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Abstract: Designing or improving a manufacturing system involves a series of
complex decisions over time to satisfy the strategic objectives of the company. To
select the optimal parameters of the system entities so as to achieve the desired
overall performance of the system is a very complex task that has been proven to be
difficult, even for a seasoned decision maker. One of the major barriers for more
efficient decision making in manufacturing is that whilst there is in principle
abundant data from various levels of the factory, these data need to be organized and
transferred into knowledge suitable for decision-making support. The integration of
decision-making support and knowledge management has been identified to be more
and more important in both scientific research and from industrial companies. The
concept of deciphering knowledge from multi-objective optimization was first
proposed by Deb with the term innovization (innovation via optimization). By
integrating the concept of innovization with simulation, a new set of powerful tools
for manufacturing systems analysis, in order to support optimal decision making in
design and improvement activities, is emerged. This method is so-called Simulation-
based Innovization (SBI), which has been proven to produce promising results in our
previous application studies. Nevertheless, to promote the wider use of such a new
method requires the development of an integrated software toolset. The goal of this
paper is therefore to outline a Cloud-computing based system architecture for
implementing such a SBI-based Interactive Decision Support System.

Keywords: Decision Support System, Production Systems Simulation, Innovization,
Cloud-computing, Data Mining.

1. INTRODUCTION

Designing or improving a manufacturing system involves a series of complex decisions over time to satisfy the
strategic objectives of the company. The decisions on, e.g. equipment sizing, layout, level of automation,
workload allocations, internal and external material logistics, for a new manufacturing facility or for the re-
configuration of an existing one can pose big challenges to the designer/manager because of the complex
combinations and interactions among the system entities. Furthermore, to select the optimal parameters of the
system entities so as to achieve the desired overall performance of the system is a very complex task that has
been proven to be difficult for the decision maker in the design process. As a matter of fact, selecting which
decision variables to be included in decision making activities is by itself a complex decision-making problem.
This is particularly relevant to manufacturing system design and improvement as the number of system
parameters is very often numerous, which making the determination of which parameters are influencing and
should be included in the analysis activity too difficult to be answered by existing statistical methods like Design
of Experiments (DoE). On the other hand, the fact that many Multi-Criteria Decision Making (MCDM) research
efforts only put focus on helping the decision maker to choose among the solutions by performing analysis on
the objectives have ignored two important facts: (1) before a decision is made, very often a decision maker wants



to know if there are any patterns/rules that relate the decision variables to the Pareto-optimal solutions; (2) the
decision space is equally important in decision making. The latter fact means that a user would be likely to select
the most suitable values of the decision variables from a set of solutions that are close to each other in the
objective space.

One of the major barriers for more efficient decision making in manufacturing is that whilst there is in principle
abundant data from various levels of the factory, these data need to be organized and transferred into knowledge
suitable for decision-making support. As an example, unraveling or discovering relationships between input
parameters and output parameters such as productivity and product quality requirements in manufacturing is
seen as an important task. The idea of deciphering knowledge, or knowledge discovery, by the post-optimality
analysis of Pareto-optimal solutions from multi-objective optimization was first proposed by Deb and Srinivasan
(2006). He coined the term innovization (innovation via optimization) to describe the task of discovering the
salient common principles present in the Pareto-optimal solutions so that deeper knowledge/insights on the
behavior/nature of the problem can be gained. The innovization task employed in earlier publications involved
the manual identification of the important relationships among decision variables and objectives that are
common to the obtained trade-off solutions. Recent studies using data mining techniques so that innovization
procedures can be performed automatically have been shown to be promising in various engineering design
problems (Bandaru and Deb, 2010, 2011).

Data mining has been described as a technology which will trigger a new revolution on how scientific research is
conducted. While Microsoft Research calls this “The Fourth Paradigm” (Microsoft Research, 2009), McKinsey
& Company uses the term “Big Data” (McKinsey Global Institute, 2011) to describe the big impact of data
mining in the future of business and industry. But both of these research reports do not explicitly recognize the
power of combining simulation-based optimization (SBO) and data mining. The uniqueness of innovization, as
has been shown in several engineering applications, is in using advanced data analysis to decipher salient
properties from the optimization data generated, and not data that are already exist in a data source. As a matter
of fact, by integrating the concept of innovization with simulation and data mining techniques, the innovization
task can be used effectively for the analysis and decision-making support in the system design/development of
industrial-scale production or supply-chain systems. To our best knowledge, despite some related case studies,
e.g. in health-care services can be found very recently (Lin, et al., 2013), such a post-optimality analysis from
data generated from simulation for production systems, has not been attempted in other research.

The research in Skdvde aims at pushing the state of the art even further by explicitly integrating interactive
decision-making and rule visualization into a general Simulation-based Innovization (SBI) based decision
making support system. Particularly, the system will put emphasis on how interactive decision making and rule
visualization can fit perfectly into a SBO framework. On one hand, interactive decision making can be
incorporated into the SBO and knowledge discovery process. On the other hand, this interactive process can feed
back the rules to the original SBO process to help the optimization to converge faster to the preferred area of the
decision maker. In terms of scientific progress, this concept has put new unique values to the existing SBO
methodology. But to fully realize the power of such an interactive decision making and optimization framework
in solving real-world production system problems would require a complete intelligent decision support system
(IDSS) for production managers/engineers to use, test and validate in practice. Hence, the aim of this paper is to
introduce such a software prototype that is now being developed to demonstrate the above-said concepts.

