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ABSTRACT
Manufacturing companies constantly need to explore new management strategies and
new methods to increase the efficiency of their production systems and retain their
competitiveness. It is of paramount importance to develop new bottleneck analysis
methods that can identify the factors that impede the overall performance of their production systems so that the optimal improvement actions can be performed. Many of
the bottleneck-related research methods developed in the last two decades are aimed
mainly at detecting bottlenecks. Due to their sole reliance on historical data and lack
of any predictive capability, they are less useful for evaluating the effect of bottleneck
improvements.
There is an urgent need for an efficient and accurate method of pinpointing bottlenecks, identifying the correct improvement actions and the order in which these
should be carried out, and evaluating their effects on the overall system performance.
SCORE (simulation-based constraint removal) is a novel method that uses simulationbased multi-objective optimization to analyze bottlenecks. By innovatively formulating bottleneck analysis as a multi-objective optimization problem and using simulation to evaluate the effects of various combinations of improvements, all attainable,
maximum throughput levels of the production system can be sought through a single
optimization run. Additionally, post-optimality frequency analysis of the Pareto-optimal solutions can generate a rank order of the attributes of the resources required to
achieve the target throughput levels. However, in its original compilation, SCORE has
a very high computational cost, especially when the simulation model is complex with
a large number of decision variables. Some tedious manual setup of the simulationbased optimization is also needed, which restricts its applicability within industry, despite its huge potential. Furthermore, the accuracy of SCORE in terms of convergence
in optimization theory and correctness of identifying the optimal improvement actions
has not been evaluated scientifically.
Building on previous SCORE research, the aim of this work is to develop an effective
method of automated, accurate bottleneck identification and improvement analysis
that can be applied in industry.
The contributions of this thesis work include:
(1) implementation of a versatile representation in terms of multiple-choice set variables and a corresponding constraint repair strategy into evolutionary multi-objective
optimization algorithms;

VII

(2) introduction of a novel technique that combines variable screening enabled initialization of population and variable-wise genetic operators to support a more efficient
search process;
(3) development of an automated setup for SCORE to avoid the tedious manual creation of optimization variables and objectives;
(4) the use of ranking distance metrics to quantify and visualize the convergence and
accuracy of the bottleneck ranking generated by SCORE.
All these contributions have been demonstrated and evaluated through extensive experiments on scalable benchmark simulation models as well as several large-scale simulation models for real-world improvement projects in the automotive industry.
The promising results have proved that, when augmented with the techniques proposed in this thesis, the SCORE method can offer real benefits to manufacturing companies by optimizing their production systems.
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SAMMANFATTNING
Tillverkningsföretag behöver ständigt utforska nya ledningsstrategier och nya metoder för att påskynda effektiviteten i sina produktionssystem och behålla sin konkurrenskraft. Av yttersta vikt är att utveckla nya flaskhalsanalysmetoder som kan identifiera de faktorer som hindrar produktiviteten i produktionssystemen så att optimala
förbättringsåtgärderna kan utföras. Många av de flaskhalsrelaterade forskningsmetoder som utvecklats under de senaste två decennierna syftar främst till att upptäcka
flaskhalsen. På grund av avsaknaden av förebyggande förmåga är de mindre användbara för att utvärdera effekten av flaskhalsförbättringar.
En effektiv och korrekt metod för identifiering av korrekta förbättringsåtgärder, ordningen de ska utföras i samt dess effekt på produktionssystemets produktivitet är nödvändig. SCORE (simulation-based constraint removal) är en ny metod som möjliggör
flaskhalsanalys genom användning av simuleringsbaserad flermålsoptimering. Genom att innovativt formulera flaskhalsanalys till ett flermålsoptimeringsproblem och
använda simulering för att utvärdera effekterna av olika kombinationer av förbättringar, kan alla uppnåeliga maximala produktivitetsnivåer av produktionssystemet sökas i en enda optimering. Dessutom kan en frekvensanalys på Pareto-optimala lösningar från en sådan optimering generera en rangordning av de systemparameterar
som behöver förbättras för att uppnå den önskade produktivitetsnivån. Dessa fördelar
med SCORE kan dock endast uppnås med en mycket hög beräkningskostnad, speciellt
när simuleringsmodellen är komplex och/eller består av ett stort antal beslutsvariabler. Dessutom innebär formuleringen av det simuleringsbaserade flermålsoptimeringsproblemet mycket manuellt och felbenäget arbete som kan begränsa användbarheten inom industrin, detta trots den enorma potential som metoden erbjuder. Dessutom har noggrannheten i SCORE, när det gäller konvergens i optimeringsteori och
korrekthet att identifiera optimala förbättringsåtgärder, inte utvärderats vetenskapligt.
Syftet med denna avhandling är därför att med avstamp i tidigare forskning kring
SCORE utveckla en effektiv, automatiserad och korrekt metod för flaskhalsidentifiering och förbättringsanalys som kan tillämpas inom industrin.
Bidrag från detta avhandlingsarbete inkluderar:
(1) implementering av en mångsidig optimeringsvariabel (multiple-choice set variabel) och därtill en reparationsstrategi i evolutionära flermålsoptimeringsalgoritmer
(EA);

IX

(2) introducera en ny teknik som baserat på information från en sekventiell screening
initialiserar första populationen i en EA samt möjliggör skapandet av variabelvisa genetiska operatorer, båda med syftet att stödja en effektivare sökprocess;
(3) en automatiserad formulering av flermålsoptimeringsproblemet i SCORE för att
bespara användarna den stora mängd manuellt och felbenäget arbete med optimeringsvariabler och mål som krävs;
(4) presentera hur upprepad användning av rankningsavstånd (mätetal som visar hur
lika/olika två rankningar är varandra) kan användas för att kvantifiera och visualisera
konvergens och korrekthet av flaskhalsrankningen genererad av SCORE.
Alla dessa bidrag har demonstrerats och utvärderats genom omfattande experiment
på skalbara, benchmark-simuleringsmodeller samt på flera stora simuleringsmodeller
som använts i förbättringsprojekt inom fordonsindustrin.
De framgångsrika resultaten har visat att förbättringarna av SCORE-metoden presenterade i detta arbete gör det möjligt för tillverkningsföretag att förvärva verkliga fördelar genom att optimera sina produktionssystem optimalt.
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CHAPTER 1

INTRODUCTION
This chapter provides a brief background to the need for this research, followed by a
more detailed description of the problems addressed, and sets out the aim and objectives of this research. The research strategy is then introduced before the chapter concludes with an overview of the organization of the thesis.

1.1

B A C K G R OU N D

Manufacturing companies are operating in an extremely competitive global market.
Their production systems face many challenges, including a constantly increasing
number of changes in product variant and volume. At the same time development
lead-time is being shortened, investments reduced, and running cost steadily cut, as
illustrated in Figure 1.1. Therefore, manufacturing companies need to explore new
management strategies and new methods to increase the efficiency of their production
systems and retain their competitiveness.

Figure 1.1: Challenges of production systems.

Excellence in manufacturing is often a result of a combination of successive incremental improvements and investment in technology or equipment (Sim, 2001). Therefore,
a very important issue within production management and system development is the
identification of disruptive factors in order to identify the right actions to improve the
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overall performance of a production system. The overall performance can be evaluated
using a long list of measures, including cycle time, work in process (WIP), average
utilization, and service levels. However, throughput (TH) is a particularly useful measure for indicating output productivity.
To increase the TH and hence the productivity of a company, the theory of constraints
(ToC) was introduced by Goldratt and Cox in the 1980s (Goldratt and Cox, 1984). ToC
suggests that the key to improving overall performance is to reduce the constraints on
a production system. It emphasizes that the performance of the entire value chain is
limited by the performance of its weakest link (Nave, 2002), for in any system, there
is a single constraint that limits the overall output of the system. In a production system, such a constraint is very often referred to as the bottleneck – the machine or resource that restricts overall performance. The continuous system improvement procedure thus involves identifying the constraint and effecting improvements in order to
elevate the overall performance of the system. This cycle is continuously repeated as
another part of the system becomes the “new” constraint. In other words, a constraint
“removal” process as proposed by ToC involves two major phases: (1) detecting the
bottleneck, and (2) alleviating the bottleneck. The term bottleneck detection, or identification refers to investigation of where in the production line, or what resource in
the line, impedes the overall output efficiency. Bottleneck improvement refers to alleviating the bottleneck and determining how much performance gain in TH can be obtained. In this thesis, the term bottleneck analysis refers to the process that comprises
both bottleneck identification and improvement.

1.2

P R OB L E M

Many of the bottleneck-related research methods developed in the last two decades
are aimed at detecting a bottleneck (i.e., Phase 1), not alleviating it. Yet even bottleneck
detection alone is far from a straightforward task.
In the literature related to production research and engineering, various methods of
detecting bottlenecks have been proposed. One reason there are so many proposed
methods is that there is no clear consensus on what constitutes a bottleneck resource.
This problem was first identified by Lawrence and Buss (1995), and still exists despite
two decades of research. The following are some common definitions of what constitutes a bottleneck resource:
•

The bottleneck is the ‘busiest’ machine, that is, the one that has the highest utilization,
defined as a ratio of arrival rate into the machine and the machine capacity, 𝑟𝑚 /𝑐𝑚
(Hopp and Spearman, 2000).

•

The bottleneck is the machine with the longest average active period. Machine states are
grouped into active and inactive periods, with working, failed, and setup considered active. Roser et al. (2002, 2017) use this definition in what is known as shifting bottleneck
detection. The approach is based on a similar concept introduced by Adams et al. (1988).

•

The bottleneck is where the trend goes from blockage of the workstation being higher
than starvation, to starvation being higher than blockage along the line. This definition
is used by Chiang et al., 2001; Ching et al., 2008; Kuo et al., 1996; and Li et al., 2009,
2007.

•

The bottleneck of a production system is “where an infinitesimal improvement can lead
to the largest improvement of the average throughput”. This is the definition in the Production Systems Engineering textbook (Li and Meerkov, 2008).
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The above definitions reveal why bottleneck detection alone is a non-trivial task.
Bottleneck detection methods are also commonly separated into two main categories:
analytical and simulation-based. However, this classification can be misleading or incomplete. Firstly, in many bottleneck analysis methods, analytical or simulation models are not used to detect the bottleneck resource but to predict the performance improvement when the model is subject to improvement changes. Secondly, the major
concept behind this classification scheme is to contrast classical approaches with more
recent data-driven bottleneck detection, which does not require any analytical or simulation model. Yet many of these data-driven techniques can be applied to data generated by simulation. For example, the shifting bottleneck method was originally proposed as a simulation-based bottleneck detection method, but in recent years has been
developed as an algorithm to process online real-world data (Subramaniyan et al.,
2016). The fact that it does not require a simulation model implies that the method is
data-driven. While these data-driven methods are usually computationally efficient
and simple to implement compared to prediction-based methods (e.g., using simulation), the lack of prediction capability has made them less useful for bottleneck improvement.
Almost all these existing methods suffer from the same deficiency. Even if the overall
constraint of the system can be linked to a specific machine or resource, not enough
information is provided to determine what attribute(s) of the resource has to be improved. The resulting improvement in terms of TH increase can also not be determined (Pehrsson et al., 2016, i.e., Paper IV). In some situations, this can have serious
consequences because local improvement of the wrong attribute may degrade the performance of the whole system (Ignizio, 2009). In terms of performance prediction, the
analytical methods usually use simplified models with many limitations and assumptions. When the complexity of production lines increases, these “assumption-laden”
(Sanchez and Sánchez, 2017) analytical models become intractable and cannot provide
the realistic analysis required for bottleneck improvement.
In terms of production systems analysis, stochastic simulation is not only a popular
tool for evaluating long, complex, real-world production systems but is probably the
only feasible choice, especially when the processing times and downtimes follow nonexponential or non-normal distributions (Negahban and Smith, 2014). Stochastic simulation is the only available choice for researchers and practitioners in industry alike
if more complex flows and other types of variability (e.g., setup) are included in the
study of unbalanced production lines. As claimed by Tempelmeier (2003), “If quantitative performance evaluation is carried out at all (in industry), then in almost any case
simulation is the only tool used.” Interestingly, in terms of bottleneck analysis research, simulation has been used for validation and accuracy evaluation for many of
the data-driven bottleneck detection methods proposed in the literature (e.g., Li et al.,
2009; Yu and Matta, 2014). This suggests that simulation is a reliable, accurate way to
predict the performance of complex production systems.
The SCORE method (Pehrsson et al., 2016, i.e., Paper IV) is a bottleneck analysis
(i.e., identification plus improvement) method based on simulation-based multi-objective optimization (SMO). As a simulation-based method, it uses entirely stochastic
simulation to predict the performance improvement, in terms of TH, of various possible changes that can be made to the attributes of the resources. As a multi-objective
optimization method, it innovatively reformulates the bottleneck resource definition
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of Li and Meerkov (2008) as a bi-objective optimization problem. This allows all attainable TH of the system, through various combinations of improvement changes of
the resources, to be sought in a single optimization run. The Pareto front generated by
a single multi-objective optimization run with the objectives of minimizing changes
and maximizing TH can provide a complete view of the minimally required changes
that are needed to achieve the target performance (TH).
Additionally, post-optimality analysis of the Pareto-optimal solutions can provide a
rank order of the attributes of the resources required to achieve the target TH level
(more details can be found in Section 2.3). In other words, SCORE is a useful bottleneck analysis method compared to many bottleneck detection methods, not only because it combines bottleneck identification and prediction of the performance improvement of one change, but also because it gives a clear map of the predicted effect
of multiple changes. On the other hand, this advantage come with a very high computational cost, especially if the simulation model is complex or has a large number of
decision variables and input constraints. In practice, this makes SCORE ineffective.
In addition, the original SCORE design requires some tedious manual setup of the
SMO runs (e.g., adding hundreds of decision variables and using specific modeling
techniques to enable discrete changes in model attributes). Little effort has been expended to design it to be an automated process that can easily be used in industry.
Furthermore, despite successful solving of one real-world problem (Pehrsson et al.,
2016, i.e., Paper IV), the accuracy of SCORE in terms of convergence in optimization theory and correctness in identifying the optimal improvement actions has not
been evaluated scientifically. All of these are believed to restrain its applicability within
industry, despite its huge potential.

1.3

R E S E A R C H A I M A N D O B J E C T IV E S

The overall aim of this research is to develop an effective, automated, and accurate bottleneck identification and improvement analysis method using SMO technologies. This aim is formulated based on the belief that the applicability of SCORE within
industry can be improved by speeding up its bottleneck analysis, automating the tedious optimization setup it requires, and scientifically assuring the accuracy of the results it generates. Put another way, this aim can be formulated into the following research question:
How can simulation-based multi-objective optimization
techniques be effectively, automatically, and accurately
utilized to identify bottlenecks and support improvement
analysis of production systems?
This aim can be broken down into the following objectives:
1. Review the state of the art in some key areas, including industrial improvement
methods and computational intelligence, in order to acquire a good foundation for
the best way of automating and extending the SCORE method (outcomes and concluding remarks to be found in CHAPTER 2).
2. Increase the efficiency with which SCORE analyses are performed by (1) enabling
SCORE to treat the simulation model as a black box, that is, remove the need for
special modeling techniques; (2) enabling a more efficient use of the computational

4

CH APT ER 1 I NT RO DUCT I O N

resources required to solve the SMO problem of SCORE. Both are crucial to expanding the applicability of the SCORE method and enabling the desired automation of
the method (results can be found in CHAPTER 3).
3. Develop automatic generation of the SMO problem in the SCORE method. The
ease-of-use of the method is crucial because it will often be applied to problems
with many decision variables. The post-optimality analysis of the SCORE method
should be implemented along with the required visualizations to serve as a good decision-support tool. This will enable the SCORE method to cease to be restricted to
research projects and enable industries to benefit from using it on their own (outcomes documented in CHAPTER 4).
4. Justify and develop the visualization of the accuracy of SCORE in terms of a converged and accurate ranking of bottlenecks, with the aim of being able to have consistent and accurate results from SCORE analyses (results to be found in CHAPTER
5).
5. Validate the automated and extended SCORE method against state-of-the-art improvement methods and apply it to industrial-based production system redesign
and improvement projects. This will demonstrate that the extended SCORE method
is both feasible and applicable for solving real-world manufacturing management
problems (details to be found in published/submitted papers).

1.4

RESEARCH STRATEGY

This section introduces the research methodology of design science and describes the methods used for data collection and analysis in this project in order to show the relevance of
design science to this work. The results of this work are then discussed in relation to positivist and interpretivist philosophies before the section concludes with some notes on the
internal and external validity of the presented work.

1 . 4 . 1 DE S I G N S C I E N C E
Design has been accepted as a separate activity within manufacturing industry for at
least the last 160 years. However, it took until 1965 before it was first mentioned as the
scientific discipline “design science,” and another five years before computer scientists
began to show some interest in it (Bayazit, 2004).
The development of new information technology (IT) artifacts/outputs is a central aspect of design science. The research outputs can be divided into four types: constructs,
models, methods, and instantiations (March and Smith, 1995). The artifacts serve as a
means to attain some goal. For information systems (IS) researchers, that goal is usually increasing human efficiency or effectiveness (Oates, 2006). March and Smith
(1995) connect these artifacts with four research activities in a research framework in
IT, as shown in Table 1.1.
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Research activities
Build

Evaluate

Theorize

Justify

Constructs

Research
outputs

Models
Methods
Instantiations

Table 1.1: Information technology research framework (March and Smith, 1995).

The research outputs together with the research activities “build” and “evaluate” are
related to design science, whereas the research activities “theorize” and “justify” are
more relevant for natural science. This is an interesting distinction since what is considered research is quite different in these disciplines. For design science, development of a new and innovative artifact with utility for an important task is enough to be
considered research. In natural science, research is the extraction of new general
knowledge in the form of theories about how and why things are (March and Smith,
1995). Boland and Lyytinen (2004) also acknowledge this distinction by concluding
that natural science deals with “what is,” whereas design science deals with “what
might be.” Buchanan (1992) also touches on this when stating that the problem facing
designers is to plan and develop artifacts that do not yet exist. With this distinction in
mind, it is not hard to see how natural science often serves as an important input to
design science – the knowledge about how and why things are can be very useful in
identifying possible ways to solve a problem. This relationship is part of the IS research
framework presented by Hevner et al. (2004) and shown in Figure 1.2.

Figure 1.2: Information systems research framework (Hevner et al., 2004).

This framework can be seen as an extension of the IT research framework presented
by March and Smith (1995). It includes the same research outputs and activities, but
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it also includes clearer indications of how different parts of the framework relate to
each other as well as to the environment. The need for an artifact originates from the
environment. This environment is also crucial in the evaluation of the artifact, since it
is in this environment that the utility of the artifact is decided, and hence the success
of the design science research. Apart from the artifact’s utility to the environment, the
contribution to the knowledge base is an important research outcome that is crucial in
ensuring the novelty of the developed artifact. This contribution to the knowledge base
depends on the role of the IT artifact in the research. According to Oates (2006) the
role of the IT artifact can be the main focus of the research, a vehicle for something
else, or a tangible end product of a project in which the focus is on the development
process. Furthermore, this IS framework illustrates the iterative problem-solving nature of design science that Oates (2006) also mentions. Oates describes it as an iterative approach consisting of five steps: awareness (identification of problem, business
needs), suggestion (idea about a solution to the problem utilizing applicable
knowledge), development (building and implementing the solution), evaluation (is the
problem satisfactorily solved?), and conclusion (documentation of the results and additions to the knowledge base).
Galle (1999) sees design as part of a larger process including a sequence of intentional
human actions. The output from that process is an approved artifact, Figure 1.3.

Figure 1.3: Generic artifact production process (Galle, 1999).

This process contains agents (Client, Designer, Maker), things (design brief, design
representation, artifact), and actions (arrows). Even though the actions are numbered
in sequence, Galle describes the process as an iterative one. Similarly, in the research
framework of Hevner et al. (2004) the artifact development originates from a client in
some environment. A notable feature of Galle’s process compared to Hevner’s framework is the presence of the design brief that indicates that some development methodology might be going into this process. The need for systems development methodology as an input to the research methodology (research strategies and data generation
methods) and as documentation of the research work is something that Oates (2006)
advocates, Figure 1.4.
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Figure 1.4: Research methodology and development methodology (Oates, 2006).

1 . 4 . 2 DA TA C O L L E C T I ON
In this research three data collection methods are used: reviewing documents, conducting observations, and interviews. They are used for different purposes at different
times during the research.
Documents
Documents are the main type of data in this project. Both documents with the secondary data cited in the literature review and company-generated documents are used to
justify the need for this type of IT artifact. The work of Pehrsson (2013) is a very crucial
piece of data. It outlines the framework on which this research was started and served
as a basis for the requirements elicitation for the IT artifact. Beside these found documents, the research itself generated many documents in the form of models and diagrams to justify the design process. For instance, there are diagrams showing the results of the experiments used to validate the IT artifact.
Observations
The observations conducted in this project were primarily overt, complete observer
and participant observations. They were performed during some of the application
studies with the purpose of determining the general usability of the IT artifact, as well
as its usability as a decision-support tool.
Interviews
This project used a combination of unstructured and semi-structured interviews. Part
of the elicitation of the requirements for the artifact involved unstructured interviews.
Semi-structured interviews were conducted at the end of some of the application studies as a complement to the observations described above, that is, with the same purpose.
1 . 4 . 3 A NA L YS I S TE C H N I QU E S
This research uses both quantitative and qualitative data analysis.
Both the experiments and application studies generate numeric results suitable for
quantitative data analysis. The results suitable for this type of analysis are those from
the validation of the tool. For example, does the tool pinpoint the “correct” bottleneck
compared to other bottleneck detection methods, and is the predicted performance
improvement also achieved in reality. When pinpointing the “correct” bottleneck, the
experiments conducted will result in quantitative values stating the differences between the different methods used – the method that gives the correct bottleneck will
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yield better improvement of the throughput. It should be noted that data (e.g., product
and station names) included in the industrial simulation models have been masked.
Output data from these models are also scaled in order not to reveal any confidential
information.
The application studies also result in data suitable for qualitative data analysis. These
data are the outcome of observations and interviews and are non-numeric, being in
the form of researcher’s notes. These data are used to draw conclusions about the usability of the tool.
1 . 4 . 4 RE L E V A N C E O F TH I S R E S E A RC H
The design science research strategy fits this study well because the main focus is the
development and validation of a new IT artifact. The goal is to solve an industrial problem by improving analysis of production systems by automating and extending a
method that was previously not automated. Hence, the IT artifact will benefit the industry from which the problem originates as well as contribute to knowledge. In addition, the iterative five-step approach matches the scenario. The project originates from
a problem of being unable to conduct improvement analyses of production systems
according to the best methods found in the literature. There are suggestions about how
this problem should be solved. An IT artifact will be developed and evaluated accordingly. Using design science, the relevance of the research is secured as it originates
from business needs, whereas its rigor is secured by drawing on existing knowledge
found in the literature. Another reason for the choice of research strategy is that the
development of an IT artifact is the main focus of the research. The IT artifact that is
being developed will respond to business needs as well as contribute to the knowledge
base. This also fits into this research strategy. The output from this research is not the
development of any new theories, which is not explicitly required in design science.
This is an additional indication that design science is an appropriate choice of research
strategy.
Parts of this research call for the use of other research strategies, and they are used
where required. However, their application will not be as rigorous as it would be if they
were the main research strategy. For example, experiments and application studies are
used to assess the IT artifact.
That design science is an appropriate research strategy for this work is illustrated further in Figure 1.5 by visualizing how the included publications relate to the design
science research framework presented by Hevner et al. (2004) (Figure 1.2). The figure includes data collection methods used in the different publications.
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Figure 1.5: Publications included in relation to the research strategy used, namely design science.

1 . 4 . 5 P HI L OS OP H I C A L P A R A D I G MS
Beside the development of an IT artifact, this research mainly uses experiments and
application studies. Experiments are used to evaluate the IT artifact when it is compared to the closest existing tool or method, whereas application studies are conducted
to test the applicability of the IT artifact in the real world. Both of these are areas that
leave little room for subjective beliefs about how well the IT artifact performs, that is,
whether the artifact manages to pinpoint the correct bottlenecks and provides a correct prediction of the performance of the system once the bottlenecks have been removed. This corresponds with positivist philosophy, which argues for there being only
a single reality or truth (Oates, 2006). In this case, arguments about causality also
support the positivist claim, that is, the implemented improvement is held to be truly
responsible for the increase in performance of the system.
The application studies mentioned in the previous section represent good opportunities to evaluate the ease-of-use of the IT artifact and its usefulness as a decision-support tool. This evaluation relies mainly on observations and semi-structured interviews. There are a limited number of application studies from which to draw conclusions. As a result, the subjective beliefs of the participants and the researcher are the
main input from which to draw conclusions about the ease-of-use of the IT artifact.
Thus, this part of the research is more inclined to the interpretivist philosophy, according to which there are multiple versions of reality or truths (Oates, 2006).
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1 . 4 . 6 I N TE R N A L A N D E X TE R N A L V A L I DI T Y
Internal validity relates to both the experiments and the case studies in this research.
In the case of the former, the internal validity is easily ensured since it is based on
experiments utilizing discrete-event simulation. This type of computer simulation is
similar to a laboratory in that total control is achievable. Thus, there can be no doubt
that the manipulation of the independent variables is responsible for the observed
change. However, for case studies, when the improvements suggested by the tool are
being implemented in reality, it is much harder to ensure that the observed change is
due to the performed improvement and not something else. It is not unlikely that the
workers change their behavior knowing that there is an ongoing attempt to improve
the performance of the line. In light of this, it might be wise to go back some time after
the improvement project has been finalized and measure the performance of the system again, while at the same time keeping track of other major changes to the system
that might influence its performance.
The external validity of this research will be dependent on the type of application studies that are conducted. The more different types of production systems the tool is used
on, the easier it will be to draw conclusions about its applicability to similar types of
production systems.

1.5

T H E S I S O R GA N I Z A T I O N

This section presents the organization of the remainder of this thesis, including an
explanation of the structure used to present how the included publications contribute
to the fulfillment of the aim of this research.
CHAPTER 2 – The frame of reference will introduce relevant literature that this study
has referenced, namely production system improvement methods, simulation-based
optimization, and SCORE. Going back to the aim of this research, it mentions an analysis method that is effective, automated, and accurate. These three words represent the cornerstones of the work presented in this thesis, making them a natural
choice for presenting how the included publications contribute to the aim of this research (Figure 1.6). These cornerstones also constitute the primary chapters in this
thesis, namely CHAPTER 3 that addresses the efficiency of SCORE, CHAPTER 4 that
presents the automation aspects of SCORE, and CHAPTER 5 that is about the accuracy
of SCORE. They serve as summaries of the key contributions of the included publications and how they relate to the respective cornerstones. The thesis concludes in
CHAPTER 6 with an outline of future work.

Figure 1.6: Positioning of included publications in relation to main chapters of the thesis.

11

CH APT ER 1 I NT RO DUCT I O N

12

FRA ME OF RE FERENC E
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CHAPTER 2

FRAME OF REFERENCE
The main field of research for this work is industrial engineering with an emphasis on
operations research. It draws support from evolutionary computation and data mining, both within computational intelligence, see Figure 2.1. Within operations research, special attention is paid to production systems engineering.

Figure 2.1: Main and supporting research fields.

This chapter introduces this field of research by reviewing the most relevant literature,
beginning with the literature on production system improvement methods. This is followed by an introduction to simulation-based optimization, and finally by details
about how knowledge from these two fields is combined in SCORE.
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2.1

P R OD U C T I ON S Y S T E M I M P R O V E ME N T M E T H OD S

The research reported in this thesis represents a natural continuation of the work performed by Pehrsson (2013), who was influenced by production systems engineering as
described by Li et al. (2012):
Production systems engineering (PSE) is an emerging
branch of engineering intended to uncover fundamental
laws that govern production systems and utilize them for
the purposes of analysis, continuous improvement, and
design. PSE uses traditional terms such as bottleneck,
leanness, continuous improvement, etc., but infuses them
with precise engineering knowledge and, thereby, offers
a possibility of designing and managing production systems with the highest efficiency and guaranteed performance.
There are numerous methods of improving the performance of production systems. A
survey of some of the well-known improvement methods identified five distinguishing
characteristics: (1) Is the method able to consider how variability affects the performance of the system? (2) Is the method reactive or proactive, that is, does it merely
react to changes or can it predict future system performance? (3) How complicated is
the method, that is, what level of expertise is required to use it? (4) Is the method
applicable to complex real-world production systems? (5) Can the method suggest optimal improvements needed to reach a desired target performance? Table 2.1 uses
these characteristics to compare methods, including SCORE. It comes as no surprise
that SCORE does well in this comparison since the need for SCORE arose from deficiencies in existing methods of production system improvement, as detailed in Table
2.2.

Improvement method

Consideration to
variability
LOW

HIGH

Reactive/
Proactive
RE

Required
expertise
PRO

HIGH

Applicable to
complex systems
LOW

NO

Lean production tools and
methods, e.g., value stream
mapping VSM (Rother and
Shook, 1999)
Six sigma methods, e.g., design of experiments DoE
(Fisher, 1937)
Theory of constraints
(Goldratt and Cox, 2014)
Factory physics
(Hopp and Spearman, 2008)
Production systems engineering (Li and Meerkov, 2008)
SCORE
(Pehrsson, 2013)

Table 2.1: Comparison of different methods used for improvement of production systems.
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Improvement method
Lean production tools and methods, e.g., value
stream mapping VSM (Rother and Shook, 1999)
Six-sigma methods, e.g., design of experiments
DoE (Fisher, 1937)
Theory of constraints (Goldratt and Cox, 2014)
Factory physics (Hopp and Spearman, 2008)

Deficiencies
•
•
•
•
•
•
•
•

Production systems engineering
(Li and Meerkov, 2008)

•

Limited consideration of how variability affects production system performance.
Reactive rather than proactive.
Requires experts who often lack detailed knowledge of the process.
Finding optimal improvements is not a predefined part of the methodology.
Reliant on knowledge about the bottlenecks in the system.
Future improvements can only be detected once current deficiencies
have been remedied.
The fundamental equations used are of limited practical use when dealing with complex production systems.
Its analytical foundation limits its usefulness when dealing with complex production systems.
Practical use for complex production systems (if at all possible) requires
a high level of expertise.

Table 2.2: Detailed description of the deficiencies of well-known improvement methods compared to SCORE.

Many of the methods mentioned above assume knowledge about the location of the
bottleneck in the production system. Examples of both analytical and simulationbased techniques for identifying the bottleneck in a production system can be found
in the literature. These include utilization of machines (Hopp and Spearman, 2008),
blocking and starving patterns (Kuo et al., 1996), a data-driven approach (Li, 2009),
shifting bottleneck detection (Roser et al., 2002), multiple bottlenecks (Aneja and
Punnen, 1999), as well as a method based on inter-departure time and failure cycle
data (Sengupta et al., 2008). Some of these techniques are included in a review of bottleneck detection methods (Lima et al. 2008). The factors mentioned include utilization factor, queue size in front of machine, waiting time in front of machine, active
period method, and shifting bottleneck detection. Lima et al. include some recommendations regarding applicability. Even though the later options in the review are more
sophisticated, they can fail to pinpoint the true bottleneck in a complex system. At
best, they can suggest the cause of the bottleneck. In addition, they have limited ability
to pinpoint sequential bottlenecks (Pehrsson, 2013). This limits their practical usefulness even though they are relatively easy to implement.
Li and Meerkov (2008) addressed the inability to identify the cause of a bottleneck in
their PSE toolbox. The toolbox is designed to address issues found in production systems engineering by allowing continuous improvement analysis of production systems
from simple serial lines to more complex assembly lines. The system can also contain
rework loops and be dependent on available workforce and/or resources. However,
workforce and resources are modeled in terms of decreased availability. Modeling
these production systems is quite abstract, and considerable experience may be required to come up with a valid model of the actual system.

2.2

S I M U L A T I O N -B A S E D O P T I M I Z A T I O N

Most real-world systems are too complex (both in terms of size and stochasticity) to
be described by analytical functions or equations (Andradóttir, 1998; Fu, 1994;
Olafsson and Kim, 2002). Thus, problems associated with such systems cannot be
solved with analytical methods. Fortunately, it is possible to simulate the behavior/performance of such a system accurately by building a model of the system using
suitable simulation software. In order to build an accurate model, it is crucial to have
good knowledge about the system and access to current data about it. The data that go
into the model include the current values of all important system parameters, also referred to as the inputs of the model. In order to determine whether the model is an
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accurate representation of the system, some performance measures (outputs) are selected in the model and validated against those of the system. The model is deemed
valid if the inputs yield the expected outputs (i.e., the same outputs as the real system).
This transformation of inputs to outputs (Figure 2.2) is a key component of simulation models and makes them excellent for providing answers to “What if?” scenarios.

Figure 2.2: A simulation model as a black box transformation of inputs to outputs.

Analyzing and predicting system performance using a simulation model and “What
if?” scenarios can be very useful, especially if conducted in a structured manner (e.g.,
using a well-defined experiment setup). However, it is not likely to provide insights on
how to optimally configure the system and often will involve much manual work. To
address these drawbacks a simulation model is paired with an optimization algorithm
(Figure 2.3) to form what is known as simulation-based optimization (SBO).

Figure 2.3: Simulation-based optimization.

SBO is an interactive process in which an optimization algorithm repeatedly uses a
simulation model to evaluate sets of inputs (decision variables). Once evaluated, the
set of decision variables together with the performance measures (objectives and other
outputs) from the simulation model form a solution. As an example, Alg. (I) presents
the general process of an evolutionary algorithm (EA). In each iteration (referred to as
a generation in EAs) 𝑔, the EA uses the solutions/individuals generated in previous
generations to produce new, probably better individuals/inputs to evaluate in the current generation. New individuals are generated from two parent solutions in a step
referred to as the reproduction step using genetic operators, crossover and mutation.
The crossover operator combines traits from both parents in the offspring individual,
and the mutation operator is used to insert traits that none of the parents are likely to
possess. The iteration continues until some predefined termination criterion is
reached, such as a predefined time, a certain number of evaluations, or the optimization has converged (Syberfeldt, 2009). The individuals used in the first generation are
usually randomly generated. For hard problems, the performance of the SBO can be
sensitive to this initial set of solutions. For this reason, it is usually a good idea to draw
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on knowledge about the problem and come up with an initial set of solutions that are
likely to be good.
𝒃𝒆𝒈𝒊𝒏
𝑔←0
𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑃(𝑔)
𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒 𝑎𝑙𝑙 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠 𝑝𝑖 ∈ 𝑃(𝑔)
𝒘𝒉𝒊𝒍𝒆 (𝒏𝒐𝒕 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛 𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎) 𝒅𝒐
𝑠𝑒𝑙𝑒𝑐𝑡: 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑠𝑡 𝑝𝑖 𝑎𝑠 𝑃𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑔)
𝑔 ←𝑔+1
𝑟𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑒: 𝑛𝑒𝑥𝑡 𝑃(𝑔) 𝑓𝑟𝑜𝑚 𝑃𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑔 − 1)
𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒: 𝑃(𝑔)
𝒆𝒏𝒅
𝒆𝒏𝒅

(I)

2 . 2 . 1 M UL TI - OB J E C T I V E OP TI M I ZA T I O N
The performance of a real-world system is rarely judged by a single performance measure. Often there are several, usually conflicting, performance measures that determine
the overall performance of a system (Deb, 2001; Mehnen et al., 2004; Zitzler, 1999).
For instance, a manufacturing company usually wants high throughput, low inventories, low running costs, and low environmental impact. Traditionally this has been
tackled by combining these performance measures into a single performance measure
using some transformation method such as objective weighting, distance functions
and min-max formulation (Srinivas and Deb, 1994). Srinivas and Deb also comment
on the obvious drawbacks of these methods, chief of which is that in order to get good
results, a deep understanding of the problem is needed before starting the optimization process. Using the manufacturing example, understanding the problem requires
specifying the relative importance of throughput, inventories, running costs, environmental impact, and other important factors. This is a nearly impossible task. Instead
multi-objective optimization (MOO) algorithms are designed to find the best trade-off
solutions between several performance measures (objectives) and present all of them
as optimal. The selection of a specific solution is then made using knowledge about the
relationships between the objectives.
Where there are multiple objectives, the comparison of solutions is not as straightforward as in the case with only one objective. For such cases, Deb (2001) introduced the
concept of domination, in which a solution s1 is said to be better than solution s2 if s1
is strictly better in at least one objective and not worse in any other objective compared
to s2 (Figure 2.4). The best trade-off solutions are the ones not dominated by any
other feasible solution and are referred to as Pareto-optimal solutions or the Pareto
front. The domination concept can also be used iteratively to group solutions according to their relative performance. Solutions in each group are given a rank that represents their relative performance, that is, the first non-dominated set (if all feasible solutions are considered the Pareto front) is assigned rank 1. The next non-dominated
solutions (after discarding rank 1 solutions) are given rank 2, and so on. This process
is illustrated in Figure 2.4.
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Figure 2.4: Illustration of how MOO solutions are grouped into ranks using the concept of domination.

All these techniques are brought together in what is known as simulation-based multiobjective optimization (SMO), Figure 2.5.

Figure 2.5: Simulation-based multi-objective optimization with visualization of design space and objective space.

2.2.2

CO NS TR A I N T H A N D L I N G

Most real-world systems have constraints (e.g., a limited amount of resources and dependencies between different equipment) that have to be considered. In Figure 2.5 these are
included in the optimization problem formulation as inequalities 𝐴𝑥 ≤ 𝑏 and equalities
𝐻𝑥 = 1. The standard crossover and mutation operators used in EAs do not guarantee that
feasibility is preserved. Hence, over the years many different ways of dealing with infeasible
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solutions in EAs have been proposed. In an survey by Coello Coello (2002), constraint handling techniques used in EAs are divided into five different categories: (1) penalty functions,
(2) special representation and operators, (3) repair algorithms, (4) separation of objectives
and constraints, and (5) hybrid methods.
Penalty functions are used to penalize infeasible solutions with the goal of promoting feasible solutions over infeasible ones. However, the result is highly dependent on the penalties used and getting them right is not an easy task. Special representation and operators
are used for problems where it is extremely hard to find even a single feasible solution. A
problem specific representation is used to simplify the search space and the feasibility of
solutions is ensured by using specifically designed operators that maintain feasibility. This
approach is rather complicated and best suited to a static problem formulation that needs
to be solved repeatedly. Repair algorithms implement a way of transforming an infeasible
solution to a feasible one, that is, by repairing the infeasible solution. However, repairing a
solution can be a challenging and time-consuming task in itself. For problems where the
fitness evaluation of a solution is relatively quick, it is likely beneficial to allow infeasible
solutions. The technique of separation of objectives and constraints means that feasible and
infeasible solutions are treated differently, either by dividing them into different populations with different evolutionary goals, or by treating feasible solutions as superior to infeasible solutions. The latter approach is successfully implemented through the constraintdomination principle in the famous NSGA-II algorithm (Deb et al., 2002), with the hallmark feature of not requiring any additional settings in the algorithm. The last, hybrid
method combines two or more algorithms into one in order to combine their strengths and
eliminate their weaknesses. A more complete state-of-the-art review of constraint handling
can be found in Paper V.
The large number of constraint-handling techniques described in the literature clearly indicates that there is no single algorithm that is best for all constrained problems; the performance of an algorithm is highly dependent on how well its design addresses the characteristics of a specific problem.

