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ABSTRACT
Supply chains are in general complex networks composed of autonomous entities whereby
multiple performance measures in different levels, which in most cases are in conflict with
each other, have to be taken into account. Hence, due to these multiple performance
measures, supply chain decision making is much more complex than treating it as a single
objective optimization problem. The aim of this work is thus to introduce a methodology to
address supply chain management (SCM) problems within a truly Pareto-based multiobjective optimization (MOO) context and utilize knowledge extraction techniques to extract valuable and useful information from the Pareto-optimal solutions. By knowledge extraction, it means to detect hidden interrelationships between the Pareto solutions, identify
their common properties and characteristics as well as to discover concealed structures in
the Pareto-optimal data set in order to support managers in their decision making. This
thesis proposes a new simulation-optimization framework, in which the simulation is based
on system dynamics (SD) and the optimization utilizes multi-objective meta-heuristic
search algorithms, such as the well-known NSGA-II. In order to connect the SD and MOO
software, this thesis introduces a novel SD and MOO interface application which allows the
modeling and optimization applications to interact. Additionally, this work also presents an
iterative SD-MOO methodology that addresses the issue of the curse of dimensionality in
MOO for higher dimensional problems, with the aim to execute SD-MOO in a computationally cost-efficient way, in terms of convergence, solution intensification and accuracy of
obtaining the Pareto-optimal front for complex SCM problems. In order to detect evident
and hidden structures, characteristics and properties of the Pareto-optimal solutions, this
work utilizes Parallel Coordinates, Clustering and Automated Innovization, which are three
different types of tools for post-optimality analysis and facilitators of discovering and retrieving knowledge from the Pareto-optimal set. The developed SD-MOO interface and
methodology are then verified and validated through two academic application studies and
a real-world industrial application study. While not all the insights generated in these application studies can be generalized for other supply-chain systems, the analysis results
provide strong indications that the methodology and techniques introduced in this thesis
are capable to generate knowledge to support academic SCM research and real-world SCM
decision making, which to our knowledge cannot be performed by other methods.
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C H A P TE R 1

INTRODUCTION
1.1 INTRODUCTION TO CHAPTER 1
This chapter presents the industrial and academic motivations behind this research, followed by its aim and objectives. The utilized research methodology and the key enabling
technologies, including supply-chain modeling, system dynamics simulation, simulationbased optimization and multi-objective optimization, are briefly introduced. Finally, an
overview of the organization of the thesis is provided.

1.2 RESEARCH MOTIVATIONS
In today’s highly competitive global marketplace, companies and organizations need to find
new ways to avoid waste through the effective design and efficient operations of their systems. In other words, using new methods and tools to optimize their systems is the key factor to leverage their effectiveness and to retain competitiveness. Computer simulation has
been described as the most effective tool for designing and analyzing systems (De Vin et al.,
2004). However, it is very often misunderstood in industry that simulation, if used standalone, is not a real optimization tool. Research efforts have been focused on integrating
generative tools with simulation software so that “optimal” or close to optimal solutions
can be found automatically. An optimal solution here means the setting of a set of controllable design variables (also known as decision variables) that can minimize or maximize
some measures of system performance.
The complex networks of supply chains are composed of several actors that strive toward
different purposes and have multiple performance measures at different levels, which in
most cases are in conflict with each other, which have to be taken into account in their operations. Due to the multiple performance measures, supply chain decision making is much
more complex than treating it as a single objective optimization problem. When a supply
chain is examined more closely, it is clear to see that it is a complex system that consists of
multiple entities, e.g., suppliers, manufacturers, distributors, and retailers, as mentioned
earlier, which individually have their own performance measures and objectives to optimize. While the retailer might aim to minimize the product price and lead time, the dis1
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tributor might be measured upon its ability to fully utilize the warehouse and the stockkeeping-units (SKUs), as well as the responsiveness in consolidating the customer order by
having short picking times or efficient picking routes. The manufacturer and supplier, on
the other hand, have another set of key performance measures – while the manufacturer
focuses on maximizing the throughput, minimizing the work-in-process together with minimizing its production batch sizes and set-up times, the supplier might mainly seek to minimize the work-in-process (WIP) and delivery time, as well as maximize quality and service
levels. However, optimizing these individual entities is not adequate when optimizing a
supply chain, as it is a dynamic network, consisting of multiple transaction points with
complex transportations, information and financial transactions between entities. Hence,
optimizing the supply chain as a whole is as crucial as optimizing the individual entities.
Moreover, the aim of supply chain management (SCM) is to align and combine all these
objectives, individual as well as the entire supply chain, so that they work towards a common goal – increasing the efficiency and profitability of the overall supply chain. SCM is
thus multi-objective in nature and involves several conflicting objectives, both at the individual entity level and at the supply chain level.
In general, optimization modeling approaches using, e.g., mathematical programming, require equation-based models of the system under study. The models also require a comprehensive knowledge of optimization from the developers and most real-world problems
are too complex to be formulated as manageable mathematical equations (Hong, 2005). As
a matter of fact, pure optimization models, when used on their own, are incapable of incorporating the dynamic behavior and complexities of systems or processes such as supply
chains (Better et al., 2008). Hence, in a supply chain optimization problem, the supply
chain needs to be depicted through simulation modeling, in order to capture its dynamic
behavior, and to be combined with optimization methods to attain optimal solution sets.
Such a combined use of the two approaches is called simulation-based optimization (SBO).
The simulation methodology used for the SBO framework is based on system dynamics,
which is an approach built on information feedbacks and delays in the model, in order to
understand the dynamical behavior a system (Angerhofer and Angelides, 2000). A system
dynamics model facilitates the representation, both graphically and mathematically, of the
interactions governing the dynamic behavior of the studied system or process, as well as
the analysis of the interactions and their emergent effects. Modeling with system dynamics
enables users to take a causal view of reality and implement quantitative means to investigate the behavior of the system and its response to various policies (Sterman, 2000).
Hedenstierna (2010) points out that system dynamics has been instrumental in understanding supply chain behavior which started with Forrester (1961), who proved the existence of the bullwhip effect and, in relation to this, the detrimental effect of promotions on
supply chain performance. Hedenstierna (2010) also explains that due to the system dynamics’ tendency to consider several different types of flow networks, there is often a need
for multi-objective approaches. Actually, such an idea can be found in much earlier publications by researchers such as Gottschalk (1986) and Towill and Del Vecchio (1994). They
discussed the use of multi-criteria utility functions. It is only recently that the research
community has initiated experimentation with multi-objective optimization in combination
with system dynamics models, such as Duggan (2008), Aslam et al. (2011) and Dudas et al.
(2011). A comprehensive literature survey, presented in Chapter 2, shows that most of the
research conducted on multi-objective optimization for SCM is based on mathematical approaches, e.g., linear programming, mixed integer programming, mixed integer linear programming, etc. In comparison with the large amount of publications on applying simulation approaches to SCM problems, it seems that the exploration of using simulation-based
optimization, especially within the context of multi-objective optimization, is far from adequate.
2
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Generally speaking, a multi-objective optimization procedure generates a solution set in
the objective space in which some of the solutions are optimal trade-off solutions among
the optimization objectives. These optimal solutions are generally known as Pareto-optimal
solutions which together constitute the so-called Pareto front. Thus, the generation of multiple Pareto-optimal solutions through the multi-objective optimization procedure is better
able to support a decision maker than a single-objective optimization, as the decision maker is provided with several optimal solutions to choose from when making a decision (Ng et
al., 2012). However, as suggested by Ng et al. (2012), a subsequent question that can be
more crucial to the decision maker is, ‘What makes these solutions optimal?’. According to
Deb (2003), there should be some similar characteristics among the Pareto-optimal solutions which constitute their optimality. Bandaru and Deb (2013) also point out that acquiring the correlation between the design and optimization objectives in a single problem can
provide hidden knowledge for solving similar problems. For example, retrieving hidden
knowledge from a specific problem might reveal that the Pareto-optimal solutions require a
design variable x to take a fixed or almost fixed value, whereas design variable y and variable z are required to be changed linearly or exponentially for an expected change in the optimization objectives. Hence, the insight acquired from such complex relationships not only
provides useful knowledge about how to solve the problem at hand optimally, but also provides can act as a rule of thumb for similar problems in the future. Such an idea of
knowledge extraction or discovery, through post-optimality analysis on the Pareto-optimal
solutions generated from multi-objective optimization, was first introduced by Deb and
Srinivasan (2006) in which they coined the term innovization, which means the act of revealing innovation through optimization.
While the original innovization concept targeted engineering design problems, through a
number of industrial application case studies, it has been shown to be an equally powerful
method for systems analysis and decision support for production systems (Dudas et al.,
2013, 2011; Ng et al., 2013, 2011). In particular, Dudas et al. (2013) introduce a distancebased simulation-based innovization (SBI) method that specifically aims to tackle the stochastic simulation output data. In comparison to the original innovization procedures reported in Deb and Srinivasan (2006), as well as the recently developed automated innovization algorithms revealed in Bandaru and Deb (2013b, 2011), which perform postoptimality analysis only on the Pareto-optimal solution sets, the uniqueness of the distance-based SBI methodology is that it uses the entire dataset generated from multiobjective optimization, so that it is possible to distinguish what characteristics the ‘bad’
(non-optimal) solutions possess. On the other hand, while the successful applications of
innovization have been illustrated in these recent studies for production systems analysis,
applying the innovization concept to any supply-chain systems has, to our best knowledge,
never been reported. Additionally, while discrete-event simulation (DES), commonly used
for production systems simulation, can be effectively used for supply-chain system simulation to a certain scale, when the number of entities involved are many and the simulation
time horizon is long (not uncommon to simulate the behavior of a supply chain for more
than 1 year), DES can be an ineffective approach for studying SCM under a SBO framework. Consequently, there is a need to develop a new SCM analysis method that links SBO,
in particular multi-objective optimization, to system dynamics models, which also covers
the post-optimality analysis step. It is strongly believed that such a novel SD-SBOinnovization methodology can be used to gain new insights for general SCM analysis, as
well as to provide useful knowledge to support specific but practical decision making in industry. Such knowledge cannot be obtained by any other existing approaches and therefore
represents the prime impetus of this research study. A comprehensive discussion regarding
DES and SD can also be found in Section 1.6.

3
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However, a SD-SBO-innovization methodology will require addressing the issue of managing the so-called curse of dimensionality, which refers to the issue of a significant increase
in combinatorial difficulty as the number of variables, such as input and output parameters, or dimensions, that is, optimization objectives, increases (Kuo and Sloan, 2005). Obtaining optimal solutions for a MOO problem is generally far more time-consuming than
finding optimal solutions for a single-objective optimization problem. The latter requires
less computation time due to the fact that the optimization only needs to search in one dimension (Chen et al., 2002). Deb and Saxena (2005) point out that increasing the dimensionality of the objective space, i.e., implementing multiple objectives, will also increase the
dimensionality of the Pareto front, resulting in an exponential increase in the number of
points required to represent the Pareto front. In addition, high dimensionality of input and
output variables, i.e., large amount of input and output parameters, will generate an exponential growth in difficulty regarding the modeling of the problem and optimization (Shan
and Wang0, 2010). Also, due to the combinatorial explosion of the problem, both the efficiency and accuracy of the optimization are also sacrificed (Koch et al., 1997).
The SD-SBO-innovization methodology is evaluated through three case studies, in which
case study 1 and 2 are based on well-known academic supply chain problems, whereas case
study 3 presents a MOO of a real-world internal supply chain. All three case studies incorporate the so-called stock management problem, as shown in Figure 1.1, which refers to the
issue of optimally regulating a stock or system to meet some system objectives, such as
managers seeking to attain low inventory levels whilst providing 100% service levels in
terms of fulfilled orders.

Figure 1.1: Case studies incorporating the stock management problem.

Case study 1 is based on the Beer Game, originally developed at the MIT Sloan School of
Management in the 1960´s (Sterman, 1989), which replicates a four echelon supply chain
mimicking beer production and distribution with the overall objective of fulfilling customer
demand whilst minimizing the inventory and backlog levels. The game also demonstrates
the existence of the so-called bullwhip effect. In case study 2, MOO and post-optimal analysis is performed on the inventory management model that represents a structure of a single
supply chain entity which seeks to find the optimal trade-offs between the sufficient supply
line, inventory coverage and customer demand. Sterman, (2006) points out that in order to
understand the behavior of a supply chain as well as the cause of its instability, it is necessary to study and understand the structure and dynamics of a single entity by exploring
how the single entity balances its production and inventory levels in order to fulfill customer demand. On the other hand, case study 3 is based on a real-world application depicting
an internal supply chain of a manufacturing company that seeks to balance system WIP
levels whilst decreasing the delivery delay to customer as well as evaluating different degrees of push and pull production strategies.

4
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1.3 RESEARCH AIM AND OBJECTIVES
The aim of this thesis is to address the supply chain optimization problem within a truly
Pareto-based multi-objective context and utilize knowledge extraction techniques to extract
valuable and useful information from the Pareto-optimal solutions. Knowledge extraction
means detecting hidden interrelationships between the Pareto solutions, identifying common properties and characteristics of the Pareto solutions, as well as discovering concealed
structures in the Pareto-optimal dataset, in order to support managers in their decision
making. This research aim can be further refined into the following objectives:
1.

Develop and implement an application interface for integrating SD and MOO
software, in order to realize the SD-SBO-innovization methodology and apply it to
subsequent application studies.

2.

Explore and apply data analysis methods and knowledge extraction techniques on
the Pareto-optimal datasets to assist decision makers to obtain knowledge about
the problems before they make their choices.

3.

To introduce a method for supply chain multi-objective optimization using System
Dynamics that can be able to specifically cope with the problem of high dimensionality or so-called curse of dimensionality, so that optimization data can be
generated within a reasonable time.

4.

Evaluate the proposed integrated applications and methodology against two academic test cases as well as a real industrial application study.

1.4 RESEARCH METHODOLOGY
In addressing the research questions, a multi-method approach is adopted that combines
quantitative and qualitative research. Robson (2011) explains that quantitative research
makes use of numerical data and seeks to identify findings that can be generalized to the
world at large. In contrast, qualitative research is typically non-numerical and concerned
with an in-depth understanding of phenomena within specific contexts. According to Johnson et al. ( 2007), combining quantitative and qualitative research into multi-method strategies often provides a greater understanding of the phenomena being studied and increases
confidence in the generated results. The overall methodical framework of this thesis is
based on the multi-methodical approach proposed by Nunamaker et al. (1990) which consists of four main building blocks, namely observation, theory building, experimentation
and system development. Following the research approach as shown in Figure 1.2, a comprehensive study (observation) regarding the existing supply chain MOO approaches is
conducted in the early phases of this work. The outcome of this study subsequently generated new ideas and concepts (theory building). Nunamaker et al. (1990) point out that the
theory building activity is the seedbed from which research objectives and hypothesis may
emerge as well as assist in guiding the design of experiments and conduct systematic ob5
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servations. Hence, the theory building activity has revealed the necessity of developing the
SD-MOO interface and SD-MOO supply chain methodology as well as guided the selection
of suitable case studies. The experimentation activity bridges the gap between theory building and observations as it concerns itself with validating the underlying theories through
the cases studies (Nunamaker et al., 1990). On the other hand, system development implements new and/or utilizes existing technological tools and applications in order to test,
measure and validate the underlying theories and concepts to demonstrate their feasibility
and applicability, which for the current research has been executed through the development and implementation of the SD-MOO interface.

Figure 1.2: A multi-methodological research approach .

An overview of the specific methods adopted in this study is presented below for the respective research objective.
Objective 1: Develop and implement an application interface for integrating SD and MOO
software in order to realize the SD-SBO-innovization methodology and apply it to subsequent application studies.
This objective is addressed using two research methods: literature review and software
development. A literature review of existing, related research is first conducted to establish
a deep understanding of the research area and explore requirements for integrating Systems Dynamics and Multi-Objective Optimization. Through software development, a system that connects Systems Dynamics and Multi-Objective Optimization within an SBO
framework is then designed and implemented. The use of software development as a research method is described, amongst others, in (Nunamaker et al., 1990) and (Hasan,
2003).
O2: Explore and apply data analysis methods and knowledge extraction techniques to the
Pareto-optimal dataset to assist decision makers to obtain knowledge about the problem
before they make their choices.
The methods applied to address this objective are experiments and statistical analysis.
Systematic experiments are first performed for various scenarios, in order to generate
6
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quantitative data. The collected datasets are then processed and analyzed using statistical
methods to draw conclusions.
O3: To introduce a method for supply chain multi-objective optimization using System
Dynamics that can be able to specifically cope with the problem of high dimensionality or
so-called curse of dimensionality, so that optimization data can be generated within a
reasonable time.
This objective is addressed using two methods: literature review and constructive research. A literature review of existing strategies for tackling the curse of dimensionality in a
multi-objective context is first conducted, in order to identify the strengths and weakness
of existing solutions. The findings from the analysis are then used to construct a new methodology for supply chain multi-objective optimization. The method of constructive research
is discussed, for example, by Shaw (2001) and Koskinen et al. (2012).
O4: Evaluate the proposed integrated applications and methodology against two academic test cases as well as a real industrial application study.
To address this objective, application case studies are conducted. The use of case studies as
a research method allows for contextual conditions to be covered and for contemporary
events to be examined (Yin, 2003). First, two application case studies are performed on
well-known academic problems to enable the results to be benchmarked and replicated. A
third application case study is then performed on a real-world problem to evaluate the industrial relevance of the proposed methods and techniques.

1.5 SUPPLY CHAIN MODELING
Modeling is an effective way of designing, understanding, or analyzing real-world processes
and systems. A model enables a decision maker to gain a better understanding of the complexity of a process/system and evaluate/predict its performance under various circumstances. A supply chain incorporates the integrated processes where products are transformed from raw material, e.g., from the suppliers, to finished products delivered to end
customers. Typically, these processes include different business functions in a company,
e.g., procurement, production, logistics, etc., the need to collaborate, coordinate and interact with each other, in order to produce the commodity of the supply chain (Kim et al.,
2004). Hence, supply chains can be seen as good examples of such complex systems which
require the modeling of processes in the presence of multiple autonomous entities (i.e.
suppliers, manufacturers, distributors, retailers, etc.), multiple performance measures and
multiple objectives, both local and global, which together constitute very complex interaction effects (Keramati, 2010). Li et al. (2002) describe that supply chain modeling is more
or less a prerequisite for supply chain integration and present four incentives for supply
chain modeling: (1) capturing supply chain complexities, e.g., interaction effects between
supply chain members, by better understanding and uniform representation of the supply
chain; (2) designing the supply chain management process in order to manage supply chain
interdependencies; (3) establishing the visions to be shared by supply chain members and
provide the basis for supply chain coordination and integration; and (4) facilitating the reduction of supply chain dynamics at supply chain design phases. Over the years, supply
chains have been depicted with many different modeling approaches, ranging from process
models, statistical models, optimization models, analytical models as well as simulation
7
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models. Simulation models in turn can be developed using various simulation techniques,
such as agent-based modeling, discrete event modeling, and system dynamics modeling. A
comprehensive taxonomy of various modeling approaches used over the years is presented
in Keramati (2010). A more comprehensive review regarding the different modeling approaches for supply chains can be found in Beamon (1998); Hung et al., (2006); Vidal and
Goetschalckx (1997).

1.6 SYSTEM DYNAMICS
The modeling method for supply chains proposed in this work is based on system dynamics
(SD), which is an approach built on information feedbacks and delays in the model, in order to understand the dynamical behavior of a system (Angerhofer and Angelides, 2000). A
SD model facilitates the representation, both graphically and mathematically, of the interactions governing the dynamic behavior of the studied system or process, as well as the
analysis of the interactions and their emergent effects. Modeling with SD enables users to
take a causal view of reality and implements quantitative means to investigate the behavior
of the system and its response to various policies. According to Campuzano and Mula
(2011), SD is a rigorous approach to qualitatively describe and explore supply chain processes, information, strategies, and organizational limits. It also facilitates modeling, experimentation and the analysis of both qualitative and quantitative aspects of supply chain design and the management of the supply chain and its network, without requiring comprehensive information or precise data, because it emphasizes the dynamic performance of the
investigated system through the combination of feedback loops. A SD model is derived
from the internal nonlinear structure of the system and is able to create new kinds of behaviors that might not have been observed in the present time but may occur in the future
(Bhushi and Javalagi, 2004). Sterman (2000) describes a supply chain as a system containing multiple autonomous entitles, which is characterized by a stock and flow structure for
acquisition, storage, converting inputs into outputs, as well as the decision rules governing
these flows. The existing flows in the supply chains, such as information, material, orders,
money, etc., create important feedbacks among the members of the supply chain, thus
making SD a well-suited approach for modeling and analyzing supply chains (Georgiadis et
al., 2005). SD is based on three central building blocks, namely; stocks, flows, and feedbacks, where stocks are accumulations which depict the state of the system and the content
of the stock is only changed through its in-and outflow. The flows, on the other hand, are
controlled through the ratio of various model variables that change the flows and thus the
stocks. The feedback loops represent the corrective measures taken by the system or a decision maker, in order to adjust the value of a variable towards its actual value or a desired
value (Campuzano and Mula, 2011).

Inventory
Production Rate
+

+

Shipment Rate
B

Feedback loop

Production Start
Rate

-

Inventory Gap

+ Desired Inventory

Figure 1.3: A simple SD stock and flow model with feedback loop.
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Figure 1.3 depicts a SD stock and flow model representing a simple manufacturing process,
utilizing the three building blocks of system dynamics modeling. In the manufacturing process depicted in Figure 1.3, it can be seen that the stock in this process is represented by the
system’s inventory where the inflow of production and the outflow of shipment rates increase and decrease the accumulated inventory levels. The production rate and inventory
gap variable constitutes the flow of products into the inventory, by defining the ratio production rate variable. The inventory gap variable is part of the feedback loop which takes
corrective measures to keep the inventory at a desired inventory level, by increasing or decreasing the inventory gap. As explained, the stocks accumulate or integrate their flows
where the net flow or rate, i.e., the inflow less the outflow, into the stock is the rate by
which the stock is changed, and where the stock, in this case the inventory, corresponds to
the following integral equation, where production rate(s) represents the inflow to the inventory at a time s between the initial time and current time :
(1.1)
However, in this work the process of accumulation of a stock is represented as:
(1.2)
represents the inventory in the previous time period, and
,
,
represent the variable values at current time . For a
more comprehensive introduction to system dynamics modeling, implementation, and
analysis, the reader is referred to Forrester (1961), Sterman, (2000) and Morecroft (2007).
Where

1.6.1 SYSTEM DYNAMICS AND DISCRETE-EVENT SIMULATION
Another frequently utilized modeling, experimentation, and analysis tool for decision support of logistics and supply chain problems is discrete-event simulation (DES). The two
modeling methods, i.e., SD and DES, are quite different in their approaches. DES models a
system as a network of queues and activities, and where the system state is changed at a
discrete point of time, whereas SD models, as explained, are based on stocks and flows in
which the system state is continuously changing (Brailsford and Hilton, 2001). Tako and
Robinson (2009) explain that in DES each entity, i.e., products, is individually represented
where specific attributes are attached to these entities in order to follow and determine
what happens to them during the simulation. On the other hand, in SD, entities are represented in a continuous quantity, like a fluid passing through a tank, making it impossible to
follow individual entities. A comparison of various differences between SD and DES is presented in Table 1.1.

9
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Aspects
Modeling
perspective

DES
Analytical, emphasis on detail
complexity

SD
Holistic, emphasis on dynamic
complexity

Problem Scope

Operation/Tactical

Strategic

Randomness

Utilizes random variables through
statistical distributions

Stochastic features are less
often utilized, averages of variables are used instead

Building Blocks

Network of queues and activities

Series of stocks and flows

Resolution

Individual entities,
decision and events

attributes,

Homogenized entities, continuous policy pressure

State Change

At discrete point of time, where the
model state is updated at en eventstep

Continuous, where the model
state is updated at very small
time step

Data

Quantitative

Quantitative and Qualitative

Feedback
effects

Models open loop structures, less
interested in feedbacks

Models casual relationships and
feedback effects

Model Results

Provides statistically valid estimates of system performance.

Provides a full picture, both
quantitatively and qualitatively,
of the system performance

Table 1.1: Comparison of differences between SD and DES, adopted from (Brito et al., 2011; Tako and Robinson, 2010).

Morecroft (2007) argues that the differences do not only lie within the technical characteristics of the two approaches, i.e., queues versus stocks, discrete versus continuous, stochastic versus deterministic, but also in their worldview. In accordance with this aspect, SD
deals with a deterministic complexity and DES with a stochastic complexity. While the dynamic behavior in SD is based on the feedback structure in the model, in a DES model the
dynamic behavior arises from the interactions between the random processes. According to
Morecroft (2007), this suggests that the unfolded future in a SD model is partly and significantly predetermined, whereas in a DES model the unfolded future is partly and significantly a matter of chance. While a problem from a SD worldview is investigated by first
identifying the feedback loops as well as the essential stocks, policies and information flows
of the system and then redesigning these policies in order to change the feedback structures and improve system performance, in the DES worldview the problem is addressed by
first identifying connecting random processes, together with their underlying probabilities,
queues, and activities, and then identifying more appropriate ways of handling the stochastic nature of the system, in order to improve system performance (Morecroft, 2007). Morecroft (2007), together with several other researchers such as (Brailsford and Hilton, 2001;
Brito et al., 2011; Lane, 2000), point out that DES is more suitable for operational and tactical level problems, since DES is able to handle operational detail as well as stochastic processes which are suitable for portraying details within operations, such as a process of
products moving through a set of interacting stochastic machines in a production line. In
addition, as random processes release individual entities, such as a product into a successive machine, DES is able to represent the details of the movements and queues of these
individual products in the production line. In other words, the attention to details is an essential characteristic 0f DES modeling. SD models, on the other hand, according to the
above-mentioned authors, are more suitable for handling strategic level issues with their
aggregated stock accumulation, flows, and coordinating network of feedback loops. Morecroft (2007) explains that in contrast to DES, a SD model would provide a distance view of
the operations in a production line where, instead of portraying machines, conveyers, buffers etc., the SD model would portray inventory, workforce, pressure-driven policies for inventory management and control, as well as workforce hiring. Furthermore, due to the holistic view of the production line operations, a SD model is able to depict feedback loops
that embrace the different functions and departments of the depicted system. However,
10
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despite the differences between the two approaches, Sweetser (1999) points out that the
main objective of both simulation approaches is to understand the behaviors of a modeled
system over time, as well as to compare the system’s performance when subjected to various conditions. According to Morecroft (2007), the selection between these approaches depends on the scope of the problem, the scale and level of detail required, as well as the
modeler’s preference. For a comprehensive discussion regarding the differences and similarities between DES and SD, as well as their suitability regarding problem scope, i.e., strategic, tactical or operational, the reader is referred to Brailsford and Hilton (2001); Brito et
al., (2011); Lane (2000); Tako and Robinson (2012, 2010). As previously explained, SD is
the modeling approach utilized in this work because all the case studies conducted are
more suitable to be depicted through SD than DES. Case 1 and 2 are well-known studies
within the SD domain which deals with dynamic decision making and complexity. However, these studies have so far, to our knowledge, never been studied from a SD-SBO perspective. On the other hand, application case study 3 requires a more holistic perspective of the
studied system in order to provide a complete picture, both qualitatively and quantitatively,
of the system performance. Additionally, as explained before, the computation time for an
evaluation is significantly lower for a SD model then for a DES model of equivalent level of
abstraction, making SD a more preferable choice from a SBO point of view.

1.7 SIMULATION-BASED OPTIMIZATION
SBO is the process of obtaining optimal system settings from sets of decision variables, i.e.,
input parameters, where the objective functions and performance of the system are evaluated through the output results of the simulation model over the system (Ólafsson and
Kim, 2002). Figure 1.4 presents a generic SBO process in which the optimization problem
and the simulation model are defined separately. The optimization engine incorporates the
optimization algorithms, input parameter boundaries, constraints, and the optimization
objectives, while the simulation model includes the depiction of the system environment,
its boundaries, as well as the endogenous and exogenous components and their relationship within the system. The two modules are connected through the defined input and output parameters, where the parameters are mapped into respective module. SBO is an iterative process which is initiated through the optimization algorithm by generating a set of
values for the decision variables within the parameter boundaries. These values then act as
input values for the simulation model. After receiving the input values from the optimization engine, the simulation run is executed, thus computing the performance measures of
the system. The performance measures, which include the optimization objectives and other output parameters of interest, are then fed back to the optimization engine. Based on
this feedback of current and past evaluations, the optimization algorithm then generates a
new set of decision variables for evaluation. This process is iterated until a stopping criterion is fulfilled, which might be that a certain amount of time has passed, objective values
have been reached, a defined number of evaluations have been performed, etc., (Syberfeldt,
2009). Hence, the SBO process treats the simulation module as a black box into which the
optimization engine feeds input values and from which it receives the response generated
by the simulation. Syberfeldt (2009) identifies several advantages of separating simulation
and optimization into individual modules. One of the main advantages is the possibility to
alter or develop the simulation model, without having to alter the optimization algorithm
and the opportunity to exploit the optimization algorithm in other problem areas or domains.
11
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Figure 1.4: A general Simulation Based Optimization process.

1.8 MULTI-OBJECTIVE OPTIMIZATION
Multi-objective optimization (MOO) is a discipline that has been studied since the 1970s.
Its application areas range widely from resource allocation, transportation, and investment
decisions to mechanical engineering, chemical engineering, and automation applications,
to name a few. In contrast to single-objective optimization, in which only one objective
function is considered, MOO considers multiple objective functions simultaneously and
seeks to identify a set of optimal solutions which are defined as Pareto-optimal solutions. A
solution is considered to belong to the Pareto-optimal set when there is no other solution
that can improve at least one of the optimization objectives without deteriorating any other
objective. This set of solutions is also known as the Pareto front when plotted on the objective space. Figure 1.5 illustrates the concept of decision and objective space, as well as the
domination and non-domination of solutions in MOO. The search space of a multiobjective optimization problem is represented by the decision space where the design variables, i.e., the input parameters, constitute a set of solutions that are evaluated through a
solver, which in this work is mainly a simulation model, and mapped to the objective space.
Thus, a certain solution A with its inherent values of the design parameters x and x is
evaluated through the solver which subsequently results in A′ in the objective space representing the fitness or performance of solution A in terms of the objective functions f and f .

Figure 1.5: Concept of Non-domination, Decision and Objective Space.
12
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The main concept of MOO is to evaluate two or more conflicting objectives against each
other and obtain the Pareto-optimal solutions and the Pareto front (Basseur et al., 2006).
This comparison of the solutions is executed on the basis of the domination concept in
which a solution is said to dominate a solution if is no worse then , with respect to
is strictly better than
in at least one optimizaall optimization objectives, and where
tion objective (Deb, 2001). A simple method of handling a MOO problem is to form a composite objective function as the weighted sum of the conflicting objectives. Since the weight
for an objective is proportional to the preference factor assigned to that specific objective,
this method is also called the preference-based strategy (Deb, 2001). Apparently, preference-based MOO is simple to apply, because by scalarizing an objective vector into a single
composite objective function (e.g., combining all performance measures into a weighted
average objective function to represent the overall system cost), a MOO problem can be
converted into a single-objective optimization problem and, thus, a single trade-off optimal
solution can be sought effectively. However, the major drawback is that the trade-off solution obtained by using this procedure is very sensitive to the relative preference vector.
Therefore, the choice of the preference weights and thus the obtained trade-off solution is
highly subjective to the particular decision maker. At the same time, it is also argued that
using preference-based MOO to obtain a single ‘‘global’’ optimal solution for multi-tier systems, like supply chains, is not desirable if the ‘‘global’’ optimum suggests a set of decision
variable values that may sacrifice the performance of the sub-system level. For example,
the optimal solution found by the simulation optimization may be optimal when the overall
supply chain is considered, but totally unacceptable to the company that plays the role of
the manufacturer. Therefore, for a decision maker, it would be useful if the posterior Pareto
front can be generated quickly by using a MOO algorithm, as shown in Figure 1.6, so that
he/she can choose the most suitable configuration among the trade-off solutions generated.

Figure 1.6: General Pareto-based MOO procedure.

1.8.1 MULTI-OBJ ECTIVE META-HEURISTICS
As in the case of single-objective optimization, MOO approaches can be classified into exact algorithms and approximate algorithms which are also known as heuristic approaches. Basseur et al. (2006) point out that exact search algorithms are more suitable and effective for small size problems and problems with up to two optimization objectives, as not
13
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many exact approaches can cope with the issues of the problem’s NP-hardness complexity
and the multi-objective nature of the problem at once.

Figure 1.7: A synoptic taxonomy of MOO approaches.

Heuristic approaches, on the other hand, are essential for solving large-size problems, such
as NP-hard problems and problems with two or more optimization objectives. However,
heuristic methods cannot be guaranteed to find the exact optimal sets, instead, these approaches obtain an approximation of the optimal set as they seek to obtain feasible/nearoptimal solutions at a reasonable computational cost (Basseur et al., 2006). Heuristic approaches are further divided into specific heuristics and meta-heuristics, as shown in Figure 1.7. Specific heuristic algorithms are specifically designed and developed for a certain
problem. Meta-heuristics, on the other hand, are general purpose algorithms which are
considered to be high-level strategies guiding underlying heuristic algorithms to explore
the search space and solve the optimization problem (Blum and Roli, 2003). Jones et al.
(2002) argue that the greatest advantage of meta-heuristic algorithms, besides the fact that
they are well-suited to optimizing NP-hard problems, as in the case of heuristic algorithms
in general, is their flexibility regarding their applicability to a diverse set of problem domains and optimization problems. This is mainly due to the fact that the optimization function is considered as a black-box, and their connectivity to a range of modeling approaches.
Over the years, researchers have also demonstrated the applicability of meta-heuristics to
supply chain problems. For example, in their state-of-the-art review regarding SBO approaches in the context of SCM, Abo-Hamad and Arisha (2011) disclose that metaheuristics has been the most popular and implemented optimization technique during the
last decade, within the application areas of SCM, such as inventory management, production planning & scheduling, transportation & logistics, as well as supply chain design, and
integration & collaboration. A compressive review regarding the implementation of metaheuristic algorithms in the supply chain domain can be found in Abo-Hamad and Arisha
(2011) and Griffis et al., (2012). Ramalhinho-Lourenco (2001) points out that features of
the meta-heuristic algorithms are well-suited to solving SCM problems. Besides the ability
to solve very complex and hard combinatorial optimization problems, their modular nature
and problem independence results in shorter development and updating time of the optimization problem, which is crucial for coping with the rapid changes in a supply chain and
the resulting short decision window for a decision maker. The features of meta-heuristics
and their proven applicability in supply chain problems have motivated using them for the
optimization procedure implemented in this thesis. Meta-heuristics can utilize either a single solution based search or a population-based search. A population-based search, in
contrast to a single solution based search, generates a whole population of solutions for
evaluation, whereas the single solution based search approach only has the possibility to
manipulate and evaluate one solution at a time. Talbi (2009) also explains that populationbased algorithms are explorative in nature, i.e., they permit a diverse exploration of the
search space, whereas single solution-based algorithms are better suited to finding solu14
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tions within a specific region of the search space. When optimizing multiple objectives, the
population-based approach is often chosen, since multiple Pareto solutions can be captured
in a single optimization run with this approach. As the optimization procedure in this thesis aims at multi-objective Pareto optimizations, the population-based approach has also
been chosen in this work.
Although meta-heuristic algorithms can offer many advantages, their application is, however, not completely straightforward. Talbi (2009) denotes that when meta-heuristics are
applied to a multi-objective problem, the designer of the meta-heuristic algorithm has to
consider the dynamic balance of intensification and diversification, where intensification
refers to the exploitation of the best solutions found by the algorithm and convergence to
the optimal solution sets, while diversification refers to the exploration of the search space
and distribution of the obtained solutions around the optimal set. Hence, intensification
ensures the generation of the approximated or near-optimal solutions and diversification
ensures a wider spread of the optimal solutions covering different areas of the objective
space, in order to limit the loss of valuable information regarding the trade-offs of the conflicting objectives. Another aspect to consider with meta-heuristics is that many real-world
problems are NP-complete, and NP-complete problems are known to be associated with a
high computational cost, since finding an optimal solution requires an extensive search
(Syberfeldt, 2009). A problem can also be computationally expensive even though it is not
NP-complete; real-world optimization problems generally involve an immense number of
possible solutions, and hundreds or thousands of simulation evaluations are needed before
an acceptable solution is found (Boesel et al., 2001). This holds true especially for multiobjective problems, where a significantly larger portion of the search space needs to be explored to obtain a set of Pareto-optimal solutions (Streichert et al., 2005). Even with improvements in computer processing speed, one single simulation may take a couple of
minutes or hours of computing time. This potentially renders enormous amounts of optimization time and is an issue that must be considered when applying meta-heuristics in
real-world scenarios.

1.9 POST-OPTIMALITY
As earlier discussed, the MOO procedure generates a set of Pareto-optimal solutions, which
are superior to all dominated solutions in the objective space and inferior to other Paretooptimal solutions in at least one objective, thus providing a decision maker with a whole set
of optimal alternatives to choose from, for the investigated problem. However, selecting a
solution for implementation can be a difficult task, because the Pareto-optimal solution set
can be very large (Taboada and Coit, 2006; Ulrich, 2012), in terms of volume, and difficult
to visualize, in terms of dimensionality. Post-optimal analysis, which Venkat et al. (2004)
define as “the study of a set of solutions obtained from an optimization problem”, is thus
essential in multi-objective decision making, since the decision maker is required to identify a Pareto-optimal solution or a subset of preferred Pareto solutions from a very large Pareto set. Here, it could be argued that by limiting the generation of such a huge Pareto set,
this issue could be resolved. However, Venkat et al. (2004) emphasize that the reason for
acquiring a high-volume Pareto-optimal set is to provide the decision maker with a diverse
set of unbiased solutions. Thus, managing and visualizing high-volume and highdimensional datasets are crucial for decision making. Figure 1.8 illustrates the post-optimal
analysis process and the post-optimal analysis tools utilized in this work. As the figure depicts, the post-optimality analysis is performed on a Pareto-optimal solution set obtained
15
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from the MOO and the supply chain-MOO methodology. The main concept of post-optimal
analysis is not only to plot the Pareto-front, but also to visualize and analyze the relations
between design variables, output variables, and the optimization objectives, in order to find
and discover both evident and hidden properties of the solution set and thus the system
and its behavior. The post-optimal analysis can be executed utilizing several different tools.
This thesis work utilizes three post-optimal analysis tools for the post-optimal analysis process and to manage the large Pareto set generated for the case studies, namely, Parallel Coordinates, Clustering and Innovization. These three post-optimal analysis tools also assist
in retrieving hidden insight and knowledge from the inherent properties and characteristics of the Pareto-optimal solutions. The post-optimal analysis itself is an iterative process
in which the analyst or the decision maker continuously shifts between the post-optimal
analysis tools, in order to better visualize, analyze, and discover the properties of the solution set. In the same manner, the interaction between the post-optimal analysis process
and the analyst or decision maker is also iterative, because a first insight or new knowledge
discovery about the system, for example, by obtaining decision rules and mathematical design principles or discovering solution characteristics and hidden structures, could generate further analysis and visualization of the dataset using the same or another post-optimal
analysis tool. Each post-optimal analysis tool utilized in this thesis has its own characteristics and advantages which will be presented and discussed in Chapter 4.

