
system and an integrated business intelligence engine. We are still discussing how this would look like. This is
anexample forit butit depends of the requirement we have for that environment.
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Questions about the Future MES Informational Matrix

6. Do you feel that the Future MES Informational Matrix helps with getting insights in the advanced
possibilities with MES data and help you prepare for the future?

Both Yes and No. No because it is hard to oversee it at this point. Yes because | see there are interesting
informational items in the main group root cause analysis. With advanced data analysis techniques that take
into accountmultiple parameters, you can find relationshipsthatyou could not uncover before.

However | do feel there are also manyinformational items in the list that | feel should not be an output of MES
but should be knowledge present among the workers. People should have exhaustive process based on
experience and learning the process, not because MES told them. However new techniques could generate
additions and triggers for research to expand that knowledge. | can imagine that this is specific to our company
and process as you can see very well whatis happening. | more high tech industries where this is harder, and
the knowledge is more complicated, | canimaginethat more knowledge could be produced by a system.

7. Which informational elements from the Future MES Informational Matrix would be most
interesting for your company?

Our current challenges are still fundamental and therefore we are not working towards big data or data mining
related solution. First have to make sure that what we do now, we do good. Also that the data we store now is
usable for our current challenges. When we have that under control we will think of adding big data and data
mining related functionality. However we do discuss these items to know what will be the future in order to be
prepared.

Questions about the Root Cause analysis

8. How do you reflect on the Root Cause analysis conducted and presented at your company, both the
approach and the results?

| think you followed the same steps that our project managers and black belts follow as well though you had
less process knowledge so it was based on first observations. | think it would have been interesting to
incorporatedata from the assembly operations.Itis a pity you did not find the solution for us.

Interview 5

Function: Head of PE machineprocess Engine Factory
Date and Time: 31-03-2016 12:30h
Questions about the Current MES Informational Matrix

1. Do you feel that the Current MES Informational Matrix reflects on reality and how you
experience MES systems?

Yes, though | do see some informational elements that we do not have in our MES. | missed some MES
capabilities like production support, code number alterations and ready notifications (theseare out of scope as
they do not provideinformation but are partof the operational functions of MES). Overall itis very
representative to what | would expect.

2. Does it help with creating an overview of the informational abilities of a MES system?

| know that the actual MES implementation can be very different and very company and process specific. As
was involved in developing the current MES | already havea view of the current possibilities in MES.

3. Do you feel that the Current MES Informational Matrix is useful to your company and in what
way?

Yes with this overview | cansee whatis possible which will help me inthe internal discussionsandin
discoveringour specific needs.
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4. Do you feel that the Current MES Informational Matrix is useful to any company and in what
way?

The same as for us. It help givingyouan insightin the possibilities, with an experts rankingandthen a
company candecide for themselves what they need. Then they canchoicewhat they want to configure in their
MES.

Questions about the proposed dashboards

5. Do you feel that the proposed dashboards (of dashboards in general) help to get an overview of
the (most important) information and does it help with the production management?

Yes | thinkitis very useful to have your informational availablein aninteractive manner. However | do miss the
control limits inthe graph sothat | cansee how far the values arefrom the critical limits.

Questions about the Future MES Informational Matrix

6. Do you feel that the Future MES Informational Matrix helps with getting insights in the advanced
possibilities with MES data and help you prepare for the future?

Itis similaras thefirstmatrix. It generates an overview which can be helpful for discussion butwhat you
implement in MES is a choice.

7. Which informational elements from the Future MES Informational Matrix would be most
interesting for your company?

For Production Operations:
- ldentification of critical process parameters
- Knowledge of operational process(es)
- Detection of change pointincontrol charts
- Monitoringprocess conditions
- ldentification of critical process parameters
- Detection of abnormal process behavior
- Forecasting production cycletime

- Forecasting production process performance

For Quality Operations

- Defect/low quality classification (all three)

For Maintenance Operations

- Forecastingmachine/equipment failure
- Forecastingcomponent failure

- forecasting machine performance

- Forecastingtool wear

- Diagnostics of machinefailure

Questions about the Root Cause analysis

8. How do you reflect on the Root Cause analysis conducted and presented at your company, both
the approach and the results?