2 . 2 . 3 P OS T - OP T I MI A L I T Y A N A L YS I S
SMO has, as described, significant merits compared to SBO in helping a decisionmaker make well-informed decisions for complex problems with conflicting objectives. However, the often vast amount of data generated by SMOs are not always easily
interpreted, especially not for problems with more than three objectives (Deb and
Jain, 2014). In addition, the relationship between different objectives might not be
enough to facilitate a well-informed decision. The relationship between decision variables and the objectives might also hold crucial information, making the interpretation
of this data an even harder task. This process of trying to gather knowledge from the
data generated by a MOO, that is, finding out what makes a solution good and eventually being able to select the best one, was first introduced by Deb (2003). The process
was later named innovization, finding innovative design principles by means of optimization. Innovization started as a visual 2D analysis of relationships, but has since
been extended and automated to find several analytical relationships simultaneously
using data mining (DM) techniques (Bandaru et al., 2011; Bandaru and Deb, 2013,
2010; Deb and Srinivasan, 2006). Dudas et al. (2011) and Ng et al. (2011b) adapted
this process for stochastic systems such as production systems to include not only the
Pareto front but also solutions close to the Pareto front. In terms of Figure 2.5 this
innovization process finds commonalities (pattern, rules, and/or analytical expressions) between the dotted golden lines connecting the golden solutions in the design
space to their objective values on the Pareto front in the objective space.
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2.3

S C OR E

The SCORE method was proposed by Pehrsson (2013) as a new method for finding
bottlenecks in production systems. It is achieved by combining elements from ToC
(Goldratt and Cox, 2014), SMO, and post-optimality analysis. SCORE was also inspired by a design of experiments approach for bottleneck verification proposed by
Faget et al. (2005). It has some similarities to a semi-automatic bottleneck detection
method proposed by Lemessi et al. (2012). In support of the SCORE method, the use
of SMO as a powerful tool for bottleneck detection is detailed by Ng et al. (2014, i.e.,
in Paper II) based on the definition of a bottleneck and improvability of production
systems found in Li and Meerkov (2008).
Finding the bottleneck in a real-world complex production system is rarely as simple
as looking at just one parameter such as availability or queue length. In addition,
merely knowing the location of the bottleneck is not enough to improve its performance; one must also know the cause of the bottleneck. According to the ToC, the performance of a system is limited by some constraint. Improvement of common production system attributes/constraints identified in Pehrsson et al. (2016, i.e. in Paper IV)
include processing time too long, availability too low, and repair of a work cell taking
too long. Finding the constraint on the system then becomes a matter of finding the
parameter or combination of parameters that limits the performance of the system. By
assigning each parameter an optional improved value (i.e., a value likely to remove it
as a constraint) and using these as inputs to an SMO, the combinations can be evaluated. An SMO problem is designed to find optimal solutions regarding some specified
objectives. In this case, the SMO should strive for as high a performance as possible.
However, in order not to improve all parameters, the SMO should also strive for as few
improvements as possible. Using post-optimality analysis, the frequency of an improvement among the optimal solutions is used to pinpoint which parameter(s) limits
the performance the most. To a certain extent, the frequency analysis is identical to
the one applied in Ahmed et al. (2013) for selecting ‘optimal’ combinations of cricket
players. The next step involves a more detailed investigation of exactly how large the
suggested improvements need to be taking financial aspects into consideration. The
financial aspects include the cost of each improvement, and the financial gain of increased performance. The fundamental steps of SCORE are visualized in Figure 2.6,
including the important prerequisite of a validated simulation model.

Figure 2.6: The SCORE method.
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2 . 3 . 1 THE D I F FE R E N T M O O s O F S C ORE
The most general formulation of the MOO problem in SCORE includes a performance
that should be maximized at the same time as minimizing the effort required to reach
that performance, Eq. (1).
𝑚𝑎𝑥 𝑓1 (𝑥) (= 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒)
𝑚𝑖𝑛 𝑓2 (𝑥) (= 𝐸𝑓𝑓𝑜𝑟𝑡)
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑥 ∈ 𝑋, 𝑤ℎ𝑒𝑟𝑒 𝑋 𝑎𝑟𝑒 𝑎𝑙𝑙 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑠

(1)

By far the most common setup of the SCORE optimization problem thus far is a binary
formulation (i.e., only binary improvements/input variables) as shown in Eq. (2),
(Bernedixen and Ng, 2014, i.e., Paper I; Ng et al., 2014, i.e., Paper II; Pehrsson et
al., 2016, i.e., Paper IV). The binary formulation uses the throughput of the system
as the performance measure, and the number of improvements made to the system as
a measure of the required effort. Here the improvements are binary, that is, changing
a system parameter from its original value to an improved value is considered an improvement. An improvement is supposed to remove a system parameter as a potential
bottleneck in the system, that is, remove it as the parameter constraining the system.
max 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡
𝑁

min 𝑁𝑢𝑚𝑏𝑒𝑟_𝑜𝑓_𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑠 = ∑ 𝐼𝑖
𝑖=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜
g j (𝑥⃑) ≤ 0,
hk (𝑥⃑) = 0,

j ∈ {1, … , p}
k ∈ {1, … , q}

(2)
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

𝐼𝑖 ∈ {0,1},
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

𝐼𝑖 = 0 𝑖𝑓𝑓 𝑥𝑖 = 𝑥𝑖
𝑤ℎ𝑒𝑟𝑒 𝐼 = {
𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
𝐼𝑖 = 1 𝑖𝑓𝑓 𝑥𝑖 = 𝑥𝑖
𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑

𝑥𝑖 ∈ {𝑥𝑖
, 𝑥𝑖
}
𝑖 ∈ {1, … , 𝑁}, 𝑤ℎ𝑒𝑟𝑒 𝑁 𝑖𝑠 𝑡ℎ𝑒 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑠
By using this problem in an innovization process, the bottlenecks in the system studied
can be identified and ordered from high to low severity. The post-optimality analysis
used is a frequency analysis of the presence of the different improvements among the
best solutions found. Here, the best solutions refer to solutions of Rank 1 to 𝑛 according to the non-dominated sorting illustrated in Figure 2.4. The foremost reason for
including not only the first Rank (i.e., 𝑛 = 1) is the fact that models of real-world systems usually have some stochastic elements, thus making the outputs from these models stochastic. This in turn makes it impossible to state with absolute certainty that a
solution in Rank 1 is better than one in Rank 2. For most application studies, a value
of 𝑛 = 5 is used to also consider solutions close to the first non-dominated set.
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Figure 2.7: Illustration of the SCORE frequency analysis on the best solutions found in the MOO.

Let Ω𝑛 be the set of best solutions (black solutions in Figure 2.7), then using 𝐼𝑖 (defined in Eq. (2)) the frequencies are calculated as

𝐹𝑟𝑒𝑞(𝐼𝑖 ) =

∑𝑥⃑∈Ω𝑛 𝐼𝑖 (𝑥⃑)
, ∀𝑖 ∈ {1, … , 𝑁}.
|Ω𝑛 |

(3)

In summary, SCORE uses the innovization process with SMO to identify the most beneficial system improvements. These are equivalent to the system parameters that represent the most severe bottlenecks in the system. In light of this, system parameters
not included in the SCORE optimization problem will not be detected as bottlenecks.
Pehrsson (2013) included improvements related to work cell cycle time, work cell
availability, and work cell mean downtime.
Once the bottlenecks in the system have been identified, action can be taken to remove
them according to their severity. However, the information about the bottlenecks and
their relative severity can also be used as input to a second SCORE optimization in
which the most severe bottlenecks are considered in more detail, possibly including
financial aspects like the cost of each improvement. The point of doing this in two steps
is that the financial figures (cij in Eq. (4)) needed are not readily available. They need
to be collected and calculated per improvement and possibly even per level of improvement, that is, in this more detailed optimization improvements can be made in several
steps. This work is not only mainly manual but also often requires expertise from different departments, making it an even harder and very time-consuming task. By limiting the number of possible improvements to the most beneficial ones, this task becomes manageable, allowing the SCORE optimization described by Eq. (4) to be
solved.
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𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡
𝑁

𝑛𝑖

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 = ∑ ∑ 𝑐𝑖𝑗 𝐼𝑖𝑗 , 𝑤ℎ𝑒𝑟𝑒 𝑐𝑖𝑗 𝑖𝑠 𝑡ℎ𝑒
𝑖=1 𝑗=1

𝑐𝑜𝑠𝑡 𝑜𝑓 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑙𝑒𝑣𝑒𝑙 𝑗 𝑜𝑓 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑥𝑖
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜
g j (𝑥⃑) ≤ 0,
j ∈ {1, … , p}
hk (𝑥⃑) = 0,
k ∈ {1, … , q}

(4)

𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

𝐼𝑖𝑗 = 0 𝑖𝑓𝑓 𝑥𝑖 = 𝑥𝑖
𝐼𝑖𝑗 ∈ {0,1}, 𝑤ℎ𝑒𝑟𝑒 {
𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
𝐼𝑖𝑗 = 1 𝑖𝑓𝑓 𝑥𝑖 = 𝑥𝑖𝑗
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

𝑥𝑖 ∈ {𝑥𝑖

𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑

, 𝑥𝑖1

𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑

, … , 𝑥𝑖𝑛𝑖

}

𝑖 ∈ {1, … , 𝑁}, 𝑤ℎ𝑒𝑟𝑒 𝑁 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠
𝑗 ∈ {1, … , 𝑛𝑖 }, 𝑤ℎ𝑒𝑟𝑒 𝑛𝑖 𝑖𝑠 𝑡ℎ𝑒 𝑙𝑒𝑣𝑒𝑙 𝑜𝑓 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑠 𝑓𝑜𝑟 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 𝑥𝑖
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CHAPTER 3

EFFICIENCY OF SCORE
This chapter presents a summary of the key results of this work that enable SCORE
analyses to be run with high efficiency. Efficiency here refers to minimizing the tailoring needed to prepare individual simulation models for a SCORE analysis as well as
making effective use of available computational resources.

3.1

S C OR E W IT H B L A C K - B O X S I MU L A T I ON M O D E L S

The SMO within the SCORE methodology (Eq. (2) or Eq. (4)) strives to achieve the
best system performance with as few improvements as possible. It is done by evaluating the performance of various combinations of improvements 𝑥⃑. These improvements
are discrete in the sense that they are made in steps rather than in a continuous fashion. This fact rules out the use of standard continuous optimization input variables to
model these improvements. Standard integer variables are another possibility, but
these are only able to model a select few types of improvements, such as increasing
buffer capacity from 5 to 6. In the past this has been the reason every model used with
SCORE needed to have an internal representation of the improvements. This representation was then mapped to standard integer variables, supported by the optimization algorithm, where 0 was used to represent the unimproved value while larger values represented different levels of improvement. Having to add this internal improvement representation to each and every simulation model for SCORE prohibited a quick
and effective way to conduct SCORE analyses. In some cases, for example when only
a runtime license that prohibits modifications is available, it is not possible to add internal representations. This motivated the development of multiple-choice set (MCS)
variables that can be used with evolutionary algorithms, as described in Paper I. With
a single MCS variable (Figure 3.1) it is possible to represent an arbitrary number of
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
unique values, for instance, 𝑥𝑖 ∈ {𝑥𝑖
, 𝑥𝑖
}.
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Figure 3.1: Visualization of multiple-choice set variables (3 and 4) compared to standard optimization variables (1 and
2).

The use of versatile MCS variables enables SCORE analyses to be run on many more
models without any additions and/or modifications. Removing the need for this type
of tailored model means not only that SCORE analyses are applicable to more models
but also creates an increased efficiency in setup. Actually, the setup of SCORE is improved even further through the automation that is made possible by using MCS variables. This automation is presented in more detail in CHAPTER 4.

3.2

E F F I C IE N T U S E O F C O M P U T A T I O N A L R E S OU R C E S

Simulation models of production systems tend to be large with many details and so
take some time to run. It is not uncommon for a single evaluation to take several
minutes. Runtimes close to or longer than an hour are not unheard of. SCORE analyses
usually require several thousand simulation runs using SMO. This is especially true if
the SMO is subject to a highly constrained search space, which is common as these
models are usually constrained in one way or another. SCORE analyses take a long
time to complete as a result of the combination of long evaluation runtimes and the
need for thousands of evaluations. In the context of production system improvement,
in which SCORE is usually applied, having accurate (more on this in CHAPTER 5) results in a timely fashion is crucial. Therefore, efforts to (a) reduce runtimes of models
and/or (b) reduce the number of needed simulation runs are of utmost importance.
Point (a) has been addressed in previous research (Ng et al., 2007, 2008, 2009, 2011a;
Urenda Moris et al., 2008) by the development of easy to use discrete-event simulation
software that promotes simpler and faster models with fewer details. Point (b) is addressed in three ways in the present research: (1) by gaining and incorporating modelspecific knowledge in the SMO (Section 3.2.1); (2) by avoiding spending time on the
evaluation of infeasible solutions (Section 3.2.2); and (3) by avoiding unnecessary
evaluations by providing better means of determining when SCORE has converged,
that is, when the analysis is completed (Section 3.2.3).
3 . 2 . 1 K N OW L E D GE - D R I V E N OP T I M I Z A T I O N
One important aspect of the SCORE method is that it is only able to identify a resource
attribute as a bottleneck if it has been included as an input 𝑥𝑖 in the SMO problem (Eq.
(2)) of SCORE. Naturally, in order not to miss an important attribute, one would like
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to include every possible attribute. This means that even for quite small production
systems, SCORE needs to solve a large SMO problem. In an effort to improve the efficiency with which this is done, Paper VII investigates how knowledge about the effects of these attributes on the performance of the system can be gained and incorporated in a MOO algorithm. This process is referred to as knowledge-driven optimization (KDO).
In simulation-based literature, screening is a special type of DoE. The aim is to identify
the factors (in this case the attributes) that have the largest influence (effect) on the
performance of a simulation model with as few simulation evaluations as possible. Sequential bifurcation (SB) (Bettonvil, 1990; Bettonvil and Kleijnen, 1997; Kleijnen,
2017, 2015) is a screening method particularly suitable for large simulation models
with many attributes. SB provides the estimates of the main effects of these attributes.
In the context of SCORE, these estimates represent a first approximation of the ranking of bottlenecks/attributes. The use of this approximation in SCORE is two-fold: (1)
to initialize the SMO with promising solutions, and (2) to guide the SMO toward promising regions of the search space.
The SB-based initialization of SCORE is illustrated through a small example with 10
attributes {𝑥1 , … , 𝑥10 } in Figure 3.2. The first solution included in the SMO is 𝑆1 which
only improves the attribute with the highest main effect (𝑥7 = 𝑯). The second solution
to be included also improves the attribute with next highest main effect (𝑥2 = 𝑯) and
so on. When the size of population used is larger than the number of attributes, random solutions are used to fill the initial population (here {𝑆11 , … , 𝑆15 }). The idea is that
this initialization will give the optimization a head start by starting close to the true
Pareto front.

Figure 3.2: Example of SB-based initialized SCORE.

In addition to initializing the SMO, the information about the main effects can be used
to create “variable-wise” versions of the genetic operators (crossover and mutation) of
an evolutionary algorithm. These enhanced versions are referred to as variable-wise
operators (VWO). The crossover and mutation operators have a significant impact on
the search process. By integrating knowledge about the main effects into them, it is
possible to link the exploration along an attribute dimension to its main effect, promoting more exploration the higher the main effect, and vice versa (details in Paper
VII). The reasoning behind this is that it should lead to faster convergence toward the
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true Pareto front. The acronym VWO-SB is used to refer to the combination of SBinitialization and variable-wise operators.
The effects of SB-initialization alone and VWO-SB are compared to random initialization and Latin hypercube sampling (LHS) on four versions of a scalable simulation
model and two industrial simulation models in Paper VII. Figure 3.3 presents an
example of these effects for a SCORE analysis on a simulation model of a large industrial machining line. The convergence is displayed in terms of the progression of the
hypervolume over the number of function evaluations (Func Evals) in Figure 3.3 (a).
Convergence of the final non-dominated front for the two objectives maximizing
throughput (TH) and minimizing the number of changes/improvements (CHG) is
shown in Figure 3.3 (b).

(a) Hypervolume progression

(b) Non-dominated solutions

Figure 3.3: Convergence comparison of SB-based KDO on a simulation model of an industrial machining line.

Significantly faster convergence toward the true Pareto front is possible with SB-initialization, and VWO-SB provides a minor additional increase in this convergence
speed.
Although SB-based KDO is not fully integrated in SCORE the results presented in Paper VII shows great potential for increasing the efficiency of SCORE analyses by reducing the number of simulations needed.
3 . 2 . 2 A V O I D A N C E OF I N FE A S I B L E S OL U TI O NS
For constrained optimization problems the standard operators, mutation and crossover, used in most evolutionary algorithms do not guarantee feasible solutions. For
highly constrained problems (e.g., problems with equality constraints) the opposite is
almost true, that is, the standard operators are highly unlikely to produce feasible solutions. This calls for an efficient way to deal with infeasible solutions. Paper I present
MCS variables as well as a repair strategy capable of finding the closest feasible solution 𝑋 ∗ to a given infeasible solution 𝑆 by solving a mixed-integer problem. An illustration of this repair is depicted in Figure 3.4.
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Figure 3.4: Illustration of how infeasible solutions are repaired.

The merits of repairing infeasible solutions like this are presented in Paper V through
some illustrative example problems, including an assembly line balancing problem, a
resource allocation problem, and an optimization of a large industrial machining line.
These problems also highlight how these constrained problems occur naturally in this
context. Results from the assembly line balancing problem with conflicting goals of
maximum throughput (maxTP) and minimum WIP (minWIP) are presented in Figure 3.5. This serves as an example of the superiority of repairing infeasible solutions
(LR-NSGA-II) compared to allowing infeasible solutions (NSGA-II). It should be
noted that both algorithms were given the same computational resources. Clearly, LRNSGA-II is better in terms of both diversity and convergence.

Figure 3.5: Performance comparison of repairing infeasible solutions (LR-NSGA-II) and allowing them (NSGA-II).

33

CH APT ER 3 EF FI CI ENCY O F SCO RE

Furthermore, results included in Paper V support the claim that finding feasible solutions is extremely hard for these highly constrained problems (Barkat Ullah et al.,
2012) without some sort of repair strategy. The results also indicate that even for cases
when the computational cost of repairing a solution is close to that of evaluating a solution, better results can be achieved despite a sacrifice in the total number of evaluations performed. In terms of efficiency, this means that as good or even better results
can be found in less time if infeasible solutions are repaired.
3 . 2 . 3 S C ORE C ON V E R GE N C E
The SCORE methodology lacks a good performance metric to determine whether the
analysis is complete. In fact, little consideration is given to this; rather, the analysis is
set to terminate after a certain number of evaluations. In the best of cases, these numbers are based on experience gained from running many SCORE analyses, possibly on
the same model. However, this practice can lead to excessively long runtimes, or even
worse, insufficient runtimes (Wagner et al., 2011) and potentially inaccurate rankings
of bottlenecks (more on accuracy in section 5.3).
For MOO problems the most commonly used performance metric is the hypervolume
(HV) indicator (Riquelme et al., 2015). In a single measure it combines MOO convergence (closeness of rank 1 solutions to the Pareto front) and MOO diversity (the spread
of rank 1 solutions) by calculating the volume formed by a reference point and the rank
1 solutions. However, HV provides little, if any, indication about the convergence of
the bottleneck ranking in SCORE. Kumar and Vassilvitskii (2010) present generalized
versions of two ranking distance metrics, Spearman’s footrule (Spearman, 1904), and
Kendall’s tau (Kendall, 1938), and how they can be applied to compare web-search
results. Spearman’s footrule measures the ℓ1 distance between two rankings, and Kendall’s tau measures the number of pair-wise inversions between them. Inspired by
their work, Paper VI presents how repeated use of these metrics at each generation
can be used to visualize the convergence of the bottleneck ranking in SCORE. For each
generation 𝑔 > 2, the bottleneck ranking in that generation is compared with that of
the previous generation 𝑔 − 1. The generalized versions of these metrics include positional weights that, in the context of SCORE, allow dissimilarities among the most severe bottlenecks to be considered worse than those among the least severe bottlenecks.
Section 5.3 will further discuss how this ability to emphasize the number of top bottlenecks relates to SCORE. Figure 3.6 shows an example of these ranking distance metrics together with HV for the top five most severe bottlenecks in a 10-station production line, referred to as 10S in Paper VI.
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Figure 3.6: SCORE convergence for the five most severe bottlenecks in a 10-station serial production line.

Now comes the question of how to use this visualization to determine whether the
SCORE analysis is complete. Based on ranking distance, the analysis in Figure 3.6
could be terminated around 60–70 generations (ranking distance stable at 0 for 10–
20 generations). However, termination based on the hypervolume indicator would
probably be indicated after 150–200 generations. Visualizing the ranking distances
enables a significant reduction (> 50 %) in the time needed for this SCORE analysis.
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CHAPTER 4

AUTOMATION OF SCORE
Setting up an optimization problem with many inputs, objectives, constraints and parameters of the algorithm seems a daunting task to many people. The MOO problem
in SCORE is no exception. The setup of this optimization problem represents the majority, by far, of work needed in a SCORE analysis. This chapter presents a versatile
way in which this setup can be automated while still allowing tailoring if need be. It
should be noted that the MCS variables presented in the previous chapter and Paper
I and Paper V are crucial in making this automation possible. The last two subsections of this chapter include a discussion on how the bottleneck convergence presented
in Paper VI can be used to automate the termination of a SCORE analysis and how
the post-optimality frequency analysis has been automated in this work.

4.1

D E F I N IN G I M P R O V E M E N T S

The inputs of the MOO problem in SCORE represent improvements of system parameters potentially constraining the performance of the system, or in other words, improvements of potential causes for bottlenecks. This means that SCORE is only able to
find causes for bottlenecks included as inputs, and in turn that a thorough SCORE
analysis should include all potential causes of bottleneck. Even for small systems,
these improvements quickly add up and the task of manually setting up the MOO problem becomes tedious and error-prone. To address this Paper III presents a generic
way of defining improvements through SCORE groups (Figure 4.1) that enables an
automatic setup of the MOO problem.

Figure 4.1: Interface for defining improvements to be used in SCORE.
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These generic improvements consider that characteristics of different types of system
parameters (selected by Object type and Variable type) call for different types of improvements. One example is whether an increased or decreased value of the system
parameter represents an improvement (Improvement direction). The way to define
the size of improvements (Improvement type) might be different; the size of improvements can be relative to the original value or absolute. Yet another option is to set
improvements to a fixed value without any relation to the original value. There are also
cases when improvements beyond a certain value can be prohibited by practical or
physical limitations (Limit). More recently, the ability to split generic improvements
into more than one step has been added (Steps). Eq. (4) shows a problem formulation
that includes several steps of improvements. The aim of this characterization is to be
able to provide more precise information about the size of the required improvements
and about how sensitive the system is to them. This generic definition of multi-step
improvements is ongoing work and outside the scope of this thesis.

4.2

S E T T IN G U P S C OR E

Given a simulation model and a set of default SCORE groups, the setup of a SCORE
analysis can be completely automated. Default SCORE groups used for production systems are presented in Figure 4.2. They include improvements of processing times,
availabilities and mean times to repair.

Figure 4.2: Default SCORE Groups.

Once all SCORE groups have been defined (default and/or tailored), all input variables
needed for a SCORE analysis can be automatically generated in the form of MCS variables 𝑥𝑖 in Eq. (2) along with corresponding binary variables 𝐼𝑖 in Eq. (2), where 𝐼𝑖
simply states whether variable 𝑖 is left unchanged (𝐼𝑖 = 0) or whether it is improved
(𝐼𝑖 = 1). The objectives in Eq. (2) are then easily added as: (1) maximize throughput
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of the system and (2) minimize the number of combined improvements (∑𝑖 𝐼𝑖 ), of a
solution 𝑥⃑. Note that the number of input variables is closely related to the size (number of objects) of the model, whereas the setup is unchanged and just as easy for a
small model as for a really large one. The only thing missing before a SCORE analysis
can commence is the selection of an optimization algorithm with suitable settings for
a SCORE problem. The algorithm of choice is the modified version of the famous
NSGA-II algorithm (Deb et al., 2002) with support for the MCS variables and repair
strategy presented in the previous chapter. Table 4.1 shows the settings used for this
algorithm.
Setting

Value

Population size
Mutation probability
Mutation distribution index
Integer Mutation
Real Mutation
MCS Mutation
Crossover probability
Crossover distribution index
Integer Crossover
Real Crossover
MCS Crossover

50
1/𝑁 ∗
20
Polynomial
Polynomial
Uniform range
0.9
20
SBX
SBX
Uniform

Table 4.1: Default NSGA-II settings for SCORE analyses ( ∗ 𝑁 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑝𝑢𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠).

This automatic setup removes the majority of the manual work needed to perform a
SCORE analysis. Its importance should not be underestimated. Defining an optimization problem with hundreds of input variables is, as mentioned, not only tedious but
also error-prone. Running an incorrectly setup SCORE analysis can in the best case be
a waste of time (if the errors are detected) or in the worst-case lead to sub-optimal
improvement priorities putting the desired improvement of the system performance
at risk.

4.3

O N L IN E C O N V E R G E N C E D E T E C T I O N O F S C OR E

MOO problems solved with the use of EAs are often terminated based on a heuristic
stopping criterion, such as the total number of evaluations, due to the lack of formal
convergence or optimality criteria (Wagner et al., 2011, 2009). This practice can, as
previously mentioned, lead to a waste of computational resources or, by terminating
too early, it can result in “sub-optimal” results. To avoid this, Wagner et al. (2009)
proposed an approach for online convergence detection (OCD) of multi-objective EAs.
Using one or more performance indicators (PIs) an EA is terminated when either (1)
the PIs falls significantly below a predefined standard deviation limit or (2) no significant trend can be detected over the previous generations.
The previous chapter summarized the use of a ranking distance metric as a PI and
visualized the convergence of the bottleneck ranking in Paper VI. In fact, combined
with OCD its potential goes beyond mere visualization to enabling an automatic and
accurate termination of a SCORE analysis once the ranking distance metric is statistically indistinguishable from 0. Although this has not been tested, and is left as future
work, the fact that accurate termination is the last step before a fully automated
SCORE analysis is possible warrants its inclusion here.
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4.4

F R E QU E N C Y A N A L Y S I S

Prior to this work, frequency analysis (explained in Eq. (3)) was a three-step process:
(1) rank solutions according to the concept of domination (illustrated in Figure 2.4),
(2) export solutions to Microsoft Excel, and (3) apply frequency analysis. This process
is now integrated in the optimization platform used to run SCORE analyses, making
continuous updates of the frequency analysis possible. An example of an integrated
frequency analysis chart is shown in Figure 4.3.

Figure 4.3: Example of frequency analysis from a SCORE analysis of a model of an industrial assembly line.

Both the automation of the setup of SCORE and the integrated frequency analysis are
vital in bringing SCORE analyses, once confined to research contexts, into widespread
use in industry, where production engineers and managers alike can reap their benefits.
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CHAPTER 5

ACCURACY OF SCORE
The two major novelties of the SCORE methodology are (1) its ability to not only detect
bottlenecks but also rank/order bottlenecks according to their severity, and (2) its ability to pinpoint the cause of the bottleneck and consequently mitigate it. These are the
key strengths of SCORE compared to existing methods of bottleneck detection, and
they are enabled by the use of SMO. Confidence in SCORE is related to the accuracy
with which it identifies these two aspects.
To show that it does so, this chapter begins by recapping the theoretical foundation of
SCORE presented in detail in Paper II. This is followed by examples of how SCORE
was validated in Paper IV. The chapter concludes by revisiting the SCORE convergence presented in Section 3.2.3 (with full details in Paper VI) and how it relates to
the accuracy of SCORE.

5.1

T H E OR E T I C A L F O U N D A T I O N O F S C O R E

The main inspirations for the SMO approach to bottleneck detection in SCORE are the
theory of constraints (ToC) introduced by Goldratt and Cox (1984) and the unconstrained improvability of production systems engineering (PSE) by Li and Meerkov
(2008). ToC states that every system has a single constraint that limits its overall performance, in other words a primary bottleneck. PSE defines a bottleneck as the constraint that with an infinitesimal improvement will lead to the largest increase in overall performance. These two concepts neatly bring together bottleneck identification
and improvements referred to as bottleneck analysis in Paper VII. In Figure 5.1 the
relationship between improvements (𝑓2 (𝑥) = Number of changes) and overall system
performance (𝑓1 (𝑥) = Throughput) are brought together in a MOO context. Paretooptimal solutions (red) represent the best achievable throughput for every number of
improvements, for example with 𝑥1 , 𝑥2 and 𝑥3 . The achievable throughput ranges from
the original performance 𝑇𝐻0 to the maximal practical throughput 𝑇𝐻𝑚𝑎𝑥 at 𝐶𝑚𝑎𝑥 improvements. After this point, further throughput increases are not possible no matter
the number of additional improvements.
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Throughput (continuous simulation output)

f1(x) = TH(x)
Inferior solutions: TH(x)=THmax but
f2(x) > Cmax
Connecting the non-dominated
solutions to form the Pareto front

THmax
Dominated solutions

THt

TH0

x1
x2
x3
f2(x1)=f2(x2)=f2(x3)=4 but
TH(x1)>TH(x2)>TH(x3)
f2(x) = 4

f2(x) = Cmax f2(x) = 3N

Number of changes (discrete simulation input)

Figure 5.1: Optimal improvements to reach different levels of throughput in the context of MOO.

The main advantage of this MOO approach over PSE is that it considers not only single
infinitesimal improvements but combinations of optimal improvements. This makes
it possible to pinpoint multiple improvements that might be needed to reach a target
throughput 𝑇𝐻𝑡 . Compared to other methods of bottleneck detection, including PSE,
that focus on the current state, this MOO approach offers predictive capabilities about
a desired future state. The theoretical foundation presented here is a good start when
it comes to proving the accuracy of SCORE in the sense that it shows that SCORE
draws on well-established theories and methods. The next section addresses the accuracy of SCORE more practically by validating a problem solution.

5.2

V A L I D I T Y O F S C OR E

Several successful applications of SCORE on models of real-world production systems
are detailed in the papers included in this thesis. They demonstrate the practical usefulness of SCORE. However, as for obvious reasons the true bottlenecks are unknown,
this lack of information makes it impossible to draw further conclusions about the accuracy of SCORE. To address this issue, Paper IV includes constructed models of
basic production systems with known bottlenecks on which to test the accuracy of
SCORE. It makes an accuracy-by-comparison claim for SCORE by putting it head-tohead with Toyota’s shifting bottleneck detection (SBD) (Roser et al., 2002). A summary of the results is presented here.
Four configurations of a 5-station serial production line without inter-station buffers
(Figure 5.2) were used to validate SCORE.
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Source

M1

M2

M3

M4

M5

Sink

Figure 5.2: Illustration of 5-station serial production line.

The basic balanced configuration of the line {𝑀1 , … , 𝑀5 } includes 30-second process
times, 90 % availability, and 10-minute mean time to repair. The four bottleneck configurations used are listed below:
•

Configuration 1: Process time bottleneck at M2, 40 seconds

•

Configuration 2: Availability bottleneck at M3, 80 %

•

Configuration 3: Combination of Configuration 1 and 2

•

Configuration 4: Mixed issues, processing times {32, 35, 30, 33, 31} and availabilities
{95, 92, 86, 94, 90}

The SCORE groups used in the analysis are RELATIVE improvement of process times
by -30 %, FIXED improvement of availabilities to 99 %, and FIXED improvement of
mean repair times to 1 minute.
For Configurations 1 to 3 both methods agree on the introduced bottleneck machines,
while SBD lacks information about the cause of the bottleneck at each machine. The
methods disagree on the more realistic fourth configuration. To determine which
method is more accurate, consecutive improvements are made based on each method’s
top ten ranked bottleneck causes. Figure 5.3 shows the results.
120

Throughput (parts/h)

100
80
60
40
20
0
0

1

2

3

4

5

6

7

8

9

10

Number of improvements
Throughput SCORE
Throughput Shifting Bottleneck (best case)
Throughput Shifting Bottleneck (worst case)
Figure 5.3: Comparison of consecutive improvements based on SCORE and SBD.
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SBD includes improvements of both processing time and availabilities at each improvement step since it only pinpoints the bottleneck location (i.e., the machine) not
its cause. This results in a best and worst case for the ‘guess-work’ improvements based
on SBD. Clearly, the ranking of bottlenecks provided by SCORE is more accurate for
all cases except the last improvement steps (9 and 10), where the best-case improvements coincide. The observed throughput advantage of SCORE at each step is between
0 % and 7.4 % for SBD in the best case and between 1.5 % and 13.1 % for SBD in the
worst case.
The superior accuracy of SCORE is also apparent in the industrial application and validation presented in the same paper (Paper IV). In that case both methods identify
the same primary bottleneck machine. However, acting on the less detailed information provided by SBD improves the processing time but actually decreases the overall performance of the system. This is a surprising result to say the least, but not unheard of. A similar example of a local improvement making the overall performance of
the system worse is reported by Ignizio (2009). The mystery is solved by SCORE,
which accurately points out the availability of that station as the problem.

5.3

S C OR E C ON V E R GE N C E

The introduction to SCORE convergence in Section 3.2.3 primarily focused on its indirect effect of spending just the right amount of computational resources from an efficiency point of view. In the context of accuracy, SCORE convergence has a more direct relevance in the sense that it provides information about when the ranking of bottlenecks no longer changes and a predetermined target performance is reached.
The goal of most improvement projects is to increase the performance of a system to
match a predetermined target performance. However, the number of improvements
needed to reach that target performance is unknown at the start of the project. In
SCORE (even quite early in the optimization) that number is estimated by the 2D-plot
of the SCORE objectives, maximum throughput (maxTP) and minimum number of
improvements (minImp). Figure 5.5 (a) presents an example of this for the 10S line
in Paper VI with three example targets corresponding to 5, 10 and 15 needed improvements. With this knowledge it is possible to tailor the ranking distances (introduced in Section 3.2.3) to match that number, because any improvement beyond that
is actually out of scope for the improvement project. In other words, it is enough to be
sure about these top 𝐾 improvements/bottlenecks. The ranking distances are tailored
using positional weights based on a cost function, where the cost function 𝛿𝑖 represents
the cost of switching bottleneck at position 𝑖 with the bottleneck at position 𝑖 − 1. The
cost function used here Eq. (5) is a combination of those that Kumar et al. (2010)
refer to as 𝐷𝐶𝐺 and 𝑇𝑂𝑃𝐾, simply named 𝐷𝐶𝐺_𝐾.
1
1
−
, ∀𝑖 ∈ {2, … , 𝐾}
log(𝑖 + 1) log(𝑖 + 2)
𝐷𝐶𝐺_𝐾: 𝛿𝑖 = {
0, ∀𝑖 ∈ {𝐾 + 1, … , 𝑛}
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Figure 5.4: Illustration of cost function 𝐷𝐶𝐺_𝐾 with 𝐾 = 10.

The step function 𝑇𝑂𝑃_𝐾 allows inversions beyond the 𝐾 𝑡ℎ ranked bottleneck to be
neglected, while 𝐷𝐶𝐺 weighs inversions among the top 𝐾 bottlenecks so that inversions
are considered worse according to the severity/rank of the bottlenecks (Figure 5.4).
Regarding the frequency analysis used to rank the bottlenecks, it should be noted that
this is the first time the somewhat arbitrary selection of the best solutions Ω𝑛 is replaced by only the significant non-dominated set (Rank 1). This choice is in accordance
with to the confidence-based significant dominance concept presented by Ng, Urenda
Moris, and Svensson (2008), using a confidence level of 95%. At this point the available information includes visualizing the overall convergence of a SCORE optimization
using the HV indicator and the convergence of the top 𝐾 ranked bottlenecks in SCORE
using these distance metrics. Figure 3.6 shows an example. Missing still is the somewhat crucial information about whether or not the targeted performance has been
reached. In order to address this, the target performance is included in the visualization in the form of a red line along with box plots of the performance of the current top
𝐾 improved bottlenecks at a certain generational interval. Figure 5.5 (b-d) present
this complete SCORE convergence visualization for the three different target performances mentioned previously, 𝐾 ∈ {5,10,15}, with performance snapshots at every
50th generation.
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Figure 5.5: SCORE convergence visualizations for a 10-station production line including three different target performances.

As mentioned earlier, SCORE convergence is indicated when the ranking distance
metric reaches 0, where 0 ranking distance is equivalent to no inversions in the top 𝐾
bottlenecks from one generation to the next. Perhaps not surprisingly, “reaching zero”
becomes more difficult as the number of considered bottlenecks 𝐾 increases. The following procedure is suggested for an accurate termination of a SCORE analysis.
1. Start a SCORE analysis.
2. After a few generations estimate the number of improvements needed to reach the
desired target performance 𝑇𝐻𝑡 .
3. Use the SCORE convergence visualization (generational-wise ranking distance, hypervolume, and snapshot throughputs) to make an informed decision about the accuracy of the current ranking of bottlenecks.
This procedure represents an important first step toward being able to make more informed decisions about the termination of a SCORE analysis. It also reveals areas that
need to be studied further; for example, why the target performance was not reached in
Figure 5.5 (d). Perhaps, improvements of the frequency analysis Eq. (3) could remedy
this.
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CHAPTER 6

CONCLUSIONS AND FUTU RE WORK
This chapter presents the overall conclusions of this work and shows how they relate
to the research question posed in section 1.3, which is repeated below. The contributions to knowledge and their implications for industrial applications are summarized
in terms of design science, which is the research strategy used. Some promising directions for future work are outlined.