Figure 1.8: Post-optimal analysis process.

1.10

THESIS ORGANIZATION

After this introduction chapter, the rest of the thesis is organized as follows: Chapter 2 provides a comprehensive literature review over MOO for SCM which provides the incentive of
conducting the research presented in this thesis. Chapter 3 presents the new interface application developed in this research which facilitates interaction between SD and MOO
software’s within a SBO-framework in order to generate Pareto-optimal solutions. Chapter
4 furthers the details of the concept of post-optimality and the post-optimal analysis tools
utilized in this thesis, which are parallel coordinates, clustering and automated innovization, in order to understand and gain insight to evident any hidden properties of Paretooptimal solution sets. Chapter 5 presents the novel SD-MOO methodology for supply chain
MOO which supports the MOO to obtain the Pareto-optimal set in a computationally efficient manner by managing the curse-of-dimensionality issue in high-dimensional MOO
problems. Chapter 6, 7 and 8 present three different application case studies which apply
the techniques and methods introduced in the previous chapters. Two academic case studies are presented in Chapter 6 and 7. While chapter 6 explores the MOO of the well-known
16
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Beer Game, Chapter 7 conducts a MOO for the stock management problem. Chapter 8, on
the other hand, provides a MOO analysis of a real-world industrial application case study of
an internal supply chain, where different strategies are compared for a real-world automotive manufacturer in Sweden. Figure 1.9 illustrates the relationship between all these major
chapters in this thesis and how they relate to the research aim and objectives described in
Section 1.3. Finally, overall conclusions, contributions to knowledge, and future work that
can be extended from this thesis work can be found in Chapter 9.

Figure 1.9: Relationship between major thesis chapters.
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C H A P TE R 2

LITERATURE REVIEW
2.1 INTRODUCTION TO CHAPTER 2
This chapter presents a comprehensive literature review of existing multi-objective optimization applications, both analytical-based and simulation-based, in SCM publications. Later in the chapter, the need of an integration of multi-objective optimization and system dynamics models is justified.

2.2 LITERATURE REVIEW: MOO FOR SUPPLY
CHAIN MANAGEMENT
The literature review presented in this chapter focuses on research in which different authors have utilized MOO techniques for managing supply chains, in contrast to other reviews, such as Meixell and Gargeya (2005), Vidal and Goetschalckx (1997), and Kadadevaramath and Mohanasundaram (2008). The survey in Meixell and Gargeya (2005) mainly
focuses on the issues regarding supply chain design problems and most of the reviewed papers are based on single-objective optimization. In Vidal and Goetschalckx (1997), the authors concentrate their survey on mixed-integer programming (MIP) models for supply
chains and, as in the previous review, the majority of papers are based on single-objective
optimization. Additionally, the scope of the current chapter attempts to cover all supply
chain areas, including supply chain design, operation, facility location, supplier selection,
etc., as long as the SCM problem has been solved with the help of MOO. In this sense, the
review reported in Kadadevaramath and Mohanasundaram (2008) can be seen as the closest related work to our targeted scope. However, their main focus lies in presenting a research trend in a specific area of SCM, namely, supply chain revenue management. With
the above mentioned scope in mind, a search ranging over various major international
journals of management science and operations research conducted, including: European
Journal of Operational Research, International Journal of Production Economics, International
Journal of Production Research, International Journal of Management Science, International Journal of Information Science, Journal of Computers & Industrial Engineering, Journal of Transporta19
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tion Research, International Journal of Revenue Management, Journal of Computers & Operations
Research, European Journal of Purchasing & Supply Management, etc. From these sources, publications in the area of applying MOO for SCM were selected, which span over the last two
decades. After examining the articles, the publications where divided into three main areas,
namely, mathematical programming techniques, which include mixed-integer programming (MIP), mixed-integer linear programming (MILP), mixed-integer non-linear programming (MINLP), etc., simulation techniques, which include DES, SD, Petri nets, Multi
Agent Systems (MAS) incorporating Agent Based Simulation (ABS), etc., and modeling
techniques not depicted, where all the papers in which the authors do not explicitly specify
what approach they utilized to model the supply chain are gathered.

2.2.1 MATHEMATICAL PROGRAMMING TECHNIQUES
This section presents publications in which authors have used mathematical programming
techniques to model the supply chain. For instance, Yimer and Demirli (2010) present a
two-phase MILP model over a multi-product, multi-plant build-to-order (BTO) supply
chain. The purpose of the paper is to address the dynamic scheduling of materials through
the supply chain, which ranges from replenishment, component manufacturing, and customized assembly to the distribution of the products. In the proposed approach, the authors separate the supply chain into two sub-systems which are then evaluated and analyzed sequentially. In the first phase, they look at the assembly and distribution schedule of
the customizable product, while in the second phase they focus on manufacturing and procurement planning of components and raw materials. The two sub-systems were formulated as MILP models for the purpose of minimizing the associated aggregate costs whilst
maximizing the customer satisfaction. The authors used a genetic algorithm (GA)-based
solution procedure to solve the sub-problems. Another MILP model for MOO using GA in
supply chains is presented in (Altiparmak et al., 2006) where a company that produces
plastic products needed to design a supply chain, i.e., to choose suppliers and to define the
sub-sets of manufacturing plants and distribution centers, as well as create the distribution
network strategy that would satisfy the capacity and demand requirements of the product.
The objective of the study was to minimize the total cost of the supply chain, maximize the
customer service level, in terms of acceptable delivery times, and maximize the capacity
utilization balance for the distribution centers. Some observations that can be made from
the investigation are that the cost of the supply chain decreased when the service quality
and equity with regard to utilization ratios for the supply chain were reduced. The authors
also noticed that when all Pareto-optimal solutions were examined, one specific plant was
operational in each solution and four distribution centers were operational in 90% of the
solutions. In addition, the authors compared the performance of the GA with an approach
in which they implemented simulated annealing. This comparison shows that the GA outperformed the simulated annealing approach, with regard to finding the most Paretooptimal solutions, and with better quality of these Pareto-optimal solutions. In (Hugo et al.,
2005), the authors investigate a future hydrogen cell supply chain. They argue that in order
for hydrogen to succeed as sustainable fuel source for cars in the future an entirely new infrastructure needs to be created, from production, through storage, distribution and disposal. To assist the strategic decision making process of designing a new supply chain network, they present a generic MILP optimization model in order to identify optimal investment strategies and integrated supply chain configurations. When optimizing they look at
both investment and environmental criteria, in which they try to establish the optimal
trade-off between net present value (NPV) and the greenhouse gas emissions throughout
the lifecycle of the hydrogen cell. The authors also conducted a case study in which they
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showed that the MILP model could identify an optimized supply chain design as well as capacity expansion policies and investment strategies. Authors in (Chen and Lee, 2004) examine the simultaneous MOO of a multi-echelon supply chain with uncertain customer
demand and product prices by implementing fuzzy MOO method. They develop a supply
chain model as a MILP problem that investigate how to maximize each participant’s expected profit, the average safety inventory levels for each entity, the average customer service level for the retailer, the robustness of selected objectives to demand uncertainty and
maximize the acceptability levels of buyers and sellers regarding product price. The demand uncertainty is handled as discrete scenarios with specified probabilities, whereas the
product price uncertainty is handled as fuzzy variables. In their results, Chen and Lee (
2004) point out that considering robustness measures as part of multiple objectives significantly reduces the variability of other objective values to product demand uncertainties.
They also show that the proposed fuzzy decision method provided a compensatory solution
for the multiple conflicting objectives. Guillén et al. (2005) also present a MILP model of a
supply chain to solve a stochastic multi-objective problem, by using the standard constraint method and branch-and-bound techniques. The problem statement that they
investigate regards the configuration of a supply chain that maximizes the NPV and the
demand satisfaction while minimizing the financial risk that they define as a probability of
not meeting a certain profit target level. The result of this study provided the decision makers with a set of Pareto-optimal solutions from which they could choose their supply chain
configuration based on their preferences. In Sabri and Beamon (2000), the authors present
a supply chain model for the simultaneous strategic and operations planning of the supply
chain. The model consists of a four -echelon (suppliers, manufacturing plants, distribution
centers and customer zones) supply chain which is divided into two sub-models, namely,
the strategic sub-model and the operational sub-model. The strategic sub-model’s objective
is to optimize the supply chain configuration and material flow. More specifically, the authors use the -constraint method to: (1) seek the optimal number and locations for the
plants and distribution centers; (2) determine the best distribution centers for the customer zones; (3) optimize the material flow throughout the supply chain. The objective function for this sub-model is to minimize cost while ensuring sufficient volume flexibility. The
operational sub-model is integrated with the strategy, in order to incorporate the uncertainty of production, transportation, and distribution. Hence, when the output variables of
the strategic sub-model have been determined, customer demand, required service and
flexibility levels, cost, lead times, etc., are estimated under uncertainty. The multi-objective
function in the operational sub-model incorporates all trade-offs between costs, service
levels and flexibility levels. Thus, the model that is presented in this paper is based on an
iterative structure; one first optimizes the strategic sub-model for an existing or a proposed
supply chain configuration, thereafter, the output variables from the strategic sub-model
are sent to the operational sub-model as input data and the operational sub-model is optimized, based on the determined supply chain configuration. Output variables from the operational optimization runs are sent back to the strategic sub-model where a new optimization is performed with the new variables which also incorporate uncertainty. In all of the
above presented publications, supply chains have been modeled utilizing MILP; however,
there are several publications that model supply chains with the help of MINLP. In contrast
to Chen and Lee (2004), the authors in (Xu et al., 2008) develop a fuzzy multi-objective
MINLP model for a single product, multi-stage, multi-objective supply chain design problem for which they propose an approach based on spanning tree-based GA (st-GA) for a
Chinese liquor company. The company intends to start producing fruit beverages and
wants to design a supply chain network for the new product, in order to determine the
number and location of plants and distribution centers (DC), as well as to determine the
optimal distribution strategy that will satisfy the demand in a cost-effective manner, in a
fuzzy market demand environment. To do so, the MINLP model considers two objectives,
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namely, minimization of the total cost, which includes fixed plant and DC costs, as well as
inbound and outbound distribution costs, and the maximization of customer service level,
which is basically the acceptable delivery time. In conclusion, the authors compare st-GA to
a matrix-based GA, in order to see the efficiency and effectiveness of the st-GA in a random
fuzzy environment. Guillén-Gosálbez and Grossmann (2010) investigate a supply chain design and planning problem for a sustainable chemical supply chain. The aim of the paper is
to identify a supply chain configuration, e.g., number, location and capacities of plants and
DC, and transportation links between the entities, together with its optimal planning decisions, such as production rate at plants, material flow between plants, DC and market, etc.
The authors formulate the overall problem as a bi-criterion stochastic non-convex MINLP
that attempts to optimize two objectives, namely, maximize the NPV and minimize the environmental impact. The authors solve the bi-criterion stochastic non-convex MINLP problem by applying the -constraint method and the spatial branch-and-bound technique.
They also present two examples of a case study which show that there is a clear conflict between economical and environmental factors in SCM. However, they point out that the approach presented in their paper allows them to identify process alternatives that can reduce
the environmental impact by adjusting the strategic supply chain decisions. In (Pishvaee et
al., 2010) the authors study a supply chain network design problem for a forward/reverse
logistic network. They present a bi-objective MINLP model representing a multi-stage logistic network which includes production, distribution, customer zones, collection/inspection centers, as well as disposal centers. In their paper, the authors argue that in
the vast majority of cases logistic networks are designed for forward logistic activities, i.e., a
traditional supply chain, without taking into account the reverse flow of the products, i.e.,
from customer to disposal centers. The main focus of their study is to determine the location, amount and capacity of production, distribution, collection and disposal centers, as
well as determining the product flow between the mentioned facilities. For the MOO and to
find the non-dominated solutions, they develop a multi-objective memetic algorithm
(MOMA) which, similar to GA, is a population-based heuristic algorithm. The authors
point out that pure GAs often lack the capability of sufficient search intensification, whereas memetic algorithms provide additional local searches and combine the advantages of
efficient heuristics incorporating domain knowledge and population-based search approaches. The objective functions that they consider are minimizing the total cost, which
includes fixed costs for opening the different centers and transportation costs, as well as
cost savings from integrating different centers at one location. The second objective is maximizing the responsiveness of both the forward and reverse networks. In conclusion, they
compare their MOMA with the multi-objective genetic algorithm (MOGA), presented in
(Hugo et al., 2005), and the LINGO 8.0, which is an optimization software. According to
their results, their MOMA performed better than the MOGA, in terms of average ratio of
obtained Pareto-optimal solutions, while the comparison between LINGO and MOMA
shows that the quality of the solutions from their MOMA was reasonable. In both (Chen et
al., 2003) and (Mitra et al., 2009) the authors apply fuzzy methods for the MOO and both
studies formulate the supply chain as a MINLP model; however, they investigate two different topics. In (Chen et al., 2003) they try to establish a fair profit distribution for a traditional supply chain, by developing a multi-stage, multi-product, multi-period production
and distribution planning model which they later formulate to an MINLP problem. The optimization objectives in the study are to maximize the customer service level, maximize the
safe inventory level, and maximize the profit for each supply chain entity. Fuzzy sets were
used to obtain the trade-off solutions among the participating entities in the supply chain.
In contrast to this, Mitra et al. (2009) attempt to study the effects of uncertain parameters
for a mid-term supply chain planning problem where there are no available probability distributions for these parameters. For their study, the authors built five different models; two
LPs, one MILP, and two MINLP models. The authors found that the MINLP mid-term
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CH AP T ER 2 LIT ER AT UR E R E VI EW

planning model developed by McDonald and Karimi (1997) performs the best. In addition,
they applied a fuzzy programming approach to the MOO for the purpose of minimizing the
costs whilst maximizing the demand satisfaction. In (Franca et al., 2010), as in GuillénGosálbez and Grossmann (2010), the authors also use the -constraint method, but here
they develop a multi-objective stochastic model which uses Six Sigma measures to evaluate
the financial risk. They also propose a two-stage approach in which the strategic variables
are investigated first, i.e., which manufacturing plants and distribution centers should be
opened, then the operational variables are examined, i.e., material flow between the entities, capacity, production, etc. The authors seek to maximize the total profit for the supply
chain and to increase the Sigma quality level by minimizing the total number of defects obtained from the suppliers. A multi-objective stochastic MINLP approach is used in (Azaron
et al., 2008) to study a supply chain design problem under uncertainty. In this study, demands, supplies, shortages, processing, transportation and costs for capacity expansions
are all considered uncertain parameters. Here, as in (Franca et al., 2010), the authors also
propose a two-stage approach in which the first stage deals with the network configuration
and the second deals with decision variables related to the number of products to manufacture and store, material flow, etc. For the MOO and general Pareto-optimal solutions, they
use a variation of the goal programming approach called the goal attainment technique.
The three objective functions in this study are: 1) minimizing the total investment expenses
for the first- and second-stage processing, transportation, shortage and capacity expansion
costs, 2) minimizing the variance of the total cost, and 3) minimizing the financial risk. The
authors in (Al-Mutawah et al., 2006) present a mathematical modeling approach for three
sub-chains of a supply chain where they decompose the supply chain participants into four
models. The three sub-chains, which are the supplier, manufacturer, and the retailer, incorporate decision making regarding stochastic customer demands, procurement scheduling, production scheduling, and resource allocation. Each model of the above mentioned
supply chain entities tries to maximize its utility, which is achieved by maximizing the net
profit. The fourth model which the authors present is the broker; this model manages all
the issues regarding resource allocation amongst the supply chain participants. The broker
also deals with maximizing the utility of the entire supply chain network. Hence, the authors present an approach where each entity model represents its optimal solutions with a
set of tuples and then, given these solutions, the broker maximizes the supply network and
presents possible configurations of the supply chain as a set of tuples. To perform this optimization, the authors propose a distributed multi-objective GA (DMOGA), which they
claim is known to be an efficient algorithm for distributed GA. According to the authors,
the main difference between traditional MOGA and DMOGA is that being able to use subpopulations in DMOGA allows one to exploit information in a better way. Utilizing the
DMOGA, the authors broke down the population of the entire supply chain decisions into
four subpopulations, where each subpopulation implemented traditional GA to generate
sets of optimal solutions. After generating a set of optimal solutions, the subpopulations
swap the strings with the help of the migration operator; this procedure is only done for the
optimal solutions which are obtained when running the local GA on the individual models.
In their paper, the authors also present a case study where they investigated how to obtain
the best combination of products, customers, and parts that maximizes the revenue of the
supply chain participants as well as the utility of the entire supply chain. Their study reveals that the DMOGA could find optimal or near-optimal solutions for the problem in
question as well as that the DMOGA improved the computational performance. Researchers in (Ustun and Demı˙rtas, 2008) have also presented a paper investigating a supplier
selection problem; here the authors’ aim was to integrate the analytic network process
(ANP) with multi-objective MINLP, in order to examine tangible and intangible factors for
choosing the best of the suppliers and defining the optimal order quantities among the selected suppliers. The authors present a two-stage approach, namely, the selection stage and
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the shipment stage. In the selection stage, they evaluate the suppliers on the basis of 14 criteria that concern benefits, opportunities, cost, and risk for a company. To determine the
suitable suppliers, the authors use the ANP, which is an extension of the analytic hierarchy
process (AHP), but the difference is that in the ANP there is a feedback loop between elements at different levels of the hierarchy as well as between elements at the same level. The
shipment stage utilizes the developed multi-objective MINLP model to obtain nondominated solutions for the objective functions. To solve the MOO problem, the authors
implemented two approaches, the -constraint method and a reservation level-driven
Tschebyscheff procedure (RLTP), which were subsequently evaluated against each other.
For the optimization, three objectives were considered: maximizing the total value of purchasing and minimizing the budget as well as the defect rate. Results from a numerical example show that the RLTP approach was better than the -constraint method. Another
supplier selection issue is presented in (Narasimhan et al., 2006); here, the authors propose a mathematical model using Microsoft Excel for a single buyer, multi-objective, multisupplier, multi-product procurement problem incorporating product lifecycle (PLC) aspects in the sourcing strategy of a purchasing company. For the MOO, a standard
MINMAX technique is utilized to obtain the Pareto-optimal solutions, with the aim of minimizing the overall cost of procurement and maximizing the total quality level of a product
and the delivery performance. Du and Evans (2008) address a closed-loop reverse logistic
network problem which deals with product returns that require service. Addressing the
problem, the authors developed a multi-objective MIP optimization model, with the aim of
minimizing the total reverse supply chain cost and the total tardiness of the cycle time. To
run the optimization, a combination of three different algorithms, namely, scatter search
(SS), dual simplex method, and constraint method, was used. The SS algorithm is used to
deal with discrete/binary variables in the model which, e.g., could represent capacity planning among potential facilities in the reverse network. On the other hand, the dual simplex
algorithm is implemented to represent the transportation arrangement and to deal with
continuous parameters in the MIP model, while the constraint method is utilized to obtain
the non-dominated solutions for the reverse supply network. The numerical results from
their study show that they were able to obtain trade-off relationships between the analyzed
objectives and configure a reverse logistic supply chain. Both Jayaraman (1999) and Farahani and Asgari (2007) present a facility location problem. Jayaraman (1999) investigates a
service facility location problem, in order to find the location of a given number of service
facilities in a supply chain network. In the study, the authors develop a MIP model implementing the non-inferior set estimation (NISE) method for the MOO that incorporates
three objective functions. The first two objectives are cost related, where one cost objective
regards the costs occurred when opening a facility, e.g., the fixed cost required to open a
facility, while the other cost-related objective is the operating cost. The third objective is to
fulfill the customer demand as quickly as possible. Hence, the authors seek to minimize the
fixed costs incurred when opening a facility, minimize the operating cost incurred when
satisfying customer demand, as well as minimize the average response time that is required
to serve the customer demand. In contrast to finding the optimal service facility locations,
the authors in Farahani and Asgari (2007) investigate a DC location problem in a realworld military logistic system, with the objective to establish the least number of DCs at the
best possible locations, hence minimizing the cost of establishing the DCs and maximizing
the quality of the locations. To solve this problem, the authors develop a LP model that implements the utility function method, in order to perform the location optimization. Both
these studies show that one can establish, operate, and locate the respective studied facilities, in a cost effective manner, while satisfying customer demands. In the papers of Erol
and Ferrell Jr.(2004); Karpak et al. (2001); Li and Zabinsky (2011); and Wadhwa and
Ravindran (2007), the researchers have investigated the supplier/vendor selection problem. Karpak et al. (2001) propose a mathematical, supplier selection model that utilizes
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visual interactive goal programming (VIG), in order to obtain non-dominated solutions. A
case study of a hydraulic gear pump manufacturer is presented that examines a multiple
replenishment purchasing problem, in order to assist the company select suppliers and allocate orders among them. The multiple objectives of this case study were to minimize the
purchasing costs, maximize the quality of the products purchased from different suppliers,
and maximize the delivery reliability of each product. The result shows that with the help of
MOO the purchasing team was able to find solutions that increased the quality while decreasing the costs. Wadhwa and Ravindran (2007) formulate a vendor selection problem,
by exploring quality, lead-time, and the total cost of purchasing with regard to quantity discount, as the three objective functions for the optimization. The authors develop a mathematical model that considers multiple buyers and vendors. The multi-objective problem is
solved utilizing three approaches; weighted objective, goal programming, and compromise programming. A comparison of these techniques together with a single-objective
formulation, where the objective is to minimize the price, is performed using the value
path approach. The result shows that the goal programming technique was the most suitable approach for this vendor selection problem. Erol and Ferrell Jr. (2004) present an integrated methodology that simultaneously addresses both the supplier selection and the customer assignment problems. One aspect of the proposed methodology is to select appropriate suppliers from the point of view of each warehouse and the other aspect of the methodology is to assign the warehouses to the customers. To realize their methodology, the authors present an example study where they consider a distributor supply chain consisting
of ten warehouses, ten suppliers, and ten customers. In order to resolve this problem, a
multi-objective mathematical programming model is developed, with the objective to maximize the supply chain satisfaction, which includes elements from both the supplier selection and customer selection, and minimize the total cost. To solve the multi-objective problem, the authors use an approach that is similar to pre-emptive goal programming, but
with a slight modification. The authors assume that for an objective in one of the subproblems experts can specify an appropriate level of the objective decreasing the search
space for that objective. The study shows that trade-offs between the examined objectives
could be gained by implementing the proposed methodology. In addition, the results identify some suppliers and warehouses that recur in different solutions. Li and Zabinsky (2011)
develop a two-stage stochastic programming (SP) model, a chance-constrained programming (CCP) model, as well as a MIP model, with the aim of identifying a minimum
set of suppliers and optimal order quantities, with regard to volume discounts. The first
two modeling approaches incorporate uncertainty in the form of uncertain customer demand and supplier capacity, whereas the MIP model is deterministic. The research questions that the authors intend to investigate are: how many suppliers are appropriate, which
suppliers should one choose, and what are the optimal ordering or replenishing policies?
To represent the uncertainty, the SP model utilizes a scenario-based approach, called penalty coefficients. The CCP model, on the other hand, undertakes a probability distribution
and constrains the probability of not meeting the demand. The authors argue that the SP
model is more suitable when a decision maker does not have a clear definition regarding
the distribution of the stochastic variables, but may instead have access to historical data to
define scenarios and investigate possible future ones. However, the CCP model is developed as an alternative to the SP model in order to incorporate the uncertainties and, in
contrast, the CCP model requires that the demand and capacity constraints are fulfilled
with some predetermined probability. The optimization objective of these models is to minimize the number of selected suppliers and to minimize the total cost which includes purchasing costs, transportation, coordination, and inventory costs. To find the Pareto-optimal
solutions, the model utilizes the -constraint method. As opposed to the CCP approach, the
SP model includes two-stages; in the first, it deals with the decision regarding which supplier to select and, in the second stage, it considers the number of orders and the shipment
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plans. Thus, minimizing the number of selected suppliers is done in the first stage and minimizing the expected total cost is done in the second stage. The third approach, which was a
MIP model, is based on the CCP model and has the same objectives and utilizes the same
optimization method for finding the Pareto-optimal solutions as the other two models. The
sample problem presented in this paper consists of ten potential suppliers and four plants,
with the option to order 50 different types of components. The result from this study shows
that out of 38 Pareto-optimal solutions the CCP model was able to find 26, the SP model
24, and the MIP model only found 6 solutions. Furthermore, the result shows that the two
stochastic models provide more robust solutions, compared to the deterministic MIP model, and that the SP model is preferable. The uncertainty was represented by scenarios,
whereas the CCP model could provide the Pareto-front in a more straightforward way and
with less computational time, when the uncertainties were represented by distributions. In
conclusion, the authors found the CCP approach to be the most suitable one for the problem at hand, due to the computational advantage and the straightforward way of exploring
the solutions. Che and Chiang (2010) investigate a supply chain planning problem for a
build-to-order (BTO) supply chain. They present a mathematical model for the BTO supply
chain, integrating the supplier selection, product assembly, and the logistic distribution
planning. According to the authors, the main purpose of the paper is to first develop a multi-objective mathematical model for the investigated supply chain, as well as implement
and evaluate their own modified Pareto GA (mPaGA) optimization technique. The mPaGA,
which is based on the Pareto GA (PaGA), has the intention to improve the crossover and
mutation operators of the PaGA, in order to obtain greater solution efficiency. Moreover,
an equilibrium and feasibility-adjustment mechanism is proposed, in order to maintain the
feasibility of each individual, with the aim of reducing the computational time required to
search for feasible individuals. A two-stage supply chain example study implementing the
proposed model and algorithm as well as a comparison between the mPaGA and PaGA approach are presented in conclusion. The study was divided into three scenarios; in the first,
the optimization objectives were to minimize the cost and the delivery time, in the second,
the objectives were to minimize the cost and maximize quality, and the third scenario included all of the above, i.e., minimize the cost and delivery time as well as maximize the
quality. The result generated from the study shows that mPaGA was significantly superior
to PaGA in all three scenarios and that it provides less variation and greater solution stability in solving the Pareto-optimal solution sets. In (Quariguasi Frota Neto et al., 2009), the
authors present a study covering two research issues: 1) how to find the preferred solutions
showing the trade-offs between environmental and business issues and 2) how to improve
the decision maker’s understanding of the trade-offs between these performance measures.
In response to these issues the authors present a two-phased heuristic approach in which
they implement a multi-objective linear model, with the objective to minimize the costs, the
cumulative energy demand (CED), and the waste associated with the reverse logistic network. In the first phase, the model generates a number of non-dominated frontiers for the
multiple objectives, by implementing the -constraint method. The second phase deals with
the question of how to improve the decision maker’s understanding. Here, the authors focus on the visual representation of the generated frontier; by selecting the decision maker’s
preferred solutions from the frontiers provided in phase one, the algorithm projects the selected solutions onto the efficient frontier of the problem with the three objectives. Another
reverse logistic problem is presented in (Sheu, 2008), where the author conducts a study
based on the concept of green– SCM and addresses the optimization of the nuclear power
generation and the corresponding issue of reverse logistics for the nuclear waste. The author formulates a linear MOO model implementing the composite method for the optimization. The objective of the study is to increase the total net profit of the nuclear supply chain
by maximizing the power supply chain-based net profit and minimizing the reverse logistic
chain-based costs. Results gained from the executed numerical study show that by imple26

CH AP T ER 2 LIT ER AT UR E R E VI EW

menting the proposed approach the total performance of the nuclear supply chain could be
improved by 7–18%, depending on the weights associated with the investigated objective
functions. A mathematical model for a food processing supply chain is presented in
(Banerjee et al., 2008). In this study, the authors propose a hybrid meta-heuristic approach
combining a multi-objective Bee Colony algorithm with constructive rough set heuristics
for a supply chain process scheduling problem. Hence, the authors introduce the concept of
Pareto Bee Colony Optimization (PBCO) and present a case study concerning the scheduling of several processes at a milk production facility. The PBCO approach is also evaluated
and compared, in terms of performance, with two other meta-heuristic methods, namely,
Ant Colony Optimization (ACO) and Tabu Search (TS). Their results show that the TS
method provided the most likely results within the shortest execution time. In addition, the
proposed PBCO performed slightly better than the standard Bee Colony approach.

2.2.2 SIMULATION TECHNIQUES
Attributable to its rich expressiveness in handling complexity and its powerful programming flexibility, simulation is capable of predicting system performance with extremely
high accuracy. Unfortunately, using simulation alone is not sufficient to yield optimal solutions. Simulation by itself is not a real optimization tool and ‘‘an extra step is needed—a
step that joins simulation and optimization’’ (Fu et al., 2005). This technique, as we know,
is SBO, whereby simulation models are integrated with meta-heuristic search algorithms
(e.g., Genetic Algorithms or Tabu Search). When compared to classical optimization methods, SBO is, due to its inherent attributes, very suitable for solving real-world industrialbased complex problems. This section presents a number of papers that use SBO for the
MOO of SCM. In (Ding et al., 2006), the authors present a toolbox called ONE (Optimization methodologies for Networked Enterprises) that supports the decision makers in their
effort to assess, design, and improve supply chain networks. The ONE architecture consists
of four modules: (1) a network module that supports the development of supply chain
models, (2) an optimization module that offers different methods, e.g., mathematical programming and GAs, (3) a statistical data miner that offers various data mining methods,
and (4) a simulation module for evaluating the supply chain models. Besides presenting the
toolbox, the authors also describe two case studies that both required MOO, one for the automotive industry and the other for the textile industry. In the automotive case study, the
authors consider an existing multi-facility supply chain where the objective is to increase
the profit and the responsiveness of the supply chain, by redesigning the distribution network. The company involved wants to investigate which facilities should be closed down
and which should continue to operate, how the production order assignments should be
distributed among the manufacturing facilities, and what inventory policies should be applied. In order to assist the company in their decisions, the authors develop a simulation
model over the supply chain, based on their object-oriented simulation framework, and use
the NSGA-II algorithm for the MOO in which the optimization objectives are to minimize
the average total cost of each product unit and minimize the average demand response
time. In the case study conducted for the textile industry, the authors examine a supplier
selection problem with the objectives to evaluate the new supply chain configuration, due
to new supplier selection and transportation links, evaluate the sensitivity of the solutions,
with respect to demand variations, evaluate the effect of data uncertainty on the reliability
of the supply chain configuration, and evaluate the effects of different inventory policies on
the supply chain. As in the first case study, they use GAs for the MOO with the aim of minimizing the total cost and maximizing the service level. In Ding et al., (2008), the authors
present a more comprehensive investigation of the same case study and in (Ding et al.,
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2009) the automotive case study is presented in greater detail. Amodeo et al. (2007) present an approach based on Petri nets where they first model the supply chains as batch deterministic and stochastic Petri nets and then develop a multi-objective search engine for
simulation-based optimization, in order to evaluate the inventory policies for the modeled
supply chain. The presented case study is a three-echelon supply chain where the company
wants to determine the optimal inventory policies between the entities. As in the previously
mentioned article, the authors use the NSGA-II algorithm to find the Pareto-optimal solutions, where the two conflicting objectives are total inventory cost and service level. In another publication, (Amodeo et al., 2008), the authors present the same approach and case
study, however, with a more comprehensive literature review and detailed description of
their Petri net model. In both publications, they show that with the help of their approach
the company involved in the case study could obtain much better inventory policies with
reduced inventory costs and improved service levels, compared to the policies that were
currently being used by the company. Duggan (2008) demonstrates the applicability of
combining SD and MOO. He presents a simplified version of the well-known beer game developed by Sterman (1989) in the late 1980s. In this study, only a two-echelon supply
chain, consisting of a wholesaler and a retailer, is modeled. In contrast to the original beer
game where the aim is to minimize the total costs for the entire supply chain, in this study,
the aim of the optimization is to investigate the trade-offs between the two conflicting minimization objectives: wholesaler cost and retailer cost. Mahnam et al. (2009) investigate an
assembly supply chain network and develop an inventory model where each production
entity can have several suppliers feeding the entity, but it only has one subsequent predecessor. Other uncertainty parameters, such as customer demand and supplier reliability,
are represented by utilizing fuzzy sets. The aim of the study is to determine the order-up-to
level for each storage-keeping unit (SKU) in the supply chain. To meet the aims, the authors propose a hybrid approach where a simulation optimization strategy and particle
swarm algorithms are combined for a two-objective optimization problem. They use a multi-objective particle swarm algorithm (MOPSO) with an elitist strategy where the efficient
solutions are kept during the generations. The strategy also evaluates the particles, compares the swarm particles with the non-dominated solutions, and updates the Pareto front.
The objective function regarded in the study is to minimize the cost that satisfies an appropriate fill rate of the SKUs. Authors in (Komoto et al., 2011) propose a DES and optimization model to investigate a supply chain design problem that considers supply chain operations and an end-of-life process in an uncertain environment. Their study aims to analyze
the original equipment manufacturers’ (OEMs) capability to reconfigure their supply
chains and end-of-life operations. In the study, they consider three performance measures:
(1) total cost, (2) environmental impact, and (3) rate of market fulfillment. These performance measures are also transformed for the MOO, where the aim is to minimize the total
cost and environmental impact, while maximizing the delivery performance. GAs are used
to find the Pareto-optimal solutions and the optimization is run for four end-of-life scenarios. The first scenario considers the disposal of the products immediately after they have
been collected. In scenario two, the products are disassembled and the components are reused for product remanufacturing. The third scenario investigates the consequences resulting from the broken products being disposed of while the unimpaired products are stored
in OEMs inventories for reuse and redistribution into the market, depending on the demand. The fourth scenario combines the second and third scenarios, i.e., unimpaired products are stored for reuse, however, sometime later they are disassembled when they no
longer fulfill the redistribution conditions, after which the components are reused in the
product remanufacturing. The results show that scenario three, i.e., reuse of products,
achieves the best results, in terms of average performance, whereas scenario two achieves
the poorest. The concepts of MAS are used in (Brintrup, 2010) where the supply chain is
modeled, simulated and managed by computational agents, with the aim of minimizing the
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lead time and maximizing the revenue using the NSGA-II algorithm. The author developed
a model in which the multi-objective, multi-criteria, and multi-role nature of supply chains
is represented by utilizing and combining evolutionary MOO and multi-criteria decision
making within the autonomous agents. The agents in the model have the possibility to take
multiple roles as clients selecting supplier and suppliers managing their production. Furthermore, besides optimizing their manufacturing strategy, they also have the ability to
modify their decision parameters for supplier selection using AHP. Implementing this approach, the author presents an agent-based simulation (ABS) model which includes functionalities such as discovery of supplier service, manufacturing, service bidding, shipping,
multi-criteria supplier selection, internal parameter optimization, etc. The research questions of the study are divided into three simulation experiments: (1) to compare the local
parameter optimization of suppliers with classical reactive strategy in order to investigate
its local parameter optimization that generates better global results, (2) compare the performance of the multi-objective, multi-role supply chain with a single-objective supply
chain approach, and (3) compare the multi-objective, multi-role supply chain with a singlerole supply chain. The result shows that the multi-objective, multi-role supply chain approach outperformed the supply chains that had a single objective or single role. Among
other things, it was also observed that the internal optimization feature allowed agents to
earn more revenue and obtain shorter lead times, compared to runs without the optimization. The same authors in (Ding et al., 2006, 2008, 2009) present a supplier selection
problem in (Ding et al., 2005). Addressing the problem, they develop a simulation optimization methodology composed of GA, which optimizes the supplier selection, and discrete
event simulator (DES), in order to evaluate the operational performance and a framework
for modeling supply chains. The case study presented in this paper is based on part of a
supply chain for boot distribution, where the overall objective is to redesign the supply
chain, by selecting new suppliers and evaluating different solutions, in terms of overall cost
and robustness to changes in demand, etc. The main difference between the current paper
and the previous ones is that in this paper the authors explain the simulation optimization
methodology to a greater extent.