There were no bigsurprises duringyour presentation. | also expected that | would be very difficultto find the
actual rootcausesoitis nosurprisethatyou could not find it. Your approachis also howwe do itat the office.
The project manager and black belt also usethis hypothesis testingapproach.Inthe factory we do more
experiments when we think something could be causingit.
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Interview 6
Function: Supervisor Engine Factory Line 2
Date and Time: 31-03-2016 18:00h

Questions about the Current MES Informational Matrix

1. Do you feel that the Current MES Informational Matrix reflects on reality and how you
experience MES systems?

I mostly use the traceability functionality for engines that we sent to other parties. Before we sent them, we
check whether all operations where ok. When | lookat your matrix | see no bigsurprises.|thinkthisis
functionality | would expect from a MES system. Inthe lowest ranked scores | see some less recognizable
items.

2. Does it help with creating an overview of the informational abilities of a MES system?

Yes absolutely! I kind of see ERP functionalityin this likeworkin process and OEE. Also knowing where the
engines blocks areinthe productionline.Now I see that this is also possiblein MES. However whatis possible
and what we have can be different as we have many systems co-operating.

3. Do you feel that the Current MES Informational Matrix is useful to your company and in what way?
Yes | thinkitis useful.Especially for production operations.
4. Do you feel that the Current MES Informational Matrix is useful to any company and in what way?

Yes | think this is relevantto every company that uses MES, especiallyin production.

Questions about the proposed dashboards

5. Do you feel that the proposed dashboards (of dashboards in general) help to get an overview of the
(most important) information and does it help with the production management?

These dashboards aregreatso | would definitely sayyes. Now we have self-build excel files as ‘dashboards’ to
monitor our process. Ifwe cando thisin MES it will beautomaticallyfilled plus itwill beinteractiveand fast,
especiallyexample 1l | would liketo see the amount of errors per process partto quickly havean overview and
to actupon it. Example 2 and 3 would be useful to enable us to detect when a process is headingforits critical
boundaries. This could be combined with control charts. Overall dashboards would enables us to effective
executive the Total Productive Maintenance (TPM) as we have the informational we need everywhere and
always real-time.

Questions about the Future MES Informational Matrix

6. Do you feel that the Future MES Informational Matrix helps with getting insights in the advanced
possibilities with MES data and help you prepare for the future?

It cautiously sayyes becauseitis difficultfor me to recognize all terms and have a good understanding of what
everything means. When | look at the terms andthe scores | do agree with the ranking. | would have provided
asimilarrankingas thehigh scoringelement help creatinga more solid process.
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7. Which informational elements from the Future MES Informational Matrix would be most
interesting for your company?

I think it data can help us with our challenges and questions itis always good. Especially theroot causeanalysis
is very importantin our continues improvement focus.
Element that | thinkare relevant mostrelevant are:

- ldentification of critical process parameters

- Improved knowledge of the production process

- Optimization of parameters settings

- Conditional based maintenance(!)

- Patterns for variation

- Decisionsupport(!)

Questions about the Root Cause analysis

8. How do you reflect on the Root Cause analysis conducted and presented at your company, both the
approach and the results?

It was conform what | expected. | was surprised by the amount of data that you had for your analysis, itdid not
know we had all the data and informationin MES (or that we were ableto get extract it from MES data). |
experience that my team and myself have some assumptions aboutthe process and how thinks are.Your fresh
view was refreshing. | saw some results that | assumed as well, that some caps have more errors then others,
though ithappens inall caps.In practicel sometimes experience that we have an idea of what s the
problem/causeand that we immediately startwith an experiment to testit. Your approach was more
structured. However we both did not find the solution yet.
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