6.1

C ON C L U S I ON S

The three keywords in the main research question, namely, efficiency, automation and
accuracy, have been repeatedly mentioned throughout this thesis. (Note that in the
main research question, these keywords are used in their adverbial forms.)
How can simulation-based multi-objective optimization
techniques be efficiently, automatically, and accurately utilized to identify bottlenecks and support improvement analysis of production systems?
The merits of using simulation-based multi-objective optimization techniques to identify and rank bottlenecks are evident from the successful application of the SCORE
methodology to models of real-world industrial systems reported in this thesis.
A major obstacle preventing widespread use of the methodology is that it is relatively
complicated to apply in practice. Firstly, multi-objective optimization in itself is a technique that the majority of intended users, mainly production engineers and managers,
are not familiar with and do not feel confident about. Its application is made even
harder by the fact that common decision variables within production systems are not
easily represented using the standard integer and continuous variable types supported
by most MOO algorithms. Secondly, simulation models of real-world production systems tend to be computationally demanding with long evaluation times. The models
usually require thousands of evaluations, which may result in prohibitively long times
for an SMO study. This can make the results obsolete by the time the analysis is completed.
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In this work, a versatile MCS variable type is proposed and implemented for EAs. This
variable type is designed to meet the requirements of the decision variables commonly
encountered in production systems optimization. Specifically, MCS variables eliminate the need for special preparation in the simulation models intended for SCORE
analyses, dramatically increasing the efficiency of the setup of SCORE analyses. Promising results showing how knowledge-driven optimization can further increase the efficiency of a SCORE analysis are also presented as the screening method of sequential
bifurcation is capable of computing the main effects of SCORE input variables. Incorporating knowledge about these main effects in an EA can speed up SCORE analyses
by providing promising starting solutions and also by guiding the algorithm toward
promising regions of the search space.
Various constraints in production systems significantly limit the search space and impede an efficient search toward optimality. For these highly constrained problems, the
suggested repair strategy is shown to be superior to the commonly used constraineddomination principle implemented in the standard NSGA-II algorithm. Yet another
contribution to more efficient SCORE use is the implementation of the ability to terminate a SCORE analysis using generalized ranking distances. By comparing the bottleneck ranking from one generation to the next, the convergence of the bottleneck
ranking can be visualized. Convergence is indicated by the ranking distance coming
close to zero over a number of generations. Excessively long runtimes can be avoided
by using this convergence measure.
The single most important aspect of how SCORE identifies bottlenecks is how it is able
to evaluate different combinations of improvements and their effects on the performance of a system. Defining improvements is not straightforward; different system
parameters call for different ways to define improvements. In close cooperation with
industry, different ways to define improvements were identified. These were implemented in a generalized form using SCORE groups. Using MCS variables and these
SCORE groups, the setup of a default SCORE SMO was automated. Frequency analysis
was implemented in SCORE to automate the post-optimality analysis.
In this work, the accuracy of SCORE is addressed by first linking the MOO part of
SCORE to the well-established definition of a bottleneck, thus conceptually brings bottleneck identification and improvement into a single task. SCORE and Toyota’s shifting bottleneck detection method were compared on standard benchmark problems.
On the most realistic benchmark model, SCORE’s ability to identify and rank bottlenecks was observed to be upto 13% better. This superiority is obviously not certain
without a credible way to determine the convergence of the bottleneck ranking in
SCORE. Therefore, two generalized ranking distance metrics with positional weights
were proposed to visualize convergence. This method shows great potential in ensuring accurate ranking of bottlenecks.
In conclusion, the techniques developed and presented in this thesis are deemed to
have adequately addressed the research question posed by proving some promising
directions for efficient use of SMO to automatically and accurately identify bottlenecks
and support improvement analysis of production systems.

6.2

C ON T R I B U T I O N S T O K N O W L E D GE

Conceptually, one of this work’s key contributions to knowledge is showing that bottleneck identification and bottleneck improvement can be effectively combined and
realized in practice in an integrated method referred to as bottleneck analysis, even for
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complex industrial models. Further contributions to knowledge are summarized below:
1. A versatile MCS variable and a repair strategy that supports MCS variables in
EAs (specifically modified versions of NSGA-II and NSGA-III) has been proposed and developed. The benefits these bring have been shown through applications to several problems, including both academic and benchmark models,
as well as to industrial problems.
2. A novel use for knowledge-driven optimization, in which sequential bifurcation
generates knowledge prior to the start of the optimization, has been investigated. The knowledge is used both to initialize the first generation of an EA and
for a more efficient search process through the use of variable-wise operators.
3. An automated setup for SCORE, known as the SCORE groups setup, avoids
subjecting users to tedious manual setup of optimization variables and objectives. It has been designed and implemented in a discrete-event simulation
software.
4. The novel use of two ranking distance metrics to visualize convergence of bottleneck ranking in SCORE was examined. Compared to existing convergence
metrics that emphasize objective space convergence, these metrics visualize decision space convergence more directly.

6.3

I M P L I C A T I ON S F O R I N D U S T R I A L A P P L I C A T I O N S

To test the methods and concepts presented in this work in an industrial setting, they
were implemented in a discrete-event software with extensive support for various
MOO algorithms. These implementations constitute what design science refers to as
artifacts. Through this software, the implemented features have been distributed and
tried in two global automotive companies. One of the companies reports that some of
its production engineers are constantly using SCORE to prioritize where to make improvements every week. The other company also reports that SCORE is being used,
and it is planning to run SCORE on all their models. These encouraging reports indicated that this work has enabled SCORE to move beyond its restricted use in research
projects and become useful to industry, which was one of the research targets.

6.4

F U T U R E W OR K

Some promising directions for research that can further enhance the performance and
applicability of SCORE are outlined below.
In this thesis, the major focus is on the binary formulation of the MOO problem in
SCORE (Eq. (2)) and the efficiency with which it is solved, the automation of its setup
and analysis and the accuracy of the ranking of identified bottlenecks. As shown in this
work there is no doubt that this is a powerful and accurate way of identifying and ranking bottlenecks. However, even if it is used with realistic levels of improvement, it does
not provide answers for these two questions: (1) what size of improvements are actually needed? (2) how sensitive is the system to the suggested improvements? The second question could also be formulated as follows: What are the consequences of not
reaching the suggested improvement levels?
Answers to both of these questions may be found in the multi-level formulation of the
MOO problem in SCORE (Eq. (4)). It uses uniform costs (i.e., 𝑐𝑖𝑗 = 1) supported by
the SCORE group presented in section 4.1 and used in Paper VII. Despite the existing
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support for setting up and solving these multi-level SCORE optimization problems, a
proper way to analyze the generated results to address the two questions posed is still
lacking. For instance, the post-optimality frequency analysis is designed for a binary
formulation of SCORE; in other words, in the context of multi-level SCORE it considers all levels of improvement equal. Adapting the frequency analysis to handle multiple
levels of improvement or some completely new type of analysis is worth further investigation.
As for the second question, a systems sensitivity analysis with regard to changes in a
solution, or set of solutions, is normally done by evaluating solutions in the vicinity of
those solutions. These solutions in the vicinity are constructed through some perturbation of the original solutions and usually result in many additional evaluations.
More evaluations, especially with long evaluation times, mean a longer time elapses
before sufficient information is available to enable a high-quality decision to be made.
However, Takahashi et al. (2001) and Avila et al. (2006) have addressed sensitivity
analysis in a single-objective optimization and a MOO problem respectively, and have
showed that solutions already evaluated in an SMO problem for the design of electromagnetic devices can be used for this type of analysis. Investigating the applicability
of this SMO sensitivity analysis to a multi-level SCORE to improve the decision support provided by SCORE is an interesting direction for future work.
The aim of SCORE is to identify and rank bottlenecks in a system. It does this by trying
different combinations of improvements. What about the opposite? Could the inclu𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
sion of degradations of system parameters, e.g., 𝑥𝑖 ∈ {𝑥𝑖
, 𝑥𝑖
, 𝑥𝑖
} or
𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑
𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙
𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
for multi-level 𝑥𝑖 ∈ {𝑥𝑖𝑚𝑖
, … , 𝑥𝑖1
, 𝑥𝑖
, 𝑥𝑖1
, … , 𝑥𝑖𝑛𝑖
}, also yield
valuable knowledge about the system? The hypothesis is that the inclusion of degradations in SCORE can help to pinpoint system parameters with “over-capacity”, that
is, system parameters whose degradation will not have a negative impact on performance. This knowledge could be used to promote better utilization of the available
resources and an overall increase in system performance by re-allocating resources
from areas with known over-capacity to bottleneck areas in the system.
A multi-level SCORE is usually preceded by a binary SCORE, thus making it a process
involving two consecutive optimizations. This represents another promising area for
further research, primarily regarding the first two aspects addressed in this thesis,
namely efficiency and automation. From an efficiency perspective, is it possible to
combine these two analyses into a “single” bi-level MOO problem (Deb and Sinha,
2009; Sinha and Deb, 2009) with a binary SCORE optimization at the upper-level and
a multi-level SCORE optimization at the lower-level? If so, can that problem be solved
more efficiently than keeping it as a two-step optimization processes? From an automation perspective, regardless of whether a bi-level or a two-step approach is used,
the requirements for automating the setup, running and analysis of such optimizations
have to be explored further.
Finally, the repeated use of ranking distances for visualizing the convergence of
SCORE, although it is only a first step in need of further investigation, has great potential to enable a more confident termination of a SCORE analysis. However, the approach presented depends on the input of the decision-maker in selecting 𝐾 and then
visually confirming whether the SCORE analysis has converged. The possibility of
minimizing or removing the need for this interaction is also interesting for future
work. As suggested in Wagner et al. (2009), this should be possible by knowing the
desired target performance for automatic identification of 𝐾, together with online convergence detection.
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ABSTRACT
Many simulation-based optimization packages
provide powerful algorithms to solve large-scale
system problems. But most of them fall short to
offer their users the techniques to effectively handle
decision variables that are of multiple-choice type,
as well as equality constraints, which can be found
in many real-world industrial system design and
improvement problems. Hence, this paper
introduces how multiple choice sets and Manhattandistance-based constraint handling can be
effectively embedded into a meta-heuristic
algorithm for simulation-based optimization. How
these two techniques have been applied together to
make the improvement of a complex production
system, provided by an automotive manufacturer,
possible will also be presented.
INTRODUCTION
Optimization can be defined as the process of
seeking the “best” design/operation of a product
/system, with respect to certain objective(s). It is the
ultimate goal of many on-going scientific research
and industrial production system development
projects. For instance, simultaneously maximizing
the effectiveness and minimizing variability (Six
Sigma), waste (Lean) or more directly the running
cost of the available resources on hand is the target
for almost all companies to remain competitive.
Implicitly, optimization is the keyword for most of
the continuous system improvement methodologies,
found in the field of Management Science and

Operation
Research
(OR).
Nevertheless,
optimization models found in OR are not easy to be
applied in practice, especially in industry. Firstly,
many of these models require high analytical skills
to formulate the problems into some mathematical
models. Secondly, very often they require
unrealistic assumptions, e.g. deterministic process
times, hence fall short to represent real-world
system complexity. It is therefore not difficult to
understand that simulation, particularly discreteevent simulation, is still the most practical choice
for industrial practitioners (Tempelmeier 2003).
This is not a surprise when considering that any
system complexity and stochastic variability can be
easily modeled using almost any simulation
software. On the other hand, simulation is not an
optimization tool when used standalone. The
connection of meta-heuristic search methods, such
as Genetic Algorithms (GA) or Tabu Search (TS),
to simulation models, referred to as Simulationbased Optimization (SBO), can be used for finding
the optimal setting of many decision variables in a
design optimization problem (Law and McComas,
2002). Extensive research focus has been paid to
this area since mid-1990s, when the first
commercial SBO package was launched. The basic
mechanism of these packages is the integration of
meta-heuristic search algorithms, with DiscreteEvent Simulation (DES) software so that “optimal”
or close to optimal solutions can be found
automatically, as illustrated in Figure 1.
Performance measures

Simulation

Optimization
Solutions

	
  
Figure 1: Simulation-based Optimization	
  

SBO has opened a new era for applying
optimization to solve real-world problems in
industry because: (1) meta-heuristic search
algorithms in general treat a target simulation
model as a black box, therefore the same generic
algorithm can be used to solve a range of problems
without any re-configuration; (2) meta-heuristic
search algorithms, like GA and TS, are able to
handle a large set of decision variables with mixed
data type (e.g. continuous, discrete and
combinational). Many industrial application studies
for addressing production systems design and
analysis
problems
have
been
reported.
Nevertheless, despite the huge potential that can be
offered by SBO, there are some deficiencies that
still prohibit the effective use of general SBO
packages for production systems optimization in
practice. Specifically, we are referring to two issues
that have to be resolved if SBO is to be used
effectively for the continuous improvement of
production systems: (1) decision variable ranges
that cannot be well modeled by using standard
integer or continuous optimization variables with a
lower and an upper bound; (2) constraint handling
to deal with practical constrained optimization
problems. The aim of this paper is to introduce how
these two specific issues can be resolved by the use
of multiple choice sets as input variables and
Manhattan distance based constraint handling
respectively. These two techniques have been
implemented into FACTS Analyzer (Ng et al. 2007;
2011), and then applied together to make an
improvement project of a complex production
system, provided by an automotive manufacturer,
possible. This application study and its results are
included with some details in this paper.

be increased/decreased by one when changed, e.g.
adding a level to a rack might result in several more
storage places in the rack based on the amount of
parts that fits on one level. This calls for a more
versatile type of optimization input similar to what
Tomlin (1988) referred to as a multiple-choice set
(MCS).
A MCS is a set consisting of a finite number of
unique integer and/or continuous values (obviously
integrality must be enforced if the underlying
variable is an integer). A special notation is
introduced to simplify the definition of large sets.
First, the standard definition of a bounded
optimization variable with a lower- and upper
bound is extended to include an additional
parameter base. It represents the distance between
consecutive values between the lower- and upper
bound, possibly except for the last two values of the
set where the distance might be shorter. The
notation
used
for
this
is
{lower_bound;upper_bound|base} and it is called a
standard set (SS), e.g. {3;4.2|0.5} would represent
the values 3, 3.5, 4, and 4.2. It is worth to note that
the upper bound is included even though it is in
violation with the specified base. The reason for
this is that the upper bound probably is of some
significance if specified in such a manner. This
kind of SS would represent a valid MCS, as
illustrated by case 3 in Figure 2. However, it can
also be extended to form more complex MCSs by
allowing scalar values and/or multiple SSs to be
combined. The notation for this is {*,*,…} where *
=
a
scalar
value
or
a
SS,
e.g.
{{3;4.2|0.5},6.5,8,{99;105|3}} would represent the
values 3, 3.5, 4, 4.2, 6.5, 8, 99, 102, and 105 or
illustration 4 in Figure 2 is another example.

MULTIPLE-CHOICE SETS AS INPUTS
Parameters commonly used as inputs in
optimization problems of production systems
include, processing times, availability, mean time to
repair, buffer capacities, etc. In practice these
parameters are not well modeled using standard
integer or continuous optimization variables with a
lower and an upper bound, see 1 and 2 in Figure 2.
For instance, reducing the processing time of a
machine is not done in a linear fashion nor is it
necessarily restricted to only integer values, e.g. it
can be improved from 32.1 seconds to 24.3
seconds. The same is true for availability and mean
time to repair. Even though buffer capacities
usually are represented by integers, they need not

	
  
Figure 2: Illustration of standard integer and
continuous variables (1-2) and MCS variables (3-4)
These MCSs have been implemented in a generic
fashion into FACTS Analyzer that supports

multiple evolutionary optimization algorithms, by
treating the MCSs as special cases in the crossover
and mutation operators. The MCSs are represented
as a list of values in which each value can be
accessed by its zero-based index in the list. Using
this representation, specific crossover and mutation
operators need not be implemented for the MCSs,
even though the authors acknowledge that such
specific operators are likely to be more efficient.
Instead some real-parameter crossover and mutation
operators (for instance some described by Deb
2001) can be used on the indexes before the actual
value of the MCS is returned using the computed
index. The procedure is illustrated in Figure 3 using
the random mutation operator as an example. The
procedure is analogous for other real-parameter
mutation and crossover operators.

the total number of storage places (total buffer
capacity) or for line-balancing the total processing
time might be constant even though it may be
allowed to vary between individual stations in the
production system. The former represents an
inequality constraint (less than) whereas the latter is
an equality constraint. Any combination of these
types of constraints is allowed as long as they are
linear (even though integrality constraints are
allowed on optimization variables). Linearity is
important since it will enable an infeasible solution
S to be replaced by a feasible solution X* that is the
closest feasible one to S by solving a mixed-integer
programming (MIP) problem (or possibly a linear
programming problem if all optimization variables
are continuous). Avoiding evaluation of infeasible
solutions is, as state by Laguna and Rafael (2002),
important for these types of complex systems where
evaluations are performed by running timeconsuming simulation models.

MCSs1&1Index1representaFon1
x1#=#{{3;4.2|0.5},6.5,8,{99;105|3}}1=1

x2#=#{32.1,24.3}1=1

x3#=1{1;5|2}1=1

Values:111{3,3.5,4,4.2,6.5,8,99,102,105}1
Indexes:1{0,11,112,113,1114,115,16,11117,1111811}1

Values:111{32.1,24.3}1
Indexes:1{110,1111111111}1

Values:111{1,3,5}1
Indexes:1{0,1,2}1

SoluFon1format1&1example1
X1=1{x1,x2,x3}#
S1=1{3.5,32.1,3}#

Random1mutaFon1
1. Transform1to1index1representaFon:1
S1=1{3.5,32.1,3}1=1/index/1=1{1,0,1}1
2. x11selected1for1random1mutaFon:1
mutate(S)1=1/x1#=1ﬂoor(rand([0,9)))1=16/1=1{6,0,1}1
3. Revert#to#value#representa8on:1
Smutated1=1{6,0,1}1=1/values/1=1{99,32.1,3}#

	
  

Infeasible solutions with regards to the set of
constraints might result from the random generation
of the first population or the creation of a new
population (the crossover and mutation operations).
Regardless of the cause of the infeasibility the same
MIP problem formulation can be used to find a
feasible solution. The MIP problem formulation
used is an extended version of the one suggested by
Laguna and Rafael (2002) that can also handle the
MCS optimization variables. The extension draws
upon what Healy (1964) referred to as Multiple
Choice Programming. In order to formulate the
MIP problem some notations and definitions are
presented in Table 1.

Figure 3: Example of mutation of MCSs using
index representation
This representation of the MCSs and the fact that
only the actual value (not the corresponding index)
of a MCS is stored during the optimization imposes
some restrictions on the MCSs. There need to be a
one-to-one mapping from actual value to its
corresponding index. This means that duplicate
values are not allowed in a MCS and SSs within a
MCS are not allowed to overlap.
CONSTRAINTS
HANDLING
MANHATTAN DISTANCE

Table 1: Notations and definitions for the MIP
problem
Notation
X

L
U
J

USING

It is not uncommon that optimization problems of
production systems are constrained in some way or
another. For instance, space restrictions might limit

AX ≤ B

Definition
The original optimization variables
{x1,…,xn} where all MCS variables are
represented as standard variables
bounded between each MCS’s smallest
and largest value.
Lower bounds of all variables in X.
Upper bounds of all variables in X.
Set of all {j ⊆ {1,…,n} : xj ∈ X ∧ xj
represents a MCS}.
Notation used for original set of
constraints, even though equality
constraints are allowed.

	
  

	
  

Infeasible solution {s1,…,sn}.
Feasible solution {x*1,…,x*n} that
minimizes the Manhattan distance
between S and X.
Positive deviation of X from S
{p1,…,pn} where pi ≥ 0, ∀ i ∈ {1,..,n}.
Negative deviation of X from S
{m1,…,mn} where mi ≥ 0, ∀ i ∈
{1,..,n}.
Subset of X, {xj : j ∈ J}.
Vector containing all allowed values of
MCS variable corresponding to xj
where j ∈ J, {vj1,…,vjk(j)} and k(j) is the
number of values in the MCS.
Set of binary variables belonging to xj
where j ∈ J, {hj1,…,hjk(j)} and k(j) is the
number of values in the MCS.

exceeds 20, see the section A Complex Industrial
Optimization Problem.

The mathematical formulation of the MIP problem
looks like:

A COMPLEX INDUSTRIAL OPTIMIZATION
PROBLEM

S
X*
P
M

XMCS
Vj

Hj

where (1) represents the minimum Manhattan
distance, (2) are the original constraints of the
problem, (3) set of constraints that minimizes the
Manhattan distance, (4) set of constraints that
together with what Healy (1964) called integer
sums (5) forces the MCS variables in X to values
contained in the MCSs, and (6)-(8) bounds on the
variables.
This MIP problem finds the closest (based on the
Manhattan distance metric) feasible solution X* to
an infeasible solution S, illustrated in Figure 4. The
use of the Manhattan distance metric might seem
convenient since it is a linear metric contrary to the
widely used quadratic Euclidian distance metric.
However, as pointed out by Aggarwal and
Hinneburg (2001) it is actually preferable for highdimensional space. The probability that the
Manhattan distance metric provides a significantly
higher relative contrast is very high for
dimensionalities of 20 or larger, but not
insignificant even for lower dimensionalities. In
this case it is the number of optimization variables
that dictates the dimensionality and for complex
production systems it is not uncommon that it

	
  
Figure 4: 2D-illustration of Manhattan distance and
Euclidian distance

This section describes how FACTS Analyzer with
MCSs and the described constraint handling can be
used to optimize the performance of a complex
real-world production line. The production line is
the same one first presented in Siegmund et al.
(2012), but in the current study the simulation
model is built with FACTS Analyzer (Ng et al.
2007; 2011), or simply FACTS hereafter. There is a
commercial version of FACTS distributed by
Evoma AB (www.evoma.se) but the current work
uses the academic version of FACTS developed at
the University of Skövde. There are two main
features that distinguish FACTS from other
commercial production system simulation software:
(1) rapid modelling, no programming, easy to learn
and use; (2) tightly integrated with powerful multiobjective
optimization
algorithms,
making
optimization of production systems straightforward,
when compared to other products. This latter
feature renders any FACTS models to flexibly cope
with a list of generic optimization parameters,
instead of like the case in many commercial
discrete-event simulation software where tailored
optimization parameters have to be added (usually
in form of programming code) to the models. The
snapshot of the FACTS model in Figure 5
illustrates the complexity of the production system.
The production line includes several parallel
sections, assembly stations, machines with several
operations, portal cranes, variants, etc. The size and
complexity of the line makes it extremely hard to
locate what to improve, let alone the effect of such
an improvement. With the objectives to

simultaneously maximize the system throughput as
well as to minimize the number of improvements,
to
apply
simulation-based
multi-objective
optimization is in order.

	
  
Figure 5: FACTS Analyzer model of a large
complex real-world production line
Industrial engineers in charge of the production line
provided improvement options like reduced
processing times (per variant where applicable),
increased availabilities, and reduced mean times to
repair. The level of improvement (from the original
value) varied between different stations. Table 2
lists the number of improvement variables of each
type and also the range of the improvements of that
type, e.g. the processing time reduction ranges from
only 0.2 % for one station to 41.8 % for another
station.
Table 2: Improvement details
Type of
improvement
variable
Processing
time

Number of
variables
of this type

Range
(min-max)

317

-0.2% – -41.8%

Availability

82

+0.1% – +23.8%

Mean time to
repair

65

-5.5% – -92.1%

That sums up to 464 improvement alternatives
represented in the optimization problem as binary
MCS variables in the format {original value,
improved value}. That is equivalent to 2464 ≈
4.8E+139 possible improvement combinations,
which obviously makes it infeasible to try all of
them. Again, an indication that it’s a problem well
suited for an SBO approach.
On several locations this production line has
stations with machines in which several operations
are performed in sequence. Using FACTS this is
modeled with a serial line of operations. However,

improvements that are made to such a machine
affect all operations simultaneously, i.e. one such
operation cannot be improved without all other
operations of that machine also being improved. In
the optimization problem, this is handled by adding
equality constraints that ensure that either all
operations are improved or all remain not
improved. To illustrate this, consider a sequence of
three operations OP1, OP2, and OP3; with original
processing times PTOP1_orig=PTOP2_orig=PTOP3_orig and
improved processing times PTOP1_imp=PTOP2_imp=
PTOP3_imp. This would be modeled by MCSs
X1={PTOP1_orig,PTOP1_imp}, X2={PTOP2_orig,PTOP2_imp},
and X3={PTOP3_orig,PTOP3_imp} in the optimization
problem. Then two (the number of operations
minus one) equality constraints are needed to
ensure that they are either all being improved at the
same time or all remain not improved at all. For
instance X1=X2 and X1=X3. With this arrangement,
this model actually contains 153 such equality
constraints.
The result from this SBO problem is shown in
Figure 6. The objective was to maximize the
throughput while keeping the number of
improvements to a minimum. Here the throughput
is expressed as relative change in percent from the
initial state with no improvements. It can be seen
that these improvements can improve the
throughput significantly (over 80 %) and a
substantial improvement (about 50 %) can be
achieved with only 7 improvements.

	
  
Figure 6: Results from the improvement
optimization
In order to determine the importance of the
different improvements among the best solutions
(black ones in Figure 6) a simple frequency analysis
was done on them. In this case the best solutions
have been selected as the rank 1 through 5
solutions, using the non-domination rank described
by Deb et al. (2002). The frequency analysis
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Figure 7: The 20 most frequent improvement
alternatives among the best solutions (rank 1 to 5)
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Abstract: Bottleneck is a common term used to describe the process/operation/person
that constrains the performance of the whole system. Since Goldratt introduced his
theory of constraint, not many will argue about the importance of identifying and
then improving the bottleneck, in order to improve the performance of the entire
system. Nevertheless, there exist various definitions of bottleneck, which make
bottleneck identification and improvement not a straightforward task in practice. The
theory introduced by Production Systems Engineering (PSE) that the bottleneck of a
production line is where the infinitesimal improvement can lead to the largest
improvement of the average throughput, has provided an inspirational and rigorous
way to understand the nature of bottleneck. This is because it conceptually puts
bottleneck identification and improvement into a single task. Nevertheless, it is said
that a procedure to evaluate how the efficiency increase of each machine would
affect the total performance of a line is hardly possible in most practical situations.
But is this true?
In this paper, we argue how multi-objective optimization fits nicely into the theory
introduced by PSE and hence how it can be developed into a practical bottleneck
improvement methodology. Numerical results from a real-world application study on
a highly complex machining line are provided to justify the practical applicability of
this new methodology.


Keywords: Bottleneck Improvement, Production System Simulation, Multi-objective
Optimization, Data Mining.




1. INTRODUCTION
Excellence in manufacturing is often a result of a combination of successive incremental investments in
technology and improvements in equipment (Sim, 2001). But in complex production environments, where and
what to invest and improve have been proven to be some very challenging tasks, even for seasoned production
managers/engineers. In order to increase throughput and hence the operational expense of a company, Theory of
Constraints (ToC), introduced by Goldratt in the 1980s (Goldratt, 1984), suggests that the key is to improve the
constraint in its system. Like Lean Manufacturing and Six Sigma, ToC is another management theory that
focuses on system improvement. But unlike Lean and Six Sigma, ToC specifically emphases that the
performance of the entire value chain is limited by the strength of its weakest link (Nave, 2002). ToC states that
in any system, there is a single constraint that is limiting the system’s overall ability to achieve a better goal.
Therefore, the ToC procedure starts with identifying and exploiting the constraint, and then “elevating” it, in
order to improve the entire system. As a matter of continuous improvement, this cycle is continuously repeated
when the constraint has shifted to another part of the system. In a production system, such a constraint is very
often referred to as the bottleneck.

In the literature, there are various methods for detecting both momentary and steady-state bottlenecks. These
include utilization of machines (Hopp and Spearman, 2000), blocking and starving patterns (Kuo, et al., 1996),
data-driven approach (Li, 2009), shifting bottleneck detection (Roser, et al., 2001), multiple bottlenecks (Aneja
and Punnen, 1999) as well as a method based on inter-departure time and failure cycle data (Sengupta, et al.,
2008). Nevertheless, all of these existing methods have the same deficiency: even if the overall constraint of the
system can be identified down to a specific workstation or machine in the system, there is not enough
information provided for determining what improvement action(s) has to be taken. This could, in some cases, be
a serious disadvantage because local improvement of the wrong parameter may actually degrade the
performance of the whole system (Ignizio, 2009). Another issue is how to interpret the results of the abovementioned methods when they are applied to complex production systems with buffers, parallel and serial flows,
feedback loops, operational logic, rework, and variant-specific operations. It is likely that the more complex the
system, a more effective method is needed in finding the right combination of improvement actions to enhance
the performance of the system, especially within a limited budget.
This paper introduces a completely new way to improve bottlenecks of production systems, through a seemingly
irrelevant method, namely, multi-objective optimization (MOO). While in general, optimization can be used to
find a solution to improve any bottleneck by formulating the improvement problem as an optimization problem.
But in practice this is not straightforward as any decisions in an improvement project would become a matter of
resolving conflicting objectives and require some compromise/trade-off. As a matter of fact, there is almost
always some economical budget and/or technical constraint that limit the possibility to improve a bottleneck.
Unlike single-objective optimization that the goal is to seek a single optimal solution to maximize or minimize a
single optimization objective function, MOO aims at seeking a set of optimal trade-off solutions with respect to
multiple (≥2) conflicting objectives (Deb, 2004). The method proposed in this paper is based on finding the most
beneficial improvement combinations for a production line through the use of simulation-based multi-objective
optimization. The input variables of the optimization problem are the local system parameters, such as machine
cycle time, machine availability and mean down time that are considered to be possible to be improved. By
simultaneously minimizing the total number of such changes and maximizing throughput of the system,
solutions with the most beneficial throughput improvement, given the fewest number of system changes, will be
found in a single optimization run.
This paper provides the theoretical basis to show why such a MOO-based method fits well as a bottleneck
improvement methodology, which we argue can produce more promising results than ToC and Lean
Manufacturing. It also provides the numerical results from a real-world application study on a highly complex
real-world machining line in an automotive manufacturer, to justify the practical applicability of the
methodology. The rest of the paper is organized as follows. We have a closer look at some important definitions
of bottleneck in Section 2. Section 3 introduces MOO and followed by Section 4 on how MOO fits nicely as an
automated bottleneck identification and improvement method. The industrial application study is described and
analyzed in Section 5. The paper is concluded with some comparisons to Lean manufacturing and ToC.

2. BOTTLENECKS: A MATTER OF DEFINITIONS


Bottleneck is a common term used not limited to production systems but any types of systems or processes in
daily lives. By common sense, a bottleneck is a process/operation/person which constrains the performance of
the whole system. It is by this common sense understanding of bottleneck that ToC is developed. Nevertheless,
as a matter of fact, there are various definitions of bottleneck, which making the task of identifying the
bottleneck process/operation/person not that straightforward in practice.


2.1. Factory Physics


In their award-winning textbook, “Factory Physics”, Hopp and Spearman (2000) define the capacity of a system
as “the maximum average rate at which entities can flow through the system.” In this regard, utilization of a
machine/station, um, is defined as:

Where rm is the arrival rate into the machine and cm is the machine capacity, and N is the total number of
machines.
With this understanding of utilization, Factory Physics states that the bottleneck of a system is the station with
the highest utilization. Recall that in queuing theory, the queuing time (QT) of a system will approach ∞ when um

→1 because QT α u/u-1. Therefore, a basic principle of production system is that the throughput of a system is
always less than its capacity. In general, the common understanding of practitioners in measuring average um in
order to detect bottleneck conforms to this definition. In practical situations, both in real shopfloor and in
simulation models, it is possible to measure the capacity of each station and the average rate parts flow into it, in
order to determine um. But this kind of data measurement is actually seldom implemented, both in real and
simulated production lines. Nonetheless, in the literature, there are other more advanced approaches to define
and determine bottleneck.
2.2. Toyota’s Shifting Bottleneck
Shifting bottleneck detection was developed by the Toyota Software Laboratory in early 2000 (Roser, et al.,
2001), based on a similar concept introduced by Adam et al. (1988). It defines the machine with the longest
average active period as the bottleneck. During production, the machines in a production line alter state over
time. The different states: working, failed, setup, waiting, and blocked are logged together with information
about breaks and unplanned activities in order to perform the shifting bottleneck analysis. The different states are
grouped into active and in-active periods, in which the states working, failed, and setup are considered active.
The momentary bottleneck is the machine with the longest active period. If there is an overlap between two
consecutive bottlenecks, the overlap period is marked as a shifting bottleneck period and both bottlenecks are
considered momentary bottlenecks during the shifting period, see Fig. 1.
This method was further developed into a shifting bottleneck detector (Roser, et al., 2002) and was proven to
work in almost all kind of resources such as machines, workers and AGVs. The probability of a resource to be a
bottleneck is done by determining the percentage of time that has been sole and shifting bottleneck throughout
the measuring period. For analysis, the method is also able to identify secondary bottlenecks. However, it is said
that, ”the shifting bottleneck detection method has the one flaw of being slightly more difficult to implement”
(Roser, et al., 2003) than other methods.

Fig.1. Active periods in shifting bottleneck detection.


Fig.2. Sole and shifting bottleneck (plotted in FACTS Analyzer).

2.3. Production Systems Engineering


The PSE textbook (Li and Meerkov, 2009) provides some rigorous concepts to understand the nature of
bottlenecks. In terms of continuous improvements, they define two approaches: (1) constrained improvability,
addressing the situation that a production system can be improved by re-allocating its existing resources, like reallocating workloads and buffer capacities; (2) unconstrained improvability is about identifying and then
eliminating the bottleneck, by allocating new, additional resources, including additional buffer capacity, machine
improvement through reducing processing times or even new machines, etc. In terms of unconstrained
improvability, PSE further defines the concept of BN-m and BN-b, meaning bottleneck machines and bottleneck
buffers, respectively. Assuming TH is the overall steady-state throughput of the production system, as measured
as the average number of parts per unit of time coming out from the last machine. A machine mi of a Bernoulli
production line, with the probability of failure 1-pi (i.e. probability of up is pi), is the BN-m, if the infinitesimal
improvement of pi can lead to the largest improvement of TH. Mathematically,

Note that here TH is a function of the design/decision variables of the line represented by a vector x. For a
Bernoulli line, as the one illustrated in Fig. 3 with total number of machines N=5, its configuration can be
represented as x = [p1, …, pN, b1, …, bN-1]. For this example line, x = [0.92, 0.9, 0.95, 0.95, 0.92, 1, 2, 2, 1].

Fig. 3. A simple flow line with N=5.
Likewise, the concept of bottleneck buffer, BN-b, of a Bernoulli line can be defined as the buffer that leads to the
largest increase of TH, if its capacity is increased by 1 (in most cases, buffer capacity is a discrete decision
variable for discrete manufacturing), as compared with the increasing in other buffers:

In this way, PSE has provided an inspirational and rigorous concept for understanding the nature of bottleneck
because unlike the other definitions, it conceptually puts bottleneck identification and improvement into a single
task. Nevertheless, even the PSE authors, Li and Meerkov (2009) have stated that a procedure to evaluate how
the efficiency increase of each machine would affect the total performance of a line “is hardly possible in most
practical situations”. But does there exist some way to make this possible in practical situations? Before
answering this question, we shall first introduce the concept of multi-objective optimization.

3. MULTI-OBJECTIVE OPTIMIZATION
As the name suggests, MOO involves optimizing more than one objective simultaneously. Consider an MOO
problem in its general mathematical form according to Deb (2004):

Here, fm(x) represents the objectives, which can be minimized and maximized with x as a solution vector (or
simply a solution), consisted of n decision variables within their respective lower bounds (xiL) and upper bounds
(xiU). The solutions have also need to satisfy the inequality constraints, gj(x), and equality constraints,
represented by hk(x). In many MOO applications, where the objectives fm(x) are in conflict with each other,
finding a single best optimal solution is impossible because improving one objective would deteriorate the
others. This gives rise to the concept of Pareto-optimality, describing the set of optimal solutions which are the

best trade-offs with respect to fm(x). In order to determine such a set of optimal solutions, popularly known as
Pareto-optimal solutions, the concept of dominance is commonly used by many MOO algorithms:
Definition 1. A solution x1 is said to dominate the other solution x2, if both of the following two conditions hold
true:
1.

The solution x1 is no worse than x2 in all M objectives. So without loss of generality, if we consider a
problem of minimizing all fm(x) objectives, then fm(x1) ≤ fm(x2), m = 1,2, …, M..

2.

The solution x1 is strictly better than x2 in at least one objective, i.e.
fj(x2).

such that fj(x1) <

How this seemingly irrelevant concept of dominance can be effectively used to address bottleneck improvement
will become apparent when we show how a system improvement problem can be formulated as an MOO
problem. So, the key question raised in this paper, “what does MOO have to do with bottlenecks improvement?”,
will be explained in the next section.

4. MOO FOR BOTTLENECK IMPROVEMENT
The basic idea proposed in (Pehrsson, et al., 2001a, b; 2013) was based on an observation that many decisionmaking situations in production system improvement projects can be effectively formulated into an MOO
problem. While the primary objective is usually related to a key performance measure, such as system
throughput or total cycle time, the novelty of the approach proposed is on formulating the investments needed to
improve various attributes of the system as a summation function to represent the second objective of the MOO
problem. In a more generalized case, if the system throughput (TH) is the primary objective for the
improvement, so that f1(x)= TH(x), then we can define the total number of changes, i.e. improvement actions, as
the second objective function, f2(x), in the MOO problem. Precisely, if we consider three types of discrete, twolevel decision variables that can either be set to the system’s original value or to an improved value, caused by
an improvement action, e.g. availability increase from αi to αi+ αi. Then, we can formulate the second objective,
f2(x), in the MOO problem mathematically as a summation function of improvements:

Where:

Similarly,
, if the processing time of machine i is unchanged. Otherwise,
1, if it’s cycle time is
reduced (improved) from βi to βi+ βi. In the same manner,
, if MDT of machine i is improved by γi.
With such a formulation, the second objective function is a discrete function varies in the range [0, 3N] because
the maximum number of changes can only be 3N. Fig. 4 illustrates this bi-objective problem in a graphical way,
showing how the Pareto-optimal solutions in the objective space can be used for supporting the decision making
in choosing the optimal (minimal) changes in order to achieve the maximum throughput. By using this figure
and understanding the concept of dominance as described above, several important concepts are revealed:


The original throughput, TH0, represents the current condition when no improvement has been made.



If the target condition (some readers may notice that this term is borrowed from Toyota Kata by Rother
(2009)) is THt, then the ‘optimal’ number of changes required for improving the line from TH0 to THt is
4, denoted by the solution x1 which consists of the required improvement actions at the right positions
to achieve this. All other solutions with f2(x), e.g. x2 and x3 are ‘inferior’ to x1 because with the same
number of changes, the throughputs achieved are lower.



THmax represents the maximum practical TH that the line can achieve no matter how many changes are
implemented. Note that this is called maximum practical TH because in theory, if processing times of
the workstations can be unlimitedly reduced, then the system throughput can be also unlimitedly
increased (recall Little’s Law (Little, 1992)). Since reducing physical processing times can only be done
to a limited extent as well as
and
are always practically <100% and >0 respectively, there is
always a maximum practical THmax in a real production system.