2.2.3 OTHER MODELING TECHNIQUES
This section gathers two categories of papers; the first includes all the papers that do not
utilize mathematical or simulation approaches, e.g., Multi Agent Systems or other program-based approaches, while the second includes the papers in which the authors do not
explicitly specify what approach they utilize. Mansouri (2006) investigates a multiobjective batch sequencing problem between two successive stages in a supply chain of a
kitchen manufacturer, in order to coordinate setups between the two stages in a flow-shop
manner. The author points out that different processes might have different preferences
regarding how to group products into batches, e.g., before the cutting process you might
group them by shape or material, while before the paint shop, parts might be grouped according to color. Therefore, in an assembly system, the parts may be arranged to fit the final product. This procedure indicates that each stage will try to minimize its own total setup costs; however, the objectives of the stages might be conflicting. Outlining the problem,
the author aims to minimize the total number of setups in two stages and minimize the
maximum number of setups in each stage. In so doing, the author proposes a multiobjective simulating annealing (MOSA) solution approach to discover the Pareto-optimal
solutions. The MOSA approach is also compared with an existing MOGA approach. The
case study presented in the paper is based on the production chain of a kitchen manufacturer, where they consider 32 cutting groups and 14 color groups and the plant applies an
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assemble-to-order production strategy. In conclusion, the author observes that the proposed MOA was capable of finding Pareto-optimal solutions and outperformed the MOGA
with respect to quality of the discovered solutions. In Daniel and Rajendran (2006), the
authors present a model over a multi-objective, supply chain inventory optimization problem with the aim of calculating base stock levels in a serial supply chain. The problem is
first solved as a single-objective inventory cost problem and subsequently as a MOO problem that considers two cost objectives, namely, holding cost and shortage cost. In the single-objective study, the authors aim to obtain optimal installation base-stock policies, in
order to minimize the total supply chain cost. For the optimization, they implement and
compare standard GA with three variations of GA, namely, gene-wise GA (GGA), randomkey GA (RKGA), and random-key gene-wise GA (RKGGA). After presenting the result of
the single-objective study, in which they found the RKGGA to be the best approach, the authors present the multi-objective study with a key question in mind: how would the total
supply chain cost and the holding cost be affected, if the supply chain were to increase its
service levels, in comparison to the results gained from the single-objective solutions? In
order to address this question, the authors develop a MOGA for a supply chain inventory
problem (MOGA-SCIP), in order to generate the non-dominated solutions, with the objective to minimize the total holding cost and the total shortage cost. At the completion of the
study, 183 non-dominated solutions had been discovered and the authors argue that the
MOGA-SCIP could be applied to other multi-objective inventory problems within supply
chains, with simple modifications. Pokharel (2008) presents another multi-objective, supply chain design problem, proposing a deterministic simulation model that involves minimizing the cost and maximizing the reliability of supply from one entity to another. For the
MOO, the author proposes the use of the STEPmethod to locate the non-dominated solutions. Authors in (Ruiz-Torres et al., 2006) address a supply chain scheduling problem that
considers the availability of both internal and outsourced machines, with the objective to
minimize the utilization of the outsourced machines and the total number of late orders. In
their proposed model, it is assumed that similar machines are available within the internal
organization, as well as the outsourced ones, to process a number of orders. However, the
manufacturing costs at the outsourced locations are higher than those of internal production, thus the focus is on minimizing the total external machine utilization. For the MOO,
the authors use four heuristic approaches presented by Ho and Chang (1995); these approaches are later compared using three evaluation methods, namely, best deviation method (DEV), integrated preference functional method (IPF), and the free disposal hull method (FDH). The results indicate that the heuristic methods used here were not sufficient
and, thus, the development of additional methods for the problem, in order to generate
non-dominated solutions, is recommended. In (Lau et al., 2009), the authors investigate
the optimization of vehicle routing where multiple depots, multiple customers and multiple
products are considered. The model objective is to minimize the total travel distance for all
vehicles and the total time required to serve customers for all vehicles. To solve the optimization problem, a multi-objective evolutionary algorithm (MOEA) called fuzzy logic guided
non-dominated sorting GA II (FL-NSGA II) is used, where the fuzzy logic is implemented
to dynamically adjust the crossover rate and mutation rate in ten consecutive generations,
in order to improve the search performance of the MOEA approaches. To demonstrate the
efficiency of their proposed algorithm, the authors also compare it with five other MOEA
algorithms, namely, the standard NSGA II, strength Pareto evolutionary algorithm II
(SPEA II), fuzzy logic guided strength Pareto evolutionary algorithm II (FL-SPEA II), micro-GA (MICROGA), and fuzzy logic guided micro-GA (FL-MICROGA). Three scenarios
were implemented to evaluate the algorithms; the first scenario consisted of 5 depots and
50 customers, the second included 15 depots and 150 customers, while the third scenario
comprised 25 depots and 250 customers. In order to compare the quality of the solutions
from the algorithms, the authors implemented two performance metrics; the convergence
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metric proposed by Deb and Jain (2004) and the spread metric developed by Deb (2001).
The final result of the study shows that the proposed algorithm (FL-NSGA II) was able to
find non-dominated solutions with better convergence and diversity than the other algorithms examined in this study. When implementing the fuzzy logic guidance into the algorithms, they were able to attain better results than without it. The authors explain that this
could be due to the ability of the fuzzy logic to adjust the crossover rate and the mutation
rate to suitable values for various evolution states of the population.

2.2.4 REVIEW SUMMARY
This literature review demonstrates that most of the research conducted on MOO for SCM
is based on mathematical approaches, e.g., LP, MIP, MILP, etc. In comparison with the
large number of publications on applying simulation approaches to SCM problems, it
seems that the exploration of using SBO, in the context of MOO, is far from adequate. Table
2.1 illustrates the content of each paper that considers MOO for SCM. The table is divided
into five sections; Article showing the article’s author(s) reference; the column Modeling
technique shows what approach has been used to model the supply chain; Research scope
presents the article’s main field of study; Optimization technique displays the technique
that has been used to obtain Pareto-optimal solutions, and Optimization objective presents
the various objectives that have been studied in the surveyed papers. A total of 42 journal
articles concerning MOO for SCM, from various major international journals of management science and operational research, have been reviewed. It should be noted that in
some of the papers the authors have implemented several approaches, e.g., (Banerjee et al.
, 2008); (Li and Zabinsky, 2011); (Yimer and Demirli, 2010), etc., and the best approach/technique, as defined by the author(s) of the paper, has been highlighted with italic
text.
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2.2.4.1 MODELING TECHNIQUES
This section includes a summary of the modeling approaches that have been used the most,
in order to model supply chains. It should be noted that in some papers, e.g., (Li and
Zabinsky, 2011), the authors have investigated several modeling approaches. However, in
the data collocation, only the most favorable approach defined by the author(s) has been
considered. In terms of modeling approaches, Figure 2.1 depicts that the majority of papers, or more exactly 53%, have used a mathematical approach. By further investigating
this method, Figure 2.1 shows that the most popular mathematical approach used to model
supply chains is MINLP, which accounts for 33% of the papers that apply a mathematical
approach. MINLP is followed by MILP, as the second most implemented mathematical approach at 21%, while the rest of the methods are fairly equally distributed, as shown in Figure 2.1. The group called Other, in mathematical approaches, consists of approaches that
have only been used once or twice, such as non-linear stochastic programming, MS Excel,
etc. Returning to modeling techniques, it can be noted that simulation approaches only account for 24% of the implemented modeling techniques. This clearly indicates that more
research is needed in this field, i.e., performing MOO for supply chain management, using
a simulation model. The group Na includes the papers in which a modeling technique
could not be identified.

Figure 2.1: Modeling techniques and Mathematical approaches.

2.2.4.2 RESEARCH SCOPE
This section includes a summary of the various research scopes that have been investigated
in the reviewed journals. As with the modeling techniques, some papers have more than
one research scope, e.g., Guillén-Gosálbez and Grossmann (2010), who investigate supply
chain design and planning, Chen et al. (2003), who examine supply chain production and
distribution planning, etc. Here, only the main scope of the paper as presented by the author(s) is considered, i.e., Guillén-Gosálbez and Grossmann (2010) are categorized as supply chain design and Chen et al. (2003) are regarded as supply chain planning. One of the
pie-charts in Figure 2.2 shows that most of the research has been conducted in the field of
supply chain design, accounting for 29% of the reviewed articles. This category is closely
followed by another field of research, namely, supplier selection, which accounts for 21% of
the reviewed articles. Here, it could be argued that selecting a new supplier changes the
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supply chain configuration and thus the supply chain design; however, during the literature
review, it was found that some papers only dealt with the issue of selecting an appropriate
supplier, while others extended this notion and considered alternative supply chain configurations. In such cases, the papers are classified according to a supplier selection problem,
which the authors identify as the main topic of their papers. The rest of the research areas,
other than the two mentioned above, show a quite equal distribution among the surveyed
papers.

Figure 2.2: Research scope and Optimization techniques.

2 . 2 . 4 . 3 O P T I M I Z AT I O N T E C H N I Q U E S
This section includes a summary of the various optimization techniques used in the reviewed papers. Similar to the previous two sections, only one optimization approach from
each paper is considered and categorized into the following groups of optimization techniques: GA, fuzzy logic, e-constraint, and goal programming. The optimization technique
selected is the one that has proven to be the most suitable for the problem at hand and favored by the author(s). The second pie-chart presented in Figure 2.2 shows that the most
utilized optimization technique is GA, implemented in 38% of the reviewed papers. It
should be noted here that this category (i.e. GA) includes all approaches that are based on
GA, e.g., NSGA-II, distributed-GA, memetic algorithm, etc. The second largest category,
Other, contains all the optimization approaches that have only been implemented once,
such as Pareto Bee Colony optimization, NISE, Particle Swarm, etc., whereas the other approaches (i.e., GA, fuzzy logic, e-constraint, etc.) have been implemented in several papers.

2 . 2 . 4 . 4 O P T I M I Z AT I O N O B J E C T I V E S
During the literature review, 101 optimization objectives were found that had been investigated in the 42 reviewed papers. In this section, the vast number of optimization objectives
is grouped into seven categories, namely, cost, time, profit/ revenue, quality, environment,
delivery/demand/service level (DDS), and other. The cost category includes all the optimization objectives related to cost, such as total/overall supply chain cost, transportation
cost, purchasing cost, inventory cost, investment cost, etc. In the time category, all the optimization objectives related to time, such as lead-time, preferred path, time serving customers, etc., have been included. As can be expected, the profit/revenue category includes
the objectives where the author(s) have tried to maximize the profit/revenue and, following
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the same pattern, quality and environment objectives related to respective category. Two
interesting categories are DDS and Other; DDS includes all the optimization objectives related to demand satisfaction, delivery reliability, and customer service level, while the Other category includes the optimization objectives that are used only once or twice, such as
number of selected suppliers, SKUs fill rate, utilization of outsourced machines, late orders,
etc. As Figure 2.3 illustrates, 35% of the 101 optimization objectives are somehow costrelated, while the second most evaluated optimization objectives are DDS-related.

Figure 2.3: Optimization objectives.

2.3 CONCLUSION
This chapter has presented a literature review of MOO for SCM. In total, 42 journal papers
which concern MOO for SCM, from various major international journals of management
science and operations research, have been reviewed. The literature review focused on four
main topics, namely, which modeling techniques have been used, which research scopes
have been popular, what type of optimization algorithm has been implemented, and which
optimization objectives have been investigated. The review shows that most of the papers
used a mathematical approach, such as LP, MINLP, MILP, etc., to model the supply chains.
Some researchers have used simulation techniques, such as DES, SD, ABS, etc., but in
comparison to the mathematical approaches, the implementation of simulation techniques
was lacking. Hence, this clearly indicates that more research is needed in the field of simulation-based multi-objective optimization for supply chain management. For the research
scope, supply chain design and supplier selection are the two most investigated topics. The
review found that 101 optimization objectives had been investigated in the 42 surveyed papers, of which the cost objectives and those related to time, such as lead-time, preferred
path, time serving customers, etc., were the most examined. The GA optimization algorithm was the one most implemented, as were approaches based on GA, such as NSGA-II,
Distributed-GA, memetic algorithm, etc.
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INTERGRATING SD AND MOO
3.1 INTRODUCTION TO CHAPTER 3
As the literature review presented in the previous chapter concluded, there is a great lack of
research involving the integration of SD and MOO. Hence, in order to combine SD and
MOO within a SBO framework for SCM, an interface application needs to be developed.
This chapter introduces the SD and MOO interface that has been developed for the realization of the SBO framework. This is done by illustrating and discussing how the software of
the two core applications, i.e., the simulation and the optimization software, are connected
through an in-house developed interface to support the applications of the proposed methodology in the forthcoming chapters.

3.2 SD AND MOO INTERFACE
The optimization software utilized for the MOO is called modeFrontier® (mF)(ESTECO,
2013), a Java-based application with a graphical user interface in which users can easily
define input and output variables together with other required information of the optimization as object nodes drawn on a canvas. These nodes can be connected to each other by
links, to construct a workflow. Figure 3.1 illustrates the iterative process of the SBO cycle
using an integration of Vensim and mF. A user can select a MOO algorithm provided by
mF, which generates a set of input values for the Vensim simulation model to evaluate. The
mF has built-in support for the integration with a list of engineering software, e.g.,
MATLAB, for model evaluations; however, no SD software such as Vensim is used in this
study. To remedy this, a small interface application has been written as a Windows console
application in C#. This in-house developed application, called VensimInterface (VI), loads
the Vensim model with help of the Vensim API (Application Programming Interface). The
input values from a text file written by mF, together with a settings file, are used to set corresponding variables in the Vensim model. As the figure also illustrates, in a SBO cycle, VI
reads in input values from mF via a text file (Input.txt) and then writes the simulation
evaluation to a text file (Output.txt) and sends it back to mF.
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Figure 3.1: Integrating Optimization and SD for running MOO.

The VI application is called by mF with four arguments, as seen in Figure 3.2. The first argument, which is the path to the (1) settings file, contains the names of the input and output variables in Vensim. The values in the input and output text files have to be in the same
order as in the settings file, because mF reads and writes line by line to these text files. Argument (2) is the path to the input text file and (3) is the path to the output text file. The
final argument, i.e., (4), is the design Id, since Vensim® stores all results from an evaluation in a data file which is stored together with the model file. Since it is crucial not to use
the same filename for these files when running concurrent evaluations, VI makes use of the
design Id to keep the filenames unique.
VensimInterface.exe
(1) -settings="C:\Settings.xml"
(2) -input="%cd%\Input.txt"
(3) -output="%cd%\Output.txt"
(4) -designId=%DESIGN_ID%
Figure 3.2: The VensimInterface arguments.

When the VI is called, it reads the settings file together with the input file. These settings
and the input values are used to set the correct variables in Vensim after the model file is
loaded. Thereafter, VI runs the model and retrieves the results from variables in the model
based on the structure defined in the settings file. Vensim, a SD software, is based on a
time period and therefore presents the results as a series of time-based values for each variable. The VI retrieves the series of values and, based on the settings file, calculates either
the mean, the maximum, the minimum, or the standard deviation for each variable. These
values are then written to the output text file. The optimization in this work utilizes nine
different nodes in mF, which are shown in Figure 3.3. The DOE node is where the workflow
begins; in this node the user specifies or generates a set of initial designs for the optimization. The DOE node is connected to the scheduler node. This node is always connected to
the DOE node and defines the optimization algorithm and the settings for the algorithm. In
this study, the DOE setting used is a Latin Hypercube Design (LHD) and the optimization
algorithm employed is the widely-used NSGA-II algorithm (Deb et al., 2002). NSGA-II has
been used to generate all the results presented in this paper. There are three major techniques that render the outstanding performance of NSGA-II (Ding et al. 2008): (1) a “fast”
non-dominated sorting approach that reduces the O(mN3) complexity of MOGA to O(mN2)
(Babbar et al., 2003); (2) a λ + μ elitism selection procedure; and (3) the use of crowding
distance, as a measure for comparison and selection after the non-dominated sorting, to
preserve the diversity of the solutions in the population. On the other hand, instead of
starting from random initial solutions, LHD can assist the optimization algorithm, in this
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case NSGA-II, to sample and explore the decision space more efficiently. The input node
defines an input variable and its corresponding lower and upper bounds, together with the
step size of the incremental increase or decrease. The input file node, on the other hand,
writes the values from one or more input nodes to a text file, which is later read by the VI.
The DOS batch script node, named VensimInterface, starts the VI console application with
the necessary arguments, i.e., settings file, input file, and output file. The output file node
reads a text file written by the VI application and loads the result, in the form of output data, to output nodes, which represent the result from the model evaluation. A design objective node, MinInvSC or MinBacSC, defines an objective for the optimization, by setting an
expression formulating the objective function for one or more output nodes. The Logic end,
i.e., exit in Figure 3.3, indicates the end of the workflow. An evaluation of the SD model in
Vensim is quick (< 0.2 sec.) compared to a discrete-event simulation model developed for
the identical purpose, but an even better performance is possible by running model evaluations in parallel computers. This is supported in mF by starting more than one instance of
the batch script, in this case, the VI application. The user can modify how many evaluations
to run concurrently, by setting the property Num. of Concurrent Design Evaluations in the
scheduler node.

Figure 3.3: A workflow in modeFrontier using the VensimInterface.
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Figure 3.4 illustrates the internal process of the VI, which is initiated by mF and the DOS
batch script node that starts the VI console application. By executing the VI.exe, the application loads the simulation model setting, together with the input and output variable settings defined in the settings.xml file. The VI application then loads the input text file which
contains the input parameter values set by the input nodes in mF for the current evaluation
run. After loading input values, the application opens the Vensim model and sets input values to the corresponding variables in Vensim. When the simulation run is finished, the application obtains the performance measure values from Vensim and transcribes the values
to an output text file, which is consequently read into the output nodes in mF, as presented
in Figure 3.3. The input and output parameter values, together with the optimization objective results, are stored in mF. Identical to most of the SBO applications, the Vensim model
and mF simply treat each other as a black box, which is made possible with such an inhouse developed integration.

Figure 3.4: VensimInterface internal process.
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3.3 CONCLUSIONS
To connect the two core applications within the SBO framework, i.e. simulation and optimization, this chapter presents the developed SD and MOO interface which facilitates the
interaction between the simulation and optimization software selected in this work, namely, Vensim and mF. The interface is a small application written as a Windows console application in C# that enables communication and data transfer between the software’s by
loading the simulation software with the input values from a text file written by the optimization software and commanding the simulation software to initiate its run. Subsequently,
the interface collects the results generated from the simulation run and writes the simulation evaluation to an output text file and sends it back to the optimization software.
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POST-OPTIMALITY TOOLS
4.1 INTRODUCTION TO CHAPTER 4
This chapter provides an introduction to visualization and introduces the tools utilized in
this work for the post-optimal analysis of Pareto-optimal solutions, where section 4.2 introduces Parallel Coordinates and section 4.3 presents Clustering. Finally, section 4.4 provides an introduction to Automated Innovization as well as Higher Level Innovization.

4.2 VISUALIZATION
As explained in Chapter 1, the outcome of the MOO procedure is a set of Pareto-optimal
solutions that provides a decision maker with a set of “optimal” alternatives to choose from.
However, selecting a solution for implementation can be a difficult task, because the Pareto-optimal solution set can be very large. Lotov and Miettinen (2008) point out that the
human brain, in general, is not capable of handling many objectives or large data simultaneously and as a Pareto-optimal solution set might contain hundreds or even thousands of
solutions, the decision maker may be unable to find the best solution, even if he or she is
presented with the entire list of all alternative solutions. However, visualizing the Paretooptimal solutions can be of great help in this regard as it is a very effective tool for presenting information to human beings and has proved to be a suitable technique to help decision
makers in assessing information (Lotov and Miettinen, 2008). Gershon et al. (1998) defines visualization as “…the process of transforming data, information, and knowledge
into visual form making use of humans’ natural visual capabilities”, the authors point out
that through visualization and visual interfaces, humans are able to interact with large volumes of data both rapidly and effectively, in order to discover hidden characteristics, patterns and trends as well as the fact that visualization leads to new insights and more efficient decision making. Zudilova-Seinstra et al. (2009) also explain that beside empowering
decision makers, or users at large, with the ability to perceive patterns in large data sets,
identifying areas that require further analysis and making sophisticated decisions visualization techniques significantly help users in understanding the data by providing the possibility to explore and manipulate the data visually. Additionally, Kalawsky (2009) points out
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that this interaction with the data, through visualization, allows decision makers to gain
greater insight into the inner nature of the system and its behavior. Kalawsky (2009) further explains that this insight is not in any way related to a computer’s ability to process the
data set, but is derived from a human’s ability to deduct and precept, and from mapping
observations against a mental model of what is being seen. As explained in Chapter 1, this
work implements several post-optimal analysis tools, presented in following sections, that
assists users to visualize the high-volume data retrieved from the MOO procedure as well
as assist in retrieving hidden insight and knowledge from the inherent properties and characteristics of the Pareto-optimal solutions.

4.3 PARALLEL COORDINATES
Dudas (2013) explains that solutions generated from a MOO procedure are generally multivariate in nature, as they are based on several objective functions and numerous independent variables. One way of visualizing multivariate solutions, and thus the Paretooptimal solutions, is through Parallel Coordinate (PC) plots, which are one of the most efficient approaches for visualizing high-volume and high-dimensional data, in order to assist
decision makers find relations between the design space variables and the optimization objectives (Theus and Urbanek, 2009). Theus and Urbanek (2009) point out that no other
statistical graphic tool is able to contain as much immediate information as a PC and that a
PC assists in investigating the influence of design and output variables on the optimization
objectives. PC plots can also be used to understand cluster properties, as well as explore
common features and characteristics of the solutions within a specific cluster or group
(Theus and Urbanek, 2009). The underlying concept of a PC plot is to linearly map Cartesian coordinates to a two-dimensional parameter space, where a data point on Cartesian
coordinates represents a line on the PC plot and where a coalition of intersected lines on
the PC plot corresponds to a single line in Cartesian coordinates (Moustafa, 2011). As Figure 4.1 displays, a PC plot is represented by equally spaced and parallel vertical lines, where
each vertical line represents the value range of a data variable, and where each data point
is, as mentioned, represented by a line that intersects the vertical lines at the exact value of
the data variable (Brunato and Battiti, 2011). Moustafa (2011) points out that PC plots have
become essential tools for visualizing high-dimensional data and that PCs have started to
be frequently utilized as a tool for visual data mining in which PC plots are used to detect
and recognize clusters and explore data properties. Brunato and Battiti (2011) explain that
a very useful feature of PC visualization, among the other advantages presented earlier, is
that it allows the decision maker to detect simple relationships between the different data
variables. For instance, if a line segment between two neighboring variables, i.e., vertical
lines, is parallel, or almost parallel, then this would indicate that the values of the two coordinates are approximately correlated.

Figure 4.1: A Parallel Coordinate plot.
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Some applications which implement PC plots also allow the decision maker or user to interact with the PC plot by filtering the data, as shown in Figure 4.2, through increasing and
decreasing the upper and lower bounds of the data variables. This possibility to interact
provides decision makers with the option to filter out non-essential data as well as a clearer
visualization of the data points, and their interactions, that fulfill the filtering criterion.
Thus, PC plots are simple and powerful tools for selecting preferred options from a large
set of alternatives, such as a Pareto set, by changing the data variable boundaries and observing their outcome (Brunato and Battiti, 2011).

Figure 4.2: Parallel Coordinate plot with filtering.

4.4 CLUSTERING
Another way of handling high-volume and high-dimensional datasets is to utilize a divideand-conquer approach, i.e., dividing a larger problem into smaller sub-problems, where the
results of the partitioning of the problem are expected to obtain data samples which have
common properties and characteristics within the same sub-group or cluster (Xiao and Yu,
2012). Clustering or cluster analysis is one such approach that aims to discover concealed
structures in the dataset and identify homogenous clusters, or sets of groups, from the
samples in the dataset, by minimizing the variation of samples within a group as well as
maximizing the variation between the partitioned sub-groups (Di Stefano, 2009). Jain et al.
(1999) describe cluster analysis as an unsupervised learning method which, in contrast to a
supervised learning method, e.g., classification techniques for data analysis, does not require pre-classified, i.e., labeled, patterns. Cluster analysis is very useful for pattern analysis, grouping, as well as decision-making situations, by providing the ability to explore the
interrelationships between the data samples in the high volume datasets.

Figure 4.3: A overall taxonomy of Clustering approaches, (Xiao and Yu, 2012).
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As Figure 4.3 depicts, clustering approaches can broadly be divided into hierarchical and
partitional/partitive clustering approaches, where hierarchical clustering aims to create a
hierarchy of clusters through either agglomerative, starts from bottom-up by creating a
separate cluster for each observation and then successively merging the most similar clusters moving up the hierarchy (Brunato and Battiti, 2011), or divisive mode, initiates from
top-down where all data points are merged in one cluster and then recursively split moving
down the hierarchy until a separate cluster has been created for each data point (Zaki and
Meira Jr, 2013). There are several hierarchical clustering algorithm methods, such as average linkage, centroid linkage, Ward’s method, etc., (Di Stefano, 2009), however, single
linkage and complete linkage are the two most commonly utilized hierarchical clustering
algorithms (Xiao and Yu, 2012). In contrast to hierarchical clustering, partitive clustering
divides the dataset into clusters at once, without creating a hierarchy of clusters, or prototypes. In partitive clustering, the dataset is generally represented by a set of prototypes and
is therefore also known as prototype-based clustering. This summarizes the dataset information and compresses it through the cluster prototypes to reduce the high-volume dataset
into a manageable size. Since similar attributes of the data are grouped together, resulting
in a precise description of the original data, reasoning can be done on the groups instead of
individual entities reducing the information overload and alternatives(Brunato and Battiti,
2011). Xiao and Yu (2012) point out that partitive clustering can further be divided into
point and non-point prototype clustering where point prototype clustering algorithms, in
contrast to non-point prototype clustering algorithms that implement non-point prototypes
such as lines, hyper-planes, hyper-spheres, etc., generate a point in the feature space, or in
the objective space, when implementing the MOO procedure, which becomes an initial reference point for the partitive clustering procedure. The authors also point out that the
point prototype clustering methods are the most utilized and studied clustering algorithms
in the literature. In addition, this method can further be divided into virtual point prototype clustering and data point prototype clustering, where the main difference between
these two approaches is that the latter uses actual data points as cluster prototypes, while
the former approach generates virtual points which are then used as cluster prototypes.
This work utilizes the k-mean clustering algorithm, which is a virtual point prototype clustering algorithm, for the clustering analysis of the high-volume dataset containing the Pareto-optimal solutions. Dudas (2013) points out that k-mean clustering is one of the most
recognized approaches for discovering clusters within datasets, Brunato and Battiti (2011)
explain that k-mean clustering aims to partition a dataset of n points into a desired number
of k clusters represented by centroids, which are prototypes of a cluster c and represent an
average value of the characteristics of the data points within cluster c. The initial centroids
can be generated by different criteria where the k-mean algorithm iteratively groups data
points, based on nearest Euclidean distance, to the nearest cluster centroids. The k-mean
algorithm is a greedy algorithm that seeks to converge to local minima and minimize the
variation of the data points within each cluster (Di Stefano, 2009). Di Stefano (2009) also
explains that the main advantage of the k-mean clustering algorithm is its simplicity and
that it is computationally less demanding than other clustering approaches, making it a
preferred choice for high-volume datasets. Brunato and Battiti (2011) present the following
steps for the iterative process of determining the cluster prototypes in the k-mean clustering algorithm:
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1)

Select a number of cluster k.

2)

Generate k clusters and determine the cluster centroids
random points as cluster centroids.

3)

Repeat the following process steps until cluster centroids do not change more
than a given threshold, or a maximum number of iterations have been reached.

, or directly generate k

a.

Designate each data point x to the nearest cluster centroid, minimizing
the within-cluster variation,
,

b.

Recalculate new cluster centroids by averaging the data points designated in the previous step by

←

∑

In the k-mean clustering algorithm process steps, as illustrated somewhat in Figure 4.4,
one observes how the initial centroids are placed in the dataset in frame 2, and how the data points are grouped to the nearest centroid building a cluster in frame 3. The centroids
are then recalculated, initiating new centroids, as shown in frame 4, which subsequently
creates new clusters, as depicted in frame 5. The last two steps are thus iterated until the
stop criterion is fulfilled.

Figure 4.4: The k-mean algorithm process.

4.5 INNOVIZATION
Originally, innovization was proposed as a semi-visual technique (Deb and Srinivasan,
2006). Starting with a well-optimized dataset containing Pareto-optimal or near-Paretooptimal solutions of a multi-objective problem, the user chooses different combinations of
variables, constraint functions, and objective functions, henceforth collectively referred to
as problem entities, and plots them against each other, visually looking for correlations in
the dataset. If correlations are found, a regression analysis is performed on the correlated
entities. The resulting regression function then describes the mathematical relationship
between the entities, which causes a feasible point to be Pareto-optimal or near-Paretooptimal. The procedure as such has been applied to a number of design problems (Deb and
Jain, 2003; Deb and Sindhya, 2008; Deb et al., 2009). However, the process is cumbersome and comes with all the shortcomings of a typical manual data analysis approach.
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Automated innovization is an unsupervised machine learning algorithm that uses a gridbased clustering algorithm to automatically detect the existence of correlations (Bandaru
and Deb, 2011a). It can also process several different entity combinations at a time, so that
relationships hidden in the dataset can be discovered simultaneously (Bandaru and Deb,
2011b). Theoretically, correlations involving more than three entities can also be discovered; a task that is otherwise difficult for a human. Initial studies in automated innovization use a restricted mathematical structure for the relationships. Recently, however, the
structure was generalized using parse trees to represent possible relationships (Bandaru
and Deb, 2013b). Here, an overview of the same is presented.

4.6 GENETIC PROGRAMMING BASED AUTOMATED INNOVIZATION
In automated innovization, the relationships are composed of basis functions. The variables
, constraints
, and objective functions
are the default basis functions.
Additional basis functions may also be defined as combinations of these default functions.
For a given set of trade-off solutions, each of the basis functions
’s can be evaluated, as shown in Figure 4.6. In genetic programming, (GP) mathematical expressions are
usually represented using parse trees. By choosing the basis functions from the terminal
set
, ,…,
and mathematical operators from the function set
, , ,/ … ,
generic mathematical expressions in the form of binary trees can be generated. Given a binary tree ( ), its equivalent mathematical expression can be obtained by traversing the tree
in a predefined manner. Inorder tree traversal is chosen for this purpose, which is defined
in Figure 4.5.
inorder (node)
if node == null then return
inorder(node.left)
visit(node)
inorder(node.right)
Figure 4.5: Pseudo code for inorder tree traversal.

Figure 4.6 shows an example of and its equivalent mathematical expression
, or
simply
. When evaluated for each of the trade-off solutions, it gives a numeric value,
say . The distribution of the
-values thus calculated determines whether
is a significant relationship hidden in the trade-off dataset under consideration.
Definition: An expression
is said to be applicable over the trade-off dataset with a
significance , if % of the
trade-off solutions, evaluate approximately to
the same value.
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Figure 4.6: Evaluation of binary trees in automated innovization.

Integrating GP with automated innovization allows a randomly generated population of
binary trees to be evolved, through selection, crossover and mutation operators, and eventually converge to one or more significant relationships. As mentioned above, the evaluation of the fitness of binary trees requires assessing their corresponding c-value distributions. For this purpose, the
-values obtained for each binary tree are grouped into
clusters using the grid-based clustering algorithm. Grid-based clustering first divides the
,
into divisions, a parameter of the algorithm. A clustering
range of -values
criterion defines the minimum number of c-values required in a division for it to become a
sub-cluster. Thereafter, adjacent sub-clusters are combined to form clusters. Unlike most
clustering algorithms, grid-based clustering allows some data points to remain as outliers.
The trade-off solutions corresponding to the outlying c-values are labeled as un-clustered
and their number is denoted by . Figure 4.7 shows
15 -values clustered using
7
divisions. The criterion used is

, where

is the number of -values in division .

Divisions 1, 3, 5 and 6 form sub-clusters according to this criterion. Merging adjacent subclusters gives three clusters (shown in gray in Figure 4.7, namely, {1,2,3}, {5,6,7,8} and
{10,11,12,13,14}. Points 4, 9 and 15 remain un-clustered, i.e.
3.

Figure 4.7: Grid-based clustering.

However, is usually a user-specified parameter and in automated innovization, the task of
setting it is overcome by considering it as a variable along with the GP tree. Note that
1≤d≤m is sufficient for clustering. The objective function
in automated innovization
(Bandaru and Deb, 2011a, 2011b) is the weighted summation of the number of clusters and
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the percentage coefficient of variation
automated innovization is given by:
∑

within those clusters, where objective function

100%,
∀

where

in

(4.1)
∈ -th cluster.

(4.2)

The minimization of the number of clusters is always desirable, while the minimization of
causes the c-values to be as close as possible, thus giving a narrow distribution of values, thereby making them approximately equal. The constraint
0 is imposed to improve the accuracy of the obtained relationships. It forces the number of divisions to increase to a level so that unclustered points become individual clusters. The significance of
a binary tree is defined as the percentage of c-values that remain clustered even with a
stricter clustering criterion of

, where ε is a small integer value.

In Bandaru and Deb (2013a), the authors developed a dimensionally-aware GP. Its purpose
is to generate and maintain not only mathematically, but also physically valid trees. The
relationships generated by automated innovization are expected to provide a deeper understanding of a physical problem. It is therefore important that they are meaningful to the
end user. For this purpose, constraints are imposed in the algorithm to ensure dimensional
consistency in the generated expressions. The dimensions of each basis function are provided a priori to the algorithm. When evaluating a binary tree from the population, the exponents of all basic dimensions (mass, length, time, etc.) are monitored. If incommensurable basis functions (basis functions with different dimensions) are added or subtracted,
, so
the binary tree (or population member) is assigned a large constraint violation
that its structure is de-emphasized in the following generations. For a discussion on the
logic behind the setting of
value, please refer to Bandaru and Deb (2013a). The GPbased automated innovization problem can thus be formulated as (Bandaru, 2013),
,
where
subject to 1

,

,

(4.3)

is a GP expression and d is an integer.
,

0,

,| |

∀ basic dimensions,

(4.4)

Note that the tree size TS is multiplied to the original objective function O in eq. (4.1) to
promote smaller trees and hence easily interpretable relationships. The constraint on the
are
significance S simply says that only relationships above a threshold significance
obtained.

4.6.1 HIGHER LEVEL INNOVIZATION
Higher-level innovization extends the concept of innovization to multiple Pareto-optimal
datasets. Multi-objective optimization problems usually involve problem parameters that
are not changed during the optimization process, but are expected to vary in the real world.
Each change in such parameters necessitates a fresh optimization run. Generally, this leads
to a shift of the Pareto-optimal front. In higher-level innovization, the task is to identify re52
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lationships that are applicable over all such fronts. More interesting are relationships
which involve the parameter being varied, because they explain design/system/process behavior to changes that are external to the problem itself. The Pareto-optimal front may also
change due to the addition/deletion/modification of one or more constraints or by the inclusion/fixing of a variable (Bandaru and Deb, 2013a). In any case, a higher-level innovization study will reveal solution properties that are inherent to the underlying physics of the
design/system/process rather than to a particular setting. The following section considers
higher-level automated innovization, when a single problem parameter P is varied across
multiple optimization runs.

4 . 6 . 1 . 1 G E N E T I C PR O G R A M M I N G B A S E D H I G H E R - L EV E L A U T O MATED INNOVIZATION
In order to obtain relationships that vary with the parameter , it is necessary to include it
as the
1 -th basis function, as shown in Figure 4.8. The parameter value is repeated
for all solutions in the trade-off dataset for all the datasets. Figure 4.8 shows this for three
datasets. The presence of a constant-valued basis function may, however, lead to redunis a relationship with high significance
dant/artificial relationships. For example, if
will also be (more or less) equally significant. Higher-level
in all datasets, then
automated innovization uses a metric called Cluster Overlap Index (
) to allow all higher-level relationships except the artificial ones to be found. The
of a relationship is defined as the number of adjacent (with respect to sorted c-values) dataset pairs for which
clusters of one dataset together completely enclose the largest cluster of the other. A candidate relationship with
1 (where is the number of input trade-off fronts) indicates that the clusters in all input datasets are close enough for it to be a valid higher-level
relationship.
In the following discussion, for simplicity of notation, let the datasets be numbered from 1
to in increasing order of the cluster average c-value of the largest cluster ( ). To assign
fitness to candidate relationships (that satisfy
1) on the basis of closeness of
clusters, the original weighted objective function O in eq. (4.1) is magnified for each dataset
by the greater ratio between ’s from all subsequent adjacent dataset pairs. In mathematical terms, for the -th dataset, the magnified weighted objective function is,

∏

or, when simplified,

where
and where

∑
∀

(4.3), (4.4)

100%

(4.5)

∈ -th cluster

(4.6)
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Figure 4.8: Higher Level Innovization with a parameter P.

The integration of the GP framework with the higher-level automated innovization procedure proposed in Bandaru (2013) gives the following objective function:
∑

(4.7)

The calculation of COI and the magnification of the objective function, as shown above, are
only required for binary trees containing
on the terminal nodes. Other binary trees
are evaluated by simply summing the objective function in eq. (4.1) over all datasets. The
following optimization formulation is used in this paper for higher-level automated innovization:
∗

,
where ∀
and

1

∑

(4.8)

1,2, … ,
is a GP expression and

Subject to; 1

, ∀
∑

for ∀
1,2, … ,

,| |

,∑

1,2, … ,

are integer.

0,

1

∀ basic dimensions

0
(4.9)

The presence (
1) or absence (
0) of the parameter in the binary tree is used as a
‘switch’ in the objective function and the
constraint. The last constraint imposes
1 for binary trees with
1. It is trivially satisfied when a=0. Each dataset uses
54

CH A PT E R 4 PO ST - O P T IMA L IT Y T O O L S

a different number of divisions (
), since the number of trade-off solutions in them may
differ. Grid-based clustering is performed separately on each dataset and the number of
unclustered points
from each dataset are summed to form a single constraint
∑
0, because it is the same as
0 ∀ . The effective significance (
) is defined as the average of significance values (
) over all datasets. As in automated inno. Multiple higher-level
vization, the user specifies the required threshold significance
design principles are obtained using the niching strategy proposed in Bandaru and Deb
(2013a), which prevents competition between binary trees with different terminal nodes,
thus allowing them to co-exist in the population.

4.7 CONCLUSIONS
Despite the successful generation of a Pareto-optimal set through the MOO procedure, the
solutions will not provide the answer to the question: ‘what characteristics have made these
solutions Pareto-optimal?’ In order to answer this question and to discover the characteristics of the Pareto-optimal solutions, post-optimality analysis is required. This chapter has
presented the post-optimal analysis process that can be used to support SCM analysis, as
well as the post-optimal analysis tools selected to be used in this research to discover both
evident and hidden properties of solution sets generated in the three application studies.
These tools include Parallel Coordinates, Clustering, and Innovization, which are suitable
for different types of SCM analysis and have been introduced in this chapter. Details of
their applications and corresponding results are presented in Chapters 6-8.
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C H A P TE R 5

SD-MOO METHODOLOGY FOR SUPPLY
CHAINS
5.1 INTRODUCTION TO CHAPTER 5
This chapter presents the novel supply chain-MOO methodology developed within this thesis, the aim of which is to present a method for executing SD-MOO for supply chains, as
well as to address the issues of the challenges induced by SBO in general and MOO in particular, such as computational costs and convergence.