If the target is to reach the maximum attainable THmax of the line, then Cmax improvement actions at the
right places have to be implemented. In other words, (Cmax, THmax) denotes the optimal (combined)
improvements that make the line achieves its maximum practical THmax.



Any solutions, xi, beyond (Cmax, THmax) with f1(xi) = THmax and f2(xi) > Cmax are dominated by (Cmax,
THmax) because they require more, redundant improvement actions to reach THmax.

f1(x) = TH(x)
Inferior solutions: TH(x)=THmax but
f2(x) > Cmax
THmax
Rank 2 & 3 – dominated solutions

THt

TH0

x1
x2
x3
f2(x1)=f2(x2)=f2(x3)=4 but
TH(x1)>TH(x2)>TH(x3)
f2(x) = 4

f2(x) = Cmax f2(x) = 3N

Fig. 4. MOO for system improvement.
With such an MOO approach, all attainable TH of the system, through various combinations of improvement
actions, can be sought in a single optimization run. If a decision maker has decided for a certain target THt, the
optimality of the corresponding solution found on the Pareto front is ensured by the dominance relation. Take the
example as illustrated in Fig. 4, x1 dominates x2 and x2 dominates x3 because of the relation f2(x1)=f2(x2)=f2(x3)=4
and TH(x1)>TH(x2)>TH(x3). Put this back into Definition 1, x1 is no worse than x2 and x3 in f2(x) but is strictly
better than them in f1(x). And if we think of this relation in the light of the PSE definition of bottleneck, x1 then
represents the optimal improvement combinations of x that can lead to the largest improvement of TH. On one
hand, this approach deviates from the original definition of PSE because the optimization does not consider only
each infinitesimally single change at a position (e.g. mi) but is more powerful in the sense that it can determine
the largest improvement of TH with the optimal improvement combinations. More concretely, unlike in PSE that
the determinations of BN-m and BN-b are separated (Li and Meerkov, 2009), the MOO approach can provide a
more computationally-effective and accurate approach because combinations of improvements and buffer
allocations can be evaluated simultaneously in the same optimization run. This advantage shall not be
underestimated because the complex interactions between the buffers and the machines can cause joint effect in
the system performance, which cannot be detected if the changes in the buffer allocation and other resource
allocation are evaluated separately. On the other hand, the PSE definition provides a rigorous way to identify
exactly where is the bottleneck, which may not be as straightforward when using the proposed MOO approach.
But if multiple changes are essential to achieve the target condition desired by the production manager, then it is
argued that MOO provides a more practical solution than PSE because possibly multiple bottlenecks have to be
overcome, which making the identification of a single bottleneck less meaningful. Having said that, the
indication of the exact bottleneck position(s) can be equally important than just improving the system. In order to
acquire some deeper knowledge about the production system under study, an innovative post-optimality analysis
proposed in (Pehrsson, 2013) is in order. Because of the limited space, we refer readers to his thesis for the
details of the post-optimality analysis methods as well as for more experimental results on proving the validity of
the MOO approach. In this paper, the practical applicability of the methodology to determine the bottleneck
position is demonstrated through the results from an application study in a highly complex real-world machining
line in a Swedish automotive manufacturer.

5. A COMPLEX INDUSTRIAL APPLICATION
The complex production line under study is the same one first presented in (Siegmund, et al., 2012), but in the
current study the simulation model is re-built with FACTS Analyzer (Ng, et al., 2008), or simply FACTS
hereafter, developed at the University of Skövde. There are two main features that distinguish FACTS from
other production system simulation software: (1) rapid modelling, no programming, easy to learn and use; (2)
tightly integrated with powerful multi-objective optimization algorithms, making optimization of production
systems straightforward. This latter feature renders any FACTS models to flexibly cope with a list of generic
optimization parameters, instead of like the case in many commercial discrete-event simulation software in
which tailored optimization parameters have to be added, usually in form of programming code, to the models.
The snapshot of the FACTS model in Fig. 5 illustrates the complexity of the production system. The production
line includes several parallel sections, assembly stations, machines with several operations, portal cranes for
complex variants handling, etc. The size and complexity of the line makes it extremely hard to locate what to
improve, let alone the effect of each improvement. With the objectives to simultaneously maximize the system
throughput as well as to minimize the number of improvements, to apply simulation-based MOO is in order. The
production engineers in charge of the production line provided improvement options like reduced processing
times (per variant where applicable), increased availabilities, and reduced mean times to repair. The levels of the
improvement (from the original value) are varied between different stations. Table 1 lists the number of
improvement variables of each type and also the range of the improvements of that type, e.g. the processing time
reduction ranges from only 0.2 % for one station to 41.8 % for another station. That sums up to 464
improvement alternatives represented in the optimization problem as binary Multiple Choice Set (MCS)
variables (Bernedixen and Ng, 2014). That is equivalent to 2464 ≈ 4.8E+139 possible improvement combinations.

Fig. 5. FACTS model of the complex machining line and its MOO results.
Table 1. Improvement details.
Type
of
improvement
variable
Processing
time

Number of
variables
of this type

Range
(min-max)

317

-0.2% to -41.8%

Availability

82

+0.1% to
+23.8%

Mean time to
repair

65

-5.5% to -92.1%

The optimization results generated from the well-known NSGA-II algorithm developed by Deb et al. (2002) for
this MOO problem are also shown in the data plot in Fig. 5. In order to conceal the real data of the company,
here TH is expressed as relative change in percent from the initial state with no improvements (i.e. TH0). It can
be seen that these improvements can improve the TH significantly (over 80 %) and a substantial improvement
(about 50 %) can be achieved with only 7 improvements.
Inspired by a specialized innovization procedure to give a rank order for sports player selection (Ahmed, et al.,
2013), the importance of the different improvements among the best solutions (black dots in the sub-plot in Fig.
5) is determined by a simple frequency analysis. In this case, the best solutions have been selected as the rank 1
to 5 solutions, ranked using the fast non-dominated sorting described in (Deb, et al., 2002). The frequency
analysis simply calculates the frequency of each improvement among these best solutions. The 20 most frequent
ones are shown in Fig. 6. Here, operation OP095 stands out as the most influencing station – 5 out of the top 20
most frequent improvements are related to OP095, one for the availability (Avb) and the other 4 for the
processing times (PT) for processing different product variants on OP095.
In-line with the concept of automated innovization that various data mining techniques can be used to perform
post-optimality analyses on the generated MOO datasets (Ng, et al., 2011), more advanced data mining
techniques have been applied on the rank 1-5 solutions in order to extract patterns/rules/knowledge from the
optimal solutions. Particularly, Fig. 7 shows the bar chart indicating the importance of both individual
improvement actions and their interactions (highlighted in red), using the Apriori Algorithm of Sequential
Pattern Mining (SPM) (Agrawal and Srikant, 1995).

Fig. 6. The 20 most frequent (%) improvement actions among the best MOO solutions.

Fig. 7: Significance (%) of improvement actions and their interactions generated by running sequential pattern
mining on the MOO data.

While this type of plot resembles Pareto chart generated from DoE (Faget, et al., 2005), it should be noticed DoE
does not consider the effect of minimizing the number of changes as the proposed MOO-based approach. The
SPM results provide a cross-validation test for the simple frequency analysis to pinpoint exactly that OP95,
OP96, OP97, OP136 & OP119 are the “problematic” stations. In addition, the high importance about their
improvement combinations, e.g. availability of OP95 AND OP96, as appears as the third highest significance in
Fig. 7, gives a strong indication that bottleneck cannot be addressed effectively using the “detect, exploit and
elevate” cycles, each on a single bottleneck, as proposed in ToC.
6. DISCUSSIONS AND CONCLUSIONS
This paper has illustrated how MOO can be used to generate the optimal improvement combinations for
bottleneck of production systems. By the definition of PSE, a bottleneck is the machine that is most sensitive to
throughput from the system compared to the improvement of a machine which is not the bottleneck. The
magnitude of a bottleneck can be defined as the magnitude of the machine’s throughput effect related to the
system’s throughput. The MOO-based method proposed in this paper has offered the opportunity for a decision
maker in continuous system improvement to gain insight into the system’s behavior, the nature of the
constraints, and the optimal improvement actions required to achieve the desired system performance. In contrast
to ToC, which relies on repeated cycles of “detect, exploit and elevate” and Toyota Kata, which relies on
defining step by step the experimentation of single improvement that can lead towards the target condition, the
proposed MOO method is powerful, in the sense that all attainable TH levels and the corresponding optimal
combinations of improvement actions are generated automatically in a single optimization run.
One may notice that we mentioned about investment cost and limited budgets in the beginning of this paper, but
they are not further discussed. As a matter of fact, in a practical application, if the decision maker can relate
every change to a cost figure, then the MOO problem can be formulated readily as a cost of changes versus TH
problem. Actually, this has already been done in our previous studies (Pehrsson, et al., 2001a, b; 2013). While
this may be a convenient option for the decision maker, it is argued in the current paper that for the sake of
acquiring deeper knowledge on the system under study, an MOO run for generating a “number of changes versus
TH” data plot is still necessary and informative for identifying which are the most influencing decision variables.
Those changes might be prohibitively expensive or even technically impossible to improve, unless, for instance,
replaced with a new piece of equipment. Nevertheless, there is no doubt that for any production line
managers/engineers, they are keen to know accurately where and what is their real bottleneck.
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ABSTRACT

Manufacturing companies of today are under pressure to run their production most efficiently in order to
sustain their competitiveness. Manufacturing systems usually have bottlenecks that impede their
performance, and finding the causes of these constraints, or even identifying their locations, is not a
straightforward task. SCORE (Simulation-based COnstraint REmoval) is a promising method for
detecting and ranking bottlenecks of production systems, that utilizes simulation-based multi-objective
optimization (SMO). However, formulating a real-world, large-scale industrial bottleneck analysis
problem into a SMO problem using the SCORE-method manually include tedious and error-prone tasks
that may prohibit manufacturing companies to benefit from it. This paper presents how the greater part of
the manual tasks can be automated by introducing a new, generic way of defining improvements of
production systems and illustrates how the simplified application of SCORE can assist manufacturing
companies in identifying their production constraints.
1

INTRODUCTION

Manufacturing companies operate in a very competitive market, be it local or global. Keeping the
performance of the production system as high as possible is a key factor in holding a competitive
advantage against the competition and in the long run ensuring the survival of the company. Many present
production systems have grown fairly large and have unfortunately become very complex in their
processes. Usually when such a complex system is not performing optimally, it is not an easy task to
identify the cause of this poor performance, i.e. finding the bottleneck of the system. Examples of both
analytical and simulation-based techniques for identification of the bottleneck of a production system can
be found in literature, including utilization of machines (Hopp and Spearman 2000), blocking and
starving patterns (Kuo, Lim, and Meerkov 1996), data-driven approach (Li 2009), shifting bottleneck
detection (Roser, Nakano, and Tanaka 2002), multiple bottlenecks (Aneja and Punnen 1999) as well as a
method based on inter-departure time and failure cycle data (Sengupta, Das, and VanTil 2008). The
simulation-based techniques are widely used in industry but they can be unreliable and at best they are
able to pin-point the location of the bottleneck but not the actual cause of it. A new and promising
bottleneck detection method called SCORE (Simulation-based COnstraint REmoval) has been proposed
by Pehrsson (2013). It utilizes simulation-based multi-objective optimization (SMO) to identify and rank
bottlenecks (i.e. not only the primary bottleneck but also the secondary and even lower-order bottlenecks
are detected) while at the same time categorizing the causes of the bottlenecks. The use of SMO as a
powerful tool for bottleneck detection has been further detailed by Ng, Bernedixen, and Pehrsson (2014)
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based on the definition of bottleneck and improvability of production systems found in (Li and Meerkov
2009). The SCORE-method systematically relaxes constraints of the system (i.e. improvements are
implemented to eliminate the constraints) while the performance of the system (most often throughput,
but other performance measures can be used) is measured with the goal of maximizing the performance
(see objective function 1 below) with as few improvements as possible (objective function 2). According
to theory of constraints (TOC) (Goldratt 1997) the highest throughput improvement will be achieved by
removing the most significant constraint. In the simplest form of SCORE-analysis, processing times,
availabilities and repair times are considered as potential causes for bottlenecks. However, the method is
applicable to a wider range of causes of bottlenecks that may include, e.g. quality deficiencies, lack of
resources, and buffer issues. These parameters are added as optimization input variables with two levels,
see (3), the original value and an improved value where the constraint is removed. By transforming these
parameters to binary Oil-variables as in (4), it is possible to calculate the value of the improvement
objective (2). Thus the following optimization problem is at the heart of the SCORE-method.

max

Performance (e. g. Throughput)

(1)

min

L Ii

(2)

N

subject to

i=l
Xi E {originaCvaluei' improved_valued
Ii = 0iff Xi = originaCvaluei
I.1 E {0,1},where
Ii = 1 L'ff xi = L. mproved_valuei
i E {1,... ,N},where N is the total number of possible improvements

{

(3)
(4)

This optimization problem quickly grows with the size of the manufacturing system, for instance even
in its simplest form (i.e. with only process times, availabilities and repair times as potential causes of
bottlenecks) six variables are added per potential bottleneck location (workstation) in the manufacturing
system. Setting up such an optimization problem manually might be feasible for small models but not for
large and complex production systems found in industry. Not only would it be a very time-consuming and
tedious task to set it up manually, it would also be very error-prone. The SCORE-method, as presented by
Pehrsson (2013), lacks details on how the formulation of this optimization problem can be automated, or
how a software should be designed to support it so that it can be widely adopted within industry.
In this paper we address this problem. We will show how the setup of the SCORE optimization
problem can be automated to a large extent by introducing a generic way of defining improvements
(SCORE Groups) in Section 2. In Section 3 these SCORE Groups will be used to perform a SCORE
analysis on a small academic test model to further illustrate how these SCORE Groups can help with the
formulation of the SCORE optimization problem. Section 4 will describe a successful application of this
automation within industry and at the same time provide some motivation for the need of this type of
analysis within industry. Conclusions and direction of future research are given in Section 5.
2

AUTOMATING THE SETUP OF THE SCORE OPTIMIZATION PROBLEM

SCORE optimization problems tend to, as mentioned earlier, have a vast amount of input variables and
are not easy to set up manually. This section will present a way in which this task can be automated to a
large extent and at the same time eliminate or at least significantly reduce the errors commonly introduced
when performing this task manually. First a generic way of defining the input variables, see (3), is
introduced and then we present how these inputs are transformed to another set of binary variables (4)
that are used to formulate the improvement objective (2) of the SCORE optimization problem.
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2.1

A Generic Way of Defining Improvements

Removal of system constraints is at the core of the SCORE analysis. Constraints are removed through
actions that improve the values of the constraining parameters of the production system. Such an
improvement action can be described as changing a system parameter from its original value to some
improved value. The type of system parameter will determine whether an increase (e.g. the case for
availability) or a decrease (e.g. the case for processing time) of the parameter value represents an
improvement. The information needed to define a group of improvement actions (called a SCORE Group)
is shown in Figure 1 and described in more detail in Table 1.
SCORE Group
Object type

Variable type

¥I
I�------�¥ II�------------�
Improvement type

...--'- ----'-'------¥ 1-, ,-I

Improvement direction

Improvement

Umit

---'¥II� ---'I ,-I

____

__

__--'

Figure 1: Dialog used for defining a SCORE Group.
Table 1: Detailed information about how groups of improvement actions (SCORE Groups) are defined
using the dialog in Figure 1. The type of system parameter is determined by the two fields object type and
variable type.
Field(-s)
Object type
Variable type
Improvement
type

Description
List of all object types of the modeled production system. Used to select what type of
object this improvement applies to, e.g. an Operation, an Assembly station etc.
List of all available variables of the selected object type. Used to select what type of
system parameter this improvement applies to.
This will determine the type of improvement as one out of three types:
•
ABSOLUTE - The improved value is calculated as an absolute offset from
the original value.
•
RELATIVE - The improved value is calculated as a relative offset from the
original value.
•

Improvement
direction

Improvement

FIXED - The improved value is fixed and independent of the original value.
Determines what direction is considered an improvement for the selected type of system
parameter.
•
POSITIVE - An increase of the original value is considered an improvement.
•
NEGATIVE - An decrease of the original value is considered an
improvement.
Parameter used to calculate the improved value. It's meaning is determined by the
selected Improvement type:
•
Improvement type ABSOLUTE - This parameter is the absolute offset used
to calculate the improved value.
•
Improvement type RELATIVE - This parameter is a percentage value used
to calculate the size of the improvement as a percentage of the original value.
•
Improvement type FIXED - This parameter is the actual improved value.
Optional parameter used to limit the improvement and possibly exclude system
parameters from improvement. If the improved value is better than this limit it will be
capped to this limit parameter. On the other hand if the original value is already better
than this limit the system parameter will not be added as an improvement.
=

=

=

Limit
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With the information specified in a SCORE Group it is possible to automatically retrieve a set of
system parameters and add them as binary multiple-choice set (MCS) (Bernedixen and Ng 2014) input
variables to a SCORE optimization problem. These input variables will take either the original value or
the improved value and the corresponding MCS notation is {original value, improved value}. As
explained in (Bernedixen and Ng 2014), failure to handle MCS and equality constraint effectively is one
reason why some simulation-based optimization packages fall short to solve large-scale industrial system
design problems. The paper also provides the details on how MCS can be effectively embedded into
meta-heuristic evolutionary algorithms.
Combining several SCORE Groups provides a very powerful and generic way of setting up large and
custom SCORE optimization problems with little effort compared to the tedious and error-prone way of
manually setting up the same problem. This will be demonstrated in the following sections.
2.2

The Improvement Objective

The second objective (2) of the SCORE optImIzation problem is to mInImIze the total number of
improvements that are actually implemented. In order to do this we need to transform the input variables
(3) of the problem to binary Oil-variables (4), where 0 corresponds to the original value (no
improvement) and 1 corresponds to the improved value (one improvement). Taking the sum of these
variables we are able to calculate the total number of improvements that are actually implemented in each
solution, i.e. giving us the desired objective (2).
3

APPLICATION ON A SIMPLE ACADEMIC MODEL

This section will give a detailed view of how SCORE Groups can help with the formulation of the
SCORE optimization problem, starting with a brief description of the model used and how the
optimization problem is formulated using SCORE Groups. We then conclude with the results from the
SCORE-analysis.
3.1

Model and SCORE Optimization Problem

The model used is a simple production line (Figure 2) with one variant and only 5 serial machines without
any buffers. The line is never starved (Le. infinite supply of the only variant in Sourcel) and never
blocked (i.e. there is an infinite demand at Sinkl). The settings of the machines are detailed in Table 2.

Figure 2: Simple 5-machine serial production line with mixed issues. Top 3 bottlenecks according to the
SCORE-analysis are circled along with their cause (PT - process time, AVB - availability).
Table 2: Machine settings of the mixed issues line.
Parameter
Process time [seconds]
Availability [%]
Mean time to repair [seconds]

Ml
32
95
600

M2
35
92
600

M3
30
86
600

M4
33
94
600

M5
31
90
600

The processing times of the machines are constant and the availabilities are modeled with exponential
distribution for time between failures and Erlang distribution for repair times. The simulation model is
run for 6 days with 1 day of warm-up time and with 30 replications.
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Before running a SCORE-analysis on this model we need to determine some reasonable
improvements. Assuming that a SCORE-analysis is to be run with the following improvements: Process
times are improved by 30 % but are not allowed to be shorter than 22 seconds (e.g. due to technical
restrictions), Availabilities are improved to 99 % no matter their current value and Mean time to repair are
all reduced by 540 seconds. These improvements are easily defined with the three SCORE Groups shown
in Figure 3.
SCORE Group

�ion

Improvement type

I RELATIVE

�

Variable type

Object type

] I ProcessTime Value

\I

\I

Improvement

Improvement direction

] I NEGATIVE

V

I

v

Umit

113!l

SCORE Group
Object type

I Operation

Variable type

\I

�
Improve:ment

Improvement direction

Improvement type

I FIXED

II Disturbance .Availability

\I

II POS ITIVE

V

II Disturbance. Mttr

\1

Umft

II

1 199

SCORE Group
Object type

I Operation

Vari�ble type

Improvement type

I§LUTE

\I

Improvement

Improvement direction

] [NEGATIVE

\I

_

\1

1 1540

�

I
Umft

II

Figure 3: SCORE Groups for process time, availability and mean time to repair. Observe the limit set for
process time (circled).
In this example the defined SCORE Groups results in an optimization problem with 15 input
variables and 15 corresponding improvement variables. These are listed in Figure 4 along with the two
objectives, maximize throughput and minimize the number of improvements. In the list of input variables
there are two process time variables (circled in Figure 4) that have been capped at 22 seconds by the limit
set in the process time SCORE Group, i.e. a 30 % reduction of these process times would have ended up
below 22 seconds. If some improvements need individual tailoring (other than what was defined in the
SCORE Group) it is possible to manually adjust these variables directly in these lists.
The total of 30 variables is not an insurmountable problem to set up manually, but still it serves as a
good example to illustrate the different functionalities of the SCORE Groups. It is worth noting that even
for such a simple example the SCORE Groups can avoid the error-prone, manual task significantly.
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Figure 4: Generate optimization problem; Objectives (2) & (1) at the top, Input variables (3) to the left
and Improvement variables to the right.
3.2

Results

The results from the 5000 evaluations that was run with the NSGA-II algorithm (Deb et al. 2000) on the
SCORE optimization problem are shown in Figure 5.
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Figure 5: Optimization results with solutions of non-domination rank (Deb et al. 2000) 1 through 5
highlighted with black.
A frequency analysis is used for innovization (Deb 2003), i.e. to extract knowledge from
optimizations with multiple conflicting objectives. Here, the causes of bottlenecks in the system are
ranked in accordance with their severity. The best solutions, black solutions in Figure 5, are the result of
applying different promising combinations of improvements to the system. Using the improvement
variables of these solutions for the frequency analysis (Figure 6) we are able to rank the causes of
bottlenecks in the system.
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Figure 6: The 15 causes of bottlenecks ranked using the constraint frequency analysis for unique solutions
of non-domination rank 1 through 5.
The frequency analysis pinpoints the availability of machine M3 as the cause of the most severe
bottleneck in the system. Recall that in the initial settings of the system (Table 2), this is the machine with
the worst availability (86 %). Moving on to the second cause in the bar chart, the processing time of
machine M2, which is not difficult to understand since it is the machine with the longest processing time
(35 seconds). While locating these two attributes as the key causes of the system constraint is not
surprising, the interestingness of this analysis result is that SCORE has clearly identified that the
availability loss of M3 contributes higher capacity loss than the longer processing time of M2.
For comparison, analysis results on the same production line model using the utilization method and
the shifting bottleneck detection method are shown in Figure 7. Both of these two methods have identified
M2 as the bottleneck machine, without providing the details on which attribute of M2 has to be improved,
in contrast to the SCORE analysis which pinpoints the availability of M3 as the major cause of the
constraint. The best way to evaluate the accuracy of these bottleneck methods is to simply make the
improvements to the simulation model accordingly and then compare the respective throughput gains.
Based on utilization and shifting bottleneck detection (Figure 7), only processing time of M2 is reduced to
24. 5 seconds (all other attributes retain their original values), which gives a throughput of 69. 8 parts/hr. an improvement of 5.9%. On the other hand, based on SCORE (Figure 6), only availability of M3 is
improved to 99%, which increases the throughput to 75.9 parts/hr., i.e., a gain of 15%, significantly
higher than 5.9%. Albeit the model and the validation are simple, it sufficiently illustrates the adverse
effect of not pinpointing the correct order of the key attributes that restrain the performance of the system.
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Figure 7: Bottlenecks in order of importance according to utilization (working + failed) analysis to the left
and shifting bottleneck detection to the right.
It should be noted that without buffers in the system, different repair times (with the same
availability) will have a limited effect on the system. As a matter of fact, it is possible to include the

2189

Bernedixen, Ng, Pehrsson, and Antonsson

increase of inter-station buffer capacities as a type of improvement action, which is also directly
supported by SCORE through the addition of a SCORE Group for the parameter buffer capacity. If the
simple example is extended to include inter-workstation buffers as shown in Figure 8 and a SCORE
optimization is run to include Bi={1,10}, i.e. buffer capacities increase from 1 to 10. Then the SCORE
analysis results shown in Figure 9 is obtained, showing that SCORE can rank buffer capacities as causes
of bottlenecks.

Figure 8: The simple 5-machine serial production line extended with inter-workstation buffers with their
bottleneck rank highlighted.
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Figure 9: The 19 causes of bottlenecks (including buffer capacities) ranked using the constraint frequency
analysis for unique solutions of non-domination rank 1 through 5.
4

APPLICATION WITHIN INDUSTRY

In this section, a successful application of the automated SCORE-analysis on a model of a real-world
production system is presented. We will start by giving a background to this application of the SCORE
analysis and while doing so motivating the need for such an analysis. Following the background, we will
present the model and the SCORE optimization problem before we conclude with some results from the
analysis.
4.1

Background

Redesigning or building completely new production systems is not an easy task and sometimes the
resulting system may not perform fully according to the original specifications. For instance, the system
design specifies technical availabilities that are usually higher than what can be achieved when the system
is up and running. Finding out why the system is not performing as planned is not an easy task. An
example is a re-engineered line at a partner company (Figure 10), not performing according to the plan,
despite being modeled and simulated from the project start. Relentless efforts had been made to identify
and improve the bottlenecks in order to elevate the system performance, using traditional methods.
However, it was not an easy task to agree on the bottlenecks and the actions required to really remedy the
system performance issues. The pure utilization statistics and the more advanced shifting bottleneck
detection method (Roser, Nakano, and Tanaka 2002) had already been used in several attempts to identify
the bottlenecks when the automated SCORE method was applied in parallel as described in the following
sections.
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Figure 10: Model of real-world production system, illustrating its complex nature. Top 3 bottlenecks
according to the SCORE-analysis are circled along with their cause (PT - process time, AVB availability).
4.2

Model and SCORE Optimization Problem

The modeled production line (Figure 10) is a complex production system. The model contains 71
workstations, 72 buffers, 2 variants, pallets, assemblies and disassembles etc. By using default SCORE
analysis settings (20 % reduction of cycle times, availabilities improved to 98 % and repair times reduced
by 50 %) a SCORE optimization problem with N
163 improvement alternatives (89 process time
improvements, 24 availability improvements and 50 repair time improvements) was set up. Adding these
manually and then transforming them to binary Oil-variables (4) is far too time-consuming to fit with the
rest of the tasks of a production engineer and would prevent this kind of analysis from being performed.
However, with this automation and the default SCORE settings, it can be done with a few straightforward
steps.
=

4.3

Results

The results from the 20000 evaluations that were run with the NSGA-II algorithm (Deb et al. 2000) on the
SCORE optimization problem are shown in Figure 11. As can be seen in the figure (circled solutions)
there is a significant boost in performance with only one improvement and two improvements, indicating
some rather severe bottlenecks in the system. Being such severe bottlenecks, these were actually known
to the production engineer before this analysis, but knowledge about subsequent bottlenecks was missing.
The frequency analysis presented in Figure 12 pinpoints the causes of these top 2 bottlenecks and also
sl
ranks subsequent bottlenecks even though they are less obvious than the first and second ones (1
availability in operation 016, 2 nd process time in operation 01, 3rd availability in operation 013, 4th
process time in A12 . . . ).

2191

Bernedixen, Ng, Pehrsson, and Antonsson

3000
2800
2600
2400
0....
)(
'"
E

,� .' :

I.

2200

2000
1800
1600
1400

. ... . - ..

I'
0

20

10

30

50

40

60

70

80

100

90

minlmp

Figure 11: Optimization results with solutions of non-domination rank 1 through 5 highlighted with black.
First two improvements have some significant impact on the performance of the system, as can be seen by
the circled solutions, indicating the presence of severe bottlenecks.
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Figure 12: Top 20 causes of bottlenecks ordered using the constraint frequency analysis for unique
solutions of non-domination rank 1 through 5.
Using the SCORE-analysis with the constraint frequency analysis as decision support for where to
make improvements during a couple of weeks the production system now delivers as it was originally
intended to.
For comparison the utilization and shifting bottleneck detection analysis are presented in Figure 13. In
this case, both methods agree to the results from the SCORE-analysis for the top bottlenecks (that were
known beforehand in this case, see throughput increase in Figure 11). However, they lack details about
their impact on the system performance that is included in the SCORE-analysis. In addition, when
comparing these three data plots generated from the three different methods, it is apparent that SCORE
provides more detailed information about the order of the lower-ranked bottlenecks as well as their causes
so that appropriate improvement actions to address them can be planed proactively.
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CONCLUSIONS

Based on the novel SCORE-method, that treats a bottleneck identification and improvement problem as a
multi-objective optimization problem for identifying the optimal (minimal) number of changes to
maximize the throughput, this paper illustrates how a generic way of defining improvements of the
decision variables, in terms of processing times, availabilities, repair times, can largely automate the
analysis process. The importance of such an automated assistance to the users, in most cases simulation or
production engineers, should not be underestimated, since manual definition of tens, maybe hundreds of
variables, is not only tedious but also error-prone. The efficiency of the automated SCORE-analysis
process is illustrated through a simple academic study and through the application on a real-world
complex industrial improvement project. Additionally the results obtained in both these studies have
clearly shown the advantages offered by SCORE when compared to other bottleneck detection methods
like machine utilizations measurement and shifting bottleneck detection. Current and future work
involves adding some advanced features, e.g. parameter leveling, sensitivity analysis and guided search
based on user preference, to SCORE in order to further improve the efficiency of the method.
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a b s t r a c t
Manufacturing companies are operating in a severely competitive global market, which renders an urgent
need for them to explore new methods to enhance the performance of their production systems in order
to retain their competitiveness. Regarding the performance of a production system, it is not sufﬁcient
simply to detect which operations to improve, but it is imperative to pinpoint the right actions in the right
order to avoid sub-optimizations and wastes in time and expense. Therefore, a more accurate and efﬁcient method for supporting system improvement decisions is greatly needed in manufacturing systems
management. Based on research in combining simulation-based multi-objective optimization and postoptimality analysis methods for production systems design and analysis, a novel method for the automatic
identiﬁcation of bottlenecks and improvement actions, so-called Simulation-based Constraint Identiﬁcation (SCI), is proposed in this paper. The essence of the SCI method is the application of simulation-based
multi-objective optimization with the conﬂicting objectives to maximize the throughput and minimize
the number of required improvement actions simultaneously. By using post-optimality analysis to process the generated optimization dataset, the exact improvement actions needed to attain a certain level
of performance of the production line are automatically put into a rank order. In other words, when compared to other existing approaches in bottleneck detection, the key novelty of combining multi-objective
optimization and post-optimality analysis is to make SCI capable of accurately identifying a rank order
for the required levels of improvement for a large number of system parameters which impede the performance of the entire system, in a single optimization run. At the same time, since SCI is basically built
atop a simulation-based optimization approach, it is capable of handling large-scale, real-world system
models with complicated process characteristics. Apart from introducing such a method, this paper provides some detailed validation results from applying SCI both in hypothetical examples that can easily be
replicated as well as a complex, real-world industrial improvement project. The promising results compared to other existing bottleneck detection methods have demonstrated that SCI can provide valuable
higher-level information to support conﬁdent decision-making in production systems improvement.
© 2016 The Society of Manufacturing Engineers. Published by Elsevier Ltd. All rights reserved.

1. Introduction
The manufacturing industry constantly needs to explore new
management strategies and new methods to accelerate the efﬁciency of their production systems and retain their competiveness.
A very important issue within production management and system
development is to identify the disruptive factors of a production
system, in order to identify the right actions for improving its

∗ Corresponding author. Tel.:+46 500448541; fax: +46 500 416325.
E-mail addresses: leif.pehrsson@his.se (L. Pehrsson), amos.ng@his.se (A.H.C. Ng),
jacob.bernedixen@his.se (J. Bernedixen).

overall performance. Excellence in manufacturing is often a result
of a combination of successive incremental improvements and
investment in technology or equipment [1]. In order to improve
throughput, operational expense, or inventory in production systems, the theory of constraints (TOC) suggests that the key is to
improve the constraint in the system [2]. According to TOC, the
operational expense is all the money the system needs to turn
inventory into throughput. When the aim of the operation has been
deﬁned, TOC recommends a number of steps that need to be followed. The ﬁrst is to identify the constraint, then it is exploited,
all the other processes should thereafter be subordinated, the
constraint should subsequently be evaluated and, ﬁnally, if the constraint has been moved, the process is started from step one to
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identify the new constraint. This process requires a method or a
technique with the capability to identify the constraints within a
production system. It is also imperative to obtain enough information about the situation to identify the right type of action to
remove the constraint. In a production line, such a constraint is
very often referred to as the bottleneck in the system. In the literature, there are various deﬁnitions of bottlenecks, e.g., the machine
whose performance affects the overall system throughput in the
strongest manner or the machine most sensitive to the overall
system performance [3–5]. The improvement of such a machine
results in signiﬁcantly increased throughput from the system compared to the improvement of a machine without a bottleneck. The
magnitude of a bottleneck can be deﬁned as the magnitude of the
machine’s throughput effect related to the system’s throughput
[5]. There are several methods to identify bottlenecks in production lines, such as simple bottleneck [6], multiple bottleneck [7],
shifting bottleneck detection technique [8], and detecting highest
OEE (overall equipment effectiveness) [9]. There are also discussions in [10] that a single measure, like OEE, is insufﬁcient to be
the performance improvement driver. Various methods for detecting momentary and dominant (average) bottlenecks, including the
shifting bottleneck detection technique, utilization of machines,
up-stream queue, blocking and starving probabilities, a graph
theoretic approach, and a proposal for a new method based on
inter-departure time and failure cycle data, are listed in Sengupta
et al. [11]. Many of the known methods can be categorized into
either analytical methods or simulation-based methods [4]. Analytical methods have many limitations when applied to complex
systems analysis, for example, assumptions in the distributions of
the data (exponential arrival or failure rate) and only a long-term,
steady-state bottleneck can be considered. Simulation-based methods with the ability to pinpoint bottlenecks in complex production
lines might take a long time to develop and may possibly have issues
with misinterpretation of the simulation results, which has limited
their wide application [4]. Nonetheless, it is widely accepted that
the only general purpose and generally applicable modeling tool
for truly complex production systems is simulation [12]. Particularly, discrete-event simulation (DES) is the most promising tool
for the support of decision-making in production systems design
and operation as pointed out in a comprehensive literature review
[13]. For systems that are analytically intractable, like automated
guided vehicles and ﬂexible manufacturing systems, simulation is
the only feasible analysis method [13–15]. Combinations of methods also exist when analytical techniques are used with simulation
models and the design of experiments (DOE) for veriﬁcation [16].
However, there are still some other drawbacks with the current
methods. Even if the overall constraint of the system can be identiﬁed down to a speciﬁc machine or operation in the system, the exact
nature of the constraint will still be unknown. An implementation
of the shifting bottleneck technique could partly provide this type
of information and indicate what the problems might be. However,
often this information is not detailed enough for determining the
right decision to be made about what action to take. This could, in
some cases, be a serious disadvantage, since local improvement of
the wrong parameter may actually reduce the performance of the
whole system [17]. Another issue is how to interpret the results of
the above-mentioned methods when they are applied to complex
production systems with buffers, parallel and serial ﬂows, feedback
loops, operational logic, rework, and variant-speciﬁc operations. It
is likely that the complexity in ﬁnding the right combination of
improvement actions to enhance the performance of the system
will increase with the complexity of the system.
In order to address the issues with current bottleneck detection methods the SCI method is proposed and demonstrated in
this paper. It is based on ﬁnding the most beneﬁcial improvements for a production line through the use of simulation-based
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multi-objective optimization in combination with post optimality analysis. The SCI method introduces two imperative novelties
in the ﬁeld of bottleneck detection, namely: (1) the preferred
improvement order (rank, or bottleneck severity) of a large number of bottlenecks is accurately predicted, (2) the nature, and
consequently the type of improvements required to mitigate the
bottlenecks are established. When used as decision support for
manufacturing management this is vital information in the process of planning and managing production system improvements.
Hence, the obstacles on the way through the gray zone towards
the target condition in Kata [18] can be predicted and appropriate
countermeasures can be planned proactively instead of following
a trial and error process. The path towards the target condition is
previously believed to be beyond the limit of what can be predicted.
When applying the SCI method, the input variables of the
optimization problem are the local system parameters, such as
station cycle time, station availability and mean down time that are
considered to be possible to be improved. By simultaneously summing up the number of applied improvements for each solution
while minimizing the total number of such changes and maximizing throughput of the system, solutions with the most beneﬁcial
throughput improvement, given the fewest number of system
changes, will be found. By performing post-optimality analysis, in
form of frequency analysis on the solutions from the Pareto front,
the constraining parameters that restrains the system the most
can be found by observing which parameter change has produced
the highest frequency of occurrence in the optimization results.
According to TOC, there is always one constraint which restrains
the throughput of the complete system. By applying the proposed
SCI, the parameter with the highest frequency of occurrence in the
Pareto front is deﬁned to be the constraint of the system because
it leads to the largest increase of the throughput, when compared
to other parameter changes. The parameter with the second highest frequency is then deﬁned to be the secondary constraint and
so on. Hence, the rank order of several bottlenecks in the system
can be automatically identiﬁed through one optimization and frequency analysis run. This is possible due to the inherent properties
of the optimization process, actually running simulations with the
required production system improvements applied.
The remainder of the paper is organized as follows. Section 2
introduces the theory of the SCI method. Section 3 presents the
results of applying SCI to a set of test models to prove its validity.
Section 4 addresses the application of SCI to a real-world complex industrial problem. Recommendations to further research and
conclusions of the paper are given in Sections 5 and 6, respectively.
2. The theory of SCI
In our previous work, we have shown the subtle relationship
between production systems improvement and multi-objective
optimization (MOO) [19]. As the name suggests, MOO involves optimizing more than one objective simultaneously. Consider an MOO
problem in its general mathematical form [20]:
Minimize/Maximize fm (x) ,

m = 1, 2, . . ., M

Subject to gj (x) ≥ 0, hk (x) = 0,

(1)

j = 1, 2, . . ., J; k = 1, 2, . . ., K

With respect to x = (x1 , x2 , . . ., xn )T ,
where xiL ≤ xi ≤ xiU and i = 1, 2, . . .n.
Here, fm (x) represents the objectives, which can be minimized
and maximized with x as a solution vector (or simply solution),
consisted of n decision variables within their respective lower
bounds (xi L ) and upper bounds (xi U ). The solutions have also need
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to satisfy the inequality constraints, gj (x), and equality constraints,
represented by hk (x). In many MOO applications, where the objectives fm (x) are in conﬂict with each other, ﬁnding a single best
optimal solution is impossible because improving one objective
would deteriorate the others. This gives rise to the concept of
Pareto-optimality, describing the set of optimal solutions which
are the best trade-offs with respect to fm (x). In order to determine
such a set of optimal solutions, popularly known as Pareto-optimal
solutions, the concept of dominance is commonly used by many
MOO algorithms:
Deﬁnition 1. A solution x1 is said to dominate the other solution
x2 , if both of the following two conditions hold true:
(1) The solution x1 is no worse than x2 in all M objectives. So without loss of generality, if we consider a problem of minimizing
all fm (x) objectives, then fm (x1 ) ≤ fm (x2 ), ∀ m = 1,2,. . .,M.
(2) The solution x1 is strictly better than x2 in at least one objective,
i.e. ∃ j ∈ (1, 2, . . ., M) such that fj (x1 ) < fj (x2 ).
The basic idea proposed in [19] was based on an observation that
many decision-making situations in production system improvement projects can be effectively formulated into an MOO problem.
While the primary objective is usually related to a key performance measure, such as system throughput or cycle time, the
novelty of our approach is on formulating the investments needed
to improve various attributes of the system as a summation function to represent the second objective of the MOO problem. For
example, if the production system throughput (ϕ) is the primary
objective for the improvement so that f1 (x) = maximize(ϕ), then we
can deﬁne the total number of changes, i.e., improvement actions,
as minimize(f2 (x)) in the MOO problem. In this paper, we consider three types of discrete, two-level parameters that can either
be set to the system’s original value or to a value representing
an improvement action: workstation cycle times (C), workstation
availability (A), and workstation mean down time (D). In other
words, mathematically, the second objective in the MOO problem
(N workstations in total) can be represented by the summation
function:
f2 = min



N
i=1

Âi +

N

i=1

Ĉi +

N

i=1

D̂i



(2)

where, 

Âi = 0, 1 : Âi = 0, if availability of workstation i is not

improved and remains to be ˇi , or; Âi = 1, if availability of workˆ i.
(increased) from ˇi to ˇ
station iis improved

Ĉi = 0, 1 : Ĉi = 0, if cycle time of workstation i is not
improved and remains to be ˛i , or; Ĉi = 1, if cycle time of workstation i is reducedfrom˛i to ˛
ˆ i.
Similarly, D̂i = 0, 1 : D̂i = 0, if the mean down time of work-

station i is not improved and remains to be  i , or; D̂i = 1, if mean
down time of workstation i is improved (reduced) from  i to ˆ i .
In this way, the second objective function is a discrete function
that varies in the range [0,3N] because the maximum number of
changes can only be 3N. Fig. 1 illustrates this bi-objective problem
in a graphical way, showing how the Pareto-optimal solutions in the
objective space can be used for supporting the decision making in
choosing the optimal (minimal) changes to improve the system to
achieve the target throughput. By using this ﬁgure and understanding the concept of dominance as described above, several important
concepts are revealed:

• The original throughput, TH0 , represents the current condition
when f2 = 0 i.e., no improvement has been made.