5.2 MOTIVATION FOR A SD-MOO METHODOLOGY FOR SUPPLY CHAIN MOO
Despite the many advantages of SBO and MOO presented in previous chapters, these approaches still have some hurdles to overcome. Chen et al. (2002) explain that obtaining optimal solution sets for a multi-objective problem is often far more time consuming than
solving a single-objective problem where the computation time is not just increased due to
the increased number of objectives, but also due to the so-called curse of dimensionality
which may increase the convergence time of the optimization algorithm. The term curse of
dimensionality, also denoted as the problem of size by some (Shan and Wang, 2010), refers to the issue of rapid growth in combinatorial difficulty for problems as the number of
variables (i.e., input and output parameters) or dimensions (i.e., objectives) increases (Kuo
and Sloan, 2005). Also, Shan and Wang (2010) argue that high dimensionality of input and
output variables demonstrates an exponential growth in difficulty regarding modeling of
the problem and optimization. The authors illustrate this issue by providing the example
that if one would like to sample points for each of the input parameters executing the
experiments or
simulation or experiments, this sampling would require approximately
simulation runs. Hence, if
10 and
10, then the number of simulation runs needed
to generate the required sampling points would be 10 . Deb and Saxena (2005) also raise
the issue and state that when the dimensionality of the objective space is increased, gener57
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ally, the dimensionality of the Pareto-front is also increased and that this would require an
exponential number of points in the objective space to represent the Pareto-front, since
adding one additional objective causes the dimension of the Pareto-front to increase by
one. Deb and Saxena (2005) also present an example arguing for their case where they
specify that if points are required to effectively represent a one-dimensional Pareto-front,
points will be required, in order to effectively represent a dimensional Parethen
to-front. Hence, as the number of input and output variables or optimization objectives increases, the computational demand also increases with an exponential growth. In connection to this, Koch et al. (1997) also explain that due to the combinatorial explosion of the
problem, with regard to the number of variables and objectives included in the problem,
both the efficiency and accuracy of the optimization are also sacrificed. Shan and Wang
(2010) present several strategies for tackling the difficulties caused by the curse of dimensionality or high dimensionality; these strategies include: parallel computing, increased
computer power, screening for significant variables, reduction of design space, decomposition of the problem into sub-problems, mapping, and visualization of the variable or design space. Another central aspect in a MOO procedure is the cooperation or interaction
between the search and the decision making, i.e., the optimization and the decision maker,
in which the MOO procedure could either be based on an a priori, a posteriori, or an interactive approach (Sinha, 2011) between the optimization and the decision maker; Figure
5.1 presents an illustrative view of the three approaches.

Figure 5.1: Decision maker and optimization interaction combinations.

In an a priori- based approach, the decisions are made before the optimization. Hence, the
preference rules for the optimization are defined before the search process and, when the
optimization is finished, the decision maker is presented with the most preferred Pareto
solutions which are selected on the basis of the preference rules for the optimization. The a
posteriori approach, on the other hand, executes the search before the decisions are made,
i.e., the optimization is executed prior to the implementation of the preference rules. With
this approach, the decision maker is presented with all Pareto-optimal solutions obtained
by the optimization and it is on the basis of these solutions the decision maker then applies
the preference rules, in order to select the most preferred Pareto solutions. However, in
the interactive approach, as the name implies, the search and decision making process is
executed interactively, where the decision maker guides the optimization, by continuously
applying the preferences towards promising regions or sub-spaces, in order to obtain preferable solutions (Sinha, 2011). Hence, in a general interactive approach, the decision maker
is continuously involved during the progress of the optimization, feeding it with user preferences until most preferred solutions are found. Miettinen et al. (2008) identify that general interactive methods can be divided into three approaches, namely; trade-off based ap58
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proaches, reference point approaches, and classification-based approaches. The optimization methodology, presented further on in this paper, is also based on an interactive search
and decision-making approach. However, in contrast to the general concept of the interactive approach, i.e., continuous user-optimization interaction, the interactive approach utilized by the optimization methodology presented here, namely; iteratively interactive
guidance, does not require a user-optimization interaction after each evaluation. Instead,
the decision maker is presented with the search results from the optimization and subsequently evaluates whether the preference goals have been achieved or not. If the goals have
not been achieved, the decision maker starts a new set of optimization runs, following the
optimization methodology, in order to guide the search towards regions or sub-spaces of
interest and increase the quality, accuracy, intensification, etc., of the solutions.

5.3 THE SD-MOO METHODOLOGY FOR SUPPLY
CHAIN MOO
In order to address the issue of dimensionality and combinatorial difficulty for MOO, from
a supply chain problem perspective, this thesis presents a methodology for executing supply chain MOO in a computationally cost-effective way, in terms of the efficiency, solution
intensification, and accuracy of obtaining the Pareto-optimal front for supply chain problems. The methodology for supply chain MOO, presented in Figure 5.2, is based on the
aforementioned iteratively interactive guidance approach and utilizes some of the strategies presented by Shan and Wang (2010), in order to obtain the Pareto-optimal front in a
feasible time period.
The methodology includes three main activities, namely; decision space sampling, global
objective space search, and local objective space refinement, where each activity is established upon an internal process. Here, the aim of the decision space sampling activity is to
roughly estimate the behavior of the problem, by exploring the decision space parameters
and investigating how each parameter and its interaction responds to the investigated
problem, as well as exploring the parameter intervals, in order to set parameter interval
boundaries for the optimization further on. The internal process of the decision space sampling activity starts by generating an initial population and then executing a sampling
method, which might be any design of experiment approach, to fill the design space with
solutions and thus initiate the design space exploration. Besides the aforementioned possibility of roughly estimating the behavior of the problem, exploring the design space also
offers the opportunity to screen for significant parameters. Shan and Wang (2010) explain that screening implies identifying and preserving vital input parameters and interactions, as well as removing less essential parameters or noise from the investigated problem
and thus reducing the issue of dimensionality and combinatorial difficulty, in order to save
computational cost; for further information regarding screening or screening techniques,
the reader is referred to Shan and Wang, (2010). Hence, the decision space sampling activity is able to provide information and understanding about the problem and the design
space, where this activity can serve as the starting point for the subsequent global objective
space search activity. However, it is important to point out that the decision space sampling activity is not a prerequisite for the global objective space search, since a decision
maker might already have an a priori problem, system and parameter knowledge, as well as
a defined set of objectives, input parameters, and input parameter boundaries for the optimization.
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Figure 5.2: Methodology for SD-MOO.

In contrast to decision space sampling, which aims to provide problem and parameter specific knowledge, the purpose of the global objective search activity is to provide a first set of
Pareto-optimal solutions by executing the optimization; a prerequisite of this activity is
that the user/decision maker has defined a set of objectives to optimize and a set of input
parameters to manipulate, together with their upper and lower boundaries. As in the previous step, the activity is initiated by generating an initial population and then executing the
optimization. The intention of this first optimization is to generate, in a feasible time period, a first set of Pareto-optimal solutions, in order to obtain an overview of the whole Pareto set. However, since this activity is a global objective space search, the solutions obtained
from this global search are more likely to be spread over the objective space and over regions or sub-spaces which are not interesting for the investigated problem. Hence, in order
to intensify the solutions, the search needs to be concentrated toward a region or sub-space
of interest for the problem at hand. Thus, when a region or sub-space of interest has been
identified, the Pareto-optimal solutions within that region or sub-space will act as a preconditioned population in the local objective space refinement activity. The final activity is
the local objective space refinement, which is an iterative activity that aims to focus the
search and intensify the solutions in a region or sub-space of interest. The activity is initiated by implementing the Pareto-optimal solutions, identified in the previous activity, as the
population for the optimization. This approach is known as preconditioning or precondi60
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tioned search, and, as explained, it utilizes a set of Pareto solutions as a starting point, in
order to improve the search process of the optimization (Nicklow et al., 2010). Nicklow et
al. (2010) point out that a number of studies have shown that the preconditioned search
contributes significantly to the optimization process, in terms of search efficiency and reliability. The authors also explain that in the aforementioned studies the search results, i.e.,
good solutions, are continuously injected into the population until the search results continue to show improvements in solution quality or until a user-defined computational limit
has been reached. Continuing with the internal process of the local objective space refinement activity, after executing the optimization and exploring the objective space with the
new solutions, the user/decision maker needs to decide whether the goals of their preferences, e.g., in terms of quality, intensification, accuracy, etc., have been achieved. If the
goals have been reached, the decision maker has obtained a set of Pareto-optimal solutions
for the problem. However, if the preference criteria have not been fully reached, one should
continue and identify a region or sub-space of interest within that objective space and also
identify a new set of Pareto-optimal solutions for the preconditioned search. Nonetheless,
before executing the preconditioned search, the user needs to reduce the design space
and/or place constraints on the optimization. Design space reduction does not imply the
elimination of design variables, as previously carried out during the screening process, but
refers to the reduction of the design variable intervals, in order to decrease the design
space, with the aim of reducing the computational effort of the optimization and focusing
the optimization towards the most promising region or sub-space (Shan and Wang, 2010).
While placing constraints on the optimization could limit the search space and potentially
reduce the size of the complexity of the problem, but in general this would require the optimization algorithm to embed an efficient constraint handling in order to generate valid
solutions (Deb, 2001). In some cases, for example, equality constraints, are very difficult to
handle and require special constraint handling techniques to find valid solutions.
Thus, by implementing these actions, the user/decision maker will subsequently face the
same question again; have the preference goals been reached? If no, then iteration of the
local objective space refinement activity continues until the preference goals have been
achieved or the optimization process has reached a user/decision maker time limit. One
important aspect to mention is that the methodology presented here only concerns the optimization process of the SBO framework; the modeling or the simulation model utilized
together with this optimization approach is presented in Chapter 1.
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5.4 CONCLUSIONS
The methodology presented in this chapter not only defines a method for executing and
combining SD and MOO for supply chains, but also attempts to address the issues of the
curse of dimensionality, commonly found in practical optimization problems. The developed SD-MOO methodology, which is based on the SBO framework, aims to execute supply
chain MOO in a computationally cost-effective way, in terms of the efficiency, solution intensification and accuracy of obtaining the Pareto-optimal front. The goal of achieving both
solution intensification and good accuracy for a reasonable computational cost has been
done through several key steps: (1) firstly preforming a global search in order to quickly
generate a set of Pareto-optimal solutions so that the behavior of the problem can be understood; (2) executing an iterative refinement of the solution set by identifying interesting
regions and analyzing the properties of the solutions within the selected region; and (3)
subsequently focusing the search to the region of interest through limiting design variable
boundaries by implementing new constraints on the optimization. In this way, MOO can be
used to effectively generate a set of Pareto-optimal alternatives for an analyst or a decision
maker.
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C H A P TE R 6

CASE1 – ACADEMIC CASE STUDY OF
THE BEER GAME
6.1 INTRODUCTION TO CHAPTER 6
The aim of this chapter is to verify the integrated SD and MOO approach by applying it to
address an extended version of the well-known pedagogical SCM problem, the Beer Game,
originally developed at MIT in the 1960s. As discussed in this chapter, the integrated MOO
and system dynamics model has been shown to be very useful for revealing how the parameters in the Beer Game affect the optimality of the three common SCM objectives, namely,
the minimization of inventory cost, backlog cost, and the bullwhip effect, which, to our best
knowledge, has not been done before in other research.

6.2 THE BEER GAME
The Beer Game (BG) is a role playing simulation game which aims to replicate a multiechelon supply chain that incorporates four entities, namely: Factory (F), Wholesaler (W),
Distributor (D), and Retailer (R). These entities together build a beer production and distribution supply chain with the overall objective of fulfilling customer demand. The BG was
originally developed at the MIT Sloan School of Management in the 1960´s (Sterman,
1989). The main purpose of the game is to demonstrate the existence of the so-called bullwhip effect, which refers to a phenomenon in supply chains where the demand variability
of incoming orders is amplified as they move upstream in the supply chain. The most wellknown analytical study on the bullwhip effect was carried out by Lee et al. (1997), who
point out the important role of collaboration, coordination, information management, inventory and production control, order management, purchasing, etc., in order to manage
the bullwhip effect. In terms of structure, the BG is actually simple and easy to understand.
Nonetheless, it incorporates a rather intrinsic dynamic complexity. Sterman( 2000) points
out that most people might think of complexity in the form of the number of components in
a system or the amount of various combinations of inputs/information a decision maker
must consider when making a decision. But he argues that in contrast to the combinatorial
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complexity or detail complexity of a problem or a system, the dynamic complexity can arise
from very simple structures with low combinatorial complexity, especially in the presence
of feedback. The BG exemplifies such a structure in which the dynamic complexity arises
from the interaction between the entities in the supply chain represented in the BG.
The original BG is played on a board with physical chips/markers moving around; for instructions of the rules and regulations of this BG, the reader is referred to Sterman (1989).
However, this application case study resents a replica of a SD model presented in Joshi
(2000), which in turn is a modified version of the original system dynamics beer game (SDBG) model built by Kirkwood (2008) 1. The overall purpose of the models presented in
Joshi (2000) and Kirkwood (2008), as well as the BG played on a board, is to show the existence of the bullwhip effect and how to manage it by implementing different information
sharing policies. However, our main intention is to implement MOO into SD within the
supply chain context and investigate the Pareto-optimal trade-off solutions when minimizing three conflicting objectives commonly found in many supply chains, namely, inventory
level, backlog level, and the bullwhip effect.

Figure 6.1: A generic SD BG entity model.

Each entity in the SD-BG model follows the generic structure presented in Figure 6.1, the
thicker lines/arrows in the structure represent elements in the system where delay occurs.
As in the case of the original BG presented in Sterman ( 1989), there is no collaborative interaction between the entities in the simulation model. Each entity places orders with its
supplier according to the observed demand pattern from its downstream customer. The
two exceptions are the raw material supplier, which only delivers what is ordered by F, and
the end customer, who only places orders with R. Before continuing with the model description and default settings of the BG, it is essential to describe the notions and definitions of the main variables in the generic structure. For a complete variables list and description of the BG model, readers are referred to Joshi (2000). The main variables of most
interest in this study are the ordering policy, total supply chain inventory cost, total supThe BG model utilized in this case study is developed by Prof. Craig Kirkwood at Arizona State University (Kirkwood (2008) and is based on Sterman ( 1989). Joshi (2000) has only been used to provide the initial input values.

1)
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ply chain backlog cost, and total supply chain cost. Equations for these variables in the generic SD-BG entity model are presented below.
The inventory cost of the entire supply chain is given by:
CINVC

CINV

INV

∗ cf

∑

where
and INV
INV

(6.1)

0.5

cf

-

INV

IU

(6.2)

SU

(6.3)

Inventory of the entire supply chain, in period t,


INV

indicates the aggregated inventory of the supply chain.
Inventory of entity i, in period t,


IU

on-hand inventory at each entity i.
Incoming Units to entity i from entity i-1 in period t.



Entity F, which does not have an upstream entity, receives units from a raw material supplier who just sends the number of units ordered by F;



Incoming Units are received with a delay.

SU

Sold Units from entity i to entity i+1, in period t.


CINV


Entity R, which does not have a downstream entity, sends the sold units to a sink
and the units are consumed by the model.
Cost of supply chain inventory, in period t,
indicates the holding cost of aggregated inventory of the supply chain.
Cost factor for Inventory,



penalty factor for holding inventory.

The backlog cost of the entire supply chain is given by:
∗

C

∑

where
and B

(6.4)

B

where BR

(6.5)

BR
D

(6.6)
SU for each entity i,

except entity R where D

(6.7)

D

Backlog of entire supply chain, in period t,


indicates the aggregated backlog of the supply chain.



Backlog refers to orders that have been received but not yet fulfilled.
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Backlog of entity i, in period t,


indicates the aggregated backlog of entity .
Backlog Rate of entity i, in period t,



is the accumulation of backlog in entity .

Orders Placed by entity i to entity i-1, in period t,


when orders are placed to entity



Entity R, which does not have a downstream entity, receives orders placed by the
end customer.



1 then

.

Orders are placed with a delay.
End Customer Demand.
Cost of supply chain backlog, in period t,



indicates the cost of the aggregated backlog orders of the supply chain.
Cost factor for Backlog,



penalty factor for having backlog.

The cumulative cost of the entire supply chain is given by:
(6.8)
where CI

CINV

C

(6.9)

Cost of entire supply chain, in period t,


indicates the aggregated cost of the supply chain.
Rate of Cost Increase of the entire supply chain, in period t,



represents the accumulation of the cost in the supply chain.

The governing variable in each entity is the ordering policy, which is based on an anchoring
and adjustment heuristic first presented in Tversky and Kahneman (1974). The anchoring
and adjustment heuristic is used to estimate an unknown quantity by first setting or defining an anchor, e.g., recalling a known reference point, and then adjusting factors, e.g., additional or updated information, to estimate the unknown quantity (Sterman, 1989). As mentioned earlier, there is no collaborative interaction between the entities in the simulation
model, thus, the ordering policy heuristics aim to utilize the local information available to
the entities in the supply chain, such as local inventory, backlog, and supply line information. The ordering policy is defined on the basis of four conditions: 1) the order must be
non-negative; 2) order enough to cover the expected inventory losses; 3) reduce the discrepancy between desired and actual inventory; 4) reduce the discrepancy between desired
and actual supply line.
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The ordering policy at each entity i is given by:
0,

(6.10)

where

(6.11)
,

where
-

where D
γ
1

D

,

(6.12)

in entity R

and
-

(6.13)
where

(6.14)

Ordering Policy of entity i, in period t,


represents the actual amount of the order to be placed;



defined once a week.
Desired Ordering Policy of entity i, in period t,



represents the desired amount of the order, calculated with the anchoring and adjustment heuristic.



use the Vensim® SMOOTH function to make a demand forecast;



SMOOTH() function is based on exponential smoothing technique.

,

Demand Forecast by entity i, in period t,

Supply Line of entity i, in period t,


indicates the aggregated amount of units to be received for entity i.
Supply Line Rate of entity i, in period t,



represents the accumulation of the orders estimated by the ordering policy less
than those which have been delivered.
Desired Inventory at entity i,



preferred amount of units in the inventory.
Desired Supply Line at entity i,



preferred amount of units in the supply line.
Forecasting parameter at entity i,



forecasting parameter for the Inventory.



This parameter is usually represented in the range of

0,1 .

Forecasting parameter for Supply Line at entity i,


forecasting parameter for the Supply Line.



This parameter is usually represented in the range of

0,1 .

Smoothing time parameter at entity i,


as time input to the Vensim® SMOOTH function.
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The first condition of the ordering policy, i.e., the order must be non-negative, is applied by
eq. (10), where the MAX() function in Vensim prevents OP from placing order values less
than 0. The other three conditions refer to the anchoring and adjustment heuristic in eq.
(11), where the depletion or surplus of inventory and supply line will require adjustment
INV
B
towards the desired inventory and supply line levels, which is done by α DI
and β DSL SL respectively, in eq. (11). Here, the α and β parameters represent the
discrepancy of the amount of units needed in the inventory in the case of α and β , which
represents the fraction of supply line taken into account when determining OP . Thus, a
high α value would indicate that the majority of the required units for the inventory will be
ordered or, e.g., that the manager at entity i will implement an aggressive policy/effort in
order to adjust the inventory towards the desired inventory level. In the case of β , a value
1 would indicate that all the orders in the supply line have been taken into account
of β
when deciding the amount of orders to place with the supplier, whereas β
0 would indicate that no order in the supply line has been taken into account.
Figure 6.2 illustrates the flow of information, i.e., orders, moving upstream in the supply
chain and the flow of material, i.e., beer crates, moving downstream through the supply
chain. The simulated BG begins at t=0 and every incremental week each entity of the supply chain has to make a decision about the number of crates that need to be ordered from
the supplier, which is calculated in OP for each entity. Similarly, the number of crates that
can be shipped downstream to its customer is done by calculating SU . Thus, in the default
simulation settings, the model starts out in equilibrium, i.e., t=0, with no oscillating effect
in the supply chain.

Figure 6.2: The SD-BG supply chain.

The end customer demand, i.e., D , starts by ordering 4 crates of beer during the first
four weeks and then suddenly, in week 5, the end customer increases its demand to 8 crates
a week for the rest of the simulation, in order to simulate a surprise demand increase
(Morecroft, 2007). The default initial values for variables at each entity at t=0 are:INV
4, D
4, SL
8, DI
12, DSL
14.7, α
0.26, β
0.088, γ
1. Note that
12, IU
only variables with an initial value > 0 are presented here. Figure 6.3 clearly shows the existence of the bullwhip effect from the output of the SD-BG model. This oscillating effect is
captured using the default settings of the simulation model and it shows how an increase in
end customer demand, from four crates to eight in week 5, has led to a huge oscillating effect at the final entity, F, where the demand ranges from zero to nearly 27 crates.
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Figure 6.3: The bullwhip effect.

6.3 MOO OF THE BEER GAME
The experiment in this application case study is conducted through two optimization scenarios, which both use the same function to minimize the inventory cost and backlog cost
values. Inventory cost and backlog cost are two objectives that are inherently in conflict, as
a high inventory would generally decrease backlog due to the fact that the company is holding excessive inventory of products that are ready to be delivered as soon a customer order
arrives. Whereas a high backlog could indicate that the inventory levels are too low and the
company is not able to meet demand due to insufficient products in inventory. However,
the two scenarios differ with regard to how the BWE is minimized. In scenario 1 (S1), the
BWE is minimized through an approach first presented in Dudas et al. (2011) where the
authors intend to minimize the BWE by minimizing the peak (highest) ordering value.
However, in scenario 2 (S2), an approach is implemented, presented by Chen et al. (2000),
in which the BWE is quantified through the ratio between the variance of orders and the
variance of demand. The same method of quantifying the bullwhip effect can find its practical use, e.g., in a recent study examining the so-called internal bullwhip effect in automotive manufacturing (Klug, 2013). Two key factors that enable a successful MOO experiment
are: (1) the ability to formulate a business problem as an optimization problem that can be
processed by the optimization algorithm and the simulation model and (2) the ability to
define a clear interface between the simulation model and the optimization engine. Hence,
the three business goals considered in this application case study, i.e., minimize inventory
cost, backlog cost, and the BWE of the entire supply chain, are formulated as three objective functions that produce the quantitative values for the evaluations used in the SBO cycles. It should be noted that the BWE in this chapter is minimized by implementing the two
above-mentioned BWE approaches at entity F, as this entity is the final one when moving
upstream in the supply chain. As shown in Figure 6.3, it is also this entity which experiences the highest demand fluctuations compared to other supply chain members. Hence, minimizing the BWE at entity F is crucial. Furthermore, by limiting or minimizing the demand
fluctuation at entity F, it would be interesting to know whether the demand amplification
from the entity R through entity D can also be reduced. The objective functions for the optimization scenarios are denoted as:
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O

Min O

CINV

Min O
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Min μ

BWE
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∑

μ

&

(6.17)

(6.25)
OP

0, 0

DI

12 , 0

DSL

12, 0

α

1,0

β

1

(6.26)

All optimization objectives,
represent all objective functions for the optimization of respective scenario.
First objective function,
each represents the optimization function to minimize the supply chain inventory
of respective scenario.
Second objective function,
each represents the optimization function to minimize the supply chain backlog of
respective scenario.
Third objective function,
represents the optimization function to minimize the BWE of respective scenario.
o

where, in

o

and, in

the method
the method

is utilized.
is utilized.

Highest order value of entity F,


represents the highest value of order placed (



For details regarding this approach, readers are referred to Dudas et al. (2011).

) by entity F.

Ratio of order and demand variance.


States the ratio between order variance (
) of entity D.
(



For details regarding this approach, readers are referred to Chen et al. (2000).

) at entity F and demand variance

Input variables,


indicate all the input variables utilized in the optimization of both scenarios.

Output variables,
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indicate all the output variables utilized in the optimization of both scenarios;



each output represents a performance measure considered in the optimization
evaluation.
Default model constraints of entity i,



indicates all the constraints in the model for entity ,



defined in most cases as the upper and lower bounds of decision variables, e.g., I.
Mean inventory of entity i,



gives the mean value of the inventory at entity .
Mean backlog of entity i,



gives the mean value of the backlog at entity .
Mean supply line of entity i,



gives the mean value of the supply line at entity .
Mean cost of entity i,



gives the mean value of the overall cost at entity .



gives the mean value of the inventory holding costs for the entire supply chain.

Mean inventory cost of the supply chain,
Mean backlog cost of the supply chain,


gives the mean value of the backlog costs for the entire supply chain.
Mean cost of the supply chain,



gives the mean value of the overall cost for the entire supply chain.

End of output data collection period,



states the end time of the output data collection period;
130 weeks are used throughout this study.
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6.4 RESULTS AND ANALYSIS
6.4.1 ANALYSIS OF THE SD-MOO METHODOLOGY FOR SUPPLY CHAINS
The execution of the optimization experiments is based on the aforementioned optimization methodology presented in this chapter. The experiments were not initiated through
the decision space sampling activity, since the objectives, input variables, and input intervals of interest were already defined, because we had a priory problem, system and parameter knowledge based on the models of Joshi (2000) and Kirkwood (2008). Hence, the experiments began by running the global objective space search with a total of 60,000 evaluations for each scenario, from which the optimization obtained 1247 and 1372 Paretooptimal solutions for S1 and S2 respectively. The Pareto-optimal solutions obtained from
the S2 scenario are presented in Figure 6.4. The first graph in Figure 6.4 clearly shows the
diversity of the obtained Pareto solutions which are spread over the objective space and on
regions or sub-spaces of less importance for the investigated problem.

Figure 6.4: Pareto-optimal solutions for S2 obtained from global objective search.

Thus, as the optimization methodology constituted a region or sub-space of interest was
identified, as shown in graph 2. This region or sub-space is particularly interesting for the
problem at hand, as all objectives in this case are to be minimized. In another case setting,
e.g., maximization of one of the objectives, other regions or sub-spaces would have been of
interest. Thus, the Pareto-optimal solutions in the selected region or sub-space in graph
three will act as the solution in the preconditioned search, in order to focus the optimization search within this region. Graph four in Figure 6.4 tries to show that this region or
sub-space is then diminished or constricted even more during the local objective space refinement activity by reducing the design space, i.e., reducing the input parameter intervals,
and implementing constraints on the optimization, enable to increase the Pareto solution
quality, accuracy, and intensification within the region or sub-space of interest. Figure 6.5
and Figure 6.6 display the Pareto-optimal solutions obtained from the final local objective
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search iteration of respective optimization scenario. It should also be pointed out that these
Pareto solutions were obtained on the fourth local objective search iteration for each of the
scenarios. Comparing Figure 6.5 and graph three in Figure 6.4, one clearly sees that by focusing the search, constricting the design space and utilizing optimization constraints, the
optimization has been able to increase the Pareto solution quality, accuracy and intensification within our region or sub-space of interest.

Figure 6.5: Final Pareto-optimal solutions for S2 obtained from local objective search

Figure 6.6: Final Pareto-optimal solutions for S1 obtained from local objective search.

Since it took 60,000 (60K) evaluations in the global objective space search activity and an
additional 240,000 evaluations in the local objective space refinement activity, to reach the
Pareto solutions’ intensity and accuracy, as shown in Figure 6.5 and Figure 6.6, it could be
argued that by just executing a total of 300,000 (300K) evaluations without implementing
the presented optimization methodology, one might be able to reach the Pareto solutions’
intensity and accuracy shown in the aforementioned figures. In order to confirm the computational cost effectiveness, in terms of efficiency, solution intensity and accuracy of the
MOO methodology presented in this application case study, a comparison was made between the Pareto-optimal solutions gained from the aforementioned global objective space
search, where a total of 60K evaluations were executed, and a global objective space search,
where 300K evaluations were executed. The F-1 graph in Figure 6.7 presents the Pareto solutions obtained from 60K evaluations and the F-2 graph displays the Pareto solutions ob73
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tained from 300K evaluations, whereas the F-3 graph presents the combined Pareto solution sets of the two evaluation runs. Looking at these three graphs and comparing the F-4
graph in Figure 6.7 to graph 3 in Figure 6.4 one sees that the 300K evaluation run has been
able to obtain more Pareto solutions, approximately 600 additional Pareto solutions, than
the 60K evaluation run. However, as in the case of graph 3 in Figure 6.4, the F-4 graph in
Figure 6.7 is still far from achieving an equivalent Pareto solution quality, accuracy, and
intensification as presented in Figure 6.5.

Figure 6.7: Comparison of 60K and 300K Pareto-optimal solutions.
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6.4.2 SCENARIO ANALYSIS
6.4.2.1 SCENARIO 1

PC-4

PC-3

PC-2

PC-1

As mentioned earlier, the aim of S1, besides minimizing the supply chain inventory and
by utilizing the approach presented in (Dudas et
backlog costs, is to minimize the BWE
al., 2011). Executing the experiments, a total of 240,000 evaluations were run for S1 before
the preference goals were satisfied in the local objective space iteration procedure and,
from these evaluations, the optimization generated more than 2500 Pareto-optimal solutions.

Figure 6.8: Parallel Coordinate of S1 Pareto Solutions.
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Figure 6.6 displays these solutions as a Pareto-front on the objective space and Figure 6.8
displays these solutions with a parallel coordinate (PC) showing the design variables and
their resulting objective function values. PC-1 in Figure 6.8, which displays all the Paretooptimal solutions obtained without any filter, shows that the majority of the
and
and
values are located in the lower regions of their parameter boundaries, except for ,
with the approximate intervals of [0,014-0,59], [0-0,38] and [0,01-031] for remaybe
was 0,088. The higher values of
and
spective parameter where the default value for
, then
and , indicate that for some of the Pareto-optimal solutions, the decision
maker/supply chain manager in entity R or D needs to take greater consideration of their
incoming supply line than the rest of the entities. This is significantly highlighted in PC-4,
, i.e., the minimization of
which shows that if the Pareto solutions are filtered on BWE
is prioritized, the decision maker of entity R needs to consider its supply line to a
BWE
much greater degree than its supply chain partners when defining DOP . However, if the
Pareto solutions are filtered on CINV , i.e., the minimization of CINV is prioritized, then,
as PC-3 depicts, the decision maker of D would have to consider its supply line to a greater
degree than the rest of the supply chain members.
Subsequently, by analyzing the DI and DSL values in PC-1, one can see that the upper
boundary of 12 products for respective parameter is not required for DI , DI , DI and
DSL where the boundaries range from [0-4], [0-6], [0-9], and [0-8] for respective parameter. In PC-2, which shows filtered Pareto solutions on CB , i.e., the minimization of CB is
prioritized, one sees that DI [0-1] has the lowest values followed by DI [0-2], which indicates that CB is as its lowest when inventory is kept downstream in this supply chain. Re,
turning to PC-4, one clearly sees the relation, as presented in eq. (11), of DSL and
which indicates that if the DSL value is low, in this case 0, then the
will be high, indicating, as previously explained, that the manager at R needs to consider its supply line to a
greater extent and that there must be as little discrepancy as possible in the information
regarding the supply line when deciding the DOP . In addition, if one considers the values
in PC-3, one clearly sees the same relationship and behavior of these paof DSL and
rameters as the aforementioned variables, i.e., DSL and
, with the difference that the
behavior of DSL and
comes forward when filtered on CINV , whereas the behavior of
rises when Pareto solutions are filtered on BWE
.
DSL and

6.4.2.2 SCENARIO 2
In contrast to S1, scenario S2 utilizes the BWE
approach presented by Chen et al.
(2000) in order to minimize the bullwhip effect; the other two objectives are the same as in
S1. S2 was also run for 240,000 evaluations before the preference goals were reached.
However, in comparison to S1, the optimization in S2 obtained more than 4100 Paretooptimal solutions, i.e., approximately 1600 more Pareto solutions than S1. Figure 6.5 displays these solutions as a Pareto front on the objective space and Figure 6.9 presents a PC
of S2 design variables and their resulting objective function values. Looking at Figure 6.9
and PC-5 one sees that the
and
design variables have a higher interval span where
and
distinguish themselves with an interval span of [0,6740-1], whereas
especially
which is divided into two areas, as shown in PC-5, the upper region span is
[0,65090,8536]. Both these parameters indicate that the manager at each of the respective entities,
i.e., D and F, needs to implement an aggressive ordering policy. The
[0,6509-0,8536]
denotes that when the manager at D defines its OP an aggressive policy/effort will need to
be implemented, in order to adjust the inventory towards the desired inventory level. The
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PC-8

PC-7

PC-6

PC-5

results in PC-5 also show that
is more important than
for the manager at entity D
when defining its ordering policy according to eq. (11), since the interval span for
is
interval presented for the obtained Pareto solutions. Hence, for the
much lower than the
decision maker at entity D, the adjustment of the inventory towards the desired levels DI
is more important than considering the supply line to a great extent. However, if one looks
at the [0,6740-1] and compare it with the interval span of its
parameter, one sees the
opposite behavior. For the decision maker at entity F, the priority lies in considering its
supply line instead of implementing an aggressive policy to adjust the inventory
wards DI .

Figure 6.9: Parallel Coordinate of S2 Pareto Solutions.
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Filtering the Pareto solutions on CB , i.e., the minimization of CB is prioritized by the
decision maker, one sees that these solutions presented in PC-6 are represented by the low[0,2847-0,5938] and that some of the DI and DSL parameters only have
er region of
values within a certain interval region. For instance, PC-6 shows that DI is [11-12], indicating that for Pareto solutions for which the decision maker prioritizes CB , the desired inventory for entity F should be either 11 units or 12 units. Similarly, DI [2-12] indicates that
entity W needs to keep at least a desired inventory of 2 units, whereas DI shows that for
these filtered Pareto solutions the decision maker at entity R only needs to have a desired
inventory of [8], [10] and [12], all other values of DI are non-optimal when the obtained
Pareto solutions are filtered on CB . Observing the DSL parameter, the PC-6 diagram
shows that DSL requires a desired supply line value of [12] at entity F for these Pareto solutions, whereas the desired supply line at R has a slightly larger interval span DSL [9-12]
where the values indicate that for these filtered solutions entity R is required to keep a supply line of at least nine units. However, observing the aforementioned parameter in PC-7 in
Figure 6.9 where the Pareto solutions have been sorted on CINV , one can identify that in
the upper interval span of [0,6509-0,8536] has more impact on
CINV -filtered solution
these solutions compared to the CB -filtered solutions presented in PC-6, where the lower
interval span of
has a greater impact on the CB -filtered solutions. The
parameter,
which already has a very high interval span [0,6740-1] in PC-6, has an even higher span
[0,9450-1] in PC-7, for the vast majority of the solutions. This illustrates that the manager at F needs to take the supply line into account to an even greater extent for the CINV filtered solutions than the CB -filtered solutions. The DI and DSL parameter intervals in
PC-7 also differ from the solutions in PC-6, where one sees that DI ranges from [0-12] in
PC-7, instead of [11-12] in PC-6, and where DI requires a desired inventory of [8], [10] and
[12] in PC-6, whereas in PC-7 it requires a value of 12 units at minimum. The values of the
desired supply line of entity F are also spread over a larger interval in PC-7 than in PC-6 in
which the CB -filtered solutions require a minimum of 12 units for DSL , whereas in
CINV -filtered solutions the values span between DSL [0-12]. However, for solutions filtered on BWE
, one sees that in PC-8 the minimum value of DSL is five units, which indicates that for these solutions a DSL parameter value less than five units does not have
any effect in the CINV -filtered solutions. The PC-8 diagram also shows that the DI values
span between two regions, that is, between [4-8] and [10-12], and that DI , in contrast to
its interval values in PC-6 and PC-7, has an interval of [6-12], which means that the desired
inventory should never be less than six units for entity D, if the manager prioritizes the
objective over the other two objectives. The BWE
-filtered solutions also show
BWE
parameter requires more or less the same consideration of the supply line as the
that the
majority of the CINV -filtered solutions. However, the
parameter has an interval span
of [0,2978-0,5388] for the vast majority of the BWE
-filtered solutions, which in conis more similar to the CB -filtered solutions, indicating that the solutions filtrast to
tered on BWE
and CB require a less aggressive inventory adjustment policy/effort by
the manager at entity D than for solutions filtered on CINV .
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6.4.3 SCENARIO 1 VS SCENARIO 2
An analysis of Figure 6.8 and Figure 6.9 clearly illustrates that the optimization objectives
defined in the two scenarios are obviously in conflict. For instance, Figure 6.8 shows that
minimizing the CB -objective will result in a greater holding cost for the supply chain inventory and cause a significant bullwhip effect, while minimizing the CINV -objective will
cause an even greater demand amplification and result in a rather high backlog cost for the
supply chain. However, minimization of the bullwhip, in this case BWE
, will generate a
very high backlog cost for the supply chain together with a quite high supply chain cost for
holding inventory. This trade-off behavior between the three optimization objectives is also
demonstrated in Figure 6.10 which depicts the average value of the 1000 best Paretooptimal solutions sorted on C , i.e., total supply chain cost. An evaluation of the two averages from respective scenario shows that S2, depicted as the black line, achieves a much
lower C than S1. The fact that S2 has a much lower total supply chain cost is due to S2 also having a significantly lower backlog cost for the entire supply chain and, as we know
from eq.(6.7), having a backlog is twice as expensive as holding inventory. This relationship
can be interpreted in Figure 6.10, where S2 has a much higher CINV , but as its CB value
is very low, having a higher inventory holding cost does not have any significant effect on
the C parameter.

Figure 6.10: S1 and S2 average values sorted on total supply chain cost.

The fact that the CINV value of S2 is 5,16 indicates that the supply chain must accept this
average inventory holding cost, in order to achieve the level of CB and C for S2 depicted
in Figure 6.10. One can also deduce from Figure 6.10 that, on average, the managers in S2
are required to implement a more aggressive policy/effort, in order to adjust the inventory
towards the desired inventory level. In addition, they must consider the supply line, espe, to a significantly greater extent, when determining the order value. The supply
cially
chain in S2 also needs to have higher desired inventory and desired supply line levels.
However, all these efforts and higher values of the design parameters of S2 are rewarded by
the resulting lower total supply chain and backlog costs. Besides outperforming S1 by having lower total supply chain and backlog costs, S2 also outperforms S1 in terms of minimizing the BWE -objective, i.e, minimizing the bullwhip effect; the CINV -objective is the only
S1 optimization objective that outperforms its S2 counterpart. Thus, the approach presented by Chen et al. (2000) outperforms the approach implemented in Dudas et al. (2011), in
terms of total supply chain cost, with the optimization objectives to minimize the bullwhip
effect, as well as the supply chain inventory and backlog costs.
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6.4.4 PARTITIVE CLUSTERING ANALYSIS
With the datasets containing Pareto-optimal solutions obtained from S1 and S2, the problem lies in how to extract valuable or useful information about the BG problem. As explained in chapter 4, one way of handling high-volume and high-dimensional datasets is to
utilize clustering. Thus, in order to identify any patterns or common properties among the
Pareto solutions, the Partitive Clustering Analysis (PCA) tool in mF was used where the
three optimization objectives were selected as the clustering criteria. An evaluation of the
clustering analysis results, as shown in Figure 6.11, identified five clusters for respective
scenario. For example, the S2 clustering plot in Figure 6.11 clearly illustrates that the Pareto solutions in cluster S2-C2 have a much lower value for the CB objective than the Pareto
solutions in cluster S2-C0.

Figure 6.11: Partitive Clustering 3D plot of S1 and S2 Pareto solutions.

On the other hand, most of the solutions in S2-C0 have a much lower value for the BWE
objective than S2-C2. Similarly, the S1 cluster plot shows that solutions in S1-C3 have sigobjective than S1-C2, whereas S1-C2 outperforms
nificantly lower values for the BWE
S1-C3 in terms of the remaining two optimization objectives, namely, CINV and CB , by
having a lower value for respective objective. While the clustering analysis in Figure 6.11
presents an understandable overview of the partitioning of solutions in the objective space,
it does not provide the decision maker with the hidden interrelationships between the Pareto solutions, as well as the common properties and characteristics of the Pareto solutions
within a specific cluster in the decision space. Hence, as discussed earlier in chapter 4, the
PC plot is a grate post-optimal analysis, in order to understand cluster properties as well as
to explore common features and characteristics of the clusters.
Figure 6.12 is a PC plot of the clustered Pareto solutions of S1, showing the mapping or relationship between the objective space values and the design space variables and their values. By comparing the clusters obtained by PCA for S1, it can be seen, for instance, that the
objective
aforementioned cluster S1-C3 contains Pareto solutions with the lowest BWE
values and the highest CINV objective value, compared to the other clusters found in S1.
Solutions in cluster S1-C0, on the other hand, generate the highest BWE
objective values
and the lowest CINV values, whereas S1-C3 solutions have a slightly higher CB objective
value than S1-C0. It is interesting to note that clusters S1-C1 and S1-C4 contain the best
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trade-off solutions concerning the BWE
and CINV objectives, where the values for
these objectives are slightly higher for S1-C4 than S1-C1. However, the S1-C1 cluster has the
highest CB objective value, whereas the S1-C4 value is almost in the middle, in comparison to the other clusters. Examining the design space variables for the S1 clusters reveals
that in cluster S1-C3 the design variable β has the highest value compared to other clusters.
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Figure 6.13: PC plot of S2 clustered Pareto solutions.

Figure 6.12: PC plot of S1 clustered Pareto solutions.
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This indicates that for these Pareto solutions the manager of the retailer must take the orders in the supply line into account to a much greater degree than for all other clusters,
when deciding the number of orders to place with the supplier. The S1-C1 cluster, on the
other hand, has the highest α values, compared to all S1 clusters. This indicates that all entity managers in the supply chain are required to implement an aggressive policy to adjust
the inventory towards the desired levels, in order to minimize the discrepancy of the
amount of units needed in the inventory. In contrast, while the solutions in cluster S1-C2
have lower α and β values, these solutions have instead the highest DSL values for all
members except the retailer. On the other hand, solutions in S1-C1 have lower DSL values
but higher α and β values compared to other S1 clusters.
The PC plot in Figure 6.13 presents the clusters obtained in S2 and, similar to the clustering
results presented in Figure 6.10, the trade-offs between the three optimization objectives
are clearly revealed. Figure 6.11 illustrates that clusters S2-C1 and S2-C2 have very high
CINV values compared to other identified clusters in S2. However, solutions in S2-C1
generate the lowest BWE
values and the highest CB values for S2, whereas S2-C2 solutions generate the highest BWE
and the lowest CB values. By examining the design
variables of these two clusters, S2-C2 has much higher DSL and DI values than S2-C1, due
value. Through a comparison of
to the considerable bullwhip effect, i.e., the high BWE
the clusters obtained from the S2-C1 and S2-C2 solutions, it can therefore be concluded
that by decreasing the DSL and DI values, the bullwhip effect can also be reduced. However, it is interesting to note that both clusters have more or less the same CINV values,
whereas S2-C1 has a high CB value and S2-C2 has a significantly low value. These results
could be explained by the fact that S2-C2 solutions have higher α and β values for all supply
chain members, except β , indicating that managers at the different supply chain entities
implement a very aggressive, engaging, and considerate policy regarding their inventory
and supply line. Additionally, as Figure 6.11 shows, the solutions in S2-C2 have the highest
DSL and DI values for all entities, except DI , which indicates that the inventory levels are
high throughout the supply chain, due to the high DSL and DI values. The fact that the values for S2-C2 vary from entity to entity is an indication that some supply chain members
are required to have higher inventory levels than the others. Hence, the matching CINV
values of the two clusters would indicate that the inventory for cluster S2-C2 is more or less
evenly distributed among the supply chain entities, whereas the inventory for cluster S2-C1
is unevenly distributed. The huge difference in the CB value also indicates that the solutions in S2-C1 are not able to meet customer demand. Hence, there is a high backlog, as
wrong entities hold the higher and lower inventory levels due to the uneven inventory distribution, i.e., the inventory is not placed at the right entity and at the right levels. Looking
at cluster S2-C3, which contains the best trade-off solutions, it can be seen that these soluvalue
tions have generated lower CB and CINV values, despite having a higher BWE
than cluster S2-C1. By evaluating the design variables of the three clusters, it can be observed that solutions in cluster S2-C3 also have higher α and β values than S2-C1. However,
instead of having very high DSL and DI at all supply chain entities, as in the case of cluster
S2-C2, the solutions in cluster S2-C3 show that only high values for specific parameters are
required, which in this case are DI , DSL and DSL , whereas the values for DI and DSL
can be significantly lower.
A comparison of the clusters for the two scenarios through normalizing the two datasets,
Figure 6.14, shows that S2 clusters, in general, achieve much lower demand amplification
than S1. S2 clusters also obtain a lower total backlog cost than S1 clusters, with the exception of cluster S1-C2, which outperforms two S2 clusters, namely, clusters S2-C0 and S2C1. On the other hand, only cluster S1-C0 has a lower total inventory cost than the clusters
in S2. An evaluation of the design variables for the two scenarios, Figure 6.14, shows that
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the S2 clusters have, in general, higher DSL and DI values, as well as higher α. However,
the β values are greater in S1 clusters, with the exception of β which is significantly larger
for clusters in S2.
Despite all the knowledge regarding relationships between the design space variables and
the optimization objectives that could be gained by using the combined PCA and PC plotting method, the decision maker still faces the question of which cluster should be chosen.
If precedence is given to the CB objective, then cluster S2-C2 should be chosen. On the
other hand, if the CINV objective is to be prioritized, then the chosen cluster should be S1C2. In the case of giving preference to the BWE objective, S2-C1 is the most preferred cluster. However, if no preference is given to either of the objectives, then cluster S2-C4 has the
best trade-off solutions obtained from the optimization, as shown in Figure 6.14.
A deeper analysis can be made by evaluating cluster S2-C4, in terms of total supply chain
cost, i.e., C . Figure 6.15 shows that this cluster is actually the second best, in terms of total supply chain cost, together with S2-C3 which obtains the same C cluster values. However, both these clusters are outperformed by cluster S2-C2, which has the highest inventory cost levels, but also the lowest backlog cost. At this point, it might be argued that it
would not be possible for the solutions in S2-C2 to achieve the lowest total supply chain
cost, since they generate the highest inventory holding costs for the supply chain, whereas
solutions in cluster S2-C4 can achieve the lowest inventory holding costs and a slightly
higher backlog cost. As a matter of fact, with regard to the design of this BG, it should be
remembered that in accordance with eq.(6.1) and eq.(6.4) in the simulation model, it is
twice as expensive to have backlog than to hold inventory. This can easily explain why the
solutions in S2-C2 can achieve the lowest total supply chain cost compared to S2-C4.
When a preferred region has been identified in the objective space, in this case cluster S2C2, the question arises regarding the design variable properties and characteristics of the
Pareto solutions within the selected cluster; Figure 6.16 displays all the Pareto solutions in
the S2-C2 cluster. Figure 6.16 illustrates that the manager at entity F is required to consider
their supply line when placing an order with the supplier, due to the high β values which
range from β [0.6850-1]. Other interesting observations in Figure6. 16 are that the solutions require high values of DI [11-12], DSL [12] and DSL [9-12], whereas the solutions require a desired inventory value of DI [10] or DI [12] for entity R. On the other hand, the
DSL [0-12] and DSL [0-12] parameters seem to have no influencing effect on the solutions,
as they vary between the lower and upper boundaries of the parameters. It can therefore be
identified that the lowest values of DI [3-12] do not have any effect on the solution, whereas values between [0-2] and [5-6] of DI also have no effect on the solution, since the values range between DI [7-12] and DI [3] for the parameter. All upper and lower bounds of
the design parameters found for the Pareto solutions in cluster S2-C2 are presented in Table 6.1.

[0.1901-0.4320]

[0.2847-0.6904]

[0.0769-0.3207]

[0.0963-0.4051]

[0. 6850-1]

[0.0199-0.1599]

[0.0534-0.2826]

[0.1190-0.4676]

[11-12]

[3], [7-12]

[3-12]

[10], [12]

[12]

[0-12]

[0-12]

[9-12]

[5.2426-22.3]

[3.2783-7.9924]

[0.2584-0.5994]

[857.93-2022.3]

Table 6.1: Design and Objective parameter boundaries for S2-C2.
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Figure 6.14: Comparison of S1 and S2 clustered Pareto solutions.
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Figure 6.15: Cost comparison of S1 and S2 clustered Pareto solutions.
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Figure 6.17: Best solution in terms of C .

Figure 6.16: All Pareto-Optimal solutions in cluster S2-C2.

CH A PT E R 6 C AS E 1 – AC A D E MI C CA S E ST UD Y O F T HE B E ER G A M E

.

87

CH A PT E R 6 C AS E 1 – AC A D E MI C CA S E ST UD Y O F T HE B E ER G A M E

For a decision maker to seek a single “best” solution, in terms of the lowest C value presented in Figure 6.17, which in this case is a selected solution with the following α and β
values: α =0.3782, α =0.4531, α =0.2250, α =0.1482, β =0.7759, β =0.0676, β =0.21
and β =0.2138, the desired inventory and supply line values at the different supply chain
entities are as follows: DI =12, DI =8, DI =10, DI =12, DSL =12, DSL =11, DSL =10 and
DSL =12. The design variables presented subsequently generate the following values for the
three optimization objectives and the total supply chain cost parameter respectively:
CB =5.9395, CINV =5.2303, BWE =0.5984 and C =857.93.
A very interesting question that arises is: Has this particular chosen solution and its parameter setting outperformed the original settings of the BG? Figure 6.18 compares the results gained from the original BG (its parameter settings can be found in section 6.2), and
from the parameter settings of the selected solution of our MOO analysis. As the figure
shows, the selected solution of the MOO is able to substantially decrease the total supply
cost, i.e., C , as well as reduce the costs for the individual members in the supply chain.
The inventory has also been significantly reduced throughout the supply chain, whereas the
backlog is only reduced for entities D and W. However, due to the increase of the entity F
backlog, shown in Figure 6.18, the overall backlog has been increased. Hence, the original
BG settings achieve lower total supply chain backlog than the final solution of the MOO
analysis. As Figure 6.16 illustrates, the magnitude of the bullwhip effect, in terms of the
value
peak of oscillations, is also reduced. Nevertheless, as the figure reveals, the BWE
for entities F and D in the selected solution continuously fluctuates somewhat until the end
of the simulation horizon, whereas the oscillation has leveled out around week 50 or 60
with the original BG setting. The interesting aspect of this comparison is that the chosen
solution (Evaluation 101209) is able to reduce the total cost despite having a higher backlog. This phenomenon can be explained by the fact that compared to the original BG inventory the MOO has found solutions that can achieve a significantly lower inventory throughout the supply chain, which in turn is able to reduce the costs, both for the individual entities as well as the whole supply chain.
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Figure 6.18: Comparing BG default run with the chosen Pareto solution (EV. 101209).

6.5 CONCLUSIONS
This chapter has proposed an integrated SD and MOO approach to find and investigate the
Pareto-optimal solutions of the pedagogical SCM model, namely, the BG. In contrast to
other related studies where inventory and backlog are formulated into a single optimization
objective, in order to minimize the total cumulative cost, the current study has clearly
shown that the minimization of total backlog cost and the minimization of total inventory
cost are two conflicting objectives, when they are optimized within a truly MOO context. In
addition to minimizing the total inventory and backlog costs, this chapter has considered a
third optimization objective, which is to minimize the demand fluctuations, i.e., the bullwhip effect in the supply chain. The results gained from the integration of SD and MOO for
the BG described in this chapter have clearly shown that the three optimization objectives
are in conflict with each other, in the sense that a SC manager cannot minimize the bullwhip effect without increasing the total inventory and total backlog levels. Through the results of this study, the integrated SD and MOO method is believed to provide an innovative
approach for generating the design and analysis of manufacturing supply chain systems.
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C H A P TE R 7

CASE 2 – ACADEMIC CASE STUDY OF
THE STOCK MANAGEMENT PROBLEM
7.1 INTRODUCTION TO CHAPTER 7
This chapter presents a MOO analysis of the stock management problem through the inventory management model developed by Sterman (2000). The chapter provides a brief
introduction to the stock management problem and the general heuristics applied for the
problem. The chapter also provides a brief introduction to the inventory management
model, in which the stock management problem is found, and some of the governing equations in the model. Finally, the chapter presents the MOO structure of the problem and the
Pareto-optimal solutions set obtained from the MOO. The chapter also presents rules extracted using higher level automated innovization for the inventory management problem
discussed, where it was noticed that they could be categorized into three groups based on
their influence on forecasting uncertainty, behavior in the objective space and relationship
with the customer demand .

7.2 THE STOCK MANAGEMENT PROBLEM
The stock management problem refers to the issue of regulating, in the best possible manner, a stock or system state to meet some system objectives or criterion, such as a manager
seeking to maintain a quantity within a specific range or level in order to suffice some demand or requirement, which according to (Sterman, 1989) is one of the most common
tasks in dynamic decision making. As explained in chapter 1, stocks are solely changed and
regulated through their in-and outflows thus requiring decision makers to compensate the
drainage of the stock as well as counteract any deviation which astray the stock from its desired level (Sterman, 2000). However Sterman (2006) explains that in a stock management problem there are gaps or delays between a decision makers control actions, in order
to compensate the drainage or counteract the deviations, and its effect as well as between a
change in a stock and the awareness of this change by the decision maker and where decision maker is able to effect these delays by his/her own actions. The author also point out
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that the stock management problem can be found at various levels of aggregation, for instance at a manufacturing company level where the company orders goods and raw materials to maintain a sufficient level of inventories of goods and raw material in order to keep
production rate at desired levels and where the company is required to adjust their acquisitions and production rates for any change in their customer orders. This concept can also
be transferred to manufacturing supply chains, as shown in chapter 6, which consists of a
network of companies where each supply chain company places and receives orders and
subsequently adjusts their production and production capacities to meet fluctuations in
incoming orders and end customer demands. Table 7.1 provides several application domains, with varying aggregation levels, in which the stock management problem can be
found.
System
Inventory
Management

Stock
Inventory

Supply Line
Goods on order

Loss Rate
Shipments to
customers

Acquisition Rate
Arrivals from suppliers

Order Rate
Orders for
goods

Capital Investment

Capital Plant

Plant under construction

Depreciation

Construction completion

New contracts

Equipment

Equipment

Equipment on
order

Depreciation

Equipment delivery

New equipment
orders

Human
Resources

Employees

Vacancies and
Trainees

Layoffs and
quits

Hiring rate

Vacancy creation

Showering

Water temperature

Water temp. in
pipes

Drain rate

Flow from shower
head

Faucet settings

Personal
Level Energy

Glucose in
bloodstream

Sugar and starch in
GI tract

Metabolism

Digestion

Food consumption

Table 7.1: Various of stock management structure application domains (Sterman, 2000).

Further on, the control of the stock management problem can be separated into two parts,
where the first part refers to stock and flow structure of the stock management system and
the second part refers to ordering heuristics or the decision rules implemented by the decision makers to acquire new units. Figure 7.1 displays a generic stock management model,
adopted from Sterman (2000), depicting the stock and flow structure as well the ordering
heuristics of the generic model, it is important point out that this chapter only provides a
general description of the generic stock management model and it’s equations for detailed
information regarding the model and the equations please refer to Sterman (2000).
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Figure 7.1: Generic stock management structure (Sterman, 2000).

As Figure 7.1 shows, the system stock is defined through the accumulation of the acquisition rate
and loss rate , and where the calculation of at time t is given by:
(7.1)
where

represent to the stock in the previous time period, i.e. the in hand stock.

The loss rate of the stock can occur from any stock outflow, represented by
in Figure 7.1,
where the drainage represents the consumption or attrition of the stock, such as consumption of the finished goods inventory by shipments to customers or attrition of tools or
equipment. The loss rate may be defined through other endogenous or exogenous variable
where an endogenous variable might be pricing of the company’s products or marketing
campaigns and where exogenous variable
might be the weather or customer demand,
another important aspect of the depletion of a stock is that the loss rate depends on the
stock in order ensure that when the rate by which the stock is drained approaches zero
when the stock is depleted (Sterman, 2000). The loss rate
of a stock at a time t may be
given as:
,

,

where the rate of the stock in a dynamic system generally is a nonlinear function
, and (Sterman, 2000).

(7.2
of

Now, in order to cover the consumption or attrition of the stock it is necessary for the decision maker to acquire new units or product in order to minimize the risk of completely depleting the stock. The rate by which the new units are acquired are given by the acquisition
rate
, however Sterman (2006) explain that generally the decision maker would not at93
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tain the acquired units at once rather there would exist a time delay from which the decision maker ordered the units until they are received. This notion is represented by the supply line
which, as we know from chapter 6, contains all the units that have been ordered
by the decision maker but not yet received and where supply line is defined through the accumulation of the order rate
less the acquisition rate as denoted in eq.( 7.3), which defines the calculation of the supply line at a time t. The acquisition rate
on the other hand
is defined by the supply line and the average acquisition lag
where the lag, or delay,
function
represents the material delay which is the delay period of the ordered units,
that is to say the units that are in transit in the supply line, before they arrive into the stock.
(7.3)
represents the supply line in the previous time period.

where
,
,

(7.4)
,

(7.5)

The acquisition lag
on the other hand, which itself is an endogenous variable, may also
depend on the supply line itself as well as other endogenous and exogenous variables.
Sterman (2006) explicates that attaining new units requires resources, as production requires equipment and workers or haulage requires transportation resources, and where the
availability of these resources may impose capacity constraints. Thus the supply line, by
which the acquisition lag is defined, is dependent on the available capacity of the delivery
process, which in turn can be defined through other endogenous or exogenous variables.
The author continues to explain that decision makers have a possibility to influence the acquisition lag, such as in a production inventory model where the production manager has
the possibility to influence and regulate the production capacity and subsequently the production rate into the finished goods inventory, through the capacity of the delivery process
by ordering overtime or procurement of more resources such machines or workers. A decision maker might do his/her upmost to uphold required capacity levels however when the
is constrained by the capacity of its supplier the delivery time for the units in the supply
line will rise triggering delivery delays in the system (Sterman, 2006).
Despite the possibility to influence the acquisition lag and acquisition rate the main decision point in the stock management structure is the order rate
(Sterman, 2000), as it
governs the inflow of units to the supply line and thus to the stock, and the ordering heuristics that the decision maker implements. In the stock management model utilized in this
chapter, which is adopted from (Sterman, 2000), the ordering heuristics is based on the
concept of bounded rationality which implies that that managers, or any decision maker for
that matter, are limited in their decision making through the limited information provided
to them, their cognitive limitation and the time constraint placed upon them to make a decision. Hence, the ordering heuristics in the default model developed by (Sterman, 2000)
presumes that the decision maker only has access to local available information with no
knowledge about the global structure of the system. Thus, decision makers place orders in
the model to firstly replace the expected losses of the stock, secondly to reduce the disparity
between the desired stock level and the actual stock level and thirdly to uphold a sufficient
supply line of incoming units (Sterman, 2006). The presented ordering heuristics is given
through the order rate which in turn is based on the incoming orders , the order rate at a
time t is given as:
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0,
where MAX() indicates that

(7.6)
must be nonnegative.

The indicated order variable on the other hand is defined through the desired acquisition
rate
, which constitutes the required acquisition rate in order to cover the depletion of
the stock as well as the disparity between actual and desired stock levels, and the adjustment for supply line
, which is defined through the disparity between actual and desired supply line levels. The calculation of the indicated orders is based on the concept of
anchoring and adjustment heuristics, which was also implemented in chapter 6, where the
serves as an anchor and is then adjusted by a value of
in order to bring the supply
line in line with its desired levels(Sterman, 2006). The indicated orders at time t are given
by:
(7.7)
Now, as previously explained both
and
are defined thru another set of endogenous variable which in turn might be defined through another set, however as mentioned
earlier this chapter intends to provide an general introduction to the stock management
problem and its generic structure for a detailed elaboration of the problem, structure and
all the equation please refer to (Sterman, 2000, 2006, 1989).

7.2.1 THE INVENTORY MANAGEMENT MODEL
As explained in the previous chapter and presented in Table 7.1 the stock management
problem can be found in several different application domains. This chapter aims to implement MOO to the inventory management model developed by and presented in (Sterman, 2000). Thus, the inventory management model, presented in Figure 7.2, is based on
the concept of the generic stock management structure presented above but where it depicts the internal production and inventory process of a manufacturing company with the
aim to investigate how a single manufacturing company manages its capacity as they try to
balance orders, production and inventory to meet customer demand (Sterman, 2000).
In the model presented in Figure 7.2, the company implements a make-to-stock production
strategy, in which the orders are produced for storage in according to a forecast rather than
actual customer orders, where the company tries maintain a sufficient stock of finished
products in the inventory so that incoming customer order may be filled. However, as explained in the previous section the stock, in this case the inventory, there exist a delay in
filling the inventory as manufacturing of a product takes time. In the inventory management model the supply line, which contained all the units that had been ordered by the decision maker but not yet received, is represented through the work-in-process (WIP) inventory which contains all the unfinished product which have started to be manufactured in
the production but are not yet finished. As Figure 7.2 depicts, the WIP inventory is defined
through the production start rate and the production rate and where the main decision
point of the model is to define a sufficient production start rate that will in time replace the
expected shipments of products from the inventory as well as keeping a sufficient supply
line and inventory to provide a good customer service level (Sterman, 2006).
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Figure 7.2: The inventory management model, adopted from (Sterman, 2000).

One aspect that is not considered in this model is what if a customer order is not able to be
met, in an actual company this order would most likely be placed in the order backlog and
delivered as soon as there is a product available in the inventory that matches the customer
order however in this model it is assumed that customer order which are not met are lost as
customers then seek other sources of supply (Sterman, 2000). A mentioned the inventory
management model is adopted from Sterman (2000), however an additional variable has
been added to the model utilized in this chapter namely the work-in-process coverage
(WIPC) which defines the amount of time the WIP inventory could supply the inventory
with products at the current given its WIP level. The WIPC at time t is given by:
(7.8)
= Work-in-process coverage in period t,


denotes the amount of time for which
products based on the current
.

is able to supply the inventory with

= Work-in-process inventory in period t,


represents the amount of unfinished products still in production

= Production rate in period t,


denotes the rate by which the unfinished products leave the

Hence, the only alternation made to the original inventory management model is presented
in eq.( 7.8), and highlighted in Figure 7.2, for a detailed information about the model and
all other equations please refer to (Sterman, 2000).
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7.3 MOO OF THE INVENTORY MANAGEMENT
MODEL
As explained earlier the aim of the stock management problem is to optimally regulate the
stocks to meet some system objective, the inventory management model which encompasses this issue aims to provide a good customer service level by meeting customer demand through having sufficient amount of inventory and WIP levels. Here, it could be argued that customer demand could always be met if the finished goods inventory and it’s
supply line, i.e WIP inventory, is high enough, so it is able to always meet customer order.
However, keeping high inventories, both of finished and unfinished goods, generates significant holding costs for the manufacturing company. Thus, the dilemma for the decision
maker is to find the optimal trade-offs between the sufficient supply line and inventory
coverage and customer demand. Hence, the aim the optimization study is to minimize the
and inventory coverage (
) whilst maximising the shipment rate ( ) of customer orders. The optimization experiment of the inventory management model is based on
two scenarios, both scenarios aim to finding the Pareto-optimal solution set for the optimization problem presented here. However, the difference between the two is that in one scenario the optimization, and thus the model, is executed on the basis of the original customer demand, as presented in (Sterman, 2000), of 10000 products/week whereas in the second scenario the customer demand is increased to 15000 products/week. Here, it should
also be point out that all time units, both endogenous and exogenous variables, in the model are given in terms of weeks. The objective functions for the optimization is denoted as:

(7.9)

,

where =
and

,

=

subject to

∑

∑

where

,

∑

,
,

,

∑

,

∑

∑

(7.10),(7.11),( 7.12)

,

(7.13)

,

(7.14)

0.25
0.25

10, 5
10, 5

15, 5

15, 0,25

10

15

= All optimization objectives,


represent all objective functions used for the optimization problem.

= First objective function,


represents the objective function to minimize the coverage time of unfinished
products in the production, i.e.
.

= Second objective function,


represents the objective function to minimize the coverage time of the finished
products in the inventory.
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= Third objective function,


represents the objective function to maximize the shipment rate of finished product to customers.
= The Inventory coverage,



denotes the amount of time for which inventory (
) is able to supply the customers with products based on the current , and is given in units of weeks,



where

at time t is given by

.

(7.15)

= The shipment rate,





denotes the shipment rate of the system, where it is defined through the desired
shipment rate
and the order fulfilment ratio
, and is given in units of
products/weeks.
at a time t is thus given by

∗

.

(7.16)

Shipments fall below desired shipments when the feasible shipment rate, i.e. the
maximum shipment rate, is lower than the desired shipment rate, indicating that
some products are unavailable in the inventory.
= The WIP adjustment time,



represents the time required to adjust the
en in units of weeks.

to the desired level, and is giv-

= The manufacturing cycle time,


represents the average delay time of the production process for the products from
start till completions of the product, and is given in units of weeks.

= The inventory adjustment time,


represents the time period over which the manufacturing plant seeks to bring the
inventory with the finished products in balance with the desired inventory level,
and is given in units of weeks.
= The minimum order processing time,



denotes the minimum time required by the company to process and ship a customer order, and is given in units of weeks.

= The safety stock coverage,


represents the time period over which the company would like to maintain a safety stock coverage, excess to the order processing time, in order to meet any variations in customer demand or in supply of finished product, and is given in units of
weeks.
= The time to average order rate,



denotes the time period over which the demand forecast is adjusted to actual customer order, and is given in units of weeks.
= Mean WIP coverage,



denotes the mean value of the WIP coverage.
= Mean inventory coverage,



denotes the mean value of the inventory coverage.

= Mean shipment rate,
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7.4 RESULTS AND ANALYSIS
7.4.1 PARETO ANALYSIS
Initiating the optimization for the two scenarios a set of 100 solutions were generated as
the initial population for the NSGA-II algorithm through the uniform Latin hypercube approach and where each scenario was execute for 60000 evaluations. The optimization scenario with the original customer demand of 10000 products/week generated 12373 Paretooptimal solutions, presented in Figure 7.3, where the optimization objectives ranges between
[4.989783-5],
[0.5-14.99492] and
[8827.185-10000].
Whereas the second scenario with a customer demand of 15000 products/week generated
12438 Pareto-optimal solutions, presented in Figure 7.4, where the optimization objectives
for this scenario ranged between
[4.989783-5],
[0.5-17.63437] and
[13240.86-15000]. Table 7.2 presents the all the design variables ranges obtained
from the optimization experiment.
Scenario
Org.
Demand
High.
Demand

[0.25-10]

[5]

[5-14.97981]

[0.25-9.999976]

[0.25- 4.527548]

[5.255627-11.87672]

[0.25-10]

[5]

[5-14.96635]

[0.25-9.999722]

[0.25-7.703345]

[5.746266-13.16766]

Table 7.2: Range of variation of design variables for both scenarios.

Comparing the Pareto-fronts, in Figure 7.3 and Figure 7.4, of the two scenarios one notes
the similarities between the shapes of the two Pareto-fronts, this similarity rises from the
fact that the only variable that differs between the two optimization scenarios is the customer demand, which is an exogenous variable effecting the system from outside whereas
the actual system on the other hand remains identical. Hence, similar shapes of the two Pareto-fronts show that the behavior of the system remains more or less the same regardless
of the change in customer demand.
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Figure 7.3: Pareto-optimal solutions with a customer demand of 10000 products/week.

Figure 7.4: Pareto-optimal solutions with a customer demand of 15000 products/week.

Figure 7.5: Pareto-optimal solutions of both optimization scenarios.

Figure 7.6: Correlation between

100

and

.

Figure 7.8: PC heat map

Figure 7.7: PC heat map for

of design variable and objective functions for Pareto-optimal solutions with 50% higher demand.

of all design variable and objective functions for Pareto-optimal solutions with original demand.
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The similarity between the two fronts is also visible in Figure 7.5 which depicts the two Pareto-fronts together. However in contrast to Figure 7.3 and Figure 7.4, Figure 7.5 clearly
show the distinction between the two fronts, where one sees how the Pareto-front of the
higher demand scenario operates in higher shipment rate range then the other front due to
the fact that the system will generate a higher WIP inventory, as there is no capacity constraint on the production start rate except for the WIP adjustment that adjust the WIP level
in the
to the desired level over a period of time. This indicates that whatever demand rate is sent downstream to the production manager he/she will start manufacturing
it which in turn would indicate that the system as it is holds excessive production capacity
which is an additional reason to why the system behavior is almost identical despite the
change in customer demand. Another peculiar characteristic of the two Pareto-fronts is
that being a three objective optimization problem generally the optimization generates a
surface based Pareto front. However, observing the Pareto-fronts in the three previously
mentioned figures one sees that both Pareto fronts are flat, which indicates that there is a
correlation between two of the optimization objectives and observing 2D plot in Figure 7.6,
as well as the PC in Figure 7.7 and Figure 7.8 of the two scenarios, one finds that this correand
. Another interesting observation that can be
lation exist between
made from the objective function value ranges, presented in the beginning of section 6.4.1,
is that the
range is exactly the same for both scenarios, namely [4.989783-5 weeks]
which indicates that regardless of scenario the optimal
lies between this range not
more not less. Table 7.2 also shows that the
is constant and has the same value for
both scenarios, which is quit logical as a lower
will generate a higher shipment rate as
well as a lower
, namely a
of 5 weeks Also, observing the last graph from left
in Figure 7.5, and also in Figure 7.6, one sees that the gradient of the Pareto-front generated from the scenario with the higher demand is greater than the other Pareto-front indicating that the scenario with the higher demand actually gives more bang for the buck as is
provides a greater increase in shipment rate for similar WIP coverage.
Now, observing the Pareto-fronts in Figure 7.9, as well as in Figure 7.3 and Figure 7.4 one
sees that both fronts have two distinct boundaries, with Pareto-solutions lying in between,
and
whereas the secwhere one boundary is the trade-off front between
ond boundary which is quite linear is an constrained boundary, where the search has been
limited by the upper limit of
. Observing the characteristics of the constrained
boundary one sees that a somewhat small increase in
generates a significant increase
in
whereas in the case of the optimal trade-off front one sees that it behaves according
to a general optimal trade-off front generated from a two objective MOO.

Figure 7.9: Pareto-optimal trade-off between
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7.4.2 HIGHER LEVEL INNOVIZATION ON INVENTORY MANAGEMENT PROBLEM
Using the higher level automated innovization approach describe in chapter 4, the rules
presented in Table7.3 were obtained. The varying parameter for the present inventory
70%
management problem is the customer demand D. A threshold significance of
has been implemented to obtain only those rules whose effective significance over the two
scenarios is at least 70%. The obtained rules can be categorized into three groups based on
their influence on forecasting uncertainty, behavior in the objective space and relationship
with the customer demand .
Significance
value

Rule
Number

1

[81.36 %]

2

3

[80.78 %]

4

[77.76 %]

5

[76.55%]

6

[76.21 %]

[75.51 %]

8

∗

[75.46 %]

[75.18 %

10

∗

[74.99 %]

Rule
Number

HLI Rule

HLI Rule

Significance
value
[80.64%]

∗

∗

7
1
9

11

∗

[72.22 %]

Table 7.3: Higher Level Innovization (HLI) rules and their significance values.

7 . 4 . 2 . 1 F O R E C A S T I N G U N C ER T A N I T Y
Rule 1 which has the highest significance value, and can be simplified as
∝
,
, states that for both demand cases, an increase in the value of
requires
an increase in
for Pareto-optimal performance of the system. This is quite intuitive
from the forecasting point of view because a higher
, which works as the smoothing
factor in the forecasting approach utilized in the inventory management model, value
means that the customer demand is averaged over a greater period of time, causing the
forecast to be less accurate This uncertainty therefore requires a greater
. However,
what is not intuitive is the fact that this increase is less than the increase in
values.
This is because
has a higher exponent than
.
According to rule 1, when the forecast uncertainty increases due to a higher TAOR, INVC
also increases. In rule 4
has an exponent of 3 and therefore the increase in the
denominator is not entirely compensated by the increase in
. As a result,
should
also increase. As Figure 7.2 shows
does not have a direct influence on the forecast, i.e.
expected order rate, however rule 4 implies that for a Pareto-optimal operation of the system
and
should display a similar behavior. Thus, an increase of forecast uncertainty rule 4 requires an cubic increase of the
and to compensate this increase 77.76%
of the Pareto-optimal solutions in both scenarios requires an increase of
.
Rule 5 also describes a direct relationship between
and
which can also be obtained by dropping TAOR fr0m rule 4 along with a small decrease in the significance value.
From a model perspective rule 5 indicates that an increase of SSC requires a cubic increase
of the INVC for the resulting solution to remain on the Pareto-optimal front. The relation
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between the two variables in rule 5 is apparent as the SSC directly effects the desired inventory coverage variable as the system tries to minimize the gap between INVC and desired
inventory coverage value.

7.4.2.2 BEHAVIOUR IN THE OBJECTIVE SPACE
Rules 2 and 3 say that two of the objectives (
and
) have a cubic relationship
with the third objective
. Since the significance of the two rules is almost identical and
also as seen from Figure 7.10 both rules involve approximately the same solutions from the
Pareto-optimal front, it is possible to combine the two rules to obtain
∝
,
which is verified in Figure 7.6. Rule 2 by itself say is expected as the inventory management
model implements a make-to-stock production strategy which means that the customer
orders are being fulfilled through the inventory which in turn mean that SR and
together. However, it is interesting to note that this relation is represented through a cubic
increase of
for about 80% of the Pareto-optimal solutions. This relation has two possible explanations; (1) the cubic increase of
from one solution to another is due to the
fact that the increase in production rate, which is the rate at which the inventory is filled, is
larger than the increase in SR resulting in an accumulation of products in the inventory, (2)
the table for order fulfillment function in the model is restricting products in the inventory
from being shipped. This happens because the table for order fulfillment function mimics a
multiproduct inventory and the behavior of not being able to fulfill 100% of the customer
orders due to the fact that the inventory is not holding the right product that is required by
the customer. Rule 11 is a slight variation of rule 2 where SSC compensate the change in
exponent of MinINVC from cubic in rule 2 to square in rule 11. And the reason behind this
compensation can be explained with regard to the discussion on rule 5 presented above.
Rule 3 on the other hand displays a relation between
and
, which also is quite
evident as the
directly feeds the inventory with products. However, the only possible explanation for the cubic increase of
in rule 3 is the behavior of the table for order
fulfillment function as discussed above.

7 . 4 . 2 . 3 C U S T O M ER D E M A N D D
Higher level innovization rules involving D are especially important as they represent relationships applicable on the Pareto-optimal front that change with the varying parameter,
which in this case is D. Rule 10 can further be simplified to

where c is a

constant with a very small numerical value as presented in Figure 7.11. For positive values
of TAOR, MinWIPC increases with TAOR which is true for a uniform demand patterns as
implemented here for
10000product/week and
15000products/week. Simplifying
rule 7 using rule 10 one gets
∝ , that can be observed and verified in Figure 7.5,
which is an expected behavior of the inventory management model as system in our case is
not capacity constrained. Another way of verifying
∝ is to calculate the percentage increase in MaxSR between the two demand cases considered here. Noting that the
[8827.185-10000] for the original
MaxSR range in the beginning of section 6.4.1 is
[13240.86-15000] for the higher demand, this percentage can be caldemand and
culated by:
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0.5004;

,

,

,
,

0.179

(7.17), (7.18)

This means that the 50% increase in demand is proportional to an equivalent increase in
SR. Similarly combining rule 10 and rule 9 one gets
∝ , which accounts for
17.9% increase in the range of MinINVC between the two demand scenarios as calculated in
eq.( 7.18). Since
[0.5-14.99492] is the range of the original demand and
[0.5-17.63437] for the higher demand.

Figure 7.10: Higher level innovization cluster plot of rule 2 and 3.