Fig. 1. Using MOO to identify the optimal improvement actions to achieve different
throughput levels.

• If the target condition is THt , then the ‘optimal’ number of changes
required for improving the line from TH0 to THt is four, denoted by
the solution (C4 , THt ) which consists of the required improvement
actions at the right positions to achieve this. All other solutions
with C = C4 , e.g., those in levels 2 and 3 (the dominated fronts in
Fig. 1), are inferior to (C4 , THt ) because with the same number of
changes, the throughputs achieved are lower.
• THmax represents the maximum practical TH that the line can
achieve no matter how many changes are implemented. Note
that this is called maximum practical TH because in theory, if
processing times of the workstations can be unlimitedly reduced,
then the system throughput can be also unlimitedly increased
(recall Little’s Law). Since reducing physical processing times can
only be done to a certain extent as well as Ai and Di are always
practically <100% and >0 respectively, there is always a maximum
practical TH in a real production system.
• (Cmax , THmax ) denotes the solution that makes the line achieves
its maximum practical TH. If the target is to maximize the TH of
the line, then Cmax improvement actions at the right positions
have to be implemented.
• Any solutions beyond (Cmax ,THmax ) with TH = THmax and C > Cmax
are dominated by (Cmax ,THmax ) because they require more
improvement actions to reach THmax , which making them undesirable. In other words, the concept of dominance helps to identify
the optimal changes required to achieve a certain TH.
While this kind of approach can be very useful to help a decision maker to ﬁnd the alternative optimal solutions required to
achieve various level of the target performance measure, a signiﬁcant amount of data analysis efforts is still required if the decision
maker wants to acquire deeper knowledge about the system, in
terms of where is the bottleneck (constraint) and what kind of
improvements should be prioritized in order to achieve a certain
level of target condition. As it is argued in [21], a simulation model
needs to be coupled with external analysis procedures to generate
the patterns of systems with modiﬁed parameters whose performance has to be evaluated to ﬁnd the best changes. The concept of
acquiring deeper knowledge through post-optimality analysis of
the Pareto-optimal solutions was ﬁrst proposed by Deb, through
the term, innovization, meaning innovation through optimization [22]. Originally, only visual means of analysing the solutions
through two-dimensional plots between variables, objectives and
constraints was used. Later, regression techniques were added to
discover the mathematical correlations among these entities [23].
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Table 1
SCI test model parameters.
Parameter

Description

M1

M2

M. . .

Mn

˛
˛
ˆ
ˇ
ˆ
ˇ

ˆ

Workstation cycle time
Workstation cycle time, constraint removed
Workstation availability
Workstation availability, constraint removed
Workstation mean down time
Workstation mean down time, constraint removed

˛1
˛
ˆ1
ˇ1
ˆ1
ˇ
1
ˆ 1

˛2
˛
ˆ2
ˇ2
ˆ2
ˇ
2
ˆ 2

˛...
˛
ˆ ...
ˇ...
ˆ ...
ˇ
 ...
ˆ ...

˛n
˛
ˆn
ˇn
ˆn
ˇ
n
ˆ n

Table 2
Original parameter values and constraint removal values in the cycle time constraint detection test.
Parameter

Description

M1

M2

M3

M4

M5

˛
˛
ˆ
ˇ
ˆ
ˇ

ˆ

Workstation cycle time
Workstation cycle time, constraint removed
Workstation availability
Workstation availability, constraint removed
Workstation mean down time
Workstation mean down time, constraint removed

30
21
90
99
10
1

40
28
90
99
10
1

30
21
90
99
10
1

30
21
90
99
10
1

30
21
90
99
10
1

By using data mining techniques, innovization has subsequently
extended to become an automated procedure to reveal several
analytical relationships simultaneously for engineering problems
with higher dimensions [24]. Recently, a novel application of the
innovization procedure to cricket team selection, by performing
some frequency analysis on optimal solutions generated from MOO,
was reported [25]. Resembling of such a specialized innovization
procedure to give a rank order for sports player selection, in SCI,
a frequency analysis is applied to ﬁnd out the occurrence of individual improvement actions in the non-dominated solutions. The
frequency with which a speciﬁc improvement action occurs (e.g.,
Âi = 1, Ĉi = 1 or D̂i = 1) will indicate their level of importance
from a constraint perspective. For example, if Â5 has found to
have the highest occurrence in the Pareto set, it means improving the availability of machine M5 will give the largest effect on
the improvement of the throughput. As said before, the ﬁnal result
from a single frequency analysis run will be a chart showing the
rank order of the importance of the individual improvement actions
with respect to overall throughput improvement. While this result
plot is seemingly similar to a Pareto chart used in DoE [16], it is
important to note it is a more ﬂexible method as it allows the
decision maker to ﬂexibly select the target required throughput,
as illustrated in Fig. 1. It is also argued that less, but more accurate information, are presented to the decision maker because the
dominance sorting has already ﬁltered out all the inferior combinations of the improvement actions so that the chart is generated
only from the optimal combinations. Since the frequency analysis
is performed on solutions at the Pareto front, the most inﬂuential
constraints will occur at a higher frequency than the less important ones. Hence, with various types of improvement actions are
included in the optimization, it will not only be possible to ﬁnd out
where to improve, but also what type of improvement is necessary
and in which order it is required to enhance the performance of the
complete system. The validity of the SCI method will be proved by
a number of test models presented in Section 4.

3. Simulation model integration and test models
One way of validating the proposed method is by applying it on
basic production system examples with obvious constraints prepared in simulation models. A discrete-event simulation model
of a line with ﬁve workstations, M1 –M5 , without inter-station
buffers (see Fig. 2), has been developed to be controlled by a
genetic algorithm, with two-level parameters for workstation cycle
time, workstation availability, and workstation mean down time

Source

M1

M2

M3

M4

M5

Sink

Fig. 2. Simulation model for SCI-analysis testing.

considered to be the potential constraints. In this case, a workstation is a production resource that could include one machine and/or
one worker. The ﬁrst level, 0, represents the original value and the
second level, 1, represents a removed constraint. The principle for
integration of the parameters is shown in Table 1.
The speciﬁc case studies were carried out with the constraint
removal levels set according to formulas (3)–(5):
˛
ˆ i = ˛i 0.7(s)

(3)

ˆ i = 99(%)
ˇ

(4)

ˆ i = 1(Minute)

(5)

The purpose of the ﬁrst case study was to verify that the method
can actually detect a cycle time constraint in one of the operations
in our line example. All cycle times in the line were set to 30 s.,
except the cycle time in M2 , which was set to 40 s., all availabilities
were set to 90%, and all mean down times to 10 min, as shown in
Table 2.
The simulation model was optimized by running 1000 iterations with 5 replications controlled by the NSGA-II evolutionary
algorithm [26] with meta-modeling enhancement. The objectives
were to minimize the number of changes (constraint removals) and
to maximize the throughput simultaneously. The non-dominated
solutions from the resulting data set were then analyzed with
respect to constraint removal frequency for each operation. The
relative frequencies of occurrence for the constraint removal
parameters are plotted in a Pareto chart shown in Fig. 3.
The Pareto chart generated from the SCI analysis reveals that the
most important parameter to change is the cycle time in M2 which
is the constraint of the system. It is also a clear indication that the
availability in any of the operations could improve the performance
of the system.
The Shifting bottleneck method [5,8] was run for veriﬁcation
purpose and it also detected M2 as the bottleneck of the system,
but without any information on the type of constraint, as seen in
Fig. 4.
Another experiment was set up to detect a pronounced availability constraint in one of the operations. In the experiment, all
availability ﬁgures were set at 90%, except in M3 where it was set at
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Fig. 3. SCI-analysis results from test on cycle time constraint.
Table 3
Original parameter values and constraint removal values in the availability constraint detection test.
Parameter

Description

M1

M2

M3

M4

M5

˛
˛
ˆ
ˇ
ˆ
ˇ

ˆ

Workstation cycle time
Workstation cycle time, constraint removed
Workstation availability
Workstation availability, constraint removed
Workstation mean down time
Workstation mean down time, constraint removed

30
21
90
99
10
1

30
21
90
99
10
1

30
21
80
99
10
1

30
21
90
99
10
1

30
21
90
99
10
1

Fig. 4. Shifting bottleneck analysis detecting M2 with the cycle time constraint.

80%, with all cycle times at 30 s, according to Table 3. Another optimization was run, identical to the previous experiment, followed
by a post-optimality frequency analysis. The resulting Pareto chart
is shown in Fig. 5.
In this case, the most important parameter to improve is the
availability in M3 , the constraint of the system.
Similarly, the shifting bottleneck method was also used as the
reference for this experiment, and the result also indicates that M3
as the bottleneck of the system, as shown in Fig. 6.
A third experiment was conducted by combining the two types
of constraints in the same model, as shown in Table 4. In Fig. 7, the
resulting Pareto chart clearly illustrates how the method pinpoints
the two major constraints in M2 and M3 , correlating with the results
from the shifting bottleneck analysis as shown in Fig. 8. The most

beneﬁcial improvement of the system is, according to SCI, to reduce
the cycle time in M2 . The next parameter to prioritize would be the
availability in M3 .
The last part of the generic case study was carried out on the
same simple line with several mixed issues spread over the ﬁve
operations, according to Table 5.
The results of the shifting bottleneck analysis identify M2 as the
bottleneck, followed by M3 , as shown in Fig. 10. The SCI method
interestingly shows us another result, pinpointing the availability
in M3 as the main constraint, followed by the availability in M5 , as
shown in Fig. 9.
In order to compare the two methods, the suggested ranking
order of improvements from each method was simulated step by
step. Each scenario was replicated 5 times with a simulation horizon of 6 days, including one day for warm-up. The cycle times were
improved to 30 s and the availabilities to 99%. The performances of
the two methods were compared for the same number of improvements. In the case of the shifting bottleneck method, both the cycle
time and the availability were improved, together resulting in steps
of two improvements. The result, shown in Fig. 11, reveals that the
SCI method can accurately generate the improvement potentials
with up to 7% higher performance for the ﬁrst six steps of improvement, when compared to the shifting bottleneck method. As shown
in Fig. 11, such an advantage gradually diminishes with the increasing number of improvements. More detailed information on the
simulation results can be found in Table 6.
One could argue that it would be possible to make a deeper analysis based on the shifting bottleneck technique and ﬁnd the most
beneﬁcial improvement for each machine, selecting cycle time and
availability improvements in the correct order. In order to illustrate
the effect of such prioritizations, two improvement strategies have
been simulated and studied, using the best case and the worst case
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Fig. 5. SCI-analysis results from test on availability constraint.
Table 4
Original parameter values and constraint removal values in the combined cycle time and availability constraint detection test.
Parameter

Description

M1

M2

M3

M4

M5

˛
˛
ˆ
ˇ
ˆ
ˇ

Workstation cycle time
Workstation cycle time, constraint removed
Workstation availability
Workstation availability, constraint removed
Workstation mean down time
Workstation mean down time, constraint removed

30
21
90
99
10
1

40
28
90
99
10
1

30
21
80
99
10
1

30
21
90
99
10
1

30
21
90
99
10
1

Parameter

Description

M1

M2

M3

M4

M5

˛
˛
ˆ
ˇ
ˆ
ˇ

Workstation cycle time
Workstation cycle time, constraint removed
Workstation availability
Workstation availability, constraint removed
Workstation mean down time
Workstation mean down time, constraint removed

32
22.4
95
99
10
1

35
24.5
92
99
10
1

30
21.0
86
99
10
1

33
23.1
94
99
10
1

31
21.7
90
99
10
1


ˆ

Table 5
Several mixed issues test.


ˆ

100
90
80
70

(%)

60
50

Shifting

40

Sole

30
20
10
0
M3
M3

M1
M1

M2
M2
Bottleneck

M5
M
5

M4
M4

Fig. 6. Shifting bottleneck detecting M3 with the availability constraint.

selections. This would require more knowledge about the system
than revealed by the shifting bottleneck method, but might still be
relevant from a perspective of available consequences related to
decision-making. The results from this study are shown in Fig. 12
and Table 7.

As shown in Fig. 11 and Table 7 the prediction performance
for SCI is better through the whole series of experiments until all
improvements are implemented.
Another argument towards a comparison like this could be that
the shifting bottleneck detection technique and other conventional
bottleneck detection methods, to an extent, are not designed to ﬁnd
several levels of bottlenecks in a single analysis run. However, the
overlapping (shifting) functionality of the shifting bottleneck technique could allow some conclusions to be drawn about secondary
bottlenecks. With other analysis methods, the bottleneck would
have to be improved before the search of the next bottleneck could
begin. In contrast, the SCI method has the built-in ability to perform
detection of the primary, secondary, and lower orders of bottlenecks with ranking according to the most beneﬁcial improvement
order and improvement strategy, in one optimization run.
The advantages of using the SCI method on more complicated,
real-life problems could be quite signiﬁcant, considering the potential shown on the simple line in this generic case study. The results
also indicate that we might need to re-think how we look upon
bottlenecks. Simply ﬁnding an operation or station to improve is
not enough. We need to consider what property or parameter to
improve in the system, in order to remove the real constraint with
a minimum of effort and resources.
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Fig. 7. SCI-analysis results from test on the combined cycle time and availability constraints.

Table 6
Simulation results comparing improvements based on SCI and shifting bottleneck.
No. of changes

Throughput SCI

0
1
2
3
4
5
6
7
8
9
10

71.18
79.36
84.72
89.55
94.94
97.89
101.16
101.16
105.35
109.49
114.29

Throughput shifting bottleneck

SCI advantage

71.18

0.00%

79.15

7.04%

88.38

7.42%

94.27

7.31%

103.77

1.52%

114.29

0.00%

Table 7
SCI-based improvements compared to best and worst case improvements based on shifting bottleneck detection analysis.
No. of changes

Throughput SCI

Throughput Shifting Bottleneck (best case)

Throughput Shifting Bottleneck (worst case)

0
1
2
3
4
5
6
7
8
9
10

71.18
79.36
84.72
89.55
94.94
97.89
101.16
101.16
105.35
109.49
114.29

71.18
76.56
79.15
88.38
88.38
94.94
94.27
100.3
103.77
109.49
114.29

71.18
75.58
79.15
79.15
88.38
86.76
94.27
99.09
103.77
107.35
114.29

4. Industrial application and validation
The SCI-analysis method was also applied on real-world industrial problems. A shortage of capacity in an advanced production
line for automotive components required improvement of the
throughput performance. The production system included a combination of serial and parallel equipment, transfer lines, and
automated cells. Due to strict quality demands in combination
with advanced materials, the line comprises a number of feedback
loops for rework. Additionally, the machining line also possesses
other complicated process dependencies including complex routings, logic control at various workstations to synchronize the
material ﬂow as well as the intricate material-handling sequences
using gantry robots with two grippers, etc. All these characteristics have therefore rendered analytical models inaccessible, making

the use of discrete-event simulation the only available choice for
the performance analysis. It is also interesting to point out here
that one of the basic advantages of simulation-based optimization
over classical optimization techniques is that all process complexity can be embedded into the simulation models, without
any unrealistic assumption and abstraction to be made. Thanks to
the underlying simulation-based optimization approach, the SCIanalysis merely processes the input and output data to and from
the simulation model, so that it can be used to connect to any
other real-world models with even more complicated characteristics.
A simulation model of the line was hence built and validated,
followed by an analysis with the shifting bottleneck detection technique. The bottleneck analysis indicated very clearly that M17 was
the constraint of the system, as seen in Fig. 13.
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Shifting
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20
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0

0
M2

M3

M4
Bottleneck

M5

M1

M2

M3

M5

M4

M1

Bottleneck

Fig. 8. The shifting bottleneck reference test for combined cycle time and availability
constraints.

Fig. 10. The shifting bottleneck reference test for the detection test of mixed constraints.

Based on the result of the shifting bottleneck detection, a simulation with reduced cycle time, from 40.1 s to 30 s, in the detected
bottleneck, namely M17, was conducted. The result is counterintuitive; instead of improving the system, the performance, in
terms of throughput, was actually reduced. More precisely, the
throughput drops from 50.1 jobs per hour (JPH) to 48.4 JPH after the
cycle time “improvement”. With the standard deviation of 0.7478
and 0.6189 respectively, from simulations with 30 replications, the
performance reduction was statistically proven, when the conﬁdence interval of the throughput difference was calculated using
the Welch method, see [27]. Simultaneously, the manufacturing
lead time (system cycle time) also increased from 36 h and 43 min
to 37 h and 50 min with the cycle time reduction. A new shifting
bottleneck analysis was run with the reduced cycle time in M17
and the result is shown in Fig. 14. According to this analysis, while
M17 is no longer the bottleneck of the system, the performance of
the line was not improved but actually degraded (Fig. 14).
Such a counter-intuitive result coincides with an example found
in [17], which illustrates the effect of an overall performance

reduction in a production system, when an incorrect local improvement was applied. For the purpose of verifying the SCI method as
well as discovering whether further knowledge can be gained that
explains the shifting bottleneck results, SCI was applied to the same
simulation model, as an alternative method of analyzing the system
and searching for improvement opportunities.
The simulation model was prepared to handle the two-level
constraint removal parameters according to Eqs. (6)–(8).
˛
ˆ i = ˛i 0.7(s)

(6)

ˆ i = 99(%)
ˇ

(7)

ˆ i = i x(s)

(8)

where, x = reduced mean down time percentage.
An optimization with minimization of the number of changes
and maximization of throughput was run for 30,000 iterations with
5 replications, using the NSGA-II algorithm with meta-modeling
enhancement. Frequency analysis with Pareto charting was

Fig. 9. SCI results for the mixed issues test.
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Fig. 11. Simulation results comparing improvements based on SCI and shifting bottleneck.
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Fig. 12. SCI compared to the best case and the worst case improvement strategy based on shifting bottleneck detection analysis.

performed on the resulting complete data set shown in Fig. 16 and
the rank one (non-dominated) solutions illustrated in Fig. 15.
The SCI-analysis reveals useful information and knowledge
about the system, which might help us to explain why improvement of the cycle time in M17 did not enhance the system. The
SCI-analysis also identiﬁes M17 as the main constraint of the
system. However, it also reveals that the main problem is the
availability in M17. Hence, improving the cycle time in M17 is
the wrong action. Although the shifting bottleneck detection
technique actually found the right place to improve, it could not
reveal what type of action to take. This real-world case study has
shown the most important strength of the proposed SCI-analysis
method—the ability to indicate the right improvement measures at
the right places (Fig. 16).
A prediction of the effect on the production system can be
made by simulating the suggested improvements in their order
of importance. When the improvements identiﬁed by SCI are
simulated in rank order and the results are plotted accordingly
as in Fig. 17, it can be can be concluded that the improvements

applied in that order have considerable effect on the throughput
performance and, in this case, the ﬁrst eight improvements have a
positive effect on the system.
There are still some answers to be found. We do not know how
much the availability in M17 needs to be improved or whether there
are any dependencies among the possible improvements. By running the top ten constraints, selected according to Fig. 18, in a new
optimization with narrow steps in parameter values, we can decipher more information. The results of the new optimization run
can be analyzed in various ways by sorting and plotting, in order to
create decision support. An interesting analysis is to search for clusters and dependencies in the data. Fig. 19 illustrates the effects on
throughput from considering the dependencies or clusters among
the constraints.
The throughput varies from around 50 parts per hour to slightly
above 60 parts per hour, when considering all solutions. When
solutions containing improvement of the availability in M17 are ﬁltered out, throughput starts at around 51 parts per hour. However,
when improvement of availability in M17 and M25a is combined,

L. Pehrsson et al. / Journal of Manufacturing Systems 39 (2016) 24–37

33

100
90
80
70

(%)

60
50
Shifting
Sole

40
30
20

M24

M13

M25a

M39

M10

M26

M58

M44a

M19

M2b

M47

M45

M11

M17

0

M44b

10

Bottleneck
Fig. 13. Initial shifting bottleneck detection analysis.

100
90
80
70

(%)

60
50
Shifting
Sole

40
30
20

M19b

M13

M6

M10

M18b

M19

M16

M26

M39

M47

M58

M2b

M45

M11

0

M18a

10

Bottleneck
Fig. 14. Shifting bottleneck detection analysis after the cycle time reduction in M17.

the results in throughput start around 55 parts per hour. This is
approximately a 10% improvement opportunity that is revealed by
combining two actions to counter constraints. By adding improvement of the availability in M24, another step to over 56 parts
per hour can be taken. That is, this kind of analysis can reveal
important information about the system, which is valuable for
decision-making. Yet, there is more information to be obtained
about the system.
The results of the new optimization are then subject to some
more sorting operations. Instead of directly using the minimized
number of changes, the number of operations involved in the
changes is calculated for each solution. By sorting out the solutions
with the fewest number of operations involved and then searching

for the solutions with the highest throughput, we can compile a
decision support matrix with information on target levels or how
many changes are required in order to reach a certain throughput,
see Table 8.
Another way to further analyze the system is to use a cost model
[28]. When running an optimization with, e.g., the investment function, according to formula (9), another decision support matrix can
be compiled showing available trade-offs between performance
and investment or improvement cost, as shown in Table 9.

=

m

i=1

␣i +

n

j=1

␤i +

n

j=1

␥i +

o

k=1

Bk + C

(9)
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Fig. 15. SCI-analysis results of rank one (non-dominated) solutions.

Fig. 16. SCI-analysis results of a complete data set.

Table 8
Target levels required to reach a certain throughput.
Iteration

No. of changes

ϕ

Std dev (ϕ)

␤M17

␤M25

␤M24

␤M45

␤M29

␤M11

␤M5b

ɑM18a

␤M25b

9725
6268
2660
2136
5595
5785
8705
1

46
43
41
30
20
17
14
0

57.61607
57.48552
57.075
55.79861
55.02976
54.80456
54.37897
49.62639

1.755041
2.126498
1.798859
1.984932
1.791977
1.544888
1.343082
1.743704

87
86
87
86
83
81
82
81

97
96
88
87
89
88
85
83

96
96
96
95
97
94
95
88

96
95
97
93
90
90
90
90

86
84
83
87
82
82
83
82

88
89
86
84
84
85
83
83

90
90
93
90
89
90
90
89

96
96
96
96
96
96
96
98

88
89
93
90
88
89
88
88

where,  = Total investment (improvement cost), ␣ = Processing
time related investment, ␤ = Uptime related investment,
␥ = Mean down time related investment B = Buffer capacity
related investment and C = Custom investment component.
The combination of the type of information shown by this
method provides the decision-maker within manufacturing or
manufacturing development with opportunities to accurately pinpoint actions and to prioritize between conﬂicting objectives at a
level not available before.

5. Recommendations for further research
The SCI method in its basic ﬁrst version, introduced in this paper,
has already demonstrated promising results compared to other
existing bottleneck detection methods. However, in order to further increase the performance and accuracy of the method, there
are a number of research issues to be addressed. First, the parameter
level settings, to be used in the two-level, constraints removal analysis, must be further investigated. Then, the effect on minimizing
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Fig. 17. Simulated effect on throughput from improvements suggested by the SCI-analysis.

Fig. 18. Selected constraints for deeper analysis.
Table 9
Decision support matrix considering investment.
Iteration

˚

Std dev (ϕ)

1
488
352
569
839
1244
1109
1247
1328
1433
1370
2162
2170

50.60111
51.70056
52.01111
52.235
52.44056
52.56806
52.84944
53.20694
53.34694
53.71806
53.965
54.07139
54.24639

0.996934
0.592704
0.749213
1.256617
0.398451
0.618166
1.046442
0.780979
0.716938
0.900604
0.533821
0.630628
0.355144

␤ M17

␤ M25a
321,000
133,750
321,000

401,250
401,250
401,250
401,250
401,250
401,250
401,250
963,000
963,000

321,000
133,750
321,000
321,000
321,000
321,000
321,000
321,000

␤ M24

␤ M45

␤ M11

␤ M10

␣ M18a
20,000

200,625
200,625
200,625
200,625
200,625
481,500
200,625
481,500
481,500

133,750
133,750
133,750
321,000
133,750
133,750
321,000
321,000
321,000
321,000

267,500
267,500
481,500
200,625

20,000
20,000
20,000
20,000
20,000
20,000
20,000
20,000
20,000


0
341,000
468,125
541,625
755,625
876,000
1,076,625
1,143,500
1,344,125
1,544,750
1,745,375
2,106,500
2,287,125
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Fig. 19. Constraint clusters and the effect of combined parameter improvements.

the sum of changes based on several types of actions and their relationships should be clariﬁed, especially when handling narrower
improvement step optimization. There is also a research question
regarding how long to run the optimizations in order to ﬁnd solutions that are good enough and how much of the data should be
used for analysis. Is it enough to use data solely from the Pareto front
or could the performance of the method be improved by including
data within a certain distance from the Pareto front? The introduction of other types of constraints is another interesting ﬁeld of
exploration. More advanced search and sorting methods together
with data mining could, presumably, further enhance the method.
In combination with more advanced data-analysis methods, the
opportunity to include more than two-level constraint removal
problems already in the initial run of the SCI method should be considered for exploration. Finally, for facilitating the wider use of the
SCI method in industry, there has a need to develop a new set of customized simulation-based optimization software that incorporates
the method.

6. Conclusions
The SCI method introduces two imperative novelties into the
ﬁeld of manufacturing systems management. Firstly, by combining
multi-objective optimization and post-optimality analysis, SCI is
capable of accurately identifying a rank order for the required levels of improvement for a large number of system parameters which

impede the performance of the entire system, in a single optimization run. In this sense, a large number of bottlenecks can be detected
and the required countermeasures, or improvement actions, can
be established for improving the entire system to the required
level of performance. When compared to other approaches that
only detect which operation/workstation is the bottleneck, the SCI
method offers the opportunity for the decision-maker to gain better insight into the production system’s behavior, its constraints,
and the level of improvement required to achieve a certain performance, with minimal efforts and resources. Secondly, as SCI is
basically built atop a simulation-based optimization approach, it
is capable of handling large-scale, real-world system models with
complicated process characteristics, as illustrated in the industrial
application example presented in this paper. This has rendered
SCI its advantage over any other mathematical approaches which
require unrealistic assumptions and/or abstractions of the production system under study. As a conclusion, the promising results
from applying the SCI method presented in this paper, especially in
the real-world case, have given new insight into how bottlenecks
can be detected and handled.
To apply SCI in real-world production systems, several prerequisites need to be fulﬁlled. Firstly, as for all simulation-based
approaches, a valid simulation model of the production system
is required. Secondly, for a DES model with a signiﬁcant level
of complexity, running the optimization in order to obtain the
Pareto-optimal solutions for the analysis would be computationally expensive. This can be a real issue, if the problem has to be
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solved within a short period of time. Thirdly, an implementation
of the SCI-speciﬁc parameters into the simulation model and the
integration with the controlling optimization algorithm must be
conducted. Regarding the computation requirements, the development in parallelizing the simulation runs on computer clusters or
using cloud computing, can provide ample power at a fairly low cost
to reduce the running time for SCI. When applied within decisionmaking in production management, the method can also provide
information on the most beneﬁcial solutions from a cost perspective. In summary, the promising results demonstrate the potential
of SCI in providing higher-level information for conﬁdent decisionmaking support in real-world production systems improvement
when compared to current industrial practices and existing bottleneck detection methods.
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Abstract
Many simulation-based optimization packages provide powerful algorithms to solve industrial problems. But most of them fail to offer their users the techniques they need
to effectively handle multiple-choice problems involving a large set of decision variables
with mixed types (continuous, discrete and combinatorial) and problems that are highly
constrained (e.g., with many equality constraints). Yet such issues are found in many
real-world production system design and improvement problems. Thus, this paper introduces a method to effectively embed multiple choice sets and Manhattan-distancebased constraint handling into multi-objective optimization algorithms like NSGA-II and
NSGA-III. This paper illustrates and evaluates how these two techniques have been applied together to solve optimal workload, buffer and workforce allocation problems. An
example follows, showing their application to a complex production system improvement
problem at an automotive manufacturer.
Keywords: Production systems, simulation-based optimization, multiple choice set,
constraint handling

1. Introduction
Optimization can be defined as the process of seeking the “best” design of a product
or a system, with respect to certain objectives. When there is only one objective to
be maximized or minimized, the problem is solved as a single-objective optimization. A
problem with more than one objective can be reformulated as a single-objective optimization using a weighted-sum objective function in which the components are the composites
of the individual objectives, with weights reflecting their importance. However, this approach may produce different solutions depending on the weights assigned to different
objectives. Thus the decision-maker is forced to decide on the importance of individual
objectives “a priori” before the optimization is run. A posterior, multi-objective optimization (MOO) can avoid this situation by presenting the best trade-off, or the so-called
Pareto-optimal solutions, to the decision-maker before a decision is made based on some
∗
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higher-level information [1]. A general mathematical formulation of a MOO problem is
presented in Eq. (1).
maximize/minimize
subject to

F(x) = {f1 (x), . . . , fm (x)}
gj (x) ≥ 0,

hk (x) = 0,

where

∀j ∈ {1, . . . , J}

(1)

∀k ∈ {1, . . . , K}

xli ≤ xi ≤ xui ,

∀i ∈ {1, . . . , n}

In Eq. (1), fi : Rn → R are two or more conflicting objectives (m) that need to be
minimized or maximized. The feasible vector of variables, x = {x1 , x2 , . . . , xn }, belongs
to the non-empty feasible region formed by the J inequality constraints, gj (x), the K
equality constraints, hk (x), and variable bounds [xli , xui ]. In other words, the feasible
region is set by the constraints of the problem and boundaries of the variables.
Many industrial problems can be formulated as MOOs. For instance, simultaneously
maximizing the performance and minimizing the running cost of the processes in hand
is the goal of almost all manufacturing companies seeking to remain competitive. In
production systems, throughput (TP) is often the most important parameter for evaluating the performance of a production system [2]. When using TP as an objective in a
MOO for production systems optimization, an accurate and efficient estimation of TP is
therefore crucially important. While analytical models are efficient, they unfortunately
fall short of providing accurate TP analysis when the production system being studied is complex. There has thus been an increase in the use of simulation, particularly
discrete-event simulation in manufacturing, in the literature [3]. This is not a surprise
given that system complexity and stochastic variability can easily be modeled using almost any simulation software. But, simulation is not an optimization tool when used as
a standalone software. Simulation-based Optimization (SBO), refers to the technology
that connects simulation models with meta-heuristic optimization algorithms, such as
Evolutionary Algorithms (EA), to find the optimal setting of many decision variables to
solve a complex optimization problem Fig. 1.
SBO has opened a new era of applying optimization to solve real-world problems in
industry because meta-heuristic search algorithms in general treat a target simulation
model as a black box. Thus the same optimization algorithm can be used to solve
a range of problems without any re-configuration. Many SBO algorithmic approaches
simply depend on the input-output data from the simulation in their search for optimal
input settings [4]. Some examples of SBO applications in manufacturing can be found
2

in [5, 6, 7, 8, 9, 10]. The comprehensive literature review and analysis of simulation
for manufacturing design and operation by Negahban and Smith [3] has noted that the
integration of simulation with artificial neural networks and EA has shown significant
progress over the past twelve years. Liu et al. [11] recently published a comprehensive
survey of the application of SBO in manufacturing system operation.
Despite the huge potential of SBO, there are some deficiencies that may preclude
its effective use for production systems optimization. Specifically, two issues must be
resolved: (1) decision variable ranges that cannot be well modeled by using standard
integer or continuous optimization variables with a lower and an upper bound; (2) constraint handling techniques are needed to deal with practical constrained optimization
problems. Related to the first issue, as observed by Amaran et al. [4], most of the SBO
algorithms proposed in the literature focus on problems that either have solely discrete
choices, or solely continuous-type variables; relatively few attempts have been made to
address both discrete and continuous choices simultaneously. Furthermore, it is common
in practical applications for the discrete variables to be binary, integer-ordered, or categorical, or lie in some discrete space. The second issue is challenging given that the most
common way to incorporate constraints into an EA has been penalty functions. This
has created many difficulties in seeking feasible solutions, particularly for optimization
problems that are highly constrained, for example, those with many equality constraints
[12].
The aim of this paper is to suggest how these two specific issues can be resolved
using multiple choice sets as input variables and Manhattan distance-based constraint
handling for production systems in a MOO context. The paper illustrates this using the
examples of, an assembly line balancing problem and a workforce allocation problem.
It then applies these techniques to a complex production system improvement problem
provided by an automotive manufacturer.
2. Literature review
EAs are a group of algorithms inspired by the evolutionary processes in nature. Their
applicability to a wide range of optimization problems along with their ability to find multiple optimal solutions in one run have made them popular for solving many real-world
MOO problems. Given that real-world optimization problems tend to have multiple
objectives and such practical MOO problems are inevitably constrained in one way or
another [1]. Genetic operator crossover and mutation, an integral part of most EAs,
does not guarantee that feasibility is preserved. Hence, over the years many different
ways of handling constraints in MOO problems have been proposed. Coello Coello [12]
categorizes them into five different constraint-handling techniques: (1) penalty functions,
(2) special representation and operators, (3) repair algorithms, (4) separation of objectives and constraints, and (5) hybrid methods. These different techniques will be briefly
described, along with some recent contributions to each of them.
2.1. Penalty functions
Penalty functions have been the most commonly used approach for constrained singleobjective optimization problems [13]. They transform the constrained optimization problem into an unconstrained optimization problem by penalizing the objective function by
3

the constraint violation of the solution. The idea is that the penalty will promote feasible regions over infeasible regions of the search space and guide the algorithm toward
the feasible regions. The main difficulty with this approach is determining the value
of the penalty. Ideally it should be as small as possible without making an unfeasible
solution optimal. This is known as the minimal penalty rule [14]. Penalties that are too
small increase the risk of not reaching a feasible solution, while penalties that are too
large can excessively promote feasibility, guiding the search to optima that are far from
the true constrained optima. For MOO problems the penalty factor is simply applied
to the individual objectives [15]. There are a vast number of methods of penalizing an
objective value. Yeniay [16] categorizes them as death penalty, static penalty, dynamic
penalty, annealing penalty, adaptive penalty, segregated genetic algorithm (GA), and
co-evolutionary penalty.
Death penalty simply means that if a generated solution is infeasible, it is discarded
and the generation of new solutions continues until there is a feasible solution. A drawback of this approach is that for highly constrained problems (e.g. problems with equality
constraints) it can be extremely unlikely that a feasible solution will be generated, with
the algorithm getting stuck trying to generate a feasible solution [17].
Static penalty functions use penalty factors that are kept constant during the entire
search, resulting in a focus on a small part of the search space and premature convergence [18].
Dynamic penalty functions aim to address this drawback by changing the penalty
factors during the search in a way that promotes exploration in the beginning and exploitation toward the end of the search.
An alternative approach is to use adaptive penalty functions, which use information
about feasible and infeasible individuals in the population to change or adapt the penalty
factors. For populations with a high number of infeasible individuals the penalty factors
are increased, to guide the search toward feasibility. The penalty factors are decreased
for populations with a high number of feasible individuals, emphasizing a search for
better feasible solutions [19]. Woldesenbet et al. [20] propose an algorithm that uses
an adaptive penalty with two parts, a distance metric and a constraint violation, used
to guide the search in the infeasible region by promoting solutions with better fitness
and low constraint violation. Their algorithm supports multiple objectives and eliminates the cumbersome parameter tuning, otherwise associated with penalty functions.
Annealing penalties are similar to dynamic penalties in that the penalizing of infeasible
individuals grows larger as the search progresses, but in this case the increasing penalty
is modeled using a temperature schedule [21] similar to that used in simulated annealing
algorithms. As with simulated annealing algorithms, the performance of the annealing
penalty approach relies on selecting an appropriate temperature schedule [22].
Segregated GA is yet another way of tackling the problem of selecting appropriate
penalty factors. The population is split into subpopulations with their own penalty factors. The various sets of penalty factors promote different areas of the design space [23].
Interbreeding between subpopulations represents a form of information sharing that reduces the risk of subpopulations getting stuck at local optima. However, the introduction
of several sets of penalty factors is no guarantee of good performance, while also introducing even more parameters that need to be set.
Inspired by the work of Paredis [24] on co-evolutionary constraint satisfaction
Coello Coello [25] proposed a co-evolutionary penalty approach with self-adaptive penalty
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factors, considering only inequality constraints, using two populations. Penalty factors
evolve in one population (P2) where the fitness of an individual is the best average fitness
reached after a number of generations (specified by the user) in the other population (P1)
using those penalty factors. Once all individuals in P2 have been evaluated, P2 is evolved
one generation and the process is repeated. In doing so, setting the penalty factors of
P1 are replaced by setting up a second GA for P2 along with the number of generations
of P1 that should be run for each set of penalty factors. The author argues that the
increased number of evaluations in this co-evolutionary approach is justified by its increased efficiency compared to a traditional single population GA, especially considering
the effort spent on fine-tuning the penalties of the algorithm.
2.2. Special representation and operators
For problems in which it is extremely hard to find even a single feasible solution,
special representation and operators are often used. The special representation is used to
simplify the search space and special operators are used to maintain the feasibility of the
solutions. Instead of using special repair operators, it is possible to transform the feasible
search space to a simple bounded search space, that is, one without constraints. Koziel
and Michalewicz [26], for example, used homomorphous mapping from an n-dimensional
cube to a feasible search space. However, the implementation of the algorithm is rather
complicated and problem-dependent.
2.3. Repair algorithms
The repair approach is applicable to many combinatorial optimization problems (e.g.
the traveling salesman problem) in which it is rather easy to transform an infeasible
solution to a feasible one, that is, to repair it. For other problems, where repairing a
solution is not that simple, more sophisticated algorithms are needed. Michalewicz and
Nazhiyath [27] describe the second extension of their Genocop method (Genocop III)
that maintains two populations, one for individuals that satisfy linear constraints and
the other with fully feasible individuals. Infeasible individuals are repaired through a
linear search between them and a feasible individual. This repair method was combined
with a gravitational search algorithm by Pal et al. [28] to solve dynamic constrained
optimization problems in continuous search spaces. For single objective problems with
a challenging feasible search space Saha and Ray [29] proposes a repair heuristic that
can repair solutions with several active inequality constraint violations. The method
uses sequential quadratic programming (SQP) to find the closest feasible solution on the
constraint boundary. This is done once per violated constraint and the solution with the
smallest constraint violation is used to repair the infeasible solution if it has a smaller
overall constraint violation. The same authors, Saha and Ray, also used SQP as repair
strategy when solving multi-objective problems with a single equality constraint [30]. The
repair method uses SQP to find the closest point on the equality constraint. Solving the
SQP problem can be very time consuming and hence k-means clustering has been used
to limit the number of individuals that are repaired while at the same time maintaining a
good spread of feasible solutions. Bu et al. [31] propose a species-based repair strategy for
differential evolution. It uses a gradient-based repair technique and clusters individuals
of the population into species. It also limits the number of individuals that are repaired
in each species, based on the proportion of feasible individuals in each species.
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2.4. Separation of objectives and constraints
There are several techniques that, in contrast to penalty functions, keep constraint
handling and objectives separate. Some utilize two populations like FI-2Pop GA with
one population of feasible individuals that evolves toward optimality and one population
of infeasible individuals that evolves toward feasibility. Others introduce measures that
treat feasible solutions as superior to infeasible ones, similar to the constraint-domination
principle proposed in [32, 33]. This principle has been successfully used in the well-known
MOO algorithm, NSGA-II [34], and more recently in the many-objective optimization
algorithm, NSGA-III [35]. The latter also uses a modified tournament selection operator that promotes feasibility and less constraint violation. The authors mention that a
hallmark feature of this constraint-handling approach is that it does not require any additional parameters to handle constraints. This hallmark feature has recently been shared
by the VCH-algorithm inspired by the constraint-domination and proposed by Chehouri
et al. [36]. It uses both the number of violated constraints as well as the magnitude of the
constraint violation for the pairwise comparison. Yet another use of MOO to handle constrains was proposed by, Long [37]: an algorithm that uses a multi-objective sub-problem
with objectives for closeness (to the real Pareto frontier), diversity and feasibility. The
sub-problem is solved using an optimal sequence method. The resulting sequence is used
by the selection operator that simply picks the best ones in the sequence as the next
generation.
2.5. Hybrid methods
A hybrid method combines two or more algorithms into a single algorithm in order to
combine the advantages and eliminate the weaknesses of each algorithm. Optimization
problems with equality constraints can be very challenging, especially if they are nonlinear. In the flexible tolerance genetic algorithm (FTGA) of Shang et al. [38] an adaptive
genetic algorithm (AGA) is combined with a flexible tolerance method (FTM) to solve
such single-objective problems. The FTM serves as a local search that refines solutions
generated by the AGA using information in the constraints. Another hybrid algorithm
for solving nonlinear optimization problems with equality constraints is the agent-based
memetic algorithm (AMA) proposed by Ullah et al. [39]. In AMA, each individual in a
population is supported by an agent that can explore the local search space around the
individual while the strength of the EA is its global search capabilities. An agent can
self-adaptively choose one of several life span learning processes (LSLPs) to search for an
optimal solution along the equality constraints, since every solution (including the optimal one) must satisfy these. Handoko et al. [40] proposed a memetic algorithm in which
a GA is combined with SQP for local search. In addition, it incorporates the machine
learning technique, Support Vector Machine (SVM), in order to decide when to apply
the local search. The algorithm was designed for, and very efficient on, continuous optimization problems with a single equality constraint. A hybrid method by Barkat Ullah
et al. [41] that handles single objective optimization problems with multiple constraints
(both equalities and inequalities) uses a equality constraint heuristic (ECH). In it, a
certain proportion (user-defined) of the individuals are subjected to the ECH in which
an individual is paired with a randomly picked equality constraint. Then one variable
is changed to achieve feasibility (or set to a boundary value if feasibility is not possible
within the bounds). If the constraint is satisfied, two random variables of the constraint
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are changed while feasibility is preserved. This is done in order to increase diversity in
the population.
Judging by the large amount of constraint-handling techniques, it is clear that there
is no single algorithm that is obviously the best choice for all problem instances. Instead,
the performance of an algorithm is very much dependent on the characteristics of the
problem. This point is supported by the no free lunch theorem (NFLT) [42, 43], which
states that the only way a strategy or algorithm can outperform another for a specific
problem is if it is tailored to that problem.
Neumaier [44] also emphasizes the need to tailor EAs to the characteristics of the
intended problem, but from a somewhat different point of view. His reasoning starts
from an estimate that the number of possible elementary steps for natural processes to
converge is at least 1015 . These processes are the inspiration for EAs, in which context
the elementary steps can be viewed as function evaluations. It is clear, despite the rapid
advancements of today’s computers, that so large a computational budget is not feasible,
and thus algorithms have to use the available budget wisely [40]. This is especially true
for engineering problems in which the cost of fitness evaluations is generally high [36]. For
example, fitness evaluations are often performed by simulation, and it is not uncommon
for a single evaluation to take several minutes or sometimes even hours. In addition, the
presence of constraints in engineering problems generally makes them hard to solve using
conventional algorithms [36].
3. Constraint handling for production systems optimization
The presence of constraints is particularly true for optimizations of production systems where equality constraints occur naturally for different reasons (concrete examples
are given in the next section). Equality constraints limit the feasible region drastically
and can make it hard for algorithms to find even a single feasible solution [41].
Processing times, availability, mean times to repair, and buffer capacities are some
typical parameters used to optimize production systems. As pointed out by Bernedixen
and Ng [45], standard integer or continuous variables are not ideal for capturing the
specific characteristics of these parameters. Instead, the parameters are represented
by variables referred to as multiple choice set (MCS) variables. A MCS variable is a
combination of a finite number of unique integer and/or continuous values defined with a
special notation in which scalar values (v) and ranges (standard sets, SS) are separated
by commas and surrounded by curly brackets, e.g. {v1 , SS1 , v2 , SS2 , SS3 }. A standard
set is used to define a range of values between a lower− and an upper bound in which
consecutive values are separated by a base value, and its notation is {lower, upper|base}.
The details of how to incorporate the MCS variables in an evolutionary algorithm using
standard recombination and mutation operators are given in [45].
Considering all the characteristics of a production systems optimization (PSO) problem (multi-objective, high cost of fitness evaluation, the need for versatile input variables
in the form of MCSs, and the presence of equality constraints), it is clear that some
specific algorithm is needed. None of the algorithms in the previous section manages to
address all these characteristics. Penalty functions, the most common approach to handling constraints, would seem to be the obvious choice, but as reported by Coello Coello
[25] they are not well-suited to dealing with equality constraints. Another approach
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would be to maintain feasibility, but it is, as reported by Carlson and Shonkwiler [46],
often too hard, costly, or even impossible. A repair method that can tackle this type of
problem would save valuable computational resources from being spent on a large number
of infeasible individuals, which is important for this type of problem [47]. Barkat Ullah
et al. [41] suggest that repairing to feasibility, or if possible restricting the search to
the feasible region, are are viable options for these highly constrained problems. Furthermore, Arnold [48] reports that a simple repair mechanism results in more robust
performance in the sense that convergence to a non-singular point is avoided, compared
to re-sampling for feasibility. These suggestions are for evolutionary strategies tested
on very simple linear problems with one linear inequality constraint. The next section
presents a repair method capable of dealing with complex PSO problems.
3.1. Repair method — Finding the nearest feasible solution
Bernedixen and Ng [45] present a repair method capable of repairing infeasible solutions commonly encountered while optimizing production systems. The method is similar
to the one first presented by Laguna and Martı́ [47], but extended in order to deal with
MCS variables. The extension is inspired by what Healy [49] referred to as Multiple
Choice Programming. The method is capable of repairing solutions to an optimization
problem with linear equality and inequality constraints with both integer, continuous,
and MCS variables. The repair is performed by formulating and solving a mixed-integer
programming (MIP) problem Eq. (2).
n
X

minimize

pi + mi

(2a)

i=1

subject to

AX ≤ B

si − xi − mi + pi = 0,
−xi +

ki
X
l=1

vil ∗ hil = 0,
ki
X

hil = 1,

l=1

li ≤ xi ≤ ui
pi , mi ≥ 0

hil ∈ {0, 1},

(2b)
i ∈ {1, . . . , n}

(2c)

i∈J

(2d)

i∈J

(2e)

i ∈ {1, . . . , n}

i ∈ {1, . . . , n}

i ∈ J ∧ l ∈ {1, . . . , ki }

(2f)
(2g)
(2h)

Given an infeasible solution S = {s1 , . . . , sn } the MIP-problem will find the closest
feasible solution X ∗ = {x∗1 , . . . , x∗n } by minimizing the distance Eq. (2a) between S and
X. This distance between S and X is calculated using Eq. (2c) using the positive variables
pi and mi . The original constraints and variable bounds of the problem are enforced
through Eq. (2b) and Eq. (2f). The MCS variables are handled through multiple choice
programming (Eq. (2d), Eq. (2e), and Eq. (2h)), where J is the subset of all variable
indexes {1, . . . , n} that corresponds to the MCS variables and ki is the number of values
in MCS variable i.
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The distance metric used is the L1 norm (also known as Manhattan distance), illustrated in Fig. 2.

X2

S

Euclidian
distance

Manhattan
distance

m12+m22
m2

X

m1+m2

*
m1

Feasible region

X1

Fig. 2. Illustration of Manhattan and Euclidean distance in 2 dimensions.

4. Experiments and results
This section presents how the proposed constraint handling performs on some illustrative test problems related to PSO. Unless otherwise specified, all optimizations are run
with an extension of the NSGA-II algorithm that handles MCS-variables with the proposed repair method implemented, using an archive for non-dominated solutions. This
extended version of NSGA-II is referred to as LR-NSGA-II (i.e. linear repair NSGA-II).
Settings used in the algorithm are listed in Table 1. This algorithm is integrated into
FACTS-Analyzer, the discrete-event simulation software used to construct the models
presented in this paper. In FACTS-Analyzer, failures of objects are usually defined by
(1) an availability and (2) a mean time to repair, and then modeled with Exponential
distributions for the time between failures and Erlang − 2 distributions for the duration
of repairs. In all these models, it is assumed that there is no shortage of incoming parts,
and that everything produced can be shipped immediately.
Unless specified otherwise, experiments were run on a desktop computer with an
Intel R CoreTM i7–860 Processor, a SSD drive, and 8GB RAM using five threads for
simulations, that is, five parallel simulations during an optimization.
4.1. Assembly Line Balancing
The problem of grouping work tasks and their required resources to a set of stations
along with some additional assumptions is known as an assembly line balancing (ALB)
problem [50]. The additional constraints listed are: (1) all products are known with
certainty; (2) a set of processing alternatives is given; (3) either a production rate is to
be met or as much as possible should be produced; (4) the line flow is unidirectional;
and (5) the sequence of tasks is subject to precedence restrictions. In light of the above
definition, the following problem would be classified as an ALB problem.
The production flow in Fig. 3 consists of N = 15 serial workstations separated by
N − 1 inter-station buffers with zero dwell and total capacity K (Eq. (3g)).
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Table 1
Settings used in NSGA-II.

Setting

Value

Population size
Child population size
Mutation probability
Mutation distribution index
Integer Mutation
Real Mutation
MCS Mutation
Crossover probability
Crossover distribution index
Integer Crossover
Real Crossover
MCS Crossover

50
75
1/n*
20
Polynomial
Polynomial
Uniform range
0.9
20
SBX
SBX
Uniform

*

n = number of input variables

Fig. 3. The ALB model.

Four products P = {A, B, C, D} are assembled in this production flow in equal quantities but in a random sequence. The total assembly Γp (p ∈ P ) needed for each product
varies Eqs. (3c) to (3f). The amount of assembly/work per product, assigned to each
work station is denoted γpi (p ∈ P, i ∈ {1, . . . , N }). The work can be split into tasks
that take 5 seconds and each workstation can handle a minimum of 30 seconds and a
maximum of 90 seconds of work, Eq. (3h). The total buffer capacity is limited by the
available floor space, but flexible in the sense that the capacity of individual buffers κi
may vary in units of two products (Eq. (3g)).
A workstation’s performance is dependent on the amount of work assigned to it as
well as its availability and average repair time, as shown in Table 2.
The simulation horizon is set to 3 days, one of which is used for warm-up during
which no statistical data is collected. To tackle the stochasticity of breakdowns each
simulation is replicated ten times. The wall-clock time needed for a single model run is
about 1.55 seconds on the desktop computer described above.
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Table 2
Availability settings of the ALB model.

WS1

WS2

WS3

WS4

WS5

α [%]
β [mm:ss]

99
2:00
WS6

99
2:00
WS7

95
1:00
WS8

99
2:00
WS9

99
2:00
WS10

α [%]
β [mm:ss]

99
2:00
WS11

99
2:00
WS12

98
4:00
WS13

99
2:00
WS14

99
2:00
WS15

α [%]
β [mm:ss]

99
2:00

99
2:00

99
10:00

99
2:00

99
2:00

The ALB problem presented here is formulated as a simulation-based multi-objective
(SMO) problem in Eq. (3). The multi-objective aspect makes it possible to maximize production rate in Eq. (3a) and minimize work in progress in Eq. (3b) at the same time. The
simulation aspect enables a balance that considers not only the different products, but
also the heterogeneous and stochastic availability of the different workstations (Table 2)
as well as how to best utilize the available floor space (Eq. (3g)).
maximize

T hroughput

minimize

W ork In P rogress

(maxT P )

(3a)

(minW IP )

(3b)

subject to
ΓA =

N
X

γAi = 900

(3c)

γBi = 1125

(3d)

γCi = 600

(3e)

γDi = 750

(3f)

κi = 84,

(3g)

i=1

ΓB =

N
X
i=1

ΓC =

N
X
i=1

ΓD =

N
X
i=1

K=

N
−1
X
i=1

γAi , γBi , γCi , γDi ∈ {30, 90 | 5}
κi ∈ {2, 10 | 2}

[seconds]

(3h)

[products]

(3i)

To be able to compare the performance of LR-NSGA-II with the standard constraintdomination principle of NSGA-II, the latter requires a problem formulation without
equalities. In fact, it is possible to reformulate the equality constraints in Eqs. (3c)
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to (3g) into twice as many inequality constraints using Eq. (4) without changing the set
of feasible solutions of the problem.
(
lhs − rhs +  ≥ 0
, where  = 1
(4)
lhs = rhs ⇒
−lhs + rhs +  ≥ 0
For the sake of a fair comparison and considering that repair can be expensive, both
optimizations were given an equal computing budget of 6 hours, rather than a fixed
number of simulations.
The non-dominated solutions found by LR-NSGA-II and NSGA-II are shown in
Fig. 4, while Fig. 5 depicts the performance of the two algorithms in reaching those
non-dominated solutions. The performance is shown by presenting how the hypervolume
indicator (or S − metric, Lebesgue measure), first presented by Zitzler and Thiele [51],
develops over generations. Looking at the hypervolume for the NSGA-II optimization
(gray) some conclusions can be drawn. It is hard to find any feasible solution (i.e. the
hypervolume is zero) for the first few generations. We see step-wise improvements of the
hypervolume, in-between which it is more or less constant. This is a clear indication that
it is hard to find feasible solutions throughout the optimization, even though more and
more feasible solutions are part of the population. Intuitively, the recombination and
mutation operators are very unlikely to produce feasible offspring on their own.

60
(18, 53)

maxTP

55
NSGA-II
LR-NSGA-II
Selected solution
Reference point

50

45
(50, 39.5)

40
10

15

20

25

30

35

40

45

minWIP
Fig. 4. Non-dominated solutions of the ALB problem.
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50

600

Hypervolume

500
400
300
200
100
LR-NSGA-II
NSGA-II

0
0

100

200

300

400

500

Generation
Fig. 5. Hypervolume per generation of LR-NSGA-II (black) and NSGA-II (gray), reference point
{minW IP, maxT P } = {50, 39.5} of Fig. 4.

As said, the two optimizations were given access to the same amount of computational
resources (5 threads for 6 hours), and Table 3 summarizes how the resources were utilized.
The utilization is compared in terms of the total number of evaluations run, and of these
how many were feasible, uniquely feasible, and repaired, as well as the total time spent
on repair.
Table 3
Comparison of how NSGA-II and LR-NSGA-II utilize available computing resources.

NSGA-II
# Evaluations
Feasible [%]
Uniquely Feasible [%]
Repaired [%]
Repair time [seconds]

(I)

69575
18.5%
7.5%
0.0%
0

LR-NSGA-II
42575
100.0%
96.8%
95.7%
38217

(II)

Diff.

(I vs II)

−38.8 %
231.5 %
694.7 %
N aN
N aN

Judging by the numbers in Table 3, repairing an infeasible solution is computationally
expensive for this problem. On average a repair takes 0.94 seconds compared to the 1.55
seconds it takes to evaluate one solution. This, explains why LR-NSGA-II manages only
about 61 % of the evaluations of NSGA-II. Despite spending so much time repairing
infeasible solutions LR-NSGA-II is able to reach a more converged and diverse set of
non-dominated solutions (Fig. 4 and Fig. 5), clearly showing the superiority of this repair
method for this type of problem. With simulation models that are more complex, the
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repair time will be almost negligible compared to the time it takes to run the simulation
model.
LR-NSGA-II is able to find a set of well converged and diverse solutions to the ALB
problem. But, if we are to select a solution, does it also make sense from a practical
point of view? For example, the solution highlighted with a circle in Fig. 4 represents
a knee-point; a point from which an increase in work in progress yields a diminishing
return in throughput. Figure 6 illustrates the balance for the four variants over the fifteen
workstations as well as the capacity of inter-station buffers, using a gray scale ranging
from highest (dark) to lowest (light) allowed value for each input.
WS1

WS2

WS3

WS4

WS5

WS6

WS7

WS8

WS9

WS10

WS11

WS12

WS13

WS14

WS15

γAi

ΓA = 900

γBi

ΓB = 1125

γCi

ΓC = 600

γDi

ΓD = 750

κi

Low

K = 84

High

Fig. 6. Visualization of the selected solution ({minW IP, maxT P } = {18, 52.6} Fig. 4) from the nondominated set found by LR-NSGA-II.

Workstations WS3, WS8, and WS13 are highlighted in bold font since they represent bottlenecks as regards availability. This visualization shows how the optimization
has put fewer work tasks (per product) on these workstations. The inter-station buffers
close by are also larger to reduce the impact on the performance of the line even further.
This distribution makes sense physically.
4.2. Workforce Allocation
The primary task of workforce allocation (WA) is to make sure that there is just the
right amount of labor to complete the jobs needed to supply the demand [52]. This is
a difficult task, especially considering the complex systems and environments in which
these jobs are performed. SBO is very good at solving problems related to these types of
complex systems and environments. Azadeh et al. [53] combined a computer simulation
and single-objective GA to allocate operators in a U -shaped Cellular Manufacturing
System. Scenarios were used to represent different allocations of operators. Although
the study had several objectives a weighted sum approach was used.
This experiment illustrates how SMO can use linear constraints to model different
operator allocations, and how the results can serve as decision support in WA considering
multiple objectives.
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The production flow in Fig. 7 represents a fully automated machining line with N = 20
machines producing a single product type. The machining time in each machine is 80
seconds except for machine M15 in which it is 100 seconds. The machines are unreliable
and break down according to their availability. The availability is; 90 %, except for
machine M5 at 76 %. The average repair time is 10 minutes. Machines are split into
two work areas W A1 = {1, . . . , n} and W A2 = {n + 1, . . . , N } and when a machine
breaks down it needs to be repaired by an operator assigned to its work area. Machines
are separated by N − 1 inter-station buffers with minimum zero dwell time. We assume
that each operator is associated with a cost of C = $ 1 000. In addition, there is also
an expert operator available who repairs the machines twice as fast, but is twice as
expensive, Cexpert = $ 2 000. This expert can be contracted to handle any combination
of the bottleneck machines, excluding them from their respective work areas.
The question of how to best allocate operators to this line is formulated as a SMO
in Eq. (5). The best solution is the one that achieves an acceptable trade-off between
the cost of operators (Eq. (5a)), the total products produced (Eq. (5b)), and the total
inventory (Eq. (5c)). The work area location of each machine is decided by the binary
variables xij , where i represents the machine and j the work area. The number of workers
in each of the two work areas is wj . The binary variable yi decides whether or not an
expert is assigned to a machine. Each machine must belong to one work area or to the
expert, as in Eqs. (5d) to (5f). The expert is not allowed to work on any non-bottleneck
machines (Eq. (5g)). The binary variable u in Eqs. (5h) and (5i) shows whether or not the
expert has been hired (assigned to a machine). Buffer capacities zi (i ∈ {1, . . . , N − 1})
are included in the problem since they have large influence on the inventory of the line.
In this experiment, the work areas are of equal size n = N/2 = 10 and there is only one
bottleneck per work area BN 1 = {5} ⊆ W A1 and BN 2 = {15} ⊆ W A2.

Fig. 7. The WA model.
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minimize Cost =

2
X
j=1

maximize

1000 ∗ wj + 2000 ∗ u

(5a)

T hroughput

minimize W ork In P rogress
subject to

X

xi1 +

i∈W A1

X

xi2 +

yi = 0,

N∗

(5c)

yi = n

(5d)

X

i∈BN 2

yi = N − n

(5e)

(
i ∈ W A2 ∧ j = 2
i ∈ W A1 ∧ j = 1

xij = 0,

i=1

(5b)

i∈BN 1

i∈W A2

N
X

X

(maxT P )
(minW IP )

i ∈ {BN 1 ∪ BN 2}

yi ≤ N ∗ u
N
X
i=1

yi ∈ {0, 1},

(5i)
i ∈ {1, . . . , N } ∧ j ∈ {1, 2}

i ∈ {1, . . . , N }

zi ∈ {1, . . . , 10},

wj ∈ {1, . . . , 10},
u ∈ {0, 1}

(5g)
(5h)

yi ≥ u

xij ∈ {0, 1},

(5f)

i ∈ {1, . . . , N − 1}
j ∈ {1, 2}

The WA problem is solved using a version of NSGA-III that implements the linear
repair method presented (i.e., LR-NSGA-III). NSGA-III is used because it is better able
to cope with three or more objectives. The non-dominated solutions found after 30 000
evaluations are shown in Fig. 8. Of these 30 000 evaluations, 12 124 were repaired with
an average repair time of 2 milliseconds.
The solutions are shown in Fig. 8 with the following color code: Green - expert
hired (u = 1), Red - single operator in at least one work area (w1 = 1 ∨ w2 = 1),
Black - total buffer capacity less than 48. As anticipated, the highest throughput is only
achievable if an expert is hired to reduce the impact of the bottleneck machines on the
line (Green solutions). Clearly, a single operator in a work area is not enough to reach
a high throughput (Red solutions in Top and Left chart of Fig. 8). Furthermore, even
though solutions with small buffers (Black solutions in Fig. 8) are able to limit the work
in progress, they severely impede the performance of the line. A throughput above 22
products per hour is not possible regardless of how much is spent on operators. These
valuable insights about the general performance of the production line cannot easily be
gained without the help of SBO.
Regarding the key question about the staffing of this kind of line, we consider a
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Fig. 8. Non-dominated solutions of the WA problem; Top — Work in progress vs Throughput, Left —
Operator Cost vs Throughput, and Right — Operator Cost vs Work in progress.

scenario in which the target is to produce at least 25 products per hour while keeping
the work in progress as low as possible. The lowest achievable work in progress, required
number of operators and the need to hire an expert can all be answered by the SBO
results. From the Top chart in Fig. 8, we know that the first solution above 25 products
per hour yields a work in progress of just under 43 products, while its Green color reveals
that an expert is hired. Both the left and right charts reveal the operator cost of this
solution to be $ 9 000. The cost is due to four operators in W A1, three operators in
W A2 and the use of the expert for machine M 15. Buffer capacities are distributed as
z1−19 = {2, 2, 1, 6, 2, 4, 8, 2, 1, 7, 1, 8, 5, 10, 10, 7, 4, 4, 7} over the line with a clear increase
in buffer capacities toward the end of the line as well as around the bottleneck machines
M 5 and M 15. This matches general production systems engineering theory. The use
of the expert as well as the capacities of the surrounding buffers of the processing time
bottleneck M 15 indicate that it has a larger negative impact on the performance of the
line than the availability bottleneck M 5.
4.3. Industrial machining line
The model in Fig. 9 depicts an updated version of the machining line described in [45].
It is a complex, large-scale automotive component machining line with S = {1, . . . , 68}
stations and many inter-station buffers. Twelve of the stations are parallel sections and
seven are transfer machines, referred to as D ⊂ S. In contrast to a simple station with
a single operation, parallel stations are modeled using several parallel operations, and
transfer stations are modeled using several synchronized operations in sequence. The
notation used for this is each station s ∈ D has Ns operations (os ∈ {1, . . . , Ns }). Each
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station can handle seven variants vs ∈ Vs ⊆ {A, B, C, D, E, F, G}. Other complexities
of the line include quality control with rework, gantry systems, elevators, and assemblies.
The simulation horizon in the model is set to 48 days. Eight days and 6 hours are used
as warm-up. Five replications are used, resulting in an average of 9.5 minutes wall-clock
time to evaluate one solution.

Fig. 9. The machining line model.

In order to stay competitive, it is crucial for the company to continuously monitor
and improve the performance of this line. However, determining how best to improve
its performance is very difficult given its size and complexity. The SCORE methodology [54, 55], more recently also referred to as SCI methodology [56], is able to accurately
pinpoint and sequence bottlenecks in these types of systems by solving an SMO problem [57]. This is done by running a bi-objective optimization to find solutions that
represent different combinations of improvements with the conflicting goals of maximizing the performance of the line (Eq. (6a)) and minimizing the number of improvements
made to the line (Eq. (6b)). A post-optimality analysis that counts the frequency of
the different improvements among the best (Pareto) solutions is used to determine and
sequence the system parameters that severely impede the system performance in terms
of throughput. Hence, in order for the methodology to be able to detect a system parameter as a bottleneck, an improvement of that parameter needs to be included in the
optimization problem. This problem (Eq. (6)) considers the following improvements of
common production system parameters: (I) a 20 % reduction of process times xγsos vs ,
(II) an increase in availability to 98 % xα
sos , and (III) a 50 % reduction of repair times
xβsos . Since the production engineers responsible for this line suspect the amount of rework (i.e. quality deficiencies) to be the main bottleneck of this line, a 50 % reduction in
the likelihood of quality deficiencies xσLarge and xσM inor , resulting in either a large or a
minor rework, is added as a (IV) type of improvement in the problem formulation. The
handling of quality improvement in the SCORE problem formulation reported here has
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opened up some interesting research on the effects of different types of improvement on
real-world production systems.
maximize
minimize

T hroughput
X X
γ
σ
σ
Isv
+ Isα + Isβ ) + ILarge
+ IM
(
inor
s

(6a)
(6b)

s∈S vs ∈Vs

subject to

xγsos -1vs = xγsos vs ,
s ∈ D, os ∈ {2, . . . , Ns }, vs ∈ Vs

α
xα
sos -1 = xsos ,

xβsos -1 = xβsos ,

s ∈ D, os ∈ {2, . . . , Ns }

s ∈ D, os ∈ {2, . . . , Ns }

σ OK + σ Large + σ M inor = 100

Ns
X

0, if f
(xγsos vs − original ptsos vs ) = 0, s ∈ S, vs ∈ Vs
γ
Isvs =
o
=1
s


1, otherwise

Ns
X

0, if f
(xα
s∈S
sos − original avbsos ) = 0,
α
Is =
os =1


1, otherwise

Ns
X

0, if f
(xβsos − original mttrsos ) = 0, s ∈ S
β
Is =
os =1


1, otherwise
(
0, if f xσLarge = 12
σ
ILarge
=
1, otherwise
(
0, if f xσM inor = 4
σ
IM
inor =
1, otherwise

(6c)
(6d)
(6e)
(6f)
(6g)

(6h)

(6i)

(6j)
(6k)

xγsos vs ∈ {original ptsos vs , 0.8 ∗ original ptsos vs },
s ∈ S, os ∈ {1, . . . , Ns }, vs ∈ Vs

xα
sos ∈ {original avbsos , 98},
s ∈ S, os ∈ {1, . . . , Ns }

xβsos ∈ {original mttrsos , 0.5 ∗ original mttrsos },
s ∈ S, os ∈ {1, . . . , Ns }

xσOK ∈ {84, 86, 90, 92}, xσLarge ∈ {12, 6}, xσM inor ∈ {4, 2}
However, each station s ∈ D is still treated as a single station, and an improvement
made to one of its internal operations (os ) needs to be mirrored to all other operations
of that station. When it is impossible to link settings of different objects in the model,
for instance due to license or feature restrictions of the used software, this linking needs
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Fig. 10. All solutions from the SCORE-problem.

to be included in the formulation of the optimization problem in the form of the equality
constraints in Eqs. (6c) to (6e). Furthermore, modeled quality deficiencies also call for
an equality constraint in Eq. (6f) that, together with the variable xσOK , ensures that the
expected levels of quality deficiencies are reached.
The complexity of the line and the level of detail in investigating the required improvements created a large-scale optimization problem with 630 MCS input variables,
351 possible improvements, and 277 equality constraints as shown in Eq. (6). Due to
the relatively long evaluation time of the solution, the problem was run with 75 parallel
evaluations on a computer cluster. Results after 30 000 evaluations are shown in Fig. 10
with the best solutions (non-dominated solutions rank 1 to 5) marked in black. With
this highly constrained problem, the majority of the offspring solutions are expected to
be infeasible and in need of repair. This is confirmed by the 26 570 repairs performed
(88.6 % of all solutions). Despite the large number of variables and constraints, the average time for repairing a solution is 388 milliseconds (i.e., only 0.06 % of the duration
of a single evaluation).
The top twenty most frequently occurring improvements (i.e. the primary causes of
bottlenecks) among the best solutions are shown in Fig. 11. Quality deficiencies leading
to large rework are ranked fourth among the causes of bottlenecks, which somewhat
confirms the knowledge of the production engineers on the line. However, the availability
of stations 15, 4, and 59 should be addressed first. Quality deficiencies leading to small
rework are not among the top twenty improvements, meaning that there is no urgent need
to address those quality deficiencies, if increasing the overall throughput is the current
target.
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Fig. 11. Top twenty most frequent improvements in the best solutions (non-dominated rank 1 to 5), in
the results from the SCORE analysis on the machining line.

5. Conclusions and Future Work
This paper presents several examples of specific requirements for optimizing production systems that are not present in classical continuous optimization problems. Standard
integer and continuous input variables are often not enough to accurately formulate PSO
problems, at least not without special parameters and logic added to models of such
systems. License restrictions (e.g., only access to a cheap runtime license), or the lack of
needed features in the software prohibit the addition of such logic to a model. In these
cases, an algorithm that supports a more versatile type of input, like MCS variables, is
needed. The examples presented in this paper also highlight several cases in which linear
equality constraints are needed, requiring an algorithm capable of efficiently handling
these constraints.
In the ALB problem, equality constraints are needed to ensure that the correct
amount of work is done and to limit the total buffer capacity. MCS variables are needed
to represent work tasks and buffer capacities. The LR-NSGA-II algorithm is clearly superior in solving this problem compared to the constraint-domination of the standard
NSGA-II, both in terms of diversity and convergence. This is despite the fact that a significant amount (almost 40 %) of the computing budget is spent on repairing solutions.
The second example details another common production systems optimization problem, namely the WA problem. Here equality constraints are needed to ensure the right
amount of workers in each work area as well whether or not to contract an expert to
deal with bottleneck machines. Apart from demonstrating another use of equality constraints within production systems optimization, the example shows how the linear repair
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works well even for many-objective (three or more) problems when used together with
NSGA-III.
Finally, a real industrial case of improving the performance of a machining line using
the SCORE methodology is presented. Possible improvements to the line are modeled
using MCS variables. The line has several features (parallel processing, transfer machines
and rework) that call for equality constraints. It is a large-scale, highly constrained PSO
problem (630 input variables and 277 equality constraints) with a complex simulation
model with a high computational cost for fitness evaluations. The linear repair performs
really well even for this highly constrained optimization problem, taking only a small
fraction (0.06 %) of the duration of one evaluation, which is relatively low cost considering
computational resources.
A recent review of SBO for manufacturing operations [11] showed only a few studies
that have compared different SBO algorithms or approaches. Thus, a comparison of the
accuracy and efficiency of the extended MOO algorithms presented in this paper with
other approaches in the literature and/or commercial SBO packages is recommended for
future work. The comparison should preferably use a benchmark simulation model, for
instance, the scalable model presented in [58].
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By innovatively formulating a bottleneck identification problem into a bi-objective optimization,
simulation-based multi-objective optimization (SMO) can be effectively used as a new method for general production systems improvement. In a single optimization run, all attainable, maximum throughput
levels of the system can be sought through various optimal combinations of improvement changes of
the resources. Additionally, the post-optimality frequency analysis on the Pareto-optimal solutions can
generate a rank order of the attributes of the resources required to achieve the target throughput levels.
Observing that existing research mainly put emphasis on measuring the convergence of the optimization
in the objective space, leaving no information on when the solutions in the decision space have converged
and stabilized, this paper represents the first effort in increasing the knowledge about the convergence of
SMO for the rank ordering in the context of bottleneck analysis. By customizing the Spearman’s footrule
distance and Kendall’s tau, this paper presents how these metrics can be used effectively to provide the
desired visual aid in determining the convergence of bottleneck ranking, hence can assist the user to
determine correctly the terminating condition of the optimization process. It illustrates and evaluates
the convergence of the SMO for bottleneck analysis on a set of scalable benchmark models as well as two
industrial simulation models. The results have shed promising direction of applying these new metrics to
complex, real-world applications.
Keywords: bottleneck detection; multi-objective optimization; simulation; convergence; generalized
ranking distance

1.