Figure 7.11: Higher level innovization cluster plot of rule 10.
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7.5 CONCLUSIONS
The aim of the stock management problem is to optimally regulate the stocks to meet some
system objective, the inventory management model which encompasses this issue aims to
provide a good customer service level by meeting customer demand through having sufficient amount of inventory and WIP levels. The chapter presents a MOO study of the inventory management model where aim is to minimize the
and
whilst maximising
of customer orders. The optimization experiment were based on two scenarios where
the difference between the two is the customer demand rate where one scenario was executed on the basis of the original customer demand, as presented in (Sterman, 2000), of
10000 products/week whereas in the second scenario the customer demand is increased to
15000 products/week. Obtaining the Pareto-optimal solutions and the Pareto front of the
scenarios it was noted that the two fronts were significantly similar regarding the shape of
the Pareto front. This similarity was believed to rise rises from the fact that the only variable that differs between the two optimization scenarios is the customer demand, which is
an exogenous variable effecting the system from outside whereas the actual system on the
other hand remains identical. However, the distinction between the two fronts was presented through , where the higher demand scenario operated at an higher shipment rate
range. It was also found that the
and
where correlated, making the Pareto fronts
flat in one dimension, whereas the
and
behaved according to a general optimal
trade-off front generated from a two objective MOO where a somewhat small increase in
generates a significant increase in . It was also found that
remains constant,
at 5 weeks, for both scenarios which is expected lower
will generate a higher shipment
rate as well as a lower
. The
range, of [4.989783-5 weeks], is found to be
identical in both scenarios indicating that regardless of scenario the optimal
lies between this range not more not less. It was also observed that the Pareto-front generated
from the scenario with the higher demand has a higher increase in
for a similar
then the other scenario. Both fronts also included a constrained boundary where the search
of the optimization was limited by the upper limit of
.
In addition to the Pareto front analysis, a higher level innovization study was also performed to study the effect of an external parameter, which in this case is the customer demand D. The rules extracted from the higher level innovization were classified into three
groups based on their influence on forecasting uncertainty, behavior in the objective space
and relationship with the customer demand .The first group contained rules which could
be explained in terms of change in
which is basically responsible for the uncertainty
in the forecast. The second group contained rules which could be explained with respect to
the optimization objectives and their relation to each other. The final category was especially important as it contained rules that negate the change in the customer demand.
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C H A P TE R 8

CASE STUDY 3 – AN INDUSTRIAL APPLICATION STUDY
8.1 INTRODUCTION TO CHAPTER 8
An internal supply chain management process includes the planning of the internal production, inventory capacities, as well as preparing the demand and supply plans, in order
to fulfill the orders. According to Chopra and Meindl (2012), the aim of internal supply
chain management is to fulfill customer demand in a timely fashion and at the lowest cost
possible. Thus, the internal supply chain and its corresponding internal logistical system
are limited to one company and its internal processes. Unlike inter-company supply chains
analyzed in earlier chapters, for an internal supply chain, suppliers and customers are environmental components which have the ability to influence the internal logistical system,
but not the possibility to control it. However, an internal supply-chain process can also exert similar dynamic behavior as any multi-echelon supply-chain systems, such as the bullwhip effect, as revealed in a recent study of the so-called internal bullwhip effect (Klug,
2013).
This chapter presents an industrial application study, depicting a conceptual model for internal logistics and production flow at an automotive manufacturer in Sweden. In contrast
to case study I in Chapter 6, where the supply chain and its corresponding logistical system
are examined from an external point of view, that is, as an inter-company supply chain in
which the suppliers and customers are included, this application study is focused on the
internal supply chain and logistics of a single manufacturing facility. From an academic
perspective, the main purpose of this application study is to verify that the SD-based modeling, MOO and post-optimality analysis methods proposed in this thesis, is applicable to
tackle real-world industrial supply-chain problems. From an industrial perspective, the
study also demonstrates how the methodology can assist decision makers at the automotive
manufacturer in the development/improvement of a manufacturing facility in the future.
In particular, one industrial goal is to investigate the effects of different material flow control strategies (e.g. push and pull) on the investigated system. With this industrial goal, a
total of nine different modeling scenarios have been developed in collaboration with the
company, for the purpose of investigating and evaluating various manufacturing strategies
and concepts for the future manufacturing facility.
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The remainder of this chapter is organized as follows: Section 7.2 presents a comprehensive description of the investigated system and its internal processes; section 7.3 presents
the system’s dynamic model and its modules which are implemented for the different scenarios. Section 7.4 presents the simulation settings, in terms of initial conditions and time
step value for the numerical integration. A detailed description of the nine evaluated scenarios can be found in section 7.5, which is followed by a presentation of the objective functions of the MOO in section 7.6. In section 7.7, the results obtained from the optimization
and post-optimality analysis are presented and discussed. Finally, the overall conclusions
that can be drawn from this real-world application study are found in section 7.8.

8.2 SYSTEM DESCRIPTION
The investigated system, depicted in Figure 8.1, contains two manufacturing areas, an interim inventory, a finished goods inventory (FGI), as well as a shipping area. The material
or product flow of the system is initiated in the first manufacturing area, Manufacturing 1,
and continues through the Interim Inventory to the second manufacturing area, Manufacturing 2, which in turn supplies the FGI with finished products before they are shipped off
to customers. Manufacturing 1 consists of four production lines; Line 1, Line 2, Line 3 and
Flex-line, where lines 1, 2, and 3 are product specific, that is to say that only a single product of the product family is processed on these lines, whereas the flex-line has the possibility to accommodate and process multiple products. Similarly, Line 1 and Line 2 in the second manufacturing area have a comparable allotment of production in which line 1 is
product specific, i.e., only a single product is manufactured on this line, and line 2 processes multiple products. Each production line has its own internal production set-up and flow,
therefore, the aim of the analysis is to investigate the effect of different manufacturing
strategies at a primary level, by exploring the system from a holistic perspective. Hence,
each internal production line configuration or set-up is only considered at an aggregated
level where no consideration is taken for the internal technological processes. As is common in any production system modeling, the production lines are treated as a black box in
which the unfinished product is accumulated until the defined delay time of the production
process, i.e., line cycle time or lead time, has passed.

Figure 8.1: System overview.
108

CH A PT E R 8 C AS E ST UD Y 3 – AN I ND U ST RIA L A P P LI C AT IO N ST UD Y

The two inventories, interim and FGI, function as stock keeping units from which material
or products are depleted and sent downstream the material flow. The shipping area is not
physically included in this case study, however, the required information flow for the current study concerning the shipment and consignments of products has been taken into account. The production lines in the manufacturing areas accommodate the processing of
three different products and their subsequent variants. Figure8.2 shows the product flow of
the three products manufactured in the system; the red arrows represent the production
flow of Product A (PA), while the blue and green arrows represent the production flow of
Product B (PB) and Product C (PC) respectively. As Figure 8.2 displays, the main flow of
PA is through both lines 1 in respective manufacturing area, whereas the main production
flow of PB runs through line 2 in both manufacturing areas. However, both line 1 and line 2
in manufacturing 1 are subjected to a production capacity constraint. Thus, when maximum capacity is reached in the discussed production lines, the surplus demand is then allocated to the flex-line, which is assumed to have unlimited production capacity. All other
production lines, except the two discussed, i.e., line 1 and line 2 in manufacturing 1, are not
subjected to any capacity constraints. The third product, PC, on the other hand, flows
through line 1 respectively line 2 in the two manufacturing areas and, as Figure 8.2 shows,
PB and PC are processed on the same production line in the second manufacturing area.

Figure 8.2: Product flow through the entire system under study.

Besides the data collection of the attributes for the system, as well as production material
flow and information flow, the customer demand data have also been collected. Figure 8.3
presents the customer demand for the three products used in the case study.
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Figure 8.3: Customer Demand.

The customer demand data, collected from the manufacturing company, span over 46
weeks of production, excluding the holiday periods. By calculating an average of the demand data for respective product, one acquires a demand of 4770 products/week for PA,
4796 products/week for PB, and 903 products/week for PC. The same average for the overall demand, i.e., for all three products, is approximately 10416 products/week.

8.3 THE SYSTEM DYNAMICS MODEL AND ITS
MODULES
The system dynamics model developed for the industrial application study portraying the
above described manufacturing system has its origin in the stock management model for
inventory and production control introduced by Sterman (2000). The same stock management model is also used in the study described in Chapter 7. However, in contrast to
Chapter 7 where the actual stock management model presented by Sterman (2000) was
used, the model developed for this industrial application study only exploits the modeling
principles of the stock management structure.

Figure 8.4: Policy Structure Diagram of the investigated industrial system.
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The policy structure diagram, presented in Figure 8.4, shows the basic structure of the
simulation model, developed for the case study, together with primary functions and decision policies. The aim of a policy structure diagram is to present the stock and flow structure together with the decision structure of the model, at a more abstract level than presenting individual equations for each stock or decision variable in the simulation model;
thus providing an overview of the simulation model and highlighting the feedback structure
presented in the model (Morecroft, 1982). As Figure 8.4 illustrates through the highlighted
rounded rectangles, the simulation model consists of eight governing functions and decision policies, namely, Production, Production Scheduling, Master Production Schedule,
Replenishment & Dispatching, Demand Forecasting, Backlog, Order Fulfillment and Customer Order Rate. The blue feedback arrows represent the information feedback which
applys to all modeling scenarios, whereas the three red arrows with dotted lines represent
information feedback loops which may vary from scenario to scenario and where any combination of these information feedback signals might be considered. As in the case of the
original stock management model, the production lines at respective manufacturing area
are represented as a stock where the WIP levels at each production line are increased
through Production Start Rate and depleted through Production Rate at respective production line. The forthcoming sub-section provides a comprehensive overview of the different modules of the simulation model, including their equations and modeling structures.

8.3.1 CUSTOMER ORDER RATE
As previously presented in Figure 8.3, the customer demand or order rate data were obtained as products per week. However, as the development of the simulation model and data collection progressed, it was noticed that data regarding the manufacturing system are
presented in terms of products per hours, instead of products per week, by the manufacturing managers and other company personnel. Hence, in order to minimize misperception
during data collection, result analysis, and the knowledge transfer phase, all input and output data are defined in terms of product per hour. Hence, the demand data presented in
Figure 8.3 have been converted to demonstrate an hourly rather than a weekly demand.
This has been achieved by dividing the weekly demand volume by 110 hours, which is estimated to be one week’s available production hours. As the demand data are externally located in Excel sheets, as shown in Figure 8.5, this created another issue during the development of the simulation model; each optimization evaluation is required to obtain access
to the excel sheet data by first opening it and then continuously reading the data throughout the simulation period. This way of accessing the demand data could lead to significantly
longer computational times.

Figure 8.5: Excel Demand data access and the generic Customer Order Rate structure.
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To resolve the issue of externally accessing data, there is a need of embedding the demand
data into the simulation model. However, since Vensim, the SD software used in this research, does not provide the possibility to internally store any dataset in a table or a list, the
problem was solved by overloading the Vensim LOOKUP() function, which allows users to
define customized relationships between a variable and its causes. This function allows users to graphically define a nonlinear function between an input x and an output y, i.e., y =
my_ function(x). Hence, the output variable y is changed by the input variable x through
the user defined LOOKUP() function my_function, which has the shape that the user has
defined (Ventana Systems, 2013). The right-hand side image in Figure 8.5 depicts the generic structure of the customer order rate with the LOOKUP() function, together with its
information feedback to the backlog and demand forecasting module.
Thus, the customer order rate for a product

is given by:
(8.1)



= Customer Order Rate of product , in period t,
represents the customer demand and acts as output y for the LOOKUP() function
= Customer Demand Data of product , in period t,




where the demand dataset has been entered as a data plot;
x-axis represents time (hr) and y-axis represents demand volume (product).
= Time of the internal simulation clock,

acts as input x for the LOOKUP() function.
, where the data plot in the
Figure 8.6. shows the customer order rate for PA, i.e.,
graph represents the data entered in the
variable and where the x-axis displays the variable
. Thus, the simulation obtains the customer order rate value by accessing the value in the
plot at a given value of variable Time.

Figure 8.6: Customer Order Rate for PA.
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8.3.2 DEMAND FORECASTING
The demand forecasting structure, presented in Figure 8.7, creates a forecast based on the
historical demand data and is connected to the customer order rate and the master production schedule module. The different information arrows to and from the two modules show
that demand forecasting always requires information feedback from the customer order
rate and always provides information to the master production schedule module. The demand forecasting structure follows a first-order exponential smoothing principle, when
predicting the future customer order rate (Sterman, 2000). In contrast to a moving average
smoothing principle, by which all demand values are assigned the same weight for estimating the forecast, exponential smoothing assigns lesser weight to older demand values, ensuring that these older values receive inferior significance when determining the forecast,
regardless of when the demand value was generated in time. Hence, the exponential
smoothing attempts to portray a scenario in which recent demand is given higher information value then older demand (Hopp and Spearman, 2011).

Figure 8.7: Generic structure of Demand Forecasting.

The forecast for a product

is given by:
(8.2)

where

(8.3)

= Expected Customer Order Rate of product , in period t,


denotes the calculated forecast of product .
= Change in Expected Customer Order Rate for product , in period t,



adjusts the demand forecast to the actual customer order rate over a time period
defined by the variable
;

denotes the change in the expected customer order rate.
= Time to Average Order Rate,




denotes the time period over which the expected customer order rate is adjusted
to the actual customer order rate;
the units for this variable are given in weeks.

Figure 8.8 displays the estimated customer order rate and the actual customer order rate
where the time period over which the estimated customer order rate is adjusted is set to
one week.
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Figure 8.8: Estimated Customer Order Rate and Customer Order Rate.

8.3.3 MASTER PRODUCTION SCHEDULE
This module generates a master production schedule (MPS) from the information feedback
received from the forecast and subsequently provides the production scheduling and replenishment & dispatching modules with the demand information, as shown in Figure 8.9.
The MPS module calculates how the demand should be distributed among the four production lines in the first manufacturing area. As mentioned earlier, among the four production
lines, two of them, namely, line 1 (M1-L1) and line 2 (M1-L2), are subjected to a production
capacity constraint. The heuristics behind the calculation of the MPS is that it attempts to
fill up M1-L1 and M1-L2 to their maximum capacity, so that all additional demand is then
allocated to the flex-line (M1-Flex). Line 3 (M1-L3) is not included in the above-mentioned
heuristic, as it only produces one specific product and is not subjected to any capacity constraint.

Figure 8.9: Generic structure of Master Production Schedule.

The MPS for each production line λ is, where λ ∈ M1
given by:
∈

∈

where
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∈

,

∈

→

∈

,

,

;→
(8.5)

0;
(8.6)
= Master Production Schedule for line λ, in period t,




denotes the MPS for each production line in manufacturing area one, M1-L1, M1L2, M1-Flex and M1-L3;
determines production rate for each line in products/hr.;
the products PA and PB are denoted as FPA and FPB when manufactured on the
flex-line.
= Maximum production capacity of line λ,




represents the maximum production capacity for production lines in manufacturing area one;
is given in terms of products/hr. where maximum capacity for M1-L1 and M1-L2
is set to 33 products/hr. and where maximum capacity for M1-Flex and M1-L3 is
not available (Na), i.e. M1-Flex and M1-L3 are not subjected to capacity constraint.

Figure 8.10: Master Production Schedule.

The outcome of the heuristics for the
is clearly shown in Figure 8.10, where one notices that the scheduled production rate for M1-L1 and M1-L2 follows a straight line almost
throughout the simulation period, which indicates the maximum production capacity of the
two production lines. However, when the total demand of PA, i.e., TotPA, decreases below
heuristics shuts down the production in M1the maximum capacity of M1-L1, the
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Flex for PA, by decreasing the production rate for FPA to zero. The manufacturing of FPA,
i.e., PA in M1-Flex, does not resume until M1-L1 has reached its maximum production capacity level. As Figure 10.x shows, the master production schedule also inherits the forecasted demand for products PA, PB, and PC, which are represented by TotPA, TotPB, and
PC in the figure. The values of these variables are used for the two production lines in the
second manufacturing area, M2-L1 and M2-L2, where the production rate of TotPA, TotPB,
and PC are used to deplete the interim inventory.

8.3.4 PRODUCTION SCHEDULING
In contrast to the master production schedule, this module deals with a more detail scheduling of the production lines in manufacturing areas one and two. As Figure 8.11 displays,
the production scheduling module receives a rough production schedule, from the master
production schedule module, based on the forecasted demand. The production scheduling
also receives information feedback from the replenishment & dispatching module regarding the stock balance of the interim inventory and/or FGI for the three product types. Thus,
from the information feedback of the two modules, production scheduling is able to detail
steer the production rate of each production line, by adjusting the production start rate depending on the forecasted demand and the amount of stock available at the two inventories. As in the previous modules, the red feedback arrows indicate that this information
feedback is not available in all modeling scenarios. In Figure 8.11, one sees that the information feedback from the master production schedule and the inventory adjustment variable differs from scenario to scenario. For instance, in one scenario only the information
gained from the master production schedule might be used to calculate the desired produc) or vice versa, i.e., only the information received from the inventory adjustment
tion (
(
) might be used.

Figure 8.11: Generic structure of Production Scheduling.

The production scheduling for each production line λ, where λ ∈ M1
Flex, M1 L3, M2 L1, M2 L2 , is given by:

L1, M1

0,
where

(8.7)
, for λ ∈ M1
,
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and

,

(8.10)

where eq.( 8.10) indicates a scenario where both information feedbacks are
used, but can also be defined as
(8.11) or
(8.12)
and where
and

, for λ ∈ M1
for λ ∈ M1

L1, M1

L2, M1

L3 and ρ ∈ PC

Flex, M1

L3
(8.13)
(8.14)

= Production Start Rate for line λ in period t,



represents the actual start rate of a production line;
is constrained to be nonnegative by the Vensim MAX() function.
= Desired Production Start Rate for line λ in period t,





denotes the desired start rate of a production line;
eq.( 8.8) is used for production lines in the first manufacturing area;
eq.( 8.9) is used for production lines in the second manufacturing area where the
stock balance of
needs to be considered.
= Desired Production for line λ in period t,



denotes the desired production at a production line.
= Inventory Adjustment for line λ in period t,



denotes the amount of adjustment required by a production line to meet the desired inventory coverage levels of the interim inventory and/or the FGI;

where
dispatches the amount that needs to be replenished to the production line.
= Interim Inventory balance of product in period t,



denotes the stock balance of product

in the interim inventory.

While the MPS module determines where a product should be manufactured, i.e., in which
production line, the production scheduling module decides the amount that should be
manufactured at each production line through the production start rate in eq.( 8.7). As eq.
(8.7) shows, the Vensim MAX() function restricts the production start rate to be nonnegato zero, if
is a negative value. The desired production start rate,
tive by setting
, is obtained by two means, depending on where the production line is located,
i.e.
i.e., in which manufacturing area. If the production line is located in the first manufacturing area, then the production start rate will be the same as the value obtained by the desired production as defined in eq. (8.8). However, if the production line is located in the
second manufacturing area, the amount of stock available in the interim inventory needs to
be considered, as it is not possible for production lines, M2-L1 and M2-L2, to start production if the interim inventory does not hold the required product in stock. This
rule/heuristics is implemented through eq.( 8.9) and the Vensim MIN() function which aland
. Th result is that if
,
ways chooses the minimum value between
will be chosen. As in this scenario, the interim inventory does not
then the value of
have sufficient stock of product , thus only setting
to the amount of stock available
, which indicates that the
for product in the interim inventory. However, if
is set to
as the interim ininterim inventory holds a surplus of product , then
ventory has enough product in stock to meet the desired production value. As with the
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case of
, the desired production, i.e
, can also be obtained by different means.
For instance, in eq.( 8.10), the desired production is defined by both the MPS and the inventory adjustment for production line λ. However, the desired production can only be defined through the MPS or the inventory adjustment, i.e., the desired production can also be
defined as eq. (8.11) and eq.( 8.12), depending on the modeling scenario. On the other
is defined through the replenishment &
hand, the inventory adjustment variable
dispatching module and the
, which dispatches the amount that needs to be replenished to the production line.

8.3.5 PRODUCTION
Generally speaking, a production line consists of several steps and operations through
which a product is processed. However, as previously mentioned, this case does not consider the technological operations of the production line. Instead, each production line is
modeled at an aggregated level, as presented in Figure 8.12, where they are treated as stock
keeping units that accumulate unfinished products until a defined delay time, i.e., line cycle
time, has passed. Thus, the production module is fed by products based on the production
start rate variable from the production module. These products are then accumulated on
in Figure 8.12, before leaving for the inventory.
the production line, represented by

Figure 8.12: Generic structure of Production.

The production module for each production line λ, where λ ∈ M1
Flex, M1 L3, M2 L1, M2 L2 , is given by:
+(
where

L1, M1

L2, M1

(8.15)
,

,

,0

= The work in process of production line λ, in period t,

denotes the work in process inventory of a production line.
= Production rate of production line λ, in period t,

denotes the rate at which the products leave the production line.
= Cycle Time of production line λ,


denotes the minimum time for which each product has to reside in a production
line.

As eq. (8.15) indicates, the production rate for a production line is calculated through the
Vensim DELAY MATERIAL() function which is based on four arguments. The first argument indicates the input to the delay, while the second argument is delay period through
the production line. The third argument specifies the initial value of the delay, i.e., what the
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output or the production rate should be from the beginning of the simulation until enough
time has passed so that the input to the delay has reached the end of the production line.
The final argument defines a value which will be used if no output is available. Thus, the
, for a defined
DELAY MATERIAL() function basically delays the input, in this case
period of time, which in our case is the cycle time of each production line.

8.3.6 REPLENISHMENT AND DISPATCHING
The replenishment & dispatching module, presented in Figure 8.13, seeks to replenish the
consumed products from the inventories, as well as dispatch the replenishment demand to
the appropriate production line, based on a set of dispatching rules. Thus, when the replenishment demand is dispatched to the different production lines, the dispatching decision
variable follows a heuristic which is based on production lines M1-L1 and M1-L2 being prioritized and needing to be utilized to their maximum capacity. Thus, if there is a reduction
will first disin the replenishment demand, e.g., for TotPA, the dispatching variable
patch a lower demand to M1-Flex to reduce the production of FPA. When the production
rate of FPA is down to zero, the dispatching variable
will then start to reduce the
production of PA in M1-L1. Similarly, if the replenishment demand would suddenly increase, after forcing the production rate of FPA down to zero and reducing production in
M1-L1 below its maximum capacity, dispatching heuristics will first increase the production
rate of M1-L1 to its maximum capacity and then dispatch all the surplus replenishment
demand to M1-Flex.

Figure 8.13: Generic structure of Replenishment & Dispatching.

Hence, the dispatching loop concerns allocating the replenishment demand of a product,
based on the current capacity of the production lines. The replenishment loop, on the other
hand, deals with the generation of the amount of each product that needs to be replenished, i.e., the replenishment demand. The amount of a product that needs to be replenished is essentially based on two factors, namely, the desired inventory, based on the master production schedule and the safety stock coverage of the product, and the available
stock of the product in the inventory. Thus, the adjustment for inventory
calculates the amount of a product required for replenishment, in order to
ble
satisfy the demand from the MPS as well as the safety stock coverage.
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The dispatching and replenishment of product ρ to a production line λ, is given by:

(8.16)

∗

where

(8.17)

and

(8.18)

where φ ∈
λ ∈ M1

,
L1, M1

L2, M1

,ρ ∈

Flex, M1

,

L3, M2

,

L1, M2

and
L2
(8.19)

where λ ∈ M1

L1, M1

L2
8.20)

where λ ∈ M1

Flex
(8.21)

IF Then Else

0,

IF Then Else

,
,

IF Then Else

0,

,
0
,
0,

IF Then Else
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0
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,

where

, where λ ∈
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1

2

where φ ∈
, where λ ∈
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(8.22)

IF THEN ELSE

0,
,

IF THEN ELSE
0,
0,

IF THEN ELSE
‐

,

0
,
IF THEN ELSE Adjustment for FGI TotPA

0,

0,

IF THEN ELSE
IF THEN ELSE

0,
,

‐
,0
,0

where

, where λ ∈

1

where φ ∈
, where λ ∈

1

= The stock level of product

,
1,

1

2 and

and ρ ∈
, ,λ ∈

,

1

at inventory φ in period t,




denotes the current inventory level of product , where ∈ TotPA, TotPB, PC ;
where φ ∈ Interim Inventory, FGI .
= Adjustment of inventory φ for product in period t,



adjust the desired production rate, through
, above or below the forecast
based on the inventory position;
if desired inventory > inventory then desired production is increased;
if desired inventory < inventory then desired production is decreased;
;
inventory gaps are corrected over the inventory adjustment time,
where ∈ TotPA, TotPB, PC and φ ∈ Interim Inventory, FGI .
= Desired Inventory of product in inventory φ, in period t,









denotes the desired inventory level of a product which the system wants to keep in
order to maintain a certain service level, i.e. satisfying demand;
is based on master production schedule and the safety stock coverage.
= Inventory Adjustment Time of product in inventory φ,
denotes the time period over which the system tries to diminish the gap between
the actual inventory level and the desired inventory level;
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is a design variable for the optimization and is given in hr.
= Safety Stock Coverage of product in inventory φ,




denotes the time period over which the system wants to maintain a safety stock;
provides a safeguard against unexpected variations in demand which might cause
delivery delays or missed shipments.
= Current Line Capacity of production line λ, in period t,




denotes the current capacity of production lines M1-L1 and M1-L2;
is used by the dispatching decision variable to calculate whether production can
be allocated to M1-L1 or M1-L2.
= Current Production Schedule of production line λ, in period t,




gives the value of the master production schedule for M1-Flex;
is used by the dispatching decision variable to calculate whether production can
be decreased in M1-Flex.
= Dispatching of production to production line λ, in period t,




denotes how the production for the replenishment of the inventory and safety
stock should be dispatched, i.e., which production line should increase or decrease
their production start rates, in order to keep the inventory at a desired level.
It utilizes the Vensim IF Then Else() function which is defined as IF Then
Else(Condition, True, False).

The two equations eq.( 8.21) and eq.( 8.22) define the dispatching heuristics for

,

where eq.( 8.21) aims to ensure that M1-L1 and M1-L2 are running at maximum production
capacity, by first identifying whether M1-L1 and M1-L2 are being utilized at maximum capacity or not and, if not, then eq.( 8.21) will assign production to M1-L1 and M1-L2 until
they run at full capacity. Secondly, eq.( 8.21) identifies whether the production rate of M1Flex is zero before decreasing the production rate on M1-L1 or M1-L2. In the same manner,
eq.( 8.22) also aims to ensure that M1-L1 and M1-L2 are run at their maximum production
capacities. In contrast, eq.( 8.21) first confirms that production has only been dispatched to
M1-Flex, as M1-L1 or M1-L2 are running at full production capacity, and, secondly, ensures
that the production rate at M1-Flex is decreased to zero before decreasing the production
rate of M1-L1 or M1-L2. A snippet of pseudo-code, explaining each line in eq.( 8.21) and
eq.( 8.22) is presented in Figure 8.14.
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Figure 8.14: Pseudo-code for eq.( 8.21) and eq.( 8.22).

8.3.7 ORDER FULFILMENT
The order fulfillment structure presented in Figure 8.15 depicts the shipment and order fulfillment process of the system, where the shipment rate, SR, of product ρ, is generally
equivalent to the desired shipment rate of product ρ that is defined in the backlog module.
However, if the inventory for product ρ is inadequate, i.e., the inventory cannot meet the
desired shipment rate, the shipment rate will be set to maximum shipment, MS, which implies that the shipment rate of product ρ will be equivalent to the on-hand inventory of
product ρ.

Figure 8.15: Generic structure of Order Fulfillment.
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The amount of the desired shipment rate, which is not shipped, is subsequently added to
utilizes the same MIN() function as presented
the backlog. The shipment rate variable
in eq. (8.9) for defining the
value, by selecting the lesser amount of maximum shipment and desired shipment rate. Hence, the presented heuristics is emulated through the
MIN() function where the demand is shipped, through the FGI, according to the desired
shipment rate if possible, i.e., if the inventory is currently holding the desired amount, if
not, then the inventory will ship all its current content of the required product. On the other hand, the maximum shipment variable is defined through the MAX() function, which
restricts the maximum shipment to be non-negative. The order processing time is an administrative delay and represents the time it takes to process an order. Nevertheless, in this
case study, the order processing time is assumed to have no greater effect on system performance and is thus defined as a constant with a delay time of one hour. The order fulfillment of product ρ, is given by:
,

(8.23)
0,

where
and

(8.24)

1

(8.25)

= Shipment Rate of product ρ, in period t,

denotes the shipment rate of product , where
= Maximum Shipment of product ρ, in period t,

∈ TotPA, TotPB, PC .



denotes the maximum shipment amount possible from the FGI for product ,
where ∈ TotPA, TotPB, PC ;

is constrained to be nonnegative by the Vensim MAX() function.
= Finished Goods Inventory of product ρ, in period t,


denotes the current inventory level of product ρ at the FGI.
= Order Processing Time,



represents the time required by the company to process and ship an order;
is a constant with a delay time given in hours.

8.3.8 BACKLOG
As mentioned earlier, unfulfilled orders or demand are registered as backlog, which is to be
fulfilled as soon as possible in the coming period. The backlog module seeks to register
these unfulfilled orders and adds the order backlog to the customer demand, by increasing
the desired shipment rate of product with the order backlog in the coming period. Hence,
as presented in Figure 8.16 and depleted
the order backlog is accumulated in stock
through the order fulfillment rate which equals the current shipment rate of the company,
defined in the order fulfillment module. Thus, whenever a product is shipped, the order
backlog of product is reduced by one. An important aspect to point out here is the distinction between the order fulfillment rate and the shipment rate, which seemingly represent
the same thing. However, there is a significant difference between the two variables – while
the shipment rate represents the physical delivery of a product to a customer, the order fulfillment rate represents the information flow (Sterman, 2000).
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Figure 8.16: Generic structure of Backlog.

The order backlog of product ρ is given by:
(8.26)
and where

where

(8.27), (8.28)

and

(8.29)

(8.30)

where
,

and

,

(8.31)

=Order Backlog of product ρ, in period t,

represents the customer demand that has not been fulfilled by the company.
= Order rate of product ρ, in period t,

denotes the customer demand of a product ρ, in period t.
= Demand rate of product ρ, in period t,


represents the customer demand data given by
= Order Fulfillment Rate of product ρ, in period t,



represents the rate at which the customer orders are fulfilled.
= Desired Shipment Rate of product ρ, in period t,

.



denotes the rate at which the company would like to ship its product in order to
keep the order backlog at a low level;

takes into account the customer order of product ρ in period t, as well as the order
backlog of product ρ in period t.
= Target Delivery Delay,



represents the delivery delay goal of the company;
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is the delay period within which the company seeks to deliver the incoming orders.
= Delivery Delay of product ρ, in period t,




denotes the actual delivery delay of a product;
will be equal to
when
equals
.

As eq.(8.31) shows, the delivery delay is given by the XIDZ() function in Vensim, which can
be given as XIDZ(A,B,C), This function simply prevents a value A being divided by a value
B if the value of B is zero, by returning a value C if a divide-by-zero is encountered. Thus,
delivery delay in eq.(8.31) can be formulated as

for

0. Otherwise, deliv-

ery delay will be given as
. Hence, the delivery delay intends to monitor whether
the products have been delivered at the right time, whereas the order backlog monitors
whether the right products have been delivered.

8.4 SIMULATION SETTINGS
8.4.1 NUMERICAL INTEGREATION AND TIME STEP
System dynamic models are systems based on nonlinear ordinary differential equations.
Generally, they require numerical integration and can be simulated by using numerical
techniques, such as Euler’s or Runga-Kutta integration methods (Sterman, 2000). The calculations of the equations are performed gradually and in a predefined time step ∆ , which
means that at each time step ∆ , the equations of the system dynamic model are recalculated, thus changing the old value of an output at time t to a new value at time
∆
(Tesfamariam Semere, 2005). As we know, in system dynamics, stocks accumulate or integrate the quantity of flow over time, where inflows increase the quantity of the stock and
outflows decrease the stock. Sterman (2000) explains that a quantity in stock at time
∆
is based on the quantity available in the stock at time t plus the quantity that flows into the
stock between time t and time
∆ minus the quantity that flows out of the stock. However, the value of the flow is only known in this instance, i.e., at time t, and what this value
will be between time t and time
∆ needs to be approximated, since the equations for
the model will not be recalculated until time
∆ . Thus, as Sterman (2000) points out,
the challenge is to approximate the average flow over time step ∆ .
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Figure 8.17: Time Step and approximation of solution.

The accuracy of this approximation, i.e., the numerical integration process, is based on the
value for the time step ∆ . The smaller the value of ∆ , the greater the accuracy of the approximated average flow, i.e, the closer the approximated solution will be to a truly continuous solution
, as illustrated in Figure 8.17, the lesser the integration error will be.
However, the smaller the value defined for the ∆ is, the more frequently the model equations need to be recalculated, which consequently increases the run time of the simulation.
Therefore, defining the right time step ∆ is a matter of trade-off between accuracy and
speed.
A key issue, in addition to that mentioned earlier in section 4.1 (Customer Order Rate), regarding why demand data was converted to exhibit an hourly instead of weekly demand, is
that it was due to such an accuracy-speed trade-off problem. Sterman (2000) provides several guidelines or rules of thumb for the numerical integration, some of which are listed
below:




Always select a time step ∆ that is at least one-fourth to one-tenth as small as the
smallest time constant in the simulation model.
Select a time step ∆ that is a power of 2, i.e. 1, 0.5, 0.25, etc.
Evaluate the robustness of the results by comparing the results of a lower-order
integration approach, such as Euler’s integration, to a higher-order integration
approach, such as fourth-order Runga-Kutta, and if there is no significant difference between the two results, choose the lower-order integration approach.

As explained earlier in the initial stages of this study, the customer demand was given as
products per week and, consequently, the simulation time was given in terms of units of
weeks and thus also ∆ . However, the smallest time constant had a value of 3 hours, which
is approximately equivalent to 0.017857 weeks. Following the first and second rule of
thumb presented above, the time step ∆ was set to 0.002976 weeks. The computation time
with this time step was approximately six seconds, which for a single evaluation is not
much, but since the aim of the case study was to utilize the optimization algorithm, which
would require at least 60,000-70,000 evaluations, there was a need to reduce the computational time for the model. Hence, there was an additional need to convert the demand data,
simulation time, and time step to hours instead of weeks. After the conversion, two time
step values were evaluated, namely ∆
0.5 and ∆
0.25, which is one-sixth and onetwelfth of the smallest time constant. Simulation runs with both these values have shown a
significant reduction in the computational time of the model, approximately one second for
an evaluation. As there was no significant difference in computational time when ∆ was set
to 0.25, this has been used to gain better accuracy.
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The time step evaluation was done utilizing the Euler’s integration method provided in
Vensim. A robustness evaluation of the outcomes of the model was also performed, in order to assess the accuracy of the approximated solutions gained from the simulation. This
was done by following Sterman’s guidelines for comparing Euler’s integration approach
with the fourth-order Runga-Kutta integration method provided in Vensim. The evaluation
showed that fourth-order Runga-Kutta performed better in terms of accuracy, but was significantly slower than Euler’s integration approach, with a computational time of approximately 4 seconds. This behavior, that fourth-order Runga-Kutta is more accurate but slower than Euler’s integration, also corresponds to results from other research studies (Press et
al., 1992; Sterman, 2000) . Since a comparison of the simulation outputs of the two approaches did not indicate any significant difference (the biggest difference for an output
variable was only 0.14%), the Euler’s integration method was chosen as the numerical integration approach for the simulation runs presented in this chapter, in accordance with
Sterman’s third rule.

8.4.2 INITIAL CONDITIONS AND MODEL SETTINGS
The initial conditions of a simulation, that is, when
0, are further crucial aspects of
simulation modeling, since these conditions have the possibility to influence the performance and outcomes of the simulation. If one considers a manufacturing system and its
internal supply chain, as presented in this case study, inventory levels at
0 will certainly
affect the outcome of the simulation. For example, if the inventory levels are very low, the
backlog for this system will be very high during the initial phases of the simulation, thus
affecting the performance of the simulation, since the system will be required to fulfil both
backorder and the current customer demand, which in turn will generate a domino effect
where production needs to be increased, which in turn will generate a higher WIP in the
system as well as require more resources, and so on. Thus, both Forester 1961 and Sterman
2000 emphasize initiating the simulation models in a steady state, or balanced equilibrium,
where the inflows and outflows of stock are the same, rendering the stock levels to be unchanged. The initial conditions for the stock in this case study are as follows, where
ρ ∈
,
,
,
λ ∈ M1 L1, M1 L2, M1 Flex, M1 L3, M2 L1, M2 L2
and φ ∈
,
,:
,

(8.32)

∗

(8.33)
(8.34)

where eq.(8.34) indicates a scenario where the replenishment & dispatching module
is used to replenish the inventory, but for some scenarios the initial conditions for
the interim inventory and the FGI can also be defined as:
, where φ ∈
and where
∗
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and λ ∈
where φ ∈

.

M2

L1, M2

L2 ,

(8.35), (8.36)
(8.37)
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Each evaluation of the simulation model is run for 50-60 seconds. This is 46 weeks of
available production time for which the demand data was collected and where the output
data is collated at the end of each run. Most variables in the model are rates, stock levels,
and input or output variables which are defined through an equation or the optimization.
However, the model contains some constants which remain unchanged during the evaluation of various scenarios; these variables and their respective values are:
,

,

,

,

,

,

6, 9, 7, 12, 3, 4.5, 1

*Please note that the values are given in hours.

8.5 SIMULATION SCENARIOS
As mentioned earlier, one industrial goal of this study is to explore the effects of push and
pull strategies on the investigated system, through MOO and post-optimality analysis.
Therefore, several scenarios were created with the aim of evaluating the effects of different
production strategies, as well as investigating the effect of various points of origin of information feedback for the demand-pull signal and replenishment of the inventories. Scenarios 4-6, as well as scenario 8, were developed together with the manufacturing company according to their wish in testing different alternatives of flow control whereas 1-3, 7 and 9
were hypothetical (academic) scenarios extended from the other “industrial” scenarios to
evaluate the effects of pure push and pull based control as well as if the replenishment of
the inventories is eliminated.
Before the simulation scenarios are introduced, it is necessary to provide a clear definition
to distinguish between a push and a pull system, because several different definitions of
these strategies can be found in the literature. This thesis uses the definition presented by
Hopp and Spearman (2011), who define a push system as a system “…in which work is released without consideration of system status…(p.96)” and a pull system as a system “… in
which work is released based on the status of the system…(p.96)”. The authors explain that
a system which releases work solely according to a MPS based on a forecast or customer
orders is considered a push system, because, according to the definition, it does not take
the current status of the system into account. However, in many real-world factories, a sole
push system is rarely found. For example, releasing work without considering the status of
the system, such as inventory, could generate overcrowded inventories, since work will be
released although the system is already completely full. Therefore, in many factories which
use MPS, the system is a hybrid push/pull (Hopp and Spearman (2011) control, in the
sense that some information feedback of the system status is used to control the work release rate into the system. This also means that the information feedback mechanism is
able to regulate the MPS, based on the current system status. Therefore, in this application
study, various degrees of these hybrid push/pull combinations are investigated. For example, should the production in the first manufacturing area be solely based on the MPS, i.e.,
a pure push strategy? Or should consideration also be taken of the inventory levels and
safety stock levels of the interim inventory or the FGI, or perhaps both? Another question,
which is addressed by the scenarios, is from where should the demand-pull signal originate, i.e., from where should the production of manufacturing area one be pulled, since the
demand signal can either originate from the interim inventory, manufacturing area two, or
the FGI. Full-scale images of the simulation models developed in Vensim for the nine scenarios can be found in Appendix I.
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8.5.1 SCENARIO 1 AND SCENARIO 2
Scenarios 1 and 2 are based on a push strategy where the MPS acts as a demand signal for
the production lines in manufacturing area one, as shown in Figure 8.18 through the feedback arrows from the master production schedule to the desired production variable for
each production line. Both scenarios do not consider any replenishment of the interim inventory; the production lines fill the interim inventory following the master production
schedule and their line production schedule, pushing production downstream. The interim
inventory is depleted by the production start rate of M2-L1 and M2-L2, which is solely
based on the master production schedule, with consideration now taken to downstream
WIP or the FGI. Thus, in both scenarios 1 and 2, products are manufactured according to
the demand forecast and the master production schedule, and pushed down the manufacturing system. However, the main difference between the two scenarios lies in the replenishment of the FGI, where scenario 1 does not consider the feedback from FGI to the production scheduling, via the adjustment for the FGI variable, whereas scenario 2 takes the
information received from FGI into account, when calculating the production schedule for
the production lines in the first manufacturing area. Thus, introducing foundations of a
pull system into the push-based system, since, according to the definition of a pull system
presented earlier, scenario 2 is able to consider the system status through the feedback
coming from the FGI. The red feedback arrow going from FGI to the adjustment for the
FGI variable indicates that this feedback is only available based on the scenario. Depending
on the scenario, the adjustment for the FGI variable will also be given in different ways; in
scenario 2 the adjustment for FGI is calculated according to eq. (8.16), whereas for scenario
1, the adjustment for FGI will be given as:

(8.38)
where φ ∈

and ρ ∈

,

,

.

Figure 8.18: Simulation model depicting scenario 1 (and 2), a pure push system.

130

CH A PT E R 8 C AS E ST UD Y 3 – AN I ND U ST RIA L A P P LI C AT IO N ST UD Y

8.5.2 SCENARIO 3
This scenario is almost the same as scenario 2; implementing a push strategy where the
demand forecast through the MPS acts as the demand signal for the production lines, with
no replenishment of the interim inventory. The main difference between these two scenarios is that the desired production variable for M2-L1 and M2-L2 in scenario 3 is calculated
according to eq. (8.10), where the desired production variable considers both the MPS as
well as the replenishment signal from the FGI. In scenario 2, however, the calculation of
the desired production variable for M2-L1 and M2-L2 is based on eq. (8.11), which only
considers the MPS. Figure 8.19 presents the simulation model of scenario 3.

Figure 8.19: Simulation model depicting scenario 3.

8.5.3 SCENARIO 4
Scenario 4, which also implements a push strategy including the demand and replenishment components equivalent to the previous scenario, supplements the previous three scenarios by adding the replenishment of the interim inventory, as shown in Figure 8.20.
Thus, in scenario 4, the production lines in the first manufacturing area consider both MPS
and the replenishment of the interim inventory, when deciding the production quantity of a
product, that is, how much the production line should produce. Hence, instead of just filling the interim inventory according to the master production plan, the production lines in
the first manufacturing area have the possibility to increase or decrease their production
start rate, depending on whether the safety stock of the interim inventory is at a satisfactory level. If the current stock of the interim inventory is greater than the safety stock level,
the adjustment for the interim inventory variable will return a negative value, in accordance with eq. (8.16), decreasing the demand for the production lines based on eq. (8.10).
However, if the current stock level of the interim inventory is lower than the user defined
safety stock level, eq. (8.16) will return a positive value, increasing the production start rate
of the production lines with the same equation that decreased their start rates. These same
equations and heuristics are not only used for the replenishment of the FGI in this scenario, but also in scenarios 2 and 3, except that in scenarios 2 and 4, the FGI replenishment
signal is only sent to the desired production variables in the first manufacturing area,
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whereas in scenario 3, this signal is used in both manufacturing areas, as previously explained.

Figure 8.20: Simulation model depicting scenario 4.

Figure 8.21: Simulation model depicting scenario 5.

8.5.4 SCENARIO 5
In contrast to the previous scenarios which implemented a push-based strategy where the
products are manufactured according to forecasted demand in the first manufacturing area, for scenario 5, the manufacturing of products in manufacturing area one is based on a
demand-pull strategy where the production start rates in manufacturing area two determine what is to be produced on the upstream production lines. As Figure 8.21 shows, the
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MPS is no longer acting as a demand signal for the desired production variable of the production lines in manufacturing area one. Instead, this signal originates from the downstream production lines in manufacturing area two and through the M2 Demand variable.
The M2 Demand variable follows a similar heuristics as the MPS for calculating how the
demand should be distributed among the four production lines in the first manufacturing
area, and for which the equations are given as:
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Thus, the desired production variables in manufacturing area one do not now follow the
MPS, but only start production if it is required for downstream production lines or if the
safety stock of the interim inventory is too low; the equation for the desired production in
scenario 5 is given as:
2

(8.42)
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8.5.5 SCENARIO 6
Scenario 6 is more or less the same as the previous scenario, with a demand pull-based
strategy for manufacturing area one and with no consideration taken to the MPS. However,
the main difference between these two scenarios is that in scenario 5 the demand-pull signal originates directly after the interim inventory, from the production start rate variables
in the second manufacturing area, where the output rate of the interim inventory and its
safety stock coverage determine the production start of the upstream production lines. In
scenario 6, however, the origin of the demand-pull signal is moved downstream until after
the production lines in the second manufacturing area, as shown in Figure 8.22. Thus, in
this scenario, the demand-pull signal is generated by the production rate variables of the
production lines in the second manufacturing area. The M2 Demand variable in scenario 6
is given by:
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133

CH A PT E R 8 C AS E ST UD Y 3 – AN I ND U ST RIA L A P P LI C AT IO N ST UD Y

∈

2

∈

2

∈

→;
0;

,
∈

∈
,

∈ ,

,

(8.44)

(8.45)

Figure 8.22: Simulation model depicting scenario 6.

As Figure 8.22 and Figure 8.21 depict, both scenarios replenish the inventories which, as
explained previously, also effect the production start rate of the production lines. The equation used for calculating the desired production in manufacturing area one is the same as in
scenario 5, i.e. eq. (8.42).

8.5.6 SCENARIO 7 AND SCENARIO 8
Scenarios 7 and 8 presented in Figure 8.23 and Figure 8.24 are both based on a demandpull strategy, however, in contrast to the two previous scenarios with the same strategy, the
demand-pull signal for the production lines in the first manufacturing area for both these
scenarios originates after the FGI, where the shipment rate, i.e., output of FGI, defines the
FGI Demand variable that constitutes what should be manufactured, depending on the
product and quantity that has been shipped.
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Figure 8.23: Simulation model depicting scenario 7.

Figure 8.24: Simulation model depicting scenario 8.

The difference between the two scenarios, that is, scenarios 7 and 8, is that in scenario 7
there is no replenishment of the interim inventory, instead, the production lines in manufacturing area one just push the products downstream, filling the interim inventory without
considering the inventory level or safety stock level. Scenario 8, on the other hand, replenishes both inventories, as in scenarios 5 and 6. The FGI Demand variable for both scenarios
is given by:
∈
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8.5.7 SCENARIO 9
Figure 8.25, which presents the simulation model of scenario 9, shows that this scenario is
almost identical to scenario 8 where these scenarios implement the replenishment of both
inventories, i.e., the interim inventory and FGI, and from where the demand-pull signal
originates and targets the same variables in the simulation. The main difference between
these two scenarios is that in scenario 9, the calculation of desired production in manufacturing area two is solely based on the information feedback from the adjustment variable
for the FGI, which regulates the increase or decrease of the desired production, depending
on the inventory balance of the FGI. Thus, scenario 9 calculates the desired production according to eq.(8.12), whereas in scenario 8 the desired production is given through
eq.(8.10), where the desired production variable is primarily based on the MPS, which is
then regulated through the FGI adjustment feedback. In eq.(8.12) and scenario 9, however,
the desired production variable is directly regulated by the FGI adjustment feedback.

Figure 8.25: Simulation model depicting scenario 9.

Table 8.1 presents a summary of the simulation scenarios, where the table shows whether
the replenishment of the interim inventory or the FGI is implemented or not, it also defines
the origins point of the demand-pull signal in the different scenarios as well as convening
what information is used by the production scheduling module in the two manufacturing
areas for the different simulation scenarios.
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FGI feedback
to FGI Replenishment

FGI Replenishment

Interim
inventory
Replenishment

Origin of
DemandPull signal

Production
scheduling in M1
based on

Production
scheduling in
M2 based on

Scenario 1

NO

NO

NO

NO

MPS & FGI
Safety Stock
Coverage

MPS

Scenario 2

YES

YES

NO

NO

MPS & FGI
Replenishment

MPS

Scenario 3

YES

YES

NO

NO

MPS & FGI
Replenishment

MPS & FGI
Replenishment

Scenario 4

YES

YES

YES

NO

MPS & Interim inv.
Replenishment

MPS & FGI
Replenishment

Scenario 5

YES

YES

YES

M2 Production Start Rate

Demand-Pull &
Interim inventory
Replenishment

MPS & FGI
Replenishment

Scenario 6

YES

YES

YES

M2 Production Rate

Demand-Pull &
Interim inventory
Replenishment

MPS & FGI
Replenishment

Scenario 7

YES

YES

NO

FGI

Demand-Pull &
FGI Replenishment

MPS & FGI
Replenishment

Scenario 8

YES

YES

YES

FGI

Demand-Pull &
Interim inventory
Replenishment

MPS & FGI
Replenishment

Scenario 9

YES

YES

YES

FGI

Demand-Pull &
Interim inventory
Replenishment

FGI
Replenishment

Table 8.1: Summary of simulation scenarios.

8.6 MODEL VALIDATION
Model validation is another crucial part of any modeling activity or simulation study. It refers to ensuring that a model is an accurate representation of the real system (Banks et al.,
2005). The validation process is an iterative process conducted throughout the model development phases. The model validity is gradually enhanced through the process by progressively building confidence in the usefulness of the model by applying validation tests in
different phases of the model development (Schwaninger and Groesser, 2011). Forrester
and Senge (1978) as well as Schwaninger and Groesser (2011) have grouped validation test
into two groups concerning the model validity: (1) tests regarding the validation of the
model structure and (2) validation tests of the model behavior. Schwaninger and Groesser
(2011) point out that model structure validation tests aim to ensure the validity of the
structure of the model; the test evaluates whether the logic of the model as well as the model structure mimics the corresponding logic and structure of the real world system or process. On the other hand, the validation tests within the model behavior aim to assess the
model validity by comparing the model behavior and simulation outcomes to the behavior
of the real world system. The two categories of tests can further be divided into subcategories: model structure validation tests can be distinguished as direct structure tests or
indirect structure tests. Direct structure tests evaluate the model validity by a direct comparison of the model structure to the knowledge about the real system structure (Barlas,
1996) by qualitatively assessing any discrepancies between the model structure and the real
system structure. Indirect structure tests evaluate the model validity through examining
the behavior of the model generated outcomes, for which computer simulation is required
(Schwaninger and Groesser, 2011). The model behavior validation tests, on the other hand,
are divided into behavior reproduction tests and behavior anticipation tests. The former
sub-category of tests evaluate how well the simulation behavior matches the historical be137
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havior of the real system. However, in some circumstances, it is not possible to compare
the model behavior to a historical behavior if the real system as it might be impossible to
confirm how the real system behaved or the fact that it is actually a nonexistent system, as
the case in the scenarios of this study. Hence, the behavior anticipation tests aim to evaluate the model validity in terms of future behavior and whether this behavior is correct in
terms of expected behavior of the real system.
For the model developed in this case study, the validation of the model has been a central
part of the modeling process. The assumptions made in the model have constantly been
evaluated through both direct and indirect structure validation tests. Each evaluation test
has increased the understanding of the model structure as well as the model behavior and
its relation to the structure. Additionally, each evaluation facilitated the refinement and
calibration of the model through which the confidence in the simulation outcomes was also
enhanced. The validation of the model’s structure and its behavior was conducted in close
interaction with the company; throughout the study, a managerial team from the company
has constantly been involved in all phases of the model development process. Specifically,
structure examination test as well as direct and indirect extreme condition test was utilized during the model development together with the managerial team in order to validate
the model structure, whereas the model behavior was validated through the pattern anticipation test. The structure examination test, also called structure confirmation test (Barlas,
1996) or structure verification test (Forrester and Senge, 1978), aim to compare the model
structure directly with the structure of the real system and in order to pass the test, the
simulation model should not contradict the evidence or the knowledge about the real system structure of the company, ensuring that the model only incorporates those structural
elements and their interconnections which are valid for the problem in hand (Schwaninger
and Groesser, 2011). Barlas (1996) presents several tools for conducting structure examination test, such as formal inspections, reviews walkthroughs and data flow analysis. For the
validation of the current model and its structure, constant reviews and model walkthroughs
were conducted in collaboration with the company to validate model assumptions, equations, data and the stock and flow structures for the scenarios. Additionally, direct and indirect extreme condition validation test was also utilized. These tests examine the validity
of the model’s equations under extreme conditions by evaluating the credibility of the results generated by the model against the knowledge about the system and what would happen if the system were to be subjected to same conditions in reality (Schwaninger and
Groesser, 2011). Schwaninger and Groesser( 2011) also explain that the direct extreme
condition test is a mental process and does not involve simulation, as in the case of direct
extreme condition testing, here the model builder mentally assigns extreme input values to
the model equation during its development and assesses its outcome, in term of how the
real system would behave under this condition. This can be exemplified as, if the population size is set to zero then neither births, deaths or consumptions of resources should occur. The indirect extreme condition test on the other hand, which is an extension of the direct extreme condition test, evaluates the extreme input values through the simulation values and compares the generated model behavior to the observed or expected behavior of
the real system (Barlas, 1996). Schwaninger and Groesser (2011) point out that the indirect
extreme condition test can be utilizes for the explanatory analysis phase of the mode development, in which the extreme conditions are used to develop a structure that might reproduce the system behavior of interest as well as ensuring that behavior which is not possible
in reality does not occur. In the development of the current model, both these extreme tests
(direct and indirect) were constantly implemented to validate the model equations and
their behavior. As in the previous validation test, this was also executed in close collaboration with the system experts in a way that each equation and its behavior were thoroughly
discussed with them during before the model implementation in Vensim. To validate the
138

CH A PT E R 8 C AS E ST UD Y 3 – AN I ND U ST RIA L A P P LI C AT IO N ST UD Y

overall simulation behavior, the pattern anticipation test was utilized to ensure that the
overall behavior of the simulation model and its outcomes are qualitatively correct. This
test was also executed iteratively throughout the modeling process where the model behavior and simulation results where continuously validated by the expert group through their
knowledge about the system and their knowledge about internal supply chain, manufacturing and production theory concepts.

8.7 MOO FOR THE CASE STUDY
The aim of this case study is to evaluate different manufacturing strategies, through the
scenarios presented in the previous section, applying multi-objective optimization. The optimization objectives for the case study are the same throughout the different scenarios.
However, the amount of input parameters used for the optimization varies from scenario to
scenario, depending on their strategy and use of the modules in the model, such as replenishment of the interim inventory which is only conducted for some scenarios. The optimization of the case study, and thus the scenarios, is based on two objectives, where the first
is to minimize the total WIP of the investigated system, that is, the total of all unfinished
products in manufacturing area one through manufacturing area two, excluding the FGI.
The second optimization objective is to minimize the total delivery delay of all three products combined. Thus, the goal of the optimization is to investigate at what level of WIP in
the system does one get delivery delay and does this vary depending on which scenario is
used. The objective function for the optimization is denoted as, where
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(8.66), (8.67)

= All optimization objectives,

represent all objective functions used in the optimization.
= First objective function,

represents the optimization function to minimize total system WIP.
= Second objective function,





represents the optimization function to minimize total delivery delay
= Total system WIP,
denotes the total amount of unfinished products, regardless of product family, in
manufacturing area one through manufacturing area two, including the products
in the interim inventory but excluding the FGI.
= Total delivery delay,
denotes the company’s total delivery delay of a product, regardless of product
family.
= Total Interim Inventory,


denotes the total stock of the interim inventory, regardless of product family.
= Input variables,

indicate all the input variables utilized in the optimization;

depending on the scenario some inputs will not be used.
= Output variables,



indicate all the output variables utilized in the optimization;
each output represents a performance measure considered in the optimization
evaluation.
= Input Constraints,

indicate the upper and lower bounds of the decision variables.
= Optimization Constraints,




μ
μ

denotes the mean value of the total system WIP.
= Mean total delivery delay,


denotes the mean value of the total delivery delay.
= Mean shipment rate of product ρ,
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indicate the constraint put on the optimization, restricting it to only consider solutions as feasible if they are within the constraint limits.
= Mean total system WIP,

denotes the mean shipment rate of product ρ.
= Mean total shipment rate,
denotes the overall shipment rate of all products, regardless of product family.
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μ
μ

= Mean interim inventory of product ρ,


denotes the mean value of product ρ in stock in the interim inventory.
= Mean total interim inventory,


μ
μ

denotes the mean value of total stock in the interim inventory, regardless of product.
= Mean FGI of product ρ,



denotes the mean stock of product ρ in the FGI.
= Mean total FGI,



denotes the mean value of total stock in the FGI, regardless of product.
= Mean system WIP of product ρ,

μ


μ

denotes the mean value of unfinished products of product ρ in manufacturing area
one through manufacturing area two, including the interim inventory;
∀
∑

where
(8.67)
= Mean delivery delay of product ρ,

μ


denotes the mean delivery delay of product ρ.
= Mean order backlog of product ρ,

μ
μ



denotes the mean order backlog of product ρ.
= Mean total order backlog


denotes the overall backlog of orders, regardless of product family.
= Mean lead time of product ρ,



denotes the lead time of product ρ through the system;
is calculated according to Little’s Law, where
where
= Mean total lead time,




denotes the mean lead time of all products;
is given by
.
= Mean Order Fill Rate of product ρ,

μ

μ




μ

(8.68)

(8.69)

denotes the mean order fill rate of product ρ;
measures the shipping performance of product ρ expressed as a perwhere
centage;
indicates the amount of the product ρ order which has been delivered and
delivered on time;
where
is given by
.
(8.70)
= Mean total order fill rate,




μ

denotes the mean value of the order fill rate for all product families;
where
measures the shipping performance of all the products, regardless
of product family, expressed as a percentage;

indicates the amount of the order of all the products that have been delivered and delivered on time;

where
is given by
.
(8.71)
= Mean order rate of product ρ,


μ


denotes mean order rate of product ρ.
= Mean total order rate,
denotes the total order rate of all product families.
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8.8 RESULTS AND ANALYSIS
8.8.1 SCENARIOS AND STRATEGIES
The optimization for each scenario was run for 60,000 evaluations, where the initial population of 100 solutions was generated through the uniform Latin hypercube approach. The
results of the optimization runs are presented in Figure 8.26, which shows four scatter diagrams of the Pareto front generated from each scenario. The first plot presents the optimal
solutions within the optimization constraints, i.e.,
1500,
110, the
24, while the third and fourth
second plot presents the optimal solutions where
plots present the optimal solutions where
5 and
3, respectively. By examining the Pareto solutions for the scenarios in Figure 8.26, one clearly sees that the scenarios with the demand-pull signal outperform, i.e., achieve significantly lower total delivery delay for the same total system WIP, the scenarios where the forecasted demand and
the master production schedule are used. The only exception is the Pareto front of scenario
7, which despite implementing a demand-pull signal is outperformed by scenarios 3 and 4
for some regions of the optimization objectives. For instance, scenario 3 outperforms scenario 7 when
4.3, since scenario 3 is able to obtain lower total delivery delay for
the same total system WIP and, in the same way, scenario 4 outperforms scenario 7
for
26. In Figure 8.26, one also observes that scenarios 1 and 3 are able to achieve
significantly lower total delivery delay with equivalent values of total system WIP than scenario 2. However, for
27, scenario 2 outperforms scenarios 1 and 3, since it is able
to find solutions which have similar total delivery delay, but with a lower total system WIP.
As we know, the aim of the study was to investigate at what level of WIP what delivery delay one would achieve and does this vary depending on which scenario is used. However, by
examining the Pareto-optimal solutions in the first plot where they range between
1500,
110, it seems highly unlikely that the managers would be interested in solutions on the outskirts of the second objective, which no doubt have lower WIP
values but a delivery delay of 100-110 hours, that is, a week of production time seems quite
high. If instead it was evaluated that the company managers would want a maximum total
delivery delay of 24 hours, the optimization results in the second plot of Figure 8.26 show
that implementation of scenario 2 would not be recommendable, since only a few solutions
are able to meet the proposed requirement. Similarly, if the company were to define a policy of having a maximum delivery delay of five hours, the third plot in Figure 8.26 reveals
that there are no Pareto solutions, not only for scenario 2, but also for scenario 1, demonstrating that these two scenarios with their strategies are not able to meet the requirement
of a maximum delivery delay of five hours. If the company were to implement an even more
aggressive policy and reduce their delivery delay commitment to three hours, for example,
then the optimization results in the fourth plot in Figure 8.26 show that, together with scenarios 1 and 3, scenario 7 can also be ruled out, since only a few Pareto solutions would fulfill the delivery delay policy requirements proposed. Now, trying to answer the most obvious question of which scenario is best is, however, not that obvious and easy. Looking at
the first plot in Figure 8.26, it would seem that scenario 9 outperforms all other scenarios,
since scenario 9 is able to achieve a lower WIP for a similar delivery delay value for most of
the Pareto solutions. However, a close look at the fourth plot in Figure 8.26 reveals that in a
certain region, that is, 1.14
1.75, scenario 8 actually outperforms scenario 9.
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Figure 8.26: 2D scatter plot all scenarios.
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Thus, from the company’s point of view, if they were to define a maximum delivery delay of
one or two hours, then they should implement scenario 9, however, were they to define a
maximum delivery delay of, let us suppose, 1.5 hours, they should, in that case, acutely implement scenario 8. Now, based on the knowledge extracted from Figure 8.26 and the Pareto-optimal solutions in scenarios 8 and 9, a rule for the selection of the best scenario can be
deducted and given as:
8; 1.14
9; ∀

1.75

At this stage, the shaded area in plots 1-3 in Figure 8.26 indicates the region in which the
manufacturing company assumes their conceptual system will operate. Examining this estimated region, which has an approximate range of between [1200-1500] in total system
WIP for a delivery delay of around five hours, within which the company assumes to be
able to ship-off the arrived customer order, it can be seen that the conceptual system setup
proposed by the manufacturing company actually outperforms scenarios 1 and 2. However,
their conceptual system setup is outperformed by all the other optimization scenarios,
since the optimization is able to find system setups which generate a lower
for a
lower
than assumed by the manufacturing company.

8.8.2 INNOVIZATION
As we know, from the case studies presented in Chapter 6 and Chapter 7, obtaining Paretooptimal solutions through MOO not only provides the optimal trade-off points between the
optimization objectives, but also helps to discover and extract hidden knowledge and insight by analyzing the design variables, output variables, as well as optimization objectives
and their correlation, a process which is defined as innovization (Bandaru, 2013). Both
Figure 8.27 and Figure 8.28 present a parallel coordinate plot over the design variables,
output variables, as well as optimization objectives and their values. Figure 8.27 consists of
three parallel coordinates, where the first plot displays the parallel coordinates of all the
scenarios, the second depicts scenarios 9 and 1, while the third plot presents the parallel
coordinates of scenarios 9 and 8. Figure 8.28, on the other hand, presents the individual
parallel coordinates of each scenario, while the lower and upper variable boundaries in
both figures are listed below in Table 8.2. Lower and upper limits for each scenario can be
found in Appendix II.
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Variable

Min
Max
1 hr
8 hr
1 hr
8 hr
1 hr
8 hr
3.45e-14 hr
8 hr
2.36e-13 hr
8 hr
3.37e-11 hr
8 hr
0 hr
8 hr
0 hr
8 hr
0 hr
5 hr
0 hr
3 hr
0 hr
1 hr
0 hr
4 hr
1week
4 hr
1 hr
8 hr
54 product
2779 product
53 product
879 product
95 product
7604 product
49 product/hr
95 product/hr
11 hr
27 hr
0.51%
0.99997%
1 hr
110 hr
543 products
1499 products
Table 8.2: Min and Max values of the variables in the parallel coordinates.
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Figure 8.27: Parallel Coordinates of all scenarios and Scenario 9 vs Scenario 1 and Scenario 8.
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Figure 8.28: Individual Parallel Coordinates of all scenarios.
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8.8.2.1 SCENARIO 1 VS SCENARIO 9
By analyzing the parallel coordinates of scenarios 1 and 9 in Figure 8.27, where scenario 1
implements a pure push-based strategy while scenario 9 implements a pure pull-based
strategy, it can be seen that scenario 1 is not able to achieve as low a total delivery delay as
ranges between
scenario 9, although it has higher WIP in the system; where
between [15-42] for scenario 1,
[543-1328] and
[1237-1499] and
[1-110] for scenario 9. It can also be seen, in Figure 8.27 as well as in the individual plots of the two scenarios in Figure 8.28, that solutions for scenario 1 have a much
greater FGI and interim inventory than optimal solutions for scenario 9, where
[1069-2779] and
[147-395] for scenario 1 and where
[149-493] and
[54-493] for scenario 9. One also sees that due to the high WIP levels, solutions in
scenario 1 are concentrated around the highest shipment rate achieved through optimization, whereas the shipment rate for the solutions in scenario 9 are dispersed over the minimum and maximum range of the variable. This indicates that the shipment rate of scenario 1 is much more robust to any changes in the WIP, while the shipment rate of the pure
pull-based scenario is more sensitive to any variation in the WIP level. This behavior could
be explained by the amount of stock kept in the FGI, a high level of stock in the FGI would
suggest that the system is more or less always able to ship products, regardless of any variations in the system, whereas low stock levels in the FGI would not enable the continuous
shipment of products, since the FGI would soon run out of stock, if there were to be a drop
in the supply of products to the FGI. Based on the ranges of the FGI for the two scenarios
[929-2286]
presented earlier, one is able to calculate that scenario 1 actually keeps
more products in stock than scenario 9, making it more able to withstand variations in the
WIP. However, as we know, keeping high inventories is not recommendable, if there is no
demand for it that is to say, as it generates significant holding cost. Further analysis of the
two scenarios indicates that they not only differ in the output variables, but also in the design variables, where this difference is quite noticeable for the FGI inventory adjustment
time variables and the FGI safety stock coverage variables. The parallel coordinates of scenarios 1 and 9 presented in Figure 8.27 and Figure 8.28 show that variable values for both
and
are concentrated to a very low value in scenario 9. In
variable
are distributed
scenario 1, on the other hand, the values for these variables and
for scenario 9 is divided into two reacross the variable boundaries, whereas
gions, where solutions in the first region have very high
values and the solu. The low values of
tions in the second region have moderate values of
and
in scenario 9 indicate that the stock of products A and C in the
FGI needs to be adjusted to the desired levels very quickly, between [1-1.5] hours for
and [1-1.13] hours for
, in order to be an optimal solution on the Pareto front. In the same manner, the values of
display that in order to be a Paneeds to be either [3.28-6.1] or [7.07-8].
reto-optimal solution in scenario 9,
,
and
for scenario 1 show that these variables
However,
do not have any greater impact on the optimization results, due to their distribution across
the variable space. Overall, the outcome of these results would indicate that a pull-based
strategy requires that a system is much more responsive than a system that implements a
push strategy. This is because the WIP and inventory levels in a pull system are much lower
than in a push system, requiring the pull system to take action more quickly and aggressively than in a push system, in order to keep up with changes or variations in the system or
in the demand. In contrast to the inventory adjustment times, the safety stock coverage
variables for the FGI in scenario 1 are concentrated to extremely low values for all three
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products,
[0-0.008],
[0-4.0e-7],
[0-0.14]. This would
suggest that due to already high inventory levels of the FGI and WIP, the system does not
require a safety stock of the products. However, in scenario 9, the value of the safety stock
[7.8-8], and the safety
coverage parameter for product A is extremely high,
[4.9-8].
stock coverage for product C is not as extreme as for product A, since
Nonetheless, as Figure 8.27 and Figure 8.28 show, most of the Pareto-optimal solutions in
is closer to 8 hours than 4.9 hours. On the other hand,
scenario 9 require that
is divided into two regions, like the inventory adjustment time variables,
where the first region has values between [6-8] hours and the second has values between
and
[0.1-0.79]. Additional analysis of the regions in the two variables, i.e.,
, shows that solutions which implement an
[6-8] have a
[3.28-6.1] and solutions that have an
[0.1-0.79] have a
[7.07-8]. For scenario 9, this shows that if one would like to have a high safety
stock coverage of product B, then the system would need to adjust the FGI of product B
quicker than if one would implement a low safety stock coverage of product B.

8.8.2.2 SCENARIO 8 VS SCENARIO 9
An examination of the third plot in Figure 8.27, which presents scenarios 8 and 9, the two
best scenarios according to Figure 8.26, it can be seen that there is no significant difference
in the output variables for the two scenarios. However, the design variables reveal a significant difference in their value ranges for the two scenarios, especially for the FGI inventory
adjustment time and safety stock coverage variables, as in the comparison of scenarios 1
and 9. A look at the FGI inventory adjustment time values for scenario 8, which range be[5.5-8],
[1-7.7] and
[1-6.2], reveals that the intween
ventory adjustment time for product A in scenario 8 is significantly higher than in scenario
9. This indicates that despite the similarities between the two scenarios, where the main
difference is that in scenario 8 the calculation of what to produce in manufacturing area
two is primarily based on the master production schedule, but is adjusted depending on the
demand-pull signal from the shipment rate variable, whereas in scenario 9 the production
start heuristics is solely based on the demand-pull signal from the shipment rate variable,
scenario 8 is not required to be that responsive in adjusting the FGI for product A. As we
know, the inventory adjustment times control how quickly the system is able to converge to
a desired state, such as to a new inventory level. This would indicate that in scenario 8, the
system, especially manufacturing area two, is not required to reach the desired inventory
levels in 1 to 5 hours; it is acceptable for the FGI to be adjusted to the desired level over a
period of 5.5 to 8 hours. In a similar manner, the system in scenario 8 has to adjust the FGI
stock to the desired level of product B much quicker than in scenario 9, with the exception
[7-7.7], while the adjustment time for product C in
of a few solutions where
scenario 8, for most of the solutions, is higher than in scenario 9. The value of the safety
stock coverage of product A in the FGI is more or less the same in both scenarios, however,
one sees that the value of the safety stock coverage of product B ranges between two regions, as in scenario 9, where the first region, which also contains most of the solutions,
[2-6]. Whereas the second region ranges from
ranges between
[0.1-0.78], where the second region of scenario 8 is similar to the second region of scenario 9, while, as Figure 8.27 shows, the first region of scenario 8 lies exactly inbetween the two regions in scenario 9. The safety stock coverage of product C is distinctly
[7.1-8] and the second
divided into two regions. The first region ranges from
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ranges from
[0.15-1.5]. A further analysis of these regions did not display any
surprising behavior, the solutions in both these regions did not have any distinct behavior
in the other design variables, that is, the solutions in the two regions did not belong to any
area or region in the other design variables, but were disseminated between the variables’
minimum and maximum values.

8.8.2.3 CLUSTER ANALYSIS
Despite the insight gained from comparing individual scenarios, handling a high-volume
dataset of more than 24000 Pareto-optimal solutions can become quite complex and timeconsuming. A more suitable approach for knowledge extraction from high-volume datasets
is to utilize cluster analysis, as implemented in Case Study 1. As in Case Study 1, the modeFrontier’s partitive clustering tool was used to perform the clustering analysis on the dataset where the two optimization objectives were selected as the clustering criteria. Figure
8.29 presents a scatter plot of the cluster analysis in which ten distinct clusters are revealed. Cluster 2 seems to be the most interesting one, since it covers the Pareto-optimal
solutions of the so-called knee region. As we know, a Pareto front consists of a set of Pareto-optimal solutions that are characterized by the fact that an improvement in any one objective can only be obtained at the expense of deterioration in at least one other objective. A
bump on the Pareto front is a so-called knee or a knee region which consists of Paretooptimal solutions most likely to attract the decision maker. These solutions are characterized by the fact that a small improvement in either objective will cause a significant deterioration in the other objective, which makes moving in either direction not very interesting
for the decision maker (Branke et al., 2004) . If the Pareto-optimal solutions represent the
best trade-offs of the conflicting objectives, then the solutions around the knee usually represent the “best optimal” trade-offs and are hence very likely considered to be the optimal
choice by the decision maker. Therefore, as Figure 8.29 shows, the Pareto-optimal solutions in cluster 2 cover the knee regions of the five best scenarios, making cluster 2 the
most preferable choice. Now, to obtain insight into the inherent qualities and properties of
these knee solutions in cluster 2, as well as in other clusters, a parallel coordinate plot, depicted in Figure 8.30, was created. Thus, as the “best optimal” trade-off cluster, Figure 8.30
or
. Instead,
reveals that cluster 2 is not the best option in terms of
and cluster 0 which obtains the lowest
it is cluster 9 which achieves the lowest
values. However, although the optimal solutions in cluster 9 have the lowest
, they also have the highest
values, whereas the solutions in cluster 0 have
levels. The Pareto-optimal solutions in cluster 2, on the other
the third highest
, with an average value of 770 products, and the
hand, only have the third lowest
second lowest
, with an average delivery delay of 5.8 hours. Other interesting properties of cluster 2 are that these solutions have the highest inventory adjustment times for the
interim inventory of all three products, which indicates that these solutions do not need to
replenish the interim inventory that quickly, compared to other clusters. Figure 8.30 also
shows that cluster 2 has the highest safety stock coverage of product A, together with the
second highest safety stock coverage of products B and C for both FGI and the interim inventory, in comparison to the other clusters. However, cluster 2 has a quit moderate FGI
adjustment time for product A, the third highest adjustment time for product B, and the
third lowest adjustment time for product C, in comparison to other clusters. Another insight that can be gained from the cluster analysis is that the results actually confirm the behavior and relation of WIP and throughput (TH) in Little’s Law, in which a low WIP would
generate a low TH and a high WIP would generate a high TH, if the cycle time is constant
(Hopp and Spearman,2011).
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Figure 8.30: Parallel Coordinate of Cluster Analysis.

Figure 8.29: Scatter plot of Cluster Analysis.
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Hence, examining the
variable, which would represent TH in our case, and
in Figure 8.30 clearly shows that all Pareto-optimal solutions in clusters with
high total system WIP values are the same clusters which have high total shipment rate
values, such as clusters 1 and 4. However, clusters which have a very low WIP, such as clusters 9 and 8, subsequently have very low shipment rates. Another interesting observation
that can be made in Figure 8.30 is between the total system WIP and the total order fill
and
. As discussed, one finds that shipment rate and total sysrate, i.e.
tem WIP have a clear relationship and, since the calculation of total order fill rate, according to eq.(8.70), is based on the total shipment rate, one also finds that
and
are also related to each other in a similar manner, since
is related to
. As indicated by Figure 8.30, the higher the value of
is for a cluster, the
, and vice versa.
greater the value of

8.9 INDUSTRIAL IMPLICATIONS
8.9.1 ANALYSIS OF DESIGN VARIABLES AND OPTIMIZATION
OBJECTIVES
The insights gained from the cluster analysis are very useful, however, from an industrial
perspective they are not that practical, since these insights are based on the differences,
similarities, and relations among different clusters of solutions that stretch over several different scenarios which, in reality, would be impossible to implement. Thus, this section only elaborate on the best scenario found by the optimization experiments, scenario 9, which
implemented a pure pull-based strategy where both inventories were replenished and production start rates for each manufacturing area were solely determined by products that
are actually shipped off to the customer. Figure 8.31 and Figure 8.32 present a parallel cois [543ordinate heat map of the respective optimization objectives, where
is [11.2-13.9], and where a complete table of all the variable bounda1328] and
ries for the results of scenario 9 can be found in Appendix II. In Figure 8.31, one observes
that the Pareto-optimal solutions around
[778-1328] require lower inventory
adjustment times of product B for both FGI and the interim inventory than for solutions
[543-778], whereas almost all the Pareto-optimal solutions
that range around
require low adjustment times of product A and product C for the FGI. This would indicate
that to achieve a lower total system WIP, the company should put more effort into having
quicker replenishment cycles of the FGI for product A and product C than for product B. In
the same manner, Figure 8.31 discloses that product C needs shorter replenishment cycles
than the other two products for the interim inventory, by requiring lower inventory adjustment times for lower levels of total system WIP.
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for scenario 9.

for scenario 9.