Introduction

The bottleneck of a production system can be defined as the machine or resource (e.g. buffer) where
its “infinitesimal improvement can lead to the largest improvement of the average throughput” (Li
and Meerkov 2008). Such a definition depicts vividly that the purpose of detecting bottleneck of a
production system is not only to identify which machine or resource that impedes the performance
of the system, but more importantly to improve it in order to elevate the overall throughput.
In comparison to other definitions of bottleneck, e.g. highest utilization (Hopp and Spearman
2000), blocking and starving patterns (Kuo, Lim, and Meerkov 1996), shifting bottleneck (Roser,
Nakano, and Tanaka 2002) inter-departure time and failure cycle patterns (Sengupta, Das, and
VanTil 2008), the definition related to throughput improvement can be directly formulated into
some optimization problem through throughput analysis. While throughput analysis for bottleneck
detection can be performed using analytical methods as described in (Li and Meerkov 2008), no
closed form of analytical expressions can be used for complex production lines that comprise more
than two workstations (Li, Chang, and Ni 2009). Therefore, simulation-based methods are more
often used in practice.
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In recent years simulation-based multi-objective optimization (SMO) has successfully been applied to identify bottlenecks in production systems. In a SMO problem a simulation model is used
to evaluate solutions to a multi-objective optimization (MOO) problem. A general definition of a
MOO problem is given in Eq. (1),
Maximize/Minimize fm (x), m ∈ {1, . . . , M }
Subject to
gj (x) ≥ 0, j ∈ {1, . . . , J}
hk (x) = 0, k ∈ {1, . . . , K}
where xli ≤ xi ≤ xui ,

(1)

i ∈ {1, . . . , n},

where fm (x) are M , likely, conflicting objectives that are to be maximized or minimized over all
solutions x in the design space defined by the J inequalities gi (x), the K equalities hk (x) and the
n variable bounds [xli , xui ]. With conflicting objectives there exist no single optimal solution x∗ to
a MOO problem. Instead, there is a set of optimal solutions x∗ ∈ Ω representing the best trade-off
between the M objectives, commonly referred to as the Pareto-optimal solutions, the Pareto-front
or the set of non-dominated solutions. What constitutes these trade-off solutions is determined
through something known as the concept of dominance,
Definition 1. A solution x1 is said to dominate a solution x2 , if:
• x1 is no worse than x2 in any of the M objectives fm , e.g. with only minimizations fi (x1 ) ≤
fi (x2 ), ∀i ∈ {1, . . . , M }
• x1 is strictly better than x2 in at least one objective fm , e.g. with only minimizations ∃i ∈
{1, . . . , M } : fi (x1 ) < fi (x2 ).
Evolutionary algorithms (EAs) are meta-heuristic optimization algorithms popularly used for
solving MOO problems. EAs are inspired by biological evolution, where solutions to a MOO problem are treated as individuals of a population associated with a generation. The fittest individuals
of each generation are allowed to reproduce, by means of genetic operators crossover and mutation,
to form new generations, this reproduction process is repeated until some termination criteria is
met. The pseudo-code of this process is presented in Algorithm 1.
Algorithm 1 Pseudo-code of an EA.
g←1
initialization: initialize population P (g) (i.e. the first generation)
evaluation: evaluate the fitness of all individuals pi ∈ P (g)
f inished ← F alse
while not f inished do
selection: select the fittest pi as Pparents (g)
g ←g+1
breed: use crossover an mutation to form P (g) from Pparents (g − 1)
evaluation: evaluate P (g)
if termination criteria then
f inished ← T rue
end if
end while
The application of SMO for bottleneck identification is referred to as S imulation-based
COnstraint RE moval (SCORE ) in Pehrsson (2013) and later also as S imulation-based C onstraint
I dentification (SCI ) in Pehrsson, Ng, and Bernedixen (2016). The reasoning behind and merits
of the SCI methodology is further detailed in Ng, Bernedixen, and Pehrsson (2014). Its ability to
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present sequences of improvements needed to reach different levels of performance of the studied
system along with an increased understanding of the behavior of the system are mentioned as its
key strengths. Being a method utilizing the strengths of SMO, it also suffers from its drawbacks
- very often SMO requires a lot of computational resources. Tens of thousands of simulation runs
required for a single SMO are not uncommon. Considering that the SCI method lacks some termination criteria, one is often forced to run excessively long optimizations, inducing the risk of
not getting the accurate results in time. This is something especially concerning when considering
that SCI is often applied in a manufacturing context where delays of improvement projects can
have dire consequences, in terms of the project failure and/or decreased profits.
The SCI methodology relies on trying different combinations of improvements of the studied
system with the aim of maximizing its performance while making as few improvements as possible.
Once the SMO of SCI is finished, a frequency analysis of the most common improvements among
the Pareto-optimal solutions found is used to present a ranking of the bottlenecks of the system,
ranging from the most to the least severe one.
In the literature, many performance metrics have been proposed for MOO and in a recent review
by Riquelme, Lücken, and Baran (2015), the hypervolume (HV) indicator (Zitzler and Thiele 1998,
1999) is found to be the most commonly used metric. The HV indicator is a metric calculated
as the volume formed by all non-dominated solutions and some reference point. Being one of few
unary metrics that are Pareto-compliant (Zitzler, Brockhoff, and Thiele 2007) has contributed to
its popularity. Certainly, the HV indicator captures both convergence and diversity of the nondominated solutions of an MOO problem, but gives no direct indication about the convergence of
the ranking of bottlenecks in the SCI method. Being able to visualize the convergence of bottleneck
severity ranking would benefit the credibility and applicability of the SCI method. As a matter of
fact, the comparison of, or a calculation of the distances between rankings is a well-studied subject
in statistical analysis. Recently, Kumar and Vassilvitskii (2010) presented generalized versions of
two such kind of metrics: the Spearman’s footrule distance (Spearman 1904) and Kendall’s tau
(Kendall 1938). Their generalized versions are able to consider element weights, position weights,
and pair-wise distances between permutations. The addition of positional weights is of special
interest for the SCI method since it enables a permutation among the most severe bottlenecks to
be considered more critical than the least severe ones. This paper presents a first step towards
being able to use these metrics as the desired visual aid in determining the convergence of the
bottleneck ranking of SCI.

2.

SCI - Explained

The strength of SCI as a method for bottleneck identification builds upon Theory of Constraints
(ToC) presented by Goldratt, Cox, and Institute (1984). It states that the critical way to increase
the overall performance of a system is to improve the performance of its primary constraint, i.e.,
there is always at least one constraint impeding the overall systems performance.
The SCI method is built around a bi-objective optimization problem Equation (2) with conflicting goals of maximal performance and minimal effort. A solution ~x = {x1 , . . . , xN } to Eq. (2)
represents a combination of at most N improvements. The effort Eq. (2b) of a solution ~x is measured as the number of implemented improvements of that solution through the use of binary
helper variables Ii Eq. (2c).
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Maximize Performance
Minimize Effort =

N
X

(2a)
Ii

(2b)

i=1

Subject to

(
0, if f xi = xoriginal
,
i
Ii =
1, otherwise

i ∈ {1, · · · , N }

(2c)

xi ∈ {xoriginal
, ximproved
},
i
i

i ∈ {1, · · · , N }

(2d)

Frequency [%]

Every solution to the above problem with Effort > 0 uses some combination of improvements to remove corresponding system constraints, thereby increasing Performance. However,
the Pareto-optimal solutions obtained through SMO represent those combinations which maximize Performance for any given Effort. Figure 1 illustrates the final step of SCI ; it involves a
post-optimality analysis that ranks improvements Ii (i.e., bottleneck causes) of the system.
Performance
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Improvements

Effort (Number of Improvements)
Figure 1. SCI post-optimality frequency analysis.

The left part of Fig. 1 illustrates the result from a SCI optimization with the best solutions
marked as black dots. These best solutions represent the non-dominated solutions Ω using the
confidence-based significant dominance concept presented in Ng, Urenda Moris, and Svensson
(2008) to perform the non-dominating sorting. The relative frequencies of the different improvements (right part of Fig. 1) are then calculated as,
F req(Ii = 1) =

P

x)
~
x∈Ω Ii (~
|Ω|

, ∀i ∈ {1, . . . , N },

(3)

where Ii (~x) = 1 if variable xi ∈ ~x is improved (xi = ximproved
) and 0 otherwise, before they are
i
presented in a ranked order, from the most to the least frequently occurring improvement. As the
outcome of SCI, this ranking represents the improvements sorted according to the severity of the
system constraints that they address, i.e., a ranking of the bottlenecks in the system.
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SCI - For production system improvement

Although SCI is applicable to any systems that can be modeled using a simulation model with its
controllable system parameters represented by some constraints, this paper will focus on production systems. For production systems, typical such parameters are processing times, availabilities
and repair times of workstations. Simulation models presented in this paper are modeled in a
discrete-event simulation software called FACTS Analyzer (or simply FACTS hereafter). It has
been developed during the last decade in different research projects in close cooperation with industry (Ng et al. 2007; Urenda Moris, Ng, and Svensson 2008; Ng et al. 2011). FACTS has built-in
support for MOO and in more recent years (Bernedixen and Ng 2014; Bernedixen et al. 2015)
support for SBO bottleneck detection using SCI has been added to it. Constraining system parameters, including availability (AVB ) and mean repair time (MTTR) are directly supported in
FACTS, but in simulation runs these are transformed to Exponential distributions for the time
between failures and Erlang-2 distributions for the duration of failures according to Eqs. (4a)
and (4b) respectively.

Time Between Failures = Exponential(M T T R ∗ AV B/(1 − AV B))
Time To Repair = Erlang-2(2, M T T R/2)

(4a)
(4b)

The SCI optimization problem (general definition in Eq. (2)) is constructed for several different
production system models in this paper. These optimization are then solved using an extended
version of the MOO algorithm N SGA − II (Deb et al. 2000) with support for a versatile type of
MCS -variable that allow any combination of arbitrary, albeit unique, real values (Bernedixen and
Ng 2014); the parameter settings used for N SGA − II are listed in Table 1.
Setting

Value

Population size
Child population size
Mutation probability
Mutation distribution index
Integer Mutation
Real Mutation
MCS Mutation
Crossover probability
Crossover distribution index
Integer Crossover
Real Crossover
MCS Crossover

50
75
1/N *
20
Polynomial
Polynomial
Uniform range
0.9
20
SBX
SBX
Uniform

*
Table 1. Settings used in NSGA-II.

3.

N = number of input variables

SCI - Performance metric

Simulation models used for SCI often represent rather large and complex industrial systems,
and tend to be computationally demanding. Naturally, this carries over also to any simulationbased optimization they are applied to. Even with the access to a computer cluster, running these
optimization can take days and sometimes even weeks. Being able to visualize the progress of
5
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Table 2. Notation for generalized versions of Spearman’s footrule and Kendall’s tau.
Notation

Description

[n]
Sn
σ ∈ Sn
σ(i)

Elements {1, . . . , n} that are to be ranked.
Set of permutations on [n], i.e. all different rankings of the n elements.
A single ranking of the n elements.
Position of element i in ranking σ.
Element weights {w1 , · · · , wn } used to penalize inversions of elements by
the product of their weights.
Postional weights that represents the cost of switching element at position i
with element at position i − 1, where δi ≥ 0 ∧ i > 1.
All positional costs {δ2 , · · · , δn }.
Average cost that element at position i encountered when moving to position σ(i):

w
~
δi
~
δ

p̄i (σ)

Dij

p̄i (σ) =

pi − pσ(i)
i − σ(i)

, where pi = pi−1 + δi with p1 = 1, and p̄i = 1 if i = σ(i).

Element of a n × n matrix D representing the element similarity, in the form
of a distance metric, between element i and element j.

the SCI method during such an optimization has a significant time-saving potential and adds
to the credibility of the results. Since the targeted end result of SCI is a ranking of system
bottlenecks, it is a natural way that its performance is measured in terms of the convergence of
this bottleneck ranking. This obviously requires the ranking of bottlenecks to be re-evaluated at
certain intervals during the optimization, rather than only after it is deemed to be finished. For
generational evolutionary algorithms, it makes sense to re-evaluate at each generation in which the
evolution/progress of the optimization happens. Visually distinguishing differences between these
rankings quickly becomes infeasible without a unary metric able to capture the distance/difference
between such rankings. In statistical analysis, Spearman’s footrule (Spearman 1904) and Kendall’s
tau (Kendall 1938) are two unary metrics that measure the distance between two rankings. In an
effort to make these metrics efficient to handle the requirements of ranking modern web search
results, Kumar and Vassilvitskii (2010) presented the generalized forms of these metrics accounting
for element weights, positional weights, and element similarities. The notation they used is listed
in Table 2 along with their generalized forms in Definition 2 and Definition 3 respectively.
Definition 2. GENERALIZED SPEARMAN’S FOOTRULE

X
X
1

wi p̄i (σ) ·
wj p̄j (σ)Dij −
F ∗ = Fw,
~~
δ,D (σ) = 2
i
j:j≤i
X
i

wi p̄i (σ −1 ) ·

X

j:j≤i

wj p̄j (σ −1 )Dij −

X

j:σ −1 (j)≤σ −1 (i)

X

wj p̄j (σ)Dij +

j:σ(j)≤σ(i)



(5)

wj p̄j (σ −1 )Dij 

Definition 3. GENERALIZED KENDALL’S TAU
X
K ∗ = Kw,
wi wj p̄i (σ)p̄j (σ)Dij [σ(i) > σ(j)]
~~
δ,D (σ) =

(6)

i<j

By continuously computing the distance, using Definition 2 and/or Definition 3, between the
bottleneck rankings of the previous and current generation, it is possible to visualize the convergence of the bottleneck ranking in SCI, starting from the second generation. As the optimization
progresses, these metrics are expected to approach zero indicating that there no longer are any
changes in the ranking of bottlenecks. This can be summarized in the pseudo code Algorithm 2.

6
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Algorithm 2 SCI with performance metric
Initialize population, g ← 1
f inished ← F alse
while not f inished do
Evaluate generation g
Update confidence-based non-dominated solutions Ω
rankingg ← Ranked bottlenecks (According to their frequencies in Ω using Eq. (3).)
if g > 1 then
Compute distance between rankingg−1 and rankingg using Definition 2 and/or Definition 3
Plot distances
Determine, visually, if SCI has converged
if Converged then
f inished ← T rue
end if
end if
g ←g+1
end while
3.1

Setup of generalized ranking distances for SCI-convergence

The process of continuous improvements of a system involves systematically addressing the system’s most limiting constraints, i.e., bottlenecks. Since it is impossible to address all bottlenecks
at the same time, it is imperative that the ones selected to be addressed are the correct ones and
that their ranking is accurate. At the same time, this implies that getting the correct ranking of all
bottlenecks are not absolutely necessary, i.e. it is enough to be sure about the ones that are going
to be addressed. In terms of the generalized versions of ranking distance metrics, it is exactly what
the positional weights are used for, i.e., treat inversions among the top bottlenecks as more
severe than inversions towards the tail of the bottleneck ranking. Although element weights and
element similarities can be of use for bottleneck rankings, their use is not as obvious as that of
positional weights and is therefore left out of this study.
The three positional weights not specifically related to web search results in Kumar and Vassilvitskii (2010) are:
UNIT: Unweighted case. (Included as a reference)
δi = 1, ∀i ∈ {2, · · · , n}

1

δi

0
0

1
1
−
, ∀i ∈ {2, . . . , n}
log(i + 1) log(i + 2)

40

60

80

100

60

80

100

i

0.2

DCG: Positional weights inspired by discounted cumulated gain (DCG - Järvelin and Kekäläinen (2000)).
δi =

20

δi

0.0
0

20

40

i
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TOP K: Step function with equal weight for positions
1 to K.
1
(
δi
1, ∀i ∈ {2, · · · , K}
δi =
0, ∀i ∈ {K + 1, · · · , n}

K = 10

0
0

20

40

60

80

100

i

Regarding TOP K and the computation of positional weights p̄i (σ) using positional costs δi .
The positional cost δK+1 = 0 represents the cost of switching the element at position K + 1 with
the element at position K. This is an inversion that actually affects the top K elements and hence
it should have a non-zero cost. Therefore, the implementation of TOP K and any variants thereof
used in this paper actually use a K + 1-step function in order to capture all inversions that affect
position 1 to K.
The model in Fig. 2 along with its SCI problem Eq. (7) is used to test the suitability of the
different positional weights to SCI.

Figure 2. Overview of the component line.

The model represents a component line first presented in Pehrsson (2013). In the model, components are processed in two different flows comprised of 31 stations containing 34 machines. These
stations are separated by inter-station buffers of varying capacities. The model has a simulation
horizon of 8 days out of which 1 day is used for warm-up; these 8 days are replicated 30 times.
Maximize

T hroughput

Minimize

34
X

(Isγ + Isα + Isβ )

s=1

Subject to

(
0,
1,
(
0,
Isα =
1,
(
0,
Isβ =
1,
γ
Isv
=

if f xγs = ptoriginal
,
s
otherwise
if f xαs = avboriginal
,
s
otherwise

s ∈ {1, · · · , 34}
s ∈ {1, · · · , 34}

if f xβsms = mttrsoriginal ,
otherwise

xγs ∈ {ptoriginal
, 0.7 ∗ ptoriginal
},
s
s
xαs ∈ {avboriginal
, 99},
s

s ∈ {1, · · · , 34}
s ∈ {1, · · · , 34}

s ∈ {1, · · · , N }

xβs ∈ {mttrsoriginal , 0.5 ∗ mttrsoriginal },
8

s ∈ {1, · · · , 34}

(7)
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Figure 3. Results from the SCI optimization of the component line, including annotations of three performance targets.
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400

Figure 4. Visualization of SCI -convergence for the component line.

Results from the SCI problem in Eq. (7) are shown in Fig. 3. The confidence-based significantly
non-dominated solutions marked as black dots are the basis for the frequency analysis after 30000
evaluations. Note that the performance of the line corresponding to 5, 10, and 15 improvements
are pointed out and will be addressed later in this section.
The first two positional weights (UNIT and DCG) consider inversions of every bottleneck included in the ranking. With these, the convergence of SCI is visualized Fig. 4 together with the
HV indicator. Apart from the fact that less inversions occur as the optimization progresses, these
weights bring little useful information. Although DCG penalizes inversions among the top bottlenecks more, it is not enough to provide any valuable information about the convergence of SCI.
At the cost of additional information about the preferences of the decision-maker, the positional
weight TOP K can totally ignore the inversions among the least severe bottlenecks. Actually, this
additional information has a practical relevance considering that improvement projects usually
9

ijpr

400

400

8
7

350

300

6

300

5
Hypervolume
Kendall’s tau
Spearman’s footrule

200

4

Hypervolume

250

Ranking distance

350

25

20
250
Hypervolume
Kendall’s tau
Spearman’s footrule

200

150

3

150

100

2

50

1

50

0

0

0

15

10

100

Ranking distance

International Journal of Production Research

Hypervolume

5

0

50

100

150

200

250

300

350

400

0
0

50

100

150

Generation

200

250

300

350

400

Generation

(a) K = 5

(b) K = 10
400

70

350

50
250
Hypervolume
Kendall’s tau
Spearman’s footrule

200
150

40
30
20

100

Ranking distance

60

300

Hypervolume

March 8, 2018

10

50

0

0
0

50

100

150

200

250

300

350

400

Generation

(c) K = 15
Figure 5. Visualization of SCI -convergence for the component line with positional weight TOP K.

have some target performance. By observing how the SCI optimization progresses, the decisionmaker gets an overview of the number of improvements needed to reach the target performance,
see annotated solutions in Fig. 3 as an example. The number of improvements (5, 10, and 15)
are the additional preference information needed for TOP K, results shown in Fig. 5. For K = 5
(Fig. 5(a)) the desired convergence (Ranking distance = 0) is achieved around generation 100,
while inversions still occur for K ∈ {10, 15} (Figs. 5(b) and 5(c)) even after 400 generations.
In terms of visualizing the convergence of SCI, TOP K is a better choice than UNIT and DCG,
but even with the focus on the top K bottlenecks, the requirement to accurately pinpointing the
most severe bottlenecks is still there. Therefore, we propose to combine DCG and TOP K into
DCG K given by:
DCG K: A combination of DCG and TOP K.

1
1
δ =
−
, ∀i ∈ {2, · · · , K}
i
log(i
+
1)
log(i
+ 2)
δi =

0, ∀i ∈ {K + 1, · · · , n}

δi

0.1

K = 10
0.0
0

20

40

60

80

100

i

Results for DCG K are shown in Fig. 6 and the inversions observed with TOP K in later
generations are not as pronounced here - an indication that these inversions occur among the least
severe bottlenecks among the top K ones.
Regarding the added preferences of the decision-maker (i.e. the number of improvements needed
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Figure 6. Visualization of SCI -convergence for the component line with positional weight DCG K.

to reach the performance targets presented in Fig. 3), this visualization gives no indication about
the fulfillment of the target performance. The most direct way of addressing this is to bring the
performance of the system (i.e., Throughput) into the visualization. Obviously, the performance in
this case is obtained after the current top K bottlenecks have been improved. Considering that the
performance is evaluated using stochastic simulation, it would be beneficial if such a visualization
is able to capture the stochasticity, e.g., by using box-plots. However, box-plots require some
additional space, making it less ideal to plot the performance of the system at every generation.
In Fig. 7, this is handled by only plotting the variation of the system throughput at every 50th
generation in the form of box-plots.
The addition of the performance confirms the convergence indicated by the ranking distance
and for K ∈ {10, 15} (Figs. 7(b) and 7(c)) also the target performance. However, for K = 5
(Fig. 7(a)) the target throughput of 32.8 (see Fig. 3) is not reached - a concerning fact that
demands further investigation but is over the scope of this paper, although some remarks will be
provided. A first observation is that the variability is significantly bigger for this case (K = 5)
than that of K ∈ {10, 15}, potentially due to a less system with overall larger availability losses.
A hypothesis about the cause for this discrepancy (K = 5) is a negative impact on the ranking of
only the top few bottlenecks that solutions containing many improvements in Ω might have in the
frequency analysis, which will be revisited later. The next section will discuss how the proposed
SCI convergence scales with the size of the SCI optimization problem.

4.

Experimental setup

This section will introduce the simulation models and SCI problems used to test the new convergence visualization.
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Figure 7. Visualization of SCI -convergence for the component line with positional weight DCG K including throughput at every
50th generation.

4.1

Models

This section presents four models used to test the convergence of SBO problems for bottleneck
analysis when subjected to the increase of the system size. The first three models represent production systems in which three products (A, B and C) are processed in a series of stations separated
by inter-station buffers. The models are referred to as 5S, 10S and 20S where the number indicate
the number of stations in each model. Figure 8 shows all three models in one picture along with
settings for each individual station.
The settings for each station include: (1) constant process times for each variant randomly
selected between 80 and 100 seconds, (2) availabilities randomly selected between 85% and 95%,
and (3) mean repair times randomly selected between 450 and 750 seconds. All buffers have a
capacity of 5. Raw material for products A, B and C are assumed to be available in unlimited
quantities and everything produced is being shipped immediately. Each of these models are run
with a simulation horizon of 10 days including 3 days of warm-up and with 10 replications.
The fourth model Fig. 9 is a modified version of the real-world machining line presented in
Bernedixen and Ng (2014). It is a complex machining line with 68 stations (S ∈ {1, · · · , 68})
several inter-station buffers. At most a single station s is configured to process 7 different variants
(Vs ⊂ {A, B, C, D, E, F, G}), where vs ∈ Vs is used to reference individual variants at each station.
Most stations consist of a single machine, but 12 stations have parallel machines and 7 stations
are transfer machines. The subset D ⊂ S denotes these multi-machine stations. A variable ms ∈
{1, · · · , Ns } is used to reference specific machines at stations s. Quality deficiencies are detected
towards the end of the line and result in either a small or a large rework. The model is run with a
simulation horizon of 48 days and a warm-up time of 8 days and 6 hours for a total of 5 replications.
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Figure 8. Combined overview of the three test models 5S, 10S and 20S.

4.2

Optimization problems

The SCI problem formulations for the three models 5S, 10S and 20S is combined in Eq. (8)
with the variable S (= 5, 10, 20) representing the number of stations in each model. Potential
improvements included are process time reductions by 20% (xγ ), increased availabilities to 98%
(xα ), and reductions of mean repair times by 50% (xβ ).
Maximize

T hroughput

Minimize

S
X
s=1

Subject to

((

γ
Isv
) + Isα + Isβ )

v∈{A,B,C}

(
0,
1,
(
0,
Isα =
1,
(
0,
Isβ =
1,
γ
Isv
=

X

if f xγsv = ptoriginal
,
sv
otherwise

s ∈ {1, · · · , S}, v ∈ {A, B, C}

if f xαs = avboriginal
,
s
otherwise

s ∈ {1, · · · , S}

if f xβsms = mttrsoriginal ,
otherwise

xγsv ∈ {ptoriginal
, 0.8 ∗ ptoriginal
},
sv
sv
xαs ∈ {avboriginal
, 98},
s

s ∈ {1, · · · , S}
s ∈ {1, · · · , S}, v ∈ {A, B, C}

s ∈ {1, · · · , S}

xβs ∈ {mttrsoriginal , 0.5 ∗ mttrsoriginal },

13

s ∈ {1, · · · , S}
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Figure 9. The machining line model.

The SCI problem formulation for the machining line is presented in Eq. (9). Potential improvements included are process time reductions by 20% (xγ ), increased availabilities to 98% (xα ),
reductions of mean repair times by 50% (xβ ), and reductions of quality deficiencies by 50% (xσ ).
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Maximize

T hroughput
X X
γ
σ
σ
Minimize
(
Isv
+ Isα + Isβ ) + ILarge
+ IM
inor
s
s∈S vs ∈Vs

Subject to
xγsms -1vs = xγsms vs ,
s ∈ D, ms ∈ {2, . . . , Ns }, vs ∈ Vs
xαsms -1 = xαsms , s ∈ D, ms ∈ {2, . . . , Ns }
xβsms -1 = xβsms ,

s ∈ D, ms ∈ {2, . . . , Ns }

σ OK + σ Large + σ M inor = 100

Ns
X

0, if f
(xγsms vs − ptoriginal
s ∈ S, vs ∈ Vs
sms vs ) = 0,
γ
Isvs =
m
=1
s


1, otherwise

Ns
X

0, if f
(xαsms − avboriginal
) = 0, s ∈ S
sms
α
Is =
m
=1
s


1, otherwise

Ns
X

0, if f
original
(xβsms − mttrsm
) = 0, s ∈ S
β
s
Is =
ms =1


1, otherwise
(
0, if f xσLarge = 12
σ
ILarge =
1, otherwise
(
0, if f xσM inor = 4
σ
IM
inor =
1, otherwise

(9)

original
xγsms vs ∈ {ptoriginal
sms vs , 0.8 ∗ ptsms vs },
s ∈ S, ms ∈ {1, . . . , Ns }, vs ∈ Vs

xαsms ∈ {avboriginal
, 98},
sms
s ∈ S, ms ∈ {1, . . . , Ns }

original
original
xβsms ∈ {mttrsm
, 0.5 ∗ mttrsm
},
s
s
s ∈ S, ms ∈ {1, . . . , Ns }
xσOK ∈ {84, 86, 90, 92}, xσLarge ∈ {12, 6}, xσM inor ∈ {4, 2}

5.

Results

This section will present the results from the models and their corresponding SCI problems described in the previous chapter. Results are presented with four sub-figures labeled (a) to (d). The
first sub-figure (a) details all solutions evaluated during the optimization with confidence-based
significant non-dominated solutions as black dots. It also includes annotations for target throughputs, corresponding to addressing 5, 10 and 15 bottlenecks. Sub-figures (b) to (d) contain the
proposed visualization of the convergence of SCI for each of the three target throughputs, respectively. The visualization includes both the Spearman’s footrule and the Kendall’s tau metric with
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Figure 10. Results from 5S line.

positional weights DCG K. For comparison, the HV indicator is added along with throughputs at
every 50th generation and the target throughput as a red solid line is also included.
Results for the 5S, 10S and 20S models are presented in Figs. 10 to 12. As expected, judging
by the HV alone, it is clear that the convergence of the optimization takes longer as the scalable
problem increases in size: 5S with 25 input variables, 10S with 50 input variables and 20S with
100 input variables. A tendency which is also visible through the ranking distance measures taking
longer to reach the desired 0-distance state corresponding to a converged SCI. Equally obvious is
that the convergence of SCI tends to require more evaluations as the number of bottlenecks to be
addressed is increased. For performance targets requiring relatively few bottlenecks to be addressed
(in this case K = 5, Figs. 10(b), 11(b) and 12(b)), it is visible that SCI convergence can be achieved
well before the optimization has been stopped. This results to being able to save computational
resources and getting results faster by an earlier termination of the SCI optimization. For cases
K ∈ {10, 15} (Figs. 10(c), 10(d), 11(c), 11(d), 12(c) and 12(d)) this is not as obvious as the ranking
distances show small fluctuations and for 5S (Figs. 10(c) and 10(d)). These occur even when the
HV indicator shows very little or no progress of the optimization. However, for the most part
these fluctuations seem to have little effect on the achieved throughput, an indication that they
represent inversions among the top K bottlenecks rather than an inclusion of a new bottleneck
among the top K ones. Primarily results in Figs. 11(d) and 12(d) show deviations from the target
throughput and require further investigation into this issue as mentioned previously.
Results from the Machining line are presented in Fig. 13. This a large optimization problem
with 627 input variables and it is not converged, neither in terms of the HV indicator nor any
of the ranking distance metrics used during the 400 generations the optimization has been run.
Additionally, judging by the relatively few confidence-based non-dominated solutions in Fig. 13(a)
as well as the throughput boxplots in Figs. 13(b) to 13(d) the model has a large variation in
relation to the 5 replications used. It is clear that even for a large model like this the number of
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needed evaluations for SCI convergence grows with the number (K) of bottlenecks that are to be
addressed. Despite the mentioned shortcuts in the execution of this SCI, production engineers in
charge of the line were actually able to locate the main bottlenecks of the system and address them
to their satisfaction based on these results. Part of the explanation is probably the severeness of
the main bottlenecks (see the steep slope for low minImp in Fig. 13(a)) that certainly helps in
being close to SCI convergence for the main bottlenecks in Fig. 13(b).
6.

Conclusions

Convergence is in general an important topic for optimization research and applications. For MOO
problems, while existing commonly used performance metrics like HV can be used to measure both
convergence and diversity, emphasis has been put only in the objective space. Some customized
forms of the Spearman’s footrule distance and Kendall’s tau used in statistical analysis that consider element weights, position weights and pair-wise distances between permutations have been
proposed in this paper. Unlike HV, these new metrics presented can be used effectively to provide
the desired visual aid in determining the convergence of the decision space (i.e., bottleneck ranking)
in the SCI method proposed specifically in addressing bottleneck analysis of production system.
With some scalable simulation models in studying how these metrics perform with the increasing
problem size and applications to two industrial models, it shows how the metrics can assist the
decision maker to determine accurately the terminating condition of the optimization process. The
results have hinted a potential for the decision maker to obtain more accurate SCI optimization.
On the other hand, further studies on the investigation of the effect of different sub-sets of Ω on
the frequency analysis, i.e., the bottleneck ranking is needed. The effects of considering element
similarities, e.g., consider an inversion between an availability and a process time more severe than
that between two availability parameters, are also interesting future work.
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Abstract
Bottleneck analysis can be defined as the process that includes both bottleneck identification and
improvement. In the literature most of the proposed bottleneck-related methods address mainly
bottleneck detection. By innovatively formulating a bottleneck analysis into a bi-objective optimization
method, recent research has shown that all attainable, maximized TH of a production system, through
various combinations of improvement changes of the resources, can be sought in a single optimization
run. Nevertheless, when applied to simulation-based evaluation, such a bi-objective optimization is
computationally expensive especially when the simulation model is complex and/or with a large amount
of decision variables representing the improvement actions. The aim of this paper is therefore to
introduce a novel variables screening enabled bi-objective optimization that is customized for bottleneck
analysis of production systems. By using the Sequential Bifurcation screening technique which is
particularly suitable for large-scale simulation models, fewer simulation runs are required to find the
most influenacing factors in a simulation model. With the knowledge of these input variables, the biobjective optimization used in the bottleneck analysis can customize the genetic operators on these
variables individually according to their rank of main effects with the target to speed up the entire
optimization process. The screening-enabled algorithm is then applied to a set of experiments designed
to evaluate how well it performs when the number of variables increases is a scalable, benchmark model,
as well as two real-world industrial-scale simulation models found in the automotive industry. The
results have illustrated the promising direction of incorporating the knowledge of influencing variables
and variable-wise genetic operators into a multi-objective optimization algorithm for bottleneck
analysis.

Keywords
Bottleneck Analysis, Multi-Objective Optimization, Sequential Bifurcation.

1. Introduction
The profitability of a manufacturing company is very often determined by the performance of its
production lines. While there can be a long list of measures, e.g., cycle time, work-in-process (WIP),
average utilization, service level, etc., for evaluating the overall performance of a production system,
throughput (TH) is the measure particularly useful for indicating the its output productivity. Therefore,
to increase the TH, and hence the productivity of a company, Theory of Constraints (ToC) introduced
by Goldratt in the 1980s (Goldratt, 1984), suggests that the key is to improve the constraint in its system.
ToC specifically emphases that the performance of the entire value chain is limited by the strength of
its weakest link (Nave, 2002); it states that in any system, there is a single constraint that is limiting the
overall output of the system. For a production system, such a constraint is very often referred to as the
bottleneck – the machine or resource that impedes the overall performance. For ToC, the continuous
system improvement procedure is about identifying the constraint, then elevating it to improve the
overall performance of the system, and this cycle is continuously repeated when another part of the
system becomes the “new” constraint. In other words, a constraint “removal” process as proposed by
ToC should involve two major phases: (1) detecting the bottleneck; (2) improving the bottleneck. In this
paper, we use the term bottleneck detection, or identification, to refer to the exploration of where in the
production line, or equivalently what resource in the line, that impedes the overall output efficiency.
Although there is definition that bottleneck is a machine (Li, 2009), but as will be revealed later in this
paper, bottleneck can be other resource in the line, e.g. a buffer, so the term bottleneck resource is more
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appropriate. In this sense, bottleneck improvement refers to elevating the bottleneck resource as well as
determining how much performance gain in TH can be obtained. We use the term bottleneck analysis
to refer to the process that includes both bottleneck identification and improvement. Many of the
bottleneck-related research methods developed in the last two decades are actually aimed at detecting
bottleneck (i.e., only Phase 1). Even though bottleneck improvement has not been considered in these
methods but bottleneck detection alone is already not a straightforward task. In the literature related to
production research and engineering, there are various methods proposed for detecting bottlenecks. One
of the possible reasons of why there are so many proposed methods is that there exists no clear consensus
to the definition of a “bottleneck” resource (Lawrence and Buss 1995) which is still a valid claim after
two decades of research. Following are some common definitions of what the bottleneck resource is:
•
•

•

•

The ‘busiest’ machine that has the highest utilization, defined as a ratio of arrival rate into the
machine and the machine capacity, rm / cm (Hopp and Spearman, 2000).
The shifting bottleneck detection (Roser et al., 2001) and more recently extended in (Roser et
al., 2017), based on a similar concept introduced by Adam et al. (1988), groups machine states
into active and in-active periods whereas working, failed, and setup are considered active. With
this grouping, bottleneck is defined as the machine with the longest average active period.
Several papers develop their bottleneck detection methods based on the measure of blockage
and starvation of the workstation; bottleneck is where the trend goes from blockage being higher
than starvation to starvation being higher than blockage alone the line (Kuo, Lim and Meerkov,
1996)(Chiang, Kuo and Meerkov, 2001)(Ching, Meerkov and Zhang, 2008)(Li et al., 2007)(Li
et al., 2009).
The Production Systems Engineering textbook (Li and Meerkov, 2009) defines bottleneck of a
production system as “where the infinitesimal improvement can lead to the largest improvement
of the average throughput”.

With the above-listed examples of various bottleneck definitions, it is not difficult to understand why
bottleneck detection is alone a non-trivial task. On the other hand, apart from the difference in the
definitions, bottleneck detection schemes are also commonly being separated into two main categories
in the literature: analytical and simulation-based methods, but it is argued that this classification can be
misleading or incomplete. Firstly, in many bottleneck analysis methods, analytical or simulation models
are used for predicting the performance improvement when the model is subject to improvement
changes, not for detecting the bottleneck resource. Secondly, the major concept behind such a
classification scheme is to contrast the classical approaches with more recent data-driven bottleneck
detection ones which do not require any analytical nor simulation model. Nonetheless, as a matter of
fact, many of these data-driven techniques can be applied to data generated from simulation. For
example, the shifting bottleneck method, was originally proposed as a simulation-based bottleneck
detection method, but in recent years been developed as an algorithm to process on-line real-world data
(Subramaniyan et al., 2016); without the need of a simulation model it also implies that the method is
data-driven based. While these data-driven based methods are usually computationally efficient and
simple-to-implement when compared to any prediction-based methods (e.g. using simulation), due to
the lack of prediction capability has made them less useful for bottleneck improvement. As a matter of
fact, almost all these existing methods suffer from the same deficiency: even if the overall constraint of
the system can be identified down to a specific machine or resource in the system, there is not enough
information provided for determining what attribute(s) of the resource has to be improved and the
resulted effect, in terms of TH increase, that can be obtained with the improvement (Pehrsson, Ng and
Bernedixen, 2016). In some situations, this can produce serious consequence because the local
improvement of the wrong attribute may degrade the performance of the whole system (Ignizio, 2009).
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In terms of performance prediction, analytical methods usually consisted of simplified models under a
great deal of limitations and assumptions. When the complexity of production lines increases, these
“assumption-laden” (Sanchez and Sánchez, 2017) analytical models become intractable to provide the
realistic analysis required by, e.g., bottleneck improvement. Furthermore, analytical methods are usually
restricted to detecting long-term bottleneck because the models are mainly devised for estimating the
steady-state performance of the production line (Li, Chang and Ni, 2009).
In terms of production systems analysis, stochastic simulation is not only a popular tool for the
evaluations of long, complex, real-world production systems, but probably the only feasible choice,
especially when the processing times and downtimes follow non-exponential or non-normal
distributions (Negahban and Smith 2014). Stochastic simulation is the only available choice for
researchers and practitioners in industry alike if more complex flows and other types of variability (e.g.
setups) are included in the study of unbalanced production lines. As claimed by Tempelmeier (2003),
“If quantitative performance evaluation is carried out at all (in industry), then in almost any case
simulation is the only tool used”. Wang and Chatwin (2005) summarize the three major weaknesses of
analytical/mathematical methodologies, compared to computer simulation: (1) analytical evaluation is
impractical when it encounters stochastic elements, such as many random and non-linear operations that
exist in virtually any manufacturing system; (2) due to randomness in a dynamic system which changes
with time, the mathematical modelling of a complex dynamic system requires many simplifications
which may cause the models to become invalid; (3) analytical methods are not sufficient for optimization
because of mathematical models can only be built with simplifying assumptions that may affect the
accuracy of the optimization results. Additionally, they also point out that in many cases one must resort
to simulation even though the system under study is analytically tractable because some performance
measures of the system have values that can only be computed by running simulations. Interestingly, in
terms of bottleneck analysis research, simulations have been used as the validations and accuracy
evaluation method for many of the data-driven bottleneck detection methods proposed in the literature,
e.g., (Li, Chang and Ni, 2009)(Yu and Matta, 2014), which is a hint that simulation is a reliable, accurate
way to predict the performance of complex production systems.
The SCI method (Pehrsson, Bernedixen and Ng 2016) is a bottleneck analysis (i.e., identification plus
improvement) method based on simulation-based, bi-objective optimization. As a simulation-based
method, it uses entirely stochastic simulation to predict the performance improvement, in terms of TH,
of various possible changes that can be made to the attributes of the resources. As a bi-objective
optimization method, it innovatively formulates the bottleneck resource definition of (Li and Meerkov,
2009) into a bi-objective optimization problem, so that all attainable TH of the system, through various
combinations of improvement changes of the resources, can be sought in a single optimization run. With
a single bi-objective optimization run with objectives: minimizing changes and maximizing TH, the
Pareto front generated is useful to provide a complete view in the minimally required changes that are
needed to achieve the target capacity (TH). Additionally, the post-optimality analysis on the Paretooptimal solutions can provide a rank order of the attributes of the resources required to achieve the target
TH level. In other words, SCI is a useful bottleneck analysis method when compared to many bottleneck
detection methods, not only because it combines bottleneck identification and predict the performance
improvement of one change, but it gives a clear map of predicting the effect of multiple changes. On the
other hand, this advantage can only be accomplished with a very high computational cost, especially the
simulation model is complex and/or it possess a large number of decision variables. Consider a SCI
problem with a large number of variables that can be subject to changes in a complex simulation model,
the search space of the optimization will increase exponentially. The possible combinations of 10
variables are 210=1024 but it increases to 1.27x1030 when the number of variables is increased by ten
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times to 100. When the huge search space is combined with a complex stochastic model that many
replications are required in order to cope with the randomness and obtain some accurate statistical
estimates at a specified level of confidence (Chen and Lee 2010), it would simply be a prohibitively
long time for the SCI method to be used in practice.
In simulation-based literature, a common method to ameliorate the problem of a large of number of
decision variables (or factors in design of experiments, DoE), on large, time-consuming simulation
models, is screening. As a special type of DoE, the aim of screening is to identify the most influencing
variables in a simulation model, using some carefully designed DoE, so that as few simulation
evaluations are needed as possible. As suggested by Kleijnen (2017), when most simulation models
have many input variables which lead to the curse of dimensionally, we should apply screening before
optimization. Therefore, the aim of this paper is to introduce a novel variables screening enabled biobjective optimization that is customized for bottleneck analysis of production systems. By using the
screening techniques, or more precisely, Sequential Bifurcation (SB)(Bettonvil, 1990)(Bettonvil and
Kleijnen, 1996)(Kleijnen, 2015, 2017) which is particularly suitable for large-scale simulation models,
fewer simulation runs are required to find the most influenacing factors in a simulation model. With the
knowledge of these input variables, the bi-objective optimization used in the SCI can customize the
genetic operators on these variables individually according to their rank of main effects (i.e., how
influencing they are) with the target to speed up the entire SCI process. Hence, this new SCI method
introduced in this paper is based on both SB and a Variable-Wise Operators (VWO) mechanism in the
evolutionary optimization process, so-called SB-VWO as will be described later.
In the remainder of this paper, we first introduce how a bottleneck analysis problem can be formulated
into a bi-objective optimization problem in Section 2. Then, in Section 3, we briefly introduce the SB
technique. The major novelty proposed in this paper, i.e., how we incorporated SB-VWO into the SCI
optimization process is given in Section 4. The SB-VWO enabled SCI has been applied to a scalable
benchmark model as well as two real-world production system simulation models, all showing
promising results which are presented in Section 5, followed by conclusions and future work in Section
6.

2. Bottleneck Analysis using Multi-Objective Optimization
Consider a general multi-objective optimization (MOO) problem that consists of m objective functions,
fi(x), i=1,…,m, which can be minimized and maximized with x as a decision (design) vector, comprising
n decision variables, xi, within their respective lower bounds (xiL) and upper bounds (xiU).
Mathematically,
Maximize/Minimize F(x)={f1(x),…, fm(x)}

(1)

Subject to 𝐱 = (𝑥1 , 𝑥2 , … , 𝑥𝑛 )𝑇 ,
where 𝑥𝑖𝑙 ≤ 𝑥𝑖 ≤ 𝑥𝑖𝑢 and 𝑖 = 1,2, … 𝑛.
For a continuous MOO, we call Φ = ∏𝑛𝑖=1[𝑥𝑖𝑙 , 𝑥𝑖𝑢 ] ⊂ ℝ𝑛 as the design space. ℤ𝑚 is called the objective
space with the mapping 𝐅: Φ → ℤ𝑚 that evaluates f1(x),…, fm(x), for x ∈ Φ. For a production systems
design or improvement problem, 𝑥𝑖 can be either continuous or discrete. While processing times and
availability are continuous by nature, they can be restricted to be discrete in most practical situations.
Similarly, layout geometry and conveyor lengths can be formulated as either continuous or discrete.
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In many MOO problems, where the objectives fi(x) conflict with each other, finding a single best optimal
design is impossible because improving one objective would deteriorate the other (Deb, 2004). This
gives rise to the concept of Pareto Frontier (PF) that denotes the best trade-off in ℤ𝑚 with respect to
fi(x). The definition of dominance is essential for an optimization to find and compute x that constituent
PF: considering only Min{f1(x),…, fm(x)}, a design vector x1 is said to dominate another solution vector
x2, denoted as x1≼x2, iff f1(x1) ≤fi(x2) ∀𝑖 ∈ {1, … , 𝑚}, but ∃𝑗 ∈ {1, … , 𝑚} s.t. f1(x1) < fi(x2). A decision
vector x* ∈ Φ is Pareto-optimal if ∄x that dominates x*. In other words, the Pareto-optimal set, PS,
consists of x* that are non-dominated to each other in ℤ𝑚 . Equivalently, an objective vector z*∈ ℤ𝑚 is
Pareto-optimal if the decision vector correspondent to it is Pareto-optimal (Miettinen, 1999). With the
above formulation, it is important to understand that an optimization-based design approach will involve
a process for finding the PS that forms PF so that a decision maker (DM) can make a final selection on
which z* to choose. This is referred to as the post-optimality decision-making process that involves
some higher-level information, very commonly include some preferences of the DM which were not
formulated into the objectives in the original MOO problem.
Several previous papers have pointed out the subtle relationship between production systems
improvement and MOO (Pehrsson, Ng and Bernedixen, 2011)(Pehrsson, Ng and Stockton,
2013)(Pehrsson, Ng and Bernedixen, 2016). The basic idea proposed was based on an observation that
many decision-making situations in production system improvement projects can be effectively
formulated into MOO problems. While the primary objective is usually related to a key performance
index (KPI), such as system throughput or manufacturing lead-time, the investments, or steps of
changes, so-called improvement actions as described in (Pehrsson, Ng and Bernedixen, 2016), needed
to improve various attributes of the system can be formulated as the second objective of the MOO
problem. For example, if the production system throughput is the primary KPI as the improvement
target, so that f1(x)=maximize(TH), then we can define the total number of changes, i.e. improvement
actions, as minimize(f2(x)) in the MOO problem. If we consider two-level decision variables, Ii, i=1,…,
N, where N=number of system parameters that can either be set to its original value or to some improved
value, to represent the possible improvements for, e.g., availability, processing times, repair times and
quality (reduced % of rework/scrap), then mathematically, the second objective in the MOO problem
can be formulated as a summation function:
𝑓2 (𝐱) = ∑𝑁
𝑖=1 𝐼𝑖

(2)

Subject to:
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

0 iff 𝑥𝑖 = 𝑥𝑖
𝐼𝑖 = {
𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑑
1 iff 𝑥𝑖 = 𝑥𝑖
In other words, Ii, i=1,…,N are binary variables that represent whether the correspondent system
parameters (availability, processing times, repair times and quality) retain their original values or are
changed to some improved values. Figure 1 illustrates this bi-objective problem in a graphical way,
showing how the Pareto-optimal solutions in the objective space can be used to support the decisionmaking in regarding the selection of the optimal (minimal) changes required to improve the system in
order to achieve the target throughput.
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Max(f1)

z*max

τmax

τt

z2
z*1

EF

z1

τ0
c1

cmax Min(f2)

Figure 1. Objective space and Pareto Frontier by formulating a production systems improvement
problem into a MOO problem.
In Figure 1, the original throughput, TH= τ0, represents the current condition when no improvement has
been made, i.e. f2(x)=0. If the target of the KPI is when TH= τ t, then in the objective space, z*1 denotes
the optimal number of changes (ct) required to improve the production system from τ 0 to τ t. As
illustrated, z*t dominates z1 since they have the same f2(x) value, however, a higher τ can be achieved
with z*t. On the other hand, in this MOO problem, τmax can also be a very interesting value for the DM,
because it denotes the maximum τ that can be obtained for the production line under study, when all
possible changes that can be made in this problem are considered. Any solutions beyond z*max, e.g. z2,
which give a τ ≤ τmax with f2(x) value > cmax are dominated by z*max because they require more, unnecessary changes and would certainly be considered as undesirable by the DM.
In a real-world decision-making situation, finding z*t is a crucial process especially if the DM already
has a clear target KPI value in mind even though how this preference information in the objective space
can be provided for the optimization process is an interesting issue that has induced research into
different methods. On the other hand, although the DM may have the target TH= τ t clearly in mind,
finding a single z*t, which could be done with a single-objective optimization process can be
undesirable, because the DM may want to explore more possible solutions around (ct, τ t,) for several
reasons. Firstly, it may be preferable to select a slightly higher value than τt in order to add a safety
factor to τt to compensate some possible evaluation error of the model (simulation) evaluation (see also
the discussion below on the estimation of fi(x)) or to address what is called preference correlation. This
is a situation where a DM would prefer one performance measure higher or lower than intended to
compensate for another performance measure that is being higher or lower than normal (Rosen,
Harmonosky and Traband, 2007). Such a preference correlation situation can occur easily if the DM has
explored the existence of some optimal trade-off solutions around τt that exert ‘knee’ points in MOO
literature (Branke et al., 2004)(Deb and Gupta, 2011), shown as z*k in Figure 2. As illustrated in Figure
2a, despite that τt is the target, but since the cost (required changes, ct – ck) of advancing from z*k to z*t
is high, the small gain with τt – τk may not justify so that the DM might relax τt and select z*k as the
chosen solution for implementation. On the other hand, for the ‘knee’ case in Figure 2b, the cost of
increasing τt to τk, represented as ck - ct, is so small so that the DM would be very comfortable selecting
z*k. In both cases, the DM has gained better knowledge about the behaviour of the system under study
and the decision can be made with greater confidence which could not be easily obtained without finding
more trade-off solutions. In this way, the DM adjusts τt according to some broader information gained
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in a multi-objective optimization process, which cannot be easily acquired from single-objective
optimization.
Max(f1)

τt
τk

Max(f1)

z *t

z* k

EF

τk
τt

τ0

EF

z*k
z*t

τ0
ck

ct

(a)

Min(f2)

ct ck

Min(f2)

(b)

Figure 2. Possible ‘knee’ points around τt in the objective space of the MOP for production systems
improvement.
It is important to note that this bi-objective method is readily applied to improve performance metric
other than TH. For example, in a lean manufacturing improvement project, reducing the cycle time (T)
of the line by finding the critical variables to make changes can be the target. In this case, the same
method can be applied except the re-formulation of f1(x) to minimize (T). With a simulation-based
optimization approach, all function evaluations are done through the simulation model, giving only an
estimation of fi(x). In other words, F(x) can only be estimated by 𝐅̂(x) through the performance values
obtained from simulation replication runs. Stochastic simulation will result in different 𝐅̂(x) in each
replication so the estimated output objective function values used for the optimization are actually 𝐅̂(x)
= {(∑𝑟𝑗=1 𝑓1,𝑗 (𝐱))/𝑛,… , (∑𝑟𝑗=1 𝑓𝑚,𝑗 (𝐱))/𝑛}. Therefore, MOP is in general more computational
demanding than single-objective optimization, requiring many more function evaluations (Simon,
2013). The fact that stochastic simulation requires multiple replications to reduce the uncertainty of the
objective functions evaluations has further increased the computational burden of finding x*. Several
important topics for future MOO research is given in (Simon, 2013), including: (1) automatic, on-line
adaptation of tuning parameters; (2) hybrid MOO and local search strategies; (3) algorithms that can
provide good performance with few function evaluations; (4) efficient algorithms for many (>3)
objectives; (5) the incorporation of user preferences into the algorithms. On the other hand, we argue
that one additional important topic is how to incorporate knowledge into the algorithm, so-called
knowledge-driven optimization, or KDO (Bandaru, Ng and Deb, 2017), to improve the efficiency of the
optimization. Unlike domain-specific knowledge, KDO puts emphasis on the learning of optimization
during the optimization process. The variables screening scheme represents one branch of KDO that
attempts to identify which decision variables and their interactions are more influencing so that on-line
adaptation of the optimization parameters tuning, i.e., topic 1 in the list of (Simon, 2013), can be
performed on the individual variables level. As a matter of fact, SB-VWO belongs to this branch of
KDO, specifically designed to improve the efficiency of bottleneck analysis.

3. Sequential Bifurcation
As introduced earlier, variable screening is a type of DoE techniques that aim at searching really
influencing controllable variables (k) among many variables (K) that can be varied, in this case a
simulation experiment. An effective screening technique is able to single out a small number of k out of
a large amount of input variables (i.e., k << K), a condition known as sparsity (Kleijnen, 2017) or the
principle of parsimony (Bettonvil & Kleijnen, 1996), with a minimum number of simulation runs.
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Several screening techniques have been developed over the last few decades. Dupuy et al. (2014) made
a comparison of six different screening strategies, including Hadamard design (Resolution III and IV),
supersaturated design, group screening, multiple group screening and sequential bifurcation. A
supersaturated design, developed by Satterthwaite (1959), uses fewer runs than the number of factors in
the study. Watson (1961), based on Dorfman’s (1943) work introduced group screening by grouping
factors into a smaller number of groups and treating each group of factors as a single factor, so-called
group factor, to distinguish it from the original factors. Such kind of group strategy can lead to
significantly fewer experiments but requires important assumptions to ensure the effects of factors
within a group will not cancel each other. An important variant of group-screening method is called
multiple group screening (Morris, 1987) and more recently Controlled Morris Method that acts in a
sequential manner to keep the computational effort down to a minimum (Shi and Chen, 2017). This
method assigns each factor to more than one group. After making the necessary simulations, a factor is
defined as potentially influential if all groups that contain that factor are active.
Sequential Bifurcation (SB) is a group-screening technique first developed in a doctoral dissertation by
Bettonvil (1990). It assumes (i.e., Assumption 1) a simulation output, y, through the changes of xj
controllable inputs (decision variables), where j = 1, …, k, can be adequately approximated by a firstorder polynomial metamodel. Mathematically:

𝑘

𝑦 = 𝛽0 + ∑ 𝛽𝑗 𝑥𝑗 + 𝜀

… (3)

𝑗=1

Here, βj represents the main effect of xj; k represents the inputs that give non-negative first-order effects,
i.e., βj ≥ 0. Another prerequisite of applying AB (Assumption 2) is the sign of every βj (j=1,…, k) is
known. Hence, the ranker order of the importance (influence on y) can be sorted by their first-order
effects βj; a xj with a larger βj implies a more important, higher-rank input when compared to . Lowest
rank xj has a βj closest to 0 but in practical application, xj is considered important if xj > cβ, where cβ is a
non-negative threshold specified by the user. For an adequately accurate metamodel, we assume a
negligible approximation error so that 𝜀=0.
A sequential group screening technique like SB is consisted of a sequence of steps with the first step
(Step 1) aggregates all K (recall K >> k) inputs into a single group to check two ‘extreme’ effects: when
all xj, j=1,…, K have their ‘low’ values, represented by, y(x = L), where x=(x1, x2,…, xK) and L=(L1, L2,…,
LK) as well as y(x = H), H=(H1, H2,…, HK) when all xj have their ‘high’ values. Like a two-level full
factorial DoE, the change of a xj, ∆=Hi – Li, from its low (Li) to its high level (Hi), is problem-dependent
and pre-determined by the user. The evaluation of y(x = L) will yield an estimation of β0, as an ‘extreme’
value when all factors are ‘low’. Unless the purpose of the metamodel is for prediction, otherwise in SB
experiments the value of β0 is not of interest when compared to the main effects of the k important βj. If
none of the input has any main effect then we have y(x = H)=y(x =L) but in a practical application we
expect y(x = H) – y(x =L) > cβ.
Bifurcation starts in Step 2 when the K inputs are split into two subgroups with size k1 and k2 respectively
(obviously k1 + k2 = K). Let yk1 denote the simulation output when x k1=(x1=H1,…, xk1=Hk1, xk+1=Lk+1,
…, xK=LK), i.e., setting the first k1 inputs to their ‘high’ values and the rest their ‘low’ values. The
observed simulation output, yk1, is compared with y0=y(x = L). If yk1 – y0 ≤ cβ then we declare that none
of the individual inputs within subgroup 1 has any significant effects and all these k1 inputs can be
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eliminated in the subsequent steps. By comparing yk1 with yK=y(x = H), if yk1 – y0 > cβ, it implies at least
one of the input in subgroup 2 is important.
The SB process is continued by splitting each ‘important’ subgroup which is not eliminated into two
smaller subgroups in an iteration. Any ‘unimportant’ subgroup will be eliminated and any subgroup that
has been evaluated to have ‘important’ input(s) will continue to be bifurcated. Since both subgroups
divided in a step may be found to be important, the further bifurcation process of the subgroups can be
continued in parallel; the efficiency of SB can be improved with parallel computing. Figure 3 is an
example of applying SB to a furniture production line, TPS, with K=42 inputs used in a student
simulation project (García and Gaspar, 2015). It is easy to note the subgroup sizes are decreasing in each
bifurcation iteration: Step 1 started with dividing the K=42 into subgroups of sizes k2=33 and k2=10;
Step 2 then further bifurcating the subgroup 1 into two subgroups of sizes 16 and 16 as well as subgroup
2 into two subgroups of sizes 8 and 2 and so on, as illustrated in Figure 3.

Figure 3. Illustration of the bifurcation processes to identify the important ‘factors’ for a furniture
production line called TPS in a student project (García and Gaspar, 2015).
As noted in (Kleijnen, 2017), the efficiency of SB can be improved if the simulation inputs are placed
in increasing order of importance. In comparison with the randomized bifurcation steps described above,
further improvement can be obtained if the inputs of an ‘expected’ important input type can be clustered
into a single subgroup. When applied to our targeted domain, bottleneck analysis, as explained in Section
2, by deliberately (i.e., non-randomly) grouping the variables into the same type into a SB subgroup can
allow the elimination of unnecessary variable type earlier in the SB process, especially when the
production line is suffered from some severe problems at certain workstations. Regarding the
assumption of known sign of xj, the bottleneck analysis problem formulation in Section 1 intuitively fits
well into the prerequisites of applying SB because all the ‘high’ levels of xj which represent reducing
processing times, increasing availability, decreasing repair times and increasing buffer capacities, are
all believed to contribute to the increase of TH – the targeted maximization objective in the MOP
formulation. However, in practice, two more assumptions have to be considered if SB is applied to
identify the important inputs that contribute to the increase of TH in a SB-based algorithm: (1)
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monotonicity of the simulation I/O function that is related to the known sign assumption; (2) crossproducts between inputs that render the need of second-order polynomial metamodels.
The simulation function is defined to be monotonically increasing if y(x = x2) ≥ y(x = x1) whenever x2
≥ x1. The definition can be reversed so that the simulation output is still monotonically increasing when
the inputs are monotonically decreasing; what must hold here is the important assumption of known
sign. Figure 4a illustrates how a monotonic function y is increased with an input x. Like a DoE analysis,
the increasing effect of y can be estimated with the evaluation of f(x) at x=L and x=H so that the linear
line can be plotted. In the context of bottleneck analysis using MOP, while the monotonicity property
can be ensured by the individual effects of reducing processing times, increasing availability, decreasing
repair times and increasing buffer capacities, it is not so sure if different types of these improvement
actions might cancel the first-order effects of each other. Intuitively, for instance, it is suspected that
there can exist some interactions between reducing processing times and increasing availability of a
workstation with the capacities of the immediate buffers located in its downstream and upstream. Such
kind of interactions can be analyzed by using a first-order polynomial metamodel augmented with crossproduct effects between factors:
𝐾

𝐾−1

𝐾

𝑦 = 𝛽0 + ∑ 𝛽𝑗 𝑥𝑗 + ∑ ∑ 𝛽𝑗,𝑗′ 𝑥𝑗 𝑥𝑗′

… (4)

𝑗=1 𝑗 ′ =𝑗+1

𝑗=1

Where 𝛽𝑗,𝑗′ denotes the two-factor interaction effect of inputs (factors) j and j’. To estimate the effects
when there are cross-product interactions of the inputs as described in (Bettonvil and Kleijnen, 1996),
they use a different parametrization by replacing xj with zj such that zj = -1 when xj=0 and zj = 1 when
xj=1. By replacing x with z, Equation (4) becomes:
𝐾

𝐾−1

𝐾

𝑦 = 𝛾0 + ∑ 𝛾𝑗 𝑧𝑗 + ∑ ∑ 𝛾𝑗,𝑗′ 𝑧𝑗 𝑧𝑗′

… (5)

𝑗=1 𝑗 ′ =𝑗+1

𝑗=1

Where the new coefficient and the original one can be related by:
1
𝛾𝑗,𝑗′ = 𝛽𝑗,𝑗′ , 𝑗 = 1, … 𝐾 − 1, 𝑗 ′ = 𝑗 + 1, … , 𝐾
4

… (6)

1
1
𝛾𝑗 = 𝛽𝑗 + ∑ 𝛽𝑗,𝑗′
2
4 ′

… (7)

𝑗 ≠𝑗
1

With Equation (7), it implies that 𝛾𝑗 = 2 𝛽𝑗 if there have no interaction effects. As explained in (Bettonvil
and Kleijnen, 1996) that in the standard literature on DoE defines the main effect of input j as the
difference between: (1) the average output when the input j is at its high level when averaging over all
2K-1 combinations of the remaining K – 1 input variables, and (2) its average output when input j is at its
low level, again averaging over all 2K-1 combinations.
If yj denotes the observed simulation output when xj=(x1=H1,…, xj=Hj, xj+1=Lj+1, …, xk=Lk) in a subgroup
of size k, we use y-j to denote the simulation output when xj=(x1=L1,…, xj=Lj, xj+1=Hj+1, …, xk=Hk), i.e.,
inputs 1 through j set to their ‘low’ levels while the remaining inputs in the subgroup to their ‘high’
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levels. In other words, for the ‘extreme’ effects, y0=y-K and yK=y-0. In (Bettonvil and Kleijnen, 1996),
the y-j is called the mirror observation of yj.
𝑗

Kleijnen (2015), see also (Kleijnen, 2017), denotes the sum of the first-order effect of 𝛾̂𝑗′ −𝑗 = ∑ℎ=𝑗′ 𝛾ℎ
and shows that a simple unbiased estimator of the group (denoted as through 𝑗 ′ − 𝑗) as follows:
𝛾̂𝑗′ −𝑗 =

(𝑦𝑗 − 𝑦−𝑗 ) − (𝑦𝑗′ −1 − 𝑦−(𝑗′ −1) )
4

… (8)

Therefore, in order to calculate the main effects of the factors with consideration of interactions, it is
necessary to estimate the mirror observations of the subgroups, which make the number of required
simulation evaluation doubled in the SB process. Consequently, with the second-order effects cancelled,
an unbiased estimator of the individual effect of zj is given by:
𝛾̂𝑗 =

(𝑦𝑗 − 𝑦−𝑗 ) − (𝑦𝑗−1 − 𝑦−(𝑗−1) )
4

… (9)

For a stochastic simulation with fixed number of replication n, if yj;r (r=1,…,n) denotes the r-th
simulation replication, using Equation (9) we can use the classic estimation of mean and variance for
each individual effect, 𝛾̂𝑗 , by:

𝑛

𝑛

̅ 2

∑
∑
̂
̂𝑗;𝑟 −𝛾
̂𝑗 )
𝛾
(𝛾
𝛾̂𝑗̅ = 𝑟=1𝑛 𝑗;𝑟 and 𝑠(𝛾̂𝑗̅ ) = √ 𝑟=1𝑛(𝑛−1)

…(10)

Finally, two more underlying assumptions of applying SB should be noted (Shi and Kleijnen 2017): (1)
the heredity principle – if an input has no important first-order effect, then this input has no important
second-order effects; (2) like many other statistical methods, SB assumes Gaussian simulation outputs
if the simulation model is stochastic.

4. SB-based Initial Population and Variable-Wise Operators
The above described SB procedure generates a ranking for the simulation variables with respect to a
given output (e.g. TH). In this section, we describe two ways in which a multi-objective optimization
algorithm can utilize this knowledge to enhance the search process. We use the popular NSGA-II (Deb
et al., 2002) algorithm to illustrate how this integration can be achieved. However, due to the algorithmic
similarities between NSGA-II and other population-based multi-objective evolutionary algorithms, it
should be straightforward to adapt these techniques to suit the latter.

4.1 SB-based Initialization for NSGA-II
NSGA-II and other MOO algorithms typically start with a randomly generated set of solutions, called
the initial population. For adequately exploring the search space, space-filling methods like Latin
Hypercube Sampling (LHS), Hammersley sampling, composite design, etc. are commonly used. These
methods give equal importance to all variable dimensions and therefore are a natural choice in the
absence of knowledge regarding variable ranking. However, since SB can provide this knowledge for a
given output, the initial population can be seeded to bias search towards favourable regions along
important variable dimensions. The idea of seeding the initial population with potentially good solutions
is not exactly new (Hernandez-Diaz et al., 2008), but the seed solutions are usually obtained from
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previous optimization runs. Our proposal is to create seed solutions using variable ranking from SB.
Figure 4 illustrates the procedure for n = 10 variables. The magnitudes of the main effects allow us to
rank the variables in descending order as shown in the figure. According to SB, x7 has the highest main
effect on throughput. This means that if only one improvement is allowed, i.e. only one variable xi can
be improved from low (L) to high (H), the highest increase in throughput can be obtained by changing
x7 from L to H. Therefore, the corresponding solution becomes the first seed solution S1. Next, we
assume that the highest increase in throughput with two improvements can be obtained by improving
first two variables with the highest main effects, i.e. x7 and x2. Thus, the second seed solution improves
these variables from L to H. The process is repeated until all n variables are improved to form the seed
solution Sn (S10 in Figure 4).

Figure 4: An example illustrating the creation of seed solutions from SB ranking.
If the NSGA-II population size N > n, then the remaining N − n solutions are initialized randomly. We
use N = 15 in the illustration. In general, the variable values for any seed solution St (t ≤ n) are given by,
(𝑡)

𝑥𝑖

𝐻 if 𝑟𝑎𝑛𝑘(𝑥𝑖 ) ≤ 𝑡,
={
𝐿
otherwise

∀𝑖, 𝑡 = 1,2, … , 𝑛.

…(11)

Note that the above assumption of direct translation of main eﬀects into accumulated improvements may
not be valid at all times because the variables involved may be interacting negatively, in turn causing
the throughput to drop rather than improve. However, since the seed solutions only form the initial
population, they have possibility of improving during generations of NSGA-II. The main idea behind
seeding is provide optimization with a head start by creating solutions close to the true Pareto-optimal
front as shown in Figure 4. The random solutions (S11 to S15), though dominated by the seed solutions,
serve the secondary purpose of providing diversity to the initial population, which is an essential
ingredient to the success of any MOO algorithm.
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4.2 SB-based Variable-Wise Operators for NSGA-II
The variation operators within NSGA-II, namely SBX crossover and polynomial mutation, are
controlled through four user-deﬁned parameters that remain ﬁxed during the algorithmic run. These are:
1. Crossover probability (pc): The probability of recombining two parents using SBX. The
recommended values for pc lie in the range [0.8,1.0].
2. Crossover distribution index (ηc): The distribution index governs how close the oﬀspring
are to the parents. A high value, typically greater than 20, makes near-parent oﬀspring more
probable than those that are further away. The recommended value ηc = 20 is often used for
optimization benchmarks.
3. Mutation probability (pm): The probability of mutating a recombinant using polynomial
mutation. The recommended values for pm lie in the range [0.05,0.25].
4. Mutation distribution index (ηm): It serves the same purpose as ηc. The recommended value
ηm = 50 is often used for optimization benchmarks.
The above parameters are known to drastically inﬂuence the search process. Even so, most
implementations of NSGA-II use the same parameter values for all variables. Our proposal is to use
variable-wise probabilities for crossover and mutation that depend on the rank of the variables as
obtained by SB. The hypothesis is that important variable dimensions (variables with higher main
eﬀects) should be explored more, while the less important variable dimensions can be exploited. In terms
of probability parameters, this translates to relatively higher crossover and mutation probabilities for
important variables. The exploitation of less important variables means that their values will carryover
unchanged into a higher proportion of solutions. We use an exponential function to model the
probabilities of variable xi as a function of its SB rank as follows:
(𝑖)

𝑝𝑐 = 𝛼𝑐 𝑒 (−𝛽𝑐 (rank(𝑖)−1))

∀𝑖 = 1,2, … , 𝑛.

… (12)

where 𝛼𝑐 = 𝑝𝑐,𝑚𝑎𝑥 and 𝛽𝑐 = ln(𝑝𝑐,𝑚𝑎𝑥 /𝑝𝑐,𝑚𝑖𝑛 )/(𝑛 − 1). Similarly,
(𝑖)

𝑝𝑚 = 𝛼𝑚 𝑒 (−𝛽𝑚(rank(𝑖)−1))

∀𝑖 = 1,2, … , 𝑛.

… (13)

where 𝛼𝑚 = 𝑝𝑚,𝑚𝑎𝑥 and 𝛽𝑚 = ln(𝑝𝑚,𝑚𝑎𝑥 /𝑝𝑚,𝑚𝑖𝑛 )/(𝑛 − 1). The above equations ensure that the
variable with SB rank equals to one to use pc = αc = pc,max and pm = αm = pm,max, while the variable with
rank n uses pc = pc,min and pm = pm,min. The parameters to be ﬁxed are the maximum and minimum
probability values. In all our experiments, we use pc,min= 0.1, pc,max= 0.5, pm,min= 0.0001 and pm,max= 0.25.

5. Experiments and Results
This section presents the experimental setup and results of using the proposed SB-enabled NSGA-II
algorithm (SB-NSGA-II hereafter) for the bottleneck analysis on a benchmark scalable model as well
as two real-world industrial application studies, both found in the automotive industry.

5.1 A Scalable Benchmark Flow-Line Simulation Model
The first set of experiments is designed to evaluate how well SB-NSGA-II performs when the number
of variables increases is a scalable model, first presented in (Bandaru and Ng, 2015). It represents an
un-paced ﬂow line, consisting of s workstations with s−1 inter-station buffers. For the sake of simplicity,
we consider the number of machines in each workstation as one, so that the terms ‘workstation’ and
‘machine’ are interchangeable in the following. The decision variables to be optimized for each machine
(i) are its availability (Ai), processing time (Pi) and repair time (Mi). In the initial state, the workloads of
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all the workstations are perfectly balanced, each has a processing time of P0 = 80 seconds per job. All
machines have an availability of A0 = 90% and repair time of M0 = 300 seconds. The processing times
are assumed to be constant, which is realistic for automated machining or robotic processes. The times
to failure of the workstations are modeled with exponential distributions and the randomness of the
repair times Mi is modeled using Erlang distributions. Figure 5 shows the model with s = 5 workstations.
In such an optimization formulation, the system throughput (TH) is the primary objective for
improvement, so that f1(x) = max{TH(x)}. The total number of changes, i.e. improvement actions, can
be deﬁned as the secondary objective function, f2(x), as a summation of with three discrete, multi-level
improvement variables {Ai, Pi, Mi} that can each be either set to their original value or to an improved
value. The available improvement actions for availability, processing times and repair times and their
corresponding step-sizes are: Ai ={90, 92, 94, 96, 98}, Pi ={80, 75, 70, 65, 60} and Mi ={300, 270, 240,
210, 180}. In other words, if ∆ represents improvement step of the variable, then ∆A = 2, ∆P = -5 and
∆M = -30. Here, in the experimental setup, unlike the original SCORE formulation depicted by Eqt. (2),
the improvement actions represented by minimize(f2(x)={∑𝑠𝑖=1 𝐼𝐴𝑖 + ∑𝑠𝑖=1 𝐼𝑃𝑖 + ∑𝑠𝑖=1 𝐼𝑀𝑖 }), where:
𝐼𝐴𝑖 =

𝐴𝑖 −𝐴0
∆𝐴

, 𝐼𝑃𝑖 =

𝑃𝑖 −𝑃0
∆𝑃

, 𝐼𝑀𝑖 =

𝑀𝑖 −𝑀0
∆𝑀

…(14)

Additionally, in order to simultaneously reduce the number of buffers, we also optimize the capacity of
inter-station buffer spaces, Bi ={1,2,...,10}∀i∈{1,...,s−1}, by adding a third objective of minimizing the
total number of buffers, i.e. f3(x) = 𝑚𝑖𝑛{∑𝑠−1
𝑖=1 𝐵𝑖 }. In the experiments considered in this paper, the
models developed using FACTS Analyzer 2.0 (Ng et al. 2011) are used to solve the above described
three-objective optimization problem. Note that the only objective function that requires simulation is
f1(x) = max{TH(x)}. As a scalable model, the number of workstations s is scaled as s ={5,10,15,20}.
The variables in the scalable model are the 3s improvement variables {Ai, Pi, Mi} and (s−1) buffer
variables (Bi). Thus, the problem dimensions scale as (4s−1), i.e. n ={19,39,59,79}.
Hypervolume (HV) is the most suitable measure that can be useful for comparing the performance of
the optimization algorithms. The experimental results shown in Figures 6-8 are obtained with four
algorithm settings of NSGA-II: (1) randomly initialize the population (Random); (2) initialization with
LHS; (3) SB-based initialization of the first population only (SB), and (4) SB-based initialization and
variable-wise operators, i.e., SB-VWO. The HV plots showing the performances of the four settings on
s ={5,10,15,20} are shown in Figure 6. When the number of variables is small (s=5), both SB and SBVWO have already shown some better HV performance than Random and LHS but not very significant;
Random can catch up the final HV value when the optimization proceeds because of the small-scale
problem. SB and SB-VWO start to show more significant superiority when the number of variables has
increased to s=10, but still the HV plots of SB and SB-VWO are not distinguishable. The outstanding
performance of SB-VWO than SB appears more pronounced when the number of variables is further
increased to 59 (s=15) and 79 (s=20); note the scale difference between these plots. The general
observation that SB-VWO outperforms SB, and both of them are superior than Random and LHS, are
confirmed by checking the 3D-scatter of the Pareto-optimal solutions for the four settings with s
={5,10,15,20}. While the HV-plots show the trend of the performances with respect to the optimization
progress, the clear outstanding performances of SB-VWO in the final HV values can be statistically
confirmed and visualized using the box-plots in Figure 8 with the variations of the HV values computed
from 10 replications of each optimization.
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Figure 6: HV plots from optimization runs with the scalable model, s=[5,10, 15, 20].
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Figure 7: Pareto frontiers from the 3-objective optimizations on s=[5, 10, 15, 20].

Page 17 of 23

Bernedixen, J., Ng, A. H. C., Bandaru, S.

s=5

s=10
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s=20

Figure 8: Boxplots showing the variations of the HV values from replicated optimization runs.

5.2 Experiments on Two Industrial-scale, Complex Simulation Models
The first model represents a complex assembly line comprising 71 workstations (i.e. s=71), 72 buffers,
pallets for carrying 2 variants for assembly and disassembly processes. The reduction for each αi
(processing time) is 20%; improvement in availability for Ai from its current value to 0.98 and repair
times (Mi) reduced by 50%, i=1,…, s. The second complex production system is an automotive engine
machining line that includes multiple parallel sections, portal cranes, machining centers and assembly
stations which conduct multiple operations that totally the number of variables representing possible
improvement is 464. Apart from some maintenance issues that affect the availabilities of the machines,
multiple variants have to be processed on the line and variations in the weekly volume contribute to the
higher variability of the system compared to the previously-mentioned assembly line. The crucial issue
for the company was the poor production capacity of this line, far below the capacity required to
maintain production; a lean improvement project was in order. However, given the size, complexity and
variability of the line, locating where and what to improve, besides the effect of performing the
improvements if only traditional Lean tools, e.g., Value Stream Mapping, were to be used, was believed
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to be extremely difficult. For these two cases, it was obvious that not a single, but multiple improvements
had to be made to achieve the targeted throughput levels. The first model has been described with more
details in (Bernedixen et al., 2015) where discussions on the importance of avoiding any manually
tedious and error-prone optimization setup by using some software support are presented. In addition,
the engine machining line under study is the same one that is presented in (Ng et al., 2014). While that
article is focused on the relationship between bottleneck improvements using NSGA-II, the current
paper mainly focusses on the results of applying the SB-enabled NSGA-II for the real-world bottleneck
analysis. Various versions of the simulation models have been built, but the latest complete models for
the optimization studies were developed using FACTS Analyzer (Ng et al., 2007, 2008). Figures 9-10
illustrates the FACTS Analyzer models developed for the assembly line and the complex machining line
using standard modeling objects provided by the software, including multiple Operation, Buffer,
Assembly, Disassembly and CONstant Work-In-Process (CONWIP) Control objects. The superior HV
results and well-spread Pareto-optimal solutions obtained by SB and SB-VWO when compared to
Random and LHS on these two industrial models as shown in Figures 11-12 have made a clear indication
that the SB-based approach presented in this paper is capable to tackle real-world, large-scale problem.
In particular, as shown by the Pareto frontiers in Figure 12, in the case of the complex machining line
which is comprised of such a large amount of variables (i.e., 464), it seems clear that ordinary MOO
like NSGA-II is not able to converge and find good spread of solutions, without some special techniques
to initialize good solutions to the first population.

Figure 9. FACTS Analyzer model developed for the assembly line optimization.
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Figure 10. FACTS Analyzer model developed for complex machining line.

Figure 11. HV plots and Pareto frontiers from the optimization runs for the automotive assembly
line.
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Figure 12. HV plots and Pareto frontiers from the optimization runs for the automotive assembly
line.

6. Conclusions and Future Work
The merits of using simulation-based multi-objective optimization techniques to identify and order
bottlenecks are evident from the successful applications of the SCORE methodology on models of realworld industrial systems reported in this thesis. One major obstacle preventing a wide spread use of the
methodology is that it is a relatively complicated analysis method to apply in practice. First of all, multiobjective optimization is by itself a technique that the intended users, mainly production engineers and
managers, are not familiar with and do not feel confident about. Its application is made even harder by
the fact that common decision variables within production systems are not easily represented with the
standard integer and continuous variable types supported by most MOO algorithms. Secondly,
simulation models of real-world production systems tend to be computationally demanding with long
evaluation times. And when used for SMO that usually require thousands of evaluations, it might even
result in prohibitively long times for a SMO study, which can make the results obsolete when the
analysis is completed.
This paper has introduced a novel use-case of KDO, in which sequential bifurcation generates
knowledge prior to the start of the optimization; the knowledge is then used both for initialization of the
first generation of an EA and for a more efficient search process through the use of variable-wise
operators. Some promising results of using this KDO approach, showing the increase of efficiency when
applying SCORE bottleneck analysis on both academic benchmark models and real-world industrial
models have been presented. Generally concluded, the screening method sequential bifurcation has been
shown to be able to compute accurately the main effects of SCORE input variables. The positive results
have shown that by incorporating the knowledge about these main effects into an EA, in form of
variable-wise operators, can speed up SCORE analyses by providing promising starting solutions and
also by guiding the algorithm towards promising regions of the search space. More importantly, the
outstanding performance of this VWO approach has shown to be more pronounced when the number of
decision variable elevates. Future work includes further analysis of the performance and accuracy of the
SB-VWO algorithm by comparing with other available algorithms that use some difference approach,
e.g., reference point based NSGA-II.
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Manufacturing companies constantly need to explore new
management strategies and new methods to increase the efficiency of their production systems and retain their competitiveness. It is of paramount importance to develop new
bottleneck analysis methods that can identify the factors
that impede the overall performance of production systems
so that the optimal improvement actions can be taken. Many
of the bottleneck-related research methods developed in the
last two decades are aimed mainly at detecting bottlenecks.
Because the methods lack any predictive capability, they are
less useful for evaluating the effect of bottleneck improvements. An efficient and accurate method for pinpointing the
correct improvement actions and in which order they should
be carried out, as well as evaluating their effects on the overall system performance, is needed. SCORE (simulationbased constraint removal) is a novel method that enables
bottleneck analysis by using simulation-based multi-objective optimization. The work presented in this thesis describes how the efficiency, automation and accuracy of the
SCORE method can be improved in order to increase its applicability within industry.
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