Figure 8.31: Parallel Coordinate Heat Map of

Figure 8.32: Parallel Coordinate Heat Map of
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It can also be seen that achieving lower total system WIP, through implementing the discussed approach, will result in lower total lead time. However, as discussed in the cluster
analysis section, one sees that a higher total system WIP will generate a higher shipment
rate and order fill rate while achieving lower order backlog and delivery delay. Figure 8.32
also confirms this by showing that Pareto-optimal solutions with a high level of
have very low total system WIP, which subsequently generates lower order fill rates and
shipment rates, as well as higher order backlog but lower lead time. A further analysis of
Figure 8.32 actually reveals that Pareto solutions between
[545-591] contrib[27.3ute to a significantly higher total delivery delay and order backlog, where
[1402-5339],
[48.6-51,4],
[0.51-0.54] but with a
[11.2-11.4].
110],
Thus, from this observation, it is possible to define a governing rule or principle for the sys591 is not to be recommended, since solutem which would specify that
tions with lower total system WIP would dramatically increase the total delivery delay and
order backlog, as well as be the worst solutions regarding shipment rate and order fill rate.
An evaluation of the design variables, from a total delivery delay perspective, and Figure
[27.38.32, indicates that no significant insights can be gained other than for
110], showing the safety stock coverage of all products and the inventory adjustment time
of product C for the interim inventory is lower than the majority of solutions, where total
delivery delay is less than 27.3 hours. Another observation that can be made in both figures
and
are divided into two regions, where the first region correis that
27.3 for a
sponds to the above discussed variable boundaries in which
591, making this region significantly less desirable from an total delivery
14.6 while having a
delay perspective. However, the second region that has a
[>591-1328] seems to contain solutions that are more desirable. Now, the interesting questions that arise are: which of the solutions in this region are the best from the
perspective of the two conflicting optimization objectives, as well as which solution has the
best trade-off between the two objectives and what are its corresponding design variables?
Figure 8.33, which presents these three solutions, shows that for the solution with the lowest total delivery delay indicating a value of 1.004 hours, the system would require the
highest total system WIP value, in scenario 9, of 1328 products. However, this solution
would also generate the highest shipment rate and order fill rate, the largest stocks in FGI
and the interim inventory, and the highest lead time together with the lowest order backsolutions, it requires significantly higher safety stock
log. In order to be the best
values of all products for the interim inventory, in comparison to the other two solutions in
solution also requires a higher safety stock covFigure 8.33. Similarly, the best
erage of product A and product B for the FGI, whereas the safety stock coverage of product
C for the FGI is more or less equivalent to the best trade-off solution, but higher than the
solutions. Figure 8.33 also shows that the
solution requires shorter replenishment cycles of product A and product B for the interim inventory and of product B and product C for the FGI, since the adjustment times for these variables are lower
than for the other two solutions. However,
and the trade-off solutions have
lower adjustment values of product A for the FGI and product C for the interim inventory
solution. The
solution, on the other hand, which has a
than the
total system WIP of 591.24 products and a total delivery delay of 14.61 hours, has significantly lower safety stock coverage values of all products for the interim inventory, which
subsequently results in the lowest interim inventory compared to the other solutions. This
solutions also has a lower safety stock coverage of product C for the FGI than
and trade-off solution. The safety stock coverage of the other two products
the
solution, whereas the values of
for the FGI, on the other hand, is lower for the
these variables are more or less equal to the values of the trade-off solution.
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,

and trade-off solution for

14.6.

Figure 8.34: Parallel Coordinate of Pareto optimal solutions with an order fill rate of 95-98% and 99-99.9985%

Figure 8.33: Parallel Coordinate of best
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All the values of the FGI inventory adjustment time variables as well as the interim inventory adjustment time variables of product B and product C are equivalent for the
and the trade-off solution, requiring a faster replenishment of product A in
the FGI and product C in the interim inventory than the
solution. However, the
best trade-off solution, which has a total system WIP of 616 and a delivery delay of 2.86
hours, has the highest interim inventory adjustment time value for product A. A comparison of the output variables for the trade-off and
solutions show, in Figure
8.33, that due to a higher FGI safety stock coverage of product C as well as an overall higher
interim inventory coverage, the trade-off solution acquires a higher total interim inventory
as well as a greater total FGI. In addition, the trade-off solution also acquires a higher total
lead time, due to the higher total interim inventory and total system WIP levels. However,
solution, in terms of order backlog, shipment
this solution outperforms the
rate and order fill rate, by achieving a very low backlog, which is more or less equal to what
the
solution achieved, and a somewhat higher shipment rate and order fill rate.
Now, despite acquiring reasonably good solutions, in terms of the optimization objectives,
the trade-off solution and the
solution only acquire an order fill rate, which
represents a service level of the shipping performance and indicates the amount of orders
that has been delivered and delivered on time, of 54.5% for the trade-off solution and
53.9% for the
solution. However, the
solution, which could be regarded as an extreme solution, since it acquires the lowest total delivery delay for the highest total system WIP, acquires a 99.985% order fill rate. Thus, if a decision maker were to
require a delivery performance between 99% to a near 100%, as shown in Figure 8.34, then
the corresponding total system WIP would range between [1214-1328] for a total delivery
delay between [1.004-1.031] and where the total lead time and total shipment rate would
range between [12.85-13.94] and [94.43-95.25] respectively. On the other hand, if the decision maker were to consider an order fill rate between 95%- 98%, then the total system
WIP would be reduced to [1179-1210] with a total delivery delay between [1.03-1.06] and a
total lead time between [12.957-12.976], however, the total shipment rate would also be reduced to between [91.02-93.29]. An investigation of the corresponding design variables of
the two order fill rate ranges, Figure 8.34, displays that the Pareto-optimal solutions, with
an order fill rate between 95%-98%, in the majority of cases, require a quicker replenishment of all products in the FGI and of product B and product C in the interim inventory.
The solutions in this range also require somewhat higher FGI safety stock coverage for all
products, whereas these solutions generally require less safety stock coverage for the interim inventory. Deciding which solutions or solution ranges to choose and implement is, in
the end, a task for the decision maker. He or she can, on the basis of personal preferences,
either select solutions that would be optimal in terms of total delivery delay but would have
very high total system WIP, and vice versa, or select solutions that would not be optimal in
any objective, but would be the best trade-off solutions between them. However, regardless
of which solution or solution ranges are chosen, they will all be Pareto optimal.
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8.9.2 CRITICA L WIP ZONES
As one might understand from the discussion in this analysis chapter, controlling the WIP
in a manufacturing system or a supply chain is a crucial factor for determining the system’s
performance (Pound and Spearman, 2007). Pound and Spearman (2007) suggest that
whether the system pushes or pulls the WIP is not essential and that WIP levels that are too
low is just as bad as too much WIP in the system, which has actually been discussed and
demonstrated through the industrial case study presented in this chapter. The authors
point out that based on the capacity and variability levels of a production, supply chain, or
any other flow process, the lead time and the throughput can be determined by the WIP
levels in the system. They also remind managers and decision makers that acquiring a reduction in lead time through decreasing the WIP of the system will subsequently also reduce the system TH, which has also been discussed and demonstrated through this industrial case study. Now, according to the authors, Little’s Law and other governing principles,
defined in Hopp and Spearman (2011) , demonstrate three vital WIP regions, as shown in
Figure 8.35, in any manufacturing supply chains, which are defined as the WIP starvation
zone, the WIP overload zone, and the WIP optimal zone.

Figure 8.35: WIP regions, adopted from (Pound and Spearman, 2007).

The WIP starvation zone is characterized by the fact that lead time is reduced to a minimum due to low levels of WIP, which subsequently drastically reduces the TH of the system. The WIP overload zone is characterized by the fact that an increase in WIP levels will
only increase the lead time and this increase in WIP will have very little or no effect on the
system TH. However, in the WIP optimal zone, the system WIP generates the optimal performance of the system by acquiring minimal lead time and maximum system TH (Pound
and Spearman, 2007). Thus, implementing this approach/theory to the industrial case
study and scenario 9, presented in this chapter, five critical WIP zones where identified
ranges were between WIP Zone
which governed the system behavior, and the
1[543-591.19], WIP Zone 2[>591.19-675.44], WIP Zone 3[>675.44-1015], WIP Zone
4[>1015-1239] and WIP Zone 5[>1239-1328]. These WIP zones are presented in Figure
8.36 and Figure 8.37, where the first one presents a parallel coordinate over the five WIP
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CH A PT E R 8 C AS E ST UD Y 3 – AN I ND U ST RIA L A P P LI C AT IO N ST UD Y

zones together with their corresponding output and design variable, whereas the second
,
and
which represents, refigure displays a 3D scatter plot of
spectively, the WIP, the lead time, and the TH in this case study. Now, an examination of
the two figures reveals that WIP Zone 1 is characterized by minimal total lead time for a low
total system WIP, but also a very low total shipment rate, whereas the Pareto-optimal solutions in WIP Zone 2 obtain drastically increased lead time for a small increase in total system WIP and with almost no increase in total shipment rate. The later behavior, i.e., of WIP
Zone 2, is more evident in the first two plots of Figure 8.37, where the first plot shows how
the gradient of WIP Zone 2 is almost horizontal, indicating a very small increase in the total
shipment rate while showing a radical increase in total lead time. Similarly, in the second
plot, one sees that the gradient of WIP Zone 2 slightly increases for the total system WIP,
but for a slight increase in this variable one sees that the total lead time increases drastically.
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Figure 8.37: Scatter Plot over the different WIP zones.

Figure 8.36: Parallel Coordinate over the different WIP zones.
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WIP Zone 3, on the other hand, displays a somewhat linear increase in the three variables,
926.
as seen in the first two plots of Figure 8.37, for the solutions with
However, for the solutions with a larger total system WIP in WIP Zone 3, it is observed that
WIP Zone 3stops increasing linearly with the other two variables, whereas
continue to increase linearly for the solutions in WIP Zone 3. This later behavior
and
of WIP Zone 3 proceeds in WIP Zone 4, where one sees, in both figures, that the lead time
remains more or less constant for a reasonable increase in total system WIP, but where the
total shipment rate suddenly increases drastically for a not as significant increase of the total system WIP. WIP Zone 5, on the other hand, is characterized by the fact that a very
small increase in the total system WIP displays a fractional increase in the shipment rate,
whereas the total lead time for these Pareto solutions drastically increases. Now, according
to the approach/theory parented by Pound and Spearman (2007), WIP Zone 4 would be
proposed as the optimal WIP zone, since the solutions in this region gain a tremendous increase in total shipment rate with a more or less constant total lead time and without a significant increase in total system WIP.

8.10

CONCLUSIONS

This chapter has presented an industrial application of SD-MOO, where the SD model depicted a conceptual internal logistics process at one of the industrial partners. The aim of
the study was to model, evaluate, and analyze various manufacturing strategies, from a
MOO perspective, and implement post-optimal analysis, in order to gain manufacturing
and logistical insight from the optimization results. To implement this, nine different scenarios were modeled, ranging from a pure push-manufacturing strategy to a pure demand
pull-based approach. In addition, the scenarios in between implemented a varying degree
of information sharing through feedback loops and push- and pull-based concepts. All the
modeled scenarios were evaluated on the basis of two conflicting optimization objectives,
minimize the total system WIP while minimizing the total delivery delay, in order to find
the best Pareto-optimal trade-off solutions for the problem at hand. Obtaining the Paretooptimal solutions for the different post-optimal analyses of the scenarios was performed
utilizing post-optimal analysis tools, such as parallel coordinates and clustering. The MOO
results show that scenario 9, which implements a pure demand-pull strategy, outperforms
all other scenarios, by achieving lower total system WIP for similar total delivery delay for
most of the Pareto optimal solutions. However, the MOO shows that for a 1.14
1.75 scenario 8 outperforms scenario 9, by achieving slightly lower total system WIP, but
where the pure demand-pull strategy is optimal for all other ranges. The results of comparing and evaluating the scenarios from a strategy point of view show that the demand pullbased scenarios outperform the push-based strategies in most of the cases except in scenario 7 which implemented a demand-pull strategy, but did not have a replenishment of the
interim inventory. In addition, scenario 7 is out performed by scenario 3 which implemented a push strategy and had no replenishment of the interim inventory, for
4.3, and
scenario 4, which implemented a push strategy and replenished the interim inventory, for
26. Thus, a further analysis revealed that the replenishment of the interim inventory plays a crucial role in the performance of the system, since the five best scenarios all
implemented a replenishment of the interim inventory. Another discovery made by comparing and evaluating the scenarios was that for all scenarios, implementing a demand-pull
strategy, with the replenishment of the interim inventory, increasingly improved the performance as the demand- pull signal moved downstream the internal supply chain, thus
indicating that the demand-pull signal should originate from the FGI, i.e., when a product
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is shipped to a customer. The clustering analysis, on the other hand, shows that the best
Pareto-optimal solutions among all the scenarios are in cluster 2, which more or less covers
the coveted knee region for scenarios 4- 9. The cluster analysis also shows that in order to
be in this cluster, the Pareto-optimal solutions were required to have the second highest
safety stock coverage of product B and product C and the highest safety stock coverage of
product A in both inventories. The cluster analysis results also demonstrate that these solutions, i.e., Pareto-optimal solutions in the best cluster, do not require as quick a replenishment of the products in the interim inventory as the other solutions, due to higher inventory adjustment times. The analysis of the critical WIP in the best scenario, i.e., scenario 9,
reveals five different WIP zones among the Pareto-optimal solutions of scenario 9. Fur[>1015-1239], is found to be the
thermore, WIP Zone 4, which ranges from
optimal WIP zone, since these solutions drastically increase the total shipment rate of the
system almost without any increase in total lead time.
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C H A P TE R 9

CONCLUSIONS AND FUTURE WORK
9.1 INTRODUCTION TO CHAPTER 9
This chapter presents the overall conclusions, as well as the contributions to research and
knowledge that this work has provided. Finally, the chapter provides some thoughts on future work, based on the research conducted in this thesis.

9.2 OVERALL CONCLUSIONS
Research regarding supply chain optimization has been performed for a long time. However, it is only in the last decade that the research community has started to investigate MOO
for supply chains. In general, supply chains are complex networks composed of autonomous entities where multiple performance measures at different levels, which in most cases
are in conflict with each other, have to be taken into account. Hence, due to the multiple
performance measures, supply chain decision making is much more complex than treating
it as a single objective optimization problem.
Therefore, this work addresses the supply chain optimization problem within a truly Pareto-based multi-objective context, where the MOO of the supply chain problems addressed
in this thesis is based on the SBO framework. A comprehensive literature survey has shown
that most of the research conducted on MOO for supply chain management is based on
mathematical approaches. However, for a supply chain optimization problem, the supply
chain needs to be depicted through simulation modeling, in order to capture its dynamic
behavior. Furthermore, the survey revealed that the research on using SBO, especially
within the context of MOO, is far from adequate. The simulation methodology used for the
SBO framework is based on SD, whereas the MOO utilizes the NSGA-II algorithm for the
optimization search and obtaining the Pareto-optimal solutions for the supply chain problems.
In order to connect the SD and MOO application used for modeling and optimization, this
work introduces a SD and MOO interface which was developed for the SBO framework.
Additionally, the thesis also presents a novel SD-MOO methodology that addresses the is163
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sue of the curse of dimensionality and aims to execute supply chain SD-MOO in a computationally cost-effective way, in terms of convergence, solution intensification, and accuracy
in obtaining the Pareto-optimal front for supply chain problems.
However, although the Pareto-optimal solution set generated from the proposed methodology will provide an analyst or a decision maker with a set of optimal solution alternatives,
it will not answer why these solutions are Pareto-optimal. Hence, this thesis also utilizes
knowledge extraction techniques to detect hidden interrelationships between the Pareto
solutions, identify common properties and characteristics of the Pareto solutions, as well as
discover concealed structures in the Pareto-optimal dataset, in order to support managers
in their decision making. Thus, the thesis presents an introduction to the post-optimal
analysis process as well as to Parallel Coordinates, Clustering, and Innovization, which are
the three tools utilized for the post-optimal analysis to discover and retrieve hidden insight
and knowledge from the inherent properties and characteristics of the Pareto-optimal solutions.
The developed SD-MOO interface and methodology are implemented in and evaluated
through two academic case studies and a real-world industrial application case study. The
three case studies clearly showed that single objective optimization would not be suitable
for the problems in hand as all the optimization results, in terms of the Pareto fronts, clearly revealed the conflicts between at least two of the optimization objectives in the experiments. The post-optimality analysis tools presented here are also utilized in the three case
studies, in order to find both evident and hidden properties of the Pareto-optimal solution
set obtained, and thus the system and its behavior. While not all the insights generated in
these application studies can be generalized for other supply-chain systems, the analysis
results provide strong indications that the methodology and techniques introduced in this
thesis are capable to generate knowledge to support academic SCM research and real-world
SCM decision making, which to our knowledge cannot be performed by other methods.

9.3 CONTRIBUTIONS TO RESEARCH AND
KNOWLEDGE
The main contributions and scientific novelty of this research study are:


The development of a new application interface that integrates SD and
MOO software within a SBO framework as well as realizes the SD-SBOinnovization methodology.
The new interface application facilitates the interaction between the SD model
and the MOO, allowing the two applications to communicate and exchange data
through the developed interface. When called upon by the optimization software,
the interface, which is written as a Windows console application in C#, loads the
simulation settings into the SD model, together with the input data generated by
the optimization software, and commands SD to initiate the simulation and evaluation of the optimization run. The interface then awaits the completion of the
simulation evaluation and subsequently transfers the output from the evaluation
to the optimization software, in order to assess whether the solution is optimal or
not. Since SD presents the results as a series of time-based values, the interface is
able to calculate these values on the mean, maximum, minimum, or standard deviation for each variable. The user defines which calculation approach to use in
the simulation settings which, together with the input and output variables of the
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simulation and the optimization, are defined in an xml-file that the interface utilizes to communicate the input data of a variable in the optimization to its corresponding variable in the SD model. This communication is also conducted in reverse, where the output data of a variable in the SD model is connected to its corresponding variable in the optimization software through the xml-file. On the other hand, the actual exchange of input and output values is executed through .txtfiles, where the optimization software writes to the input.txt file and reads from
the output.txt file, and vice versa in the case of the SD software.


Introduction of a new methodology for supply chain MOO using SD
that copes with the so-called curse of dimensionality in MOO for high
dimensional problems.
The new SD-MOO methodology for supply chain optimization addresses the issue
of dimensionality and combinatorial difficulty, also known as the curse of dimensionality, in MOO. The methodology is based on an iteratively interactive guidance approach, which in contrast to general MOO interactive approaches does not
require a user-optimization interaction during the optimization evaluations. Instead, the decision maker is presented with the search results from the optimization and subsequently evaluates whether the preference goals have been achieved
or not. If the goals have not been achieved, the decision maker starts a new set of
optimization runs, in order to guide the search towards regions or sub-spaces of
interest and increase the quality, accuracy, intensification, etc., of the Pareto solutions. In order to guide the optimization search towards the aforementioned regions in the objective space, the SD-MOO methodology introduces a number of
activities, which are decision space sampling, global objective space search, and
local objective space refinement. Through the developed SD-MOO methodology,
the optimization is able to execute MOO for supply chain models in a computationally cost-effective way, in terms of the efficiency, solution intensification, and
accuracy in obtaining the Pareto-optimal front for supply chain problems studied
in this work.



Exploration and implementation of novel knowledge extraction techniques on the Pareto-optimal dataset obtained from the SCM problems, which to our knowledge has never previously been applied to
supply chain problems.
The work utilizes Parallel Coordinates, Partitive Clustering, and Automated Innovization to extract knowledge and gain insight from the Pareto-optimal solution
sets generated from the three case studies employed in this thesis. To our
knowledge, no other research has previously implemented knowledge extraction
techniques on the Pareto-optimal sets obtained from supply chain MOO problems.
Some of the insights gained from case study 1, in which post-optimal analysis was
conducted through Parallel Coordinates and Partitive Clustering, are:
o

The cluster analysis shows that cluster S1-C4 contains the best Paretooptimal solutions, in terms of the trade-off between the optimization objectives in optimization scenario 1.

o

The Parallel Coordinate of the cluster analysis shows that cluster S1-C2,
which contains solutions with the lowest CB and the second highest
demand amplification, has the lowest value for entities F, D and W.
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This indicates that managers at these entities are not required to implement an as aggressive policy, as for the other clusters, to adjust the inventory towards the desired levels, in order to minimize the discrepancy
of the amount of units needed in the inventory. However, this cluster has
the highest amount of desired supply lines of all entities, except entity R.
o

The cluster analysis of the Pareto dataset obtained from scenario 2 shows
that Pareto-optimal solutions in clusters S2-C3 and S2-C4 obtain a similar average value of CB , however, cluster S2-C4 has the lowest CINV
value, whereas cluster S2-C3 outperforms S2-C4, in terms of a lower demand with regard to generating a lower bullwhip effect.

o

Comparing the cluster analyses of scenarios 1 and 2 through Parallel Coordinates reveals that most of the clusters in scenario 2 outperform those
in scenario 1, in terms of CB , and that all the clusters in scenario 2 outperform those in scenario 1, in terms of the bullwhip effect. However, the
majority of clusters in scenario 1 outperform the clusters in scenario 2, in
terms of CINV .

o

The comparison of the cluster analyses of scenarios 1 and 2 through Parallel Coordinates also discovers that scenario 2 requires higher ,
and
values for all entities than scenario 1. This indicates that Paretooptimal solutions in scenario 2 require a greater desired inventory and
supply line, as well as a more aggressive policy, with regard to adjusting
the inventory towards the desired levels, from managers. However, the
parameter values are quite similar in both scenarios, except for the parameter of entity F, which is significantly higher for scenario 2 than for
scenario 1, indicating that the manager at entity F has to consider his or
her supply line to a much greater extent than in scenario 1.

Some insights gained from case study 2, in which post-optimal analysis is conducted through Automated Innovization reveal that:
o

The rules generated from the higher level innovization could be classified
into three distinct categories, based on their influence on the uncertainty
of the forecast, their behavior in the objective space, and their relationship with the customer demand.

o

Rules 2, 3 and 5 reveal that an increase in
, , and
requires a
cubic increase of
, in order for the solutions to remain on the Pareto-optimal front, at least for the two scenarios considered in case study 2.

o

Rules 1 and 4 reveal that the uncertainty of the forecast
plays an
important role for the Pareto-optimality of the solutions for the two scenarios.

Selected insights obtained from case study 3, where post-optimal analysis is conducted through Parallel Coordinates and Partitive Clustering, are:
o
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The parallel coordinates of scenarios 1 and 9, where scenario 1 implements a pure push-based strategy while scenario 9 implements a pure
and
are
pull-based strategy, reveal that both
concentrated to a very low value in scenario 9, whereas in scenario 1 the
values of these variables are distributed across the variable boundaries.
This indicates that in scenario 9 the stock of products A and C in the FGI
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needs to be adjusted to the desired levels very quickly, between [1-1.5]
and [1-1.13] hours for
, in order to be an
hours for
optimal solution on the Pareto front. However, these variables for scenario 1 do not have any greater impact on the optimization results, due to
their distribution across the variable space.
o

Examining the Pareto fronts for the cluster analysis of the 9 scenarios
implemented in case study 3 reveals that cluster 2 is the most preferable
choice, since it covers the so-called knee regions of the five best scenarios. However, to obtain insight into the inherent qualities and properties
of these knee solutions in cluster 2, as well as in other clusters, a parallel
coordinate plot was created. Nevertheless, this plot reveals that cluster 2
or
. Instead, it
is not the best option in terms of
and cluster 0 which obis cluster 9 which achieves the lowest
values. However, although the optimal solutions
tains the lowest
, they also have the highest
in cluster 9 have the lowest
values, whereas the solutions in cluster 0 have the third highest
levels. The Pareto-optimal solutions in cluster 2, on the other
hand, only have the third lowest
. The parallel coordinate also
reveals that the solutions covering the so-called knee region, i.e., solutions in cluster 2, have the highest inventory adjustment times for the interim inventory of all three products, which indicates that these solutions
do not need to replenish the interim inventory that quickly, compared to
other clusters.

o

Examining the Pareto-optimal solutions of scenario 9, which is the best
scenario, in a parallel coordinate reveals that Pareto solutions between
[545-591] contribute to a significantly higher total delivery
[27.3-110],
[1402delay and order backlog, where
[48.6-51,4],
[0.51-0.54] but with a
[11.2-11.4].
5339],
Thus, from this observation, it is possible to define a governing rule or
591 is
principle for the system which would specify that
not to be recommended, since solutions with lower total system WIP
would dramatically increase the total delivery delay and order backlog, as
well as be the worst solutions regarding shipment rate and order fill rate.
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9.4 FUTURE WORK
In concluding the thesis, this section proposes three future research directions, based on
the results obtained from the studies conducted in the dissertation.

9.4.1 ADDITIONAL EXPERIMENTATION
This work has not just illustrated the possibility of performing MOO on simulation models
based in SD, but also of obtaining the Pareto-optimal solution set from the SBO framework,
in a computationally effective way. This opens a new possibility of performing SD-MOO not
just for supply chain problems, but also for problems from any domains, as long as the system in question can be modeled in SD and multiple conflicting objectives can be identified.
However, continuing in the field of SCM and the analysis of manufacturing supply chains,
it is believed that the SD-SBO-innovization concept presented in this thesis can further be
applied to additional supply chain problems, such as supply chain network design and supplier selection, as well as continuing the MOO analysis of other supply chain operation
problems, of both internal and external supply chains, as presented in the case studies in
this dissertation. Specifically, it would be interesting to evaluate case study 1, i.e., the BG,
from a multi-level-MOO perspective, which is further discussed in section 9.4.3, as well as
to expand case study 3, which elaborates a real-world industrial system. Such research expansion could include the following resource constraints: number of workers, machines,
and workweeks, as well as efficiency constraints of a system or worker productivity, rework
due to quality issues, and the effect of stress or fatigue on workers. Additionally, it would be
interesting to implement other production flow strategies, such as constant work in process
(CONWIP) and drum buffer rope (DBR), on the internal supply chain modeled in case
study 3 and compare these strategies to the varying degrees of push-pull strategies explored in the scenarios of case study 3.

9.4.2 TAKING STOCHASTICS INTO ACCOUNT
As explained in section 1.3, the primary aim of this work is to connect SD and MOO within
the SBO framework. Hence, the SD models, utilized in the three case studies presented, are
used to verify and validate the SD-SBO-innovization concept. As a matter of fact, the models do not demonstrate any significant complexity, in terms of system modeling, as well as
no stochastic endogenous variable has been modeled. The only stochastic variable utilized
is the customer demand in case study 3, which is an exogenous variable. Thus, it would be
interesting to implement stochastic behavior into the model, especially the model depicting
the real-world industrial system. In his doctoral thesis, Tesfamariam Semere (2005) presented an approach to incorporate stochastic time-to-fail (TTF) and time-to-repair (TTR)
in SD-manufacturing models. Specifically, it would be interesting to implement this TTF
and TTR stochastic for the production lines in case study 3, as this would subject those
production lines to additional capacity constraints. Nevertheless, it is also important to
note the computational time to run SBO experiments will be multiplied, if resampling (i.e.
simulation replication) is used to handle the randomness from the stochastic models, as in
the case of using DES for manufacturing systems analysis.
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9.4.3 MULTI-LEVEL-MOO FOR SUPPLY CHAINS
The research presented in this doctoral thesis describes the successful implementation of
the MOO on supply chains, which generated a Pareto-optimal solution set for each case
study and well provided insight into the system behavior of the system in the case studies.
However, despite the successful implementation, it could also be argued that using preference-based MOO to obtain a single “global” optimal solution for multi-tier systems, like
supply chains, is not desirable if the “global” optimum suggests a set of decision variable
values that may sacrifice the performance of the sub-system level. For example, the optimal
solution found by the simulation optimization may be optimal when the overall supply
chain is considered, but totally unacceptable to the company that plays the role of the manufacturer. Therefore, for a decision maker, it would be very useful if the posterior Pareto
front can be generated quickly by using a MOO algorithm, so that he/she can choose the
most suitable configuration among the “trade-off” solutions generated. The meaning of
“trade-off” is two-fold: (1) trade-off between the conflicting objectives and (2) trade-off between sub-system and overall system level. While the concept of applying MOO to find
trade-off solutions for multi-tier system design is sound, in practice, it is very challenging,
because the search space, composed of the possible values of the multi-level decision variables, is very often huge.
Therefore, to resolve this issue, it would be interesting to implement multi-level optimization (MLO) on case study 1, where each entity, manufacturer, distributor, and retailer, of
the supply chain would have its own set of multiple objectives to peruse at the process level
for the local optimization. For instance, the supplier and manufacturer have to consider
their internal production, inventory, and service levels in the local optimization. The supplier optimization objectives might be to gain high delivery accuracy while minimizing inventory levels and lead-time, and maximizing the throughput while minimizing the work in
process. The manufacturer would have the same internal objectives to peruse; however, the
manufacturer might also consider maximizing the batch size to minimize the set-up time.
While the overall supply chain optimization objectives at the operation level are to minimize the overall costs by minimizing inventory levels, lead-time and simultaneously achieving high delivery accuracy, the supply chain could also consider minimizing the transportation costs and minimizing carbon dioxide emissions from transportation between the entities, by maximizing transportation batch sizes and minimizing the number of deliveries.
The operational level, i.e., supply chain, is provided with optimal process settings from the
local process optimization of the entities. The input parameters that could be sent to the
supply chain are the finished goods inventory levels, WIP, and incoming goods inventory
levels for each local process optimization. Other input parameters that could be considered
by the operational level could be data regarding different transportation possibilities and
their related vehicle size, cost, and emissions.
Hence, implementing MLO for SCM-MOO would enable local optimizations for the represented entity in the supply chain and global optimization for the entire supply chain, where
MLO makes it possible to run high-fidelity process models that feed the overall system process (supply chain) with Pareto-optimal solutions. With the multi-level architecture, simulation optimization could be carried out at different levels using models with varied fidelity.
A considerable reduction of computing time can therefore be achieved by avoiding a high
fidelity “global simulation”. At the same time, a significant reduction in the search space of
the overall system level could also be achieved by using the MOO algorithms that are only
initiated solutions lying on the Pareto fronts of the sub-system level and transferring them
to the optimization process in the system level.
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SCENARIO 6
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SCENARIO 7
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SCENARIO 9
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Variable

Min
Max
1.0015 hr
7.9998 hr
1.0277hr
7.9992 hr
1 hr
7.9999 hr
3.45e-14 hr
0.0008 hr
2.36e-13 hr
4.11e-06 hr
3.37e-11 hr
0.1447 hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
1week
3.9999 hr
1 hr
1.0066 hr
1068.54 product
2779.19 product
146.53 product
395.42 product
1377.22 product
3951.87 product
93.4309 product/hr
94.7898 product/hr
13.0188 hr
15.7391 hr
98.0792%
99.5057%
14.5292 hr
42.2973 hr
1237.445 products
1498.854 products
Table Appendix II.1: Min and Max values of the variables in Scenario 1

Variable

Min
Max
4.9 hr
7.9999 hr
1 hr
7.3299 hr
1 hr
3.8947 hr
1.0631 hr
0.96308 hr
6e-09 hr
0.992562 hr
4.99-04 hr
1.01563 hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
1week
1.6629 hr
1 hr
1.02207 hr
75.9846product
105.5923 product
69.8640 product
406.758 product
2256.797 product
7600.221 product
69.0923 product/hr
94.1622 product/hr
12.0541 hr
15.9177 hr
72.5298%
98.8469%
23.9673 hr
109.9993 hr
1498.859 products
832.6536 products
Table Appendix II.2: Min and Max values of the variables in Scenario 2

Variable

Min
Max
3.9734 hr
7.9999 hr
1 hr
6.8427 hr
1.0303 hr
7.6644 hr
0.79664 hr
7.8805 hr
2.93e-10 hr
1.8654 hr
0.00117 hr
7.9999 hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
Na hr
1week
3.9999 hr
1 hr
1.0061 hr
82.6179 product
456.868 product
242.1929 product
370.0262 product
95.0980 product
7604.301 product
69.1312 product/hr
95.2577 product/hr
14.1694 hr
16.3666 hr
72.5706%
99.9969%
0.998324 hr
109.998 hr
1055.576 products
1436.698 products
Table Appendix II.3: Min and Max values of the variables in Scenario 3
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Variable

Min
Max
3.4337 hr
5.9474 hr
1.0135 hr
1.7626 hr
1.0002 hr
1.6183 hr
7.6831 hr
8 hr
2.25e-06 hr
7.9873 hr
0.6985 hr
7.9986 hr
1.2425 hr
2.1674 hr
1 hr
3.8074 hr
1.0001 hr
4.8472 hr
0.9965 hr
2.3326 hr
1.41e-07 hr
1.2172 hr
2.6e-04 hr
3.8549 hr
1week
1.0621 hr
1 hr
1.0068 hr
147.5839 product
606.7888 product
91.6857 product
271.2091 product
95.4697 product
7097.056 product
64.5139 product/hr
95.2559 product/hr
12.2071 hr
14.4432 hr
67.7236%
99.9951%
1.0024 hr
109.9812 hr
789.0883 products
1375.204 products
Table Appendix II.4: Min and Max values of the variables in Scenario 4

Variable

Min
Max
3.8534 hr
6.5439 hr
1 hr
4.1281 hr
1 hr
2.0309 hr
7.9999 hr
7.2363 hr
1.7703 hr
7.9683 hr
0.2916 hr
7.9999 hr
1.9542 hr
4.8156 hr
1 hr
4.3396 hr
1 hr
5.3565 hr
1.0073 hr
2.3961 hr
0.1 hr
1.3897 hr
0.6638 hr
3.9995 hr
1week
1.6357 hr
1 hr
1.1434 hr
148.6328 product
546.3032 product
54.98921 product
272.385 product
95.3785 product
5737.892 product
52.1659 product/hr
95.25765 product/hr
11.3511 hr
14.44001 hr
98.6565%
99.9991%
1.0014 hr
109.993 hr
1375.116 products
591.1415 products
Table Appendix II.5: Min and Max values of the variables in Scenario 5

Variable

Min
Max
4.3181 hr
7.9998 hr
1.0043hr
4.8165 hr
1.0509 hr
4.0156 hr
7.2036 hr
7.9999 hr
0.8187 hr
6.6274 hr
0.2215 hr
7.9961 hr
1.5233 hr
3.8832 hr
1.0354 hr
7.0210 hr
2.7311 hr
48.6131 hr
2.8962 hr
1.0309 hr
0.1 hr
1.2937 hr
0.7043 hr
3.9979 hr
1week
1.7950
1 hr
1.0909 hr
186.9895 product
516.3918 product
55.4538 product
262. 1048product
95.7306product
5724.108 product
52.0786 product/hr
95.25764 product/hr
11.3544 hr
14.2299 hr
54.6696%
99.9969%
1.0049 hr
109.9032 hr
590.3333 products
1355.646products
Table Appendix II.6: Min and Max values of the variables in Scenario 6
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Variable

Min
Max
1 hr
1.0038 hr
1 hr
1.9197 hr
1 hr
1.0264 hr
0.9886 hr
2.5519 hr
0.1 hr
0.1386 hr
0.7802 hr
7.8784 hr
Na
Na
Na
Na
Na
Na
Na
Na
Na
Na
Na
Na
1 week
2.1739
1 hr
7.9999
53.9124 product
242.8888 product
55.2125 product
878.7746 product
124.2788 product
5829.706 product
52.9698 product/hr
57.7033 product/hr
11.4333 hr
26.6542 hr
55.6052
60.5742%
2.2190 hr
109.9773 hr
606.0842 products
1494.615 products
Table Appendix II.7: Min and Max values of the variables in Scenario 7

Variable

Min
Max
5.4782 hr
7.9641hr
1.0132 hr
7.7467 hr
1.0768 hr
6.230 hr
7.9999 hr
7.4349 hr
0.1 hr
6.0132 hr
0,1588 hr
7,9997 hr
2.5963 hr
7.7692 hr
2.8834 hr
7.9787 hr
1.0443 hr
4.9942 hr
0.9786 hr
1.5866 hr
0.1
1.1449
0.6675
3.7896
1 week
1.1565
1 hr
1.0085
148.9565 product
586.2568 product
53.2846 product
150.213 product
95.6922 product
5729.054 product
52.1075 product/hr
95.2577 product/hr
11.2893 hr
13.1666hr
54.6999%
99.9969%
1.0046 hr
109.9469hr
1253.688 products
587.5507 products
Table Appendix II.8: Min and Max values of the variables in Scenario 8

Variable

Min
Max
1 hr
1.4075 hr
3.2815 hr
7.9999 hr
1 hr
1.1281 hr
7.8099 hr
7.9999 hr
0.1 hr
7.9997 hr
4.8924 hr
7.9997hr
3.9774 hr
7.8703hr
1.0007 hr
7.4406 hr
1.0001hr
4.8702 hr
3.0097 hr
0.9964 hr
0.1 hr
1.1906 hr
0.4893 hr
3.9974 hr
1week
1.7596
1 hr
1.0037 hr
148.6672 product
492.9062 product
53.9605 product
221.2954 product
95.6478 product
5338.62 product
48.5537 product/hr
95.2577 product/hr
11.1819
13.9405 hr
50.9694%
99.9969%
1.0043 hr
109.9528 hr
542.6402 products
1328.436 products
Table Appendix II.9: Min and Max values of the variables in Scenario 9
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TEHSEEN ASLAM

Research regarding supply chain optimization has been performed for a
long time. However, it is only in the last decade that the research community has started to investigate multi-objective optimization (MOO)
for supply chains. The thesis introduces a methodology to address supply chain management (SCM) problems within a truly Pareto-based
MOO context and utilize knowledge extraction techniques to discover
valuable and useful information from the Pareto-optimal solutions. By
knowledge extraction, it means to detect hidden interrelationships between the Pareto solutions, identify their common properties and characteristics as well as to discover concealed structures in the Paretooptimal data set in order to support managers in their decision making.
This thesis proposes a new simulation-optimization framework, in
which the simulation is based on system dynamics (SD) and the optimization utilizes multi-objective meta-heuristic algorithms. In addition, a
novel, iterative SD-MOO methodology is introduced that specifically
addresses the issue of the curse of dimensionality in MOO for higher
dimensional problems, with the aim to execute SD-MOO in a computationally cost-efficient way, in terms of convergence, solution intensification and accuracy of obtaining the Pareto-optimal front for complex
SCM problems. In order to detect evident and hidden structures, characteristics and properties of the Pareto-optimal solutions, this work utilizes Parallel Coordinates, Clustering and Automated Innovization,
which are three different types of post-optimal analysis tools and facilitators of discovering and retrieving knowledge from the Pareto-optimal
set. The developed SD-MOO interface and methodology are then verified and validated through two academic application studies and a realworld industrial application study. While not all the insights generated
in these application studies can be generalized for other supply-chain
systems, the analysis results provide strong indications that the methodology and techniques introduced in this thesis are capable to generate
knowledge to support academic SCM research and real-world SCM decision making, which to our knowledge cannot be performed by other
methods.
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