2. SIMULATION-BASED INNOVIZATION

SBI (Ng, et al., 2009, 2011, 2013) uses SBO as a method for retrieving the optimization data for analysis. The
second component in SBI is data mining which extracts knowledge from the results from SBO, as illustrated in
Fig. 1.
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Fig. 1. The SBI Process.

Simulation-based optimization is an iterative process where an optimization algorithm uses a simulation model
to evaluate solutions. Inputs are generated by the optimization algorithm, which are fed into a simulation model.
The response from the model is then used by the optimization algorithm for generating a new set of inputs. The
optimization algorithm might perform many of these iterations to get a solution that meets the decision maker’s
requirements. The evaluation time depends on the type of simulation and the complexity of the model. If the
simulation model is stochastic, each evaluation of a model setup (solution) needs to be replicated so that
statistically reliable output data can be generated. Such a resampling also means that the optimization will take
even longer time to complete.

A company’s use of this kind of software will vary over time. The need increases when the company plans for
new products and/or new manufacturing lines. Another common use case scenario will be the continuous
performance improvement of an existing manufacturing line. Because of all these different requirements, the
utilization of a computer cluster for SBO will also vary. This makes it hard to decide how large the cluster
should be. In some situations, the cluster may be too small and at other times it may be unused or with very low
utilization. If the cluster is too small, it may hinder the company to make decisions in time and on the other hand
an over-dimensioned cluster means the company has to maintain unnecessarily costly computing resources. In
the next section, cloud computing is introduced as a possible solution to this problem of computing resource
allocation.

3. ACLOUD-BASED, INTERACTIVE PLATFORM

Cloud computing has a broad meaning. In some definitions, both the applications delivered through the cloud
and the services and hardware behind it can be referred to as cloud computing (Armbrust, et al., 2010). National
Institute of Standards and Technology (NIST) defines cloud computing as “a model for enabling ubiquitous,
convenient, on-demand network access to a shared pool of configurable computing resources (e.g., networks,
servers, storage, applications, and services) that can be rapidly provisioned and released with minimal
management effort or service provider interaction” (Mell and Grance, 2011). Cloud computing with its scalable
and elastic features has opened up for new flexible and cost-effective web applications that have not been
possible before. The move from physical servers to virtual servers has led to the development of different cloud
services. A physical server can host several virtual servers where the exact number is limited by the resources on
the host computer. This technique gives organizations the possibility to increase and decrease their
computational resources which results in flexibility that is not possible with a traditional data center. Such kind
of scalability and elasticity is unique to cloud computing, which opens up for new applications that rely on
distributed computation.

By utilizing the concept of cloud computing, the problems with a SBI platform can be mitigated. There are many
advantages offered by cloud computing, but the bottom line is, it lets a customer to hire in only the required
computational capacity at the required time frame. If the SBO platform is run in a cloud environment, the
company does not have to own any cluster hardware and in that way save money, electricity and other resources.
Cloud computing usually has a “pay as you go” model (Furht and Escalante, 2010) so that the customer only
pays for the services they use. Because of this, it is possible to start only the number of virtual computers that are
needed at the required moment, which makes the solution "elastic" but still highly scalable.

In principle, the process of SBI fits well in the distributed cloud environment. In its most basic form, both SBO
and data mining can be parallelized and therefore the individual computational work packages can be sent to
different computers in a distributed environment. In the following, we propose a new platform that can perform
simulation-based optimization and automatically applies data mining techniques on the optimization results. The
platform is also designed to make use of the properties of cloud computing, which makes it different from
regular distributed computing.
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Fig. 2. System architecture of a cloud-based, interactive SBI platform.

The SBI process needs at least two components, SBO and data mining. The SBO process results in a large
amount of data from which the data mining process can be used to generate usable knowledge. In Fig. 2, the
main parts in the concept platform are shown. This part of the system manages the resources and has two main
functions, controlling the computing resources and controlling the optimization and data mining processes. The
instance controller launches virtual computer instances based on the computational need from the optimization
and data mining processes. These instances are later closed when they are not needed.

The computing resource component assembles all the computational needs and runs them on a virtual computer.
There are three functions that need computational resources in the platform: evaluation of simulation models,
optimization algorithms and data mining algorithms. The virtual computers that run the computing resource
component may run different operating systems, depending on the need for the specific work package.
Depending on the cloud environment, there can be several different instances that the platform can choose from.
It is the system control component that initiates the launch of the instances. The number of evaluation threads
depends on the virtual computer specifications, i.e. number of virtual cores and memory. Both the optimization
and data mining algorithms are also controlled by this component. The idea behind the computing resource
component is to easily render a virtual computer in different roles, depending on the situation. All the data that
are generated in the platform are stored by the data storage component. This can be, but is not limited to,
optimization projects with simulation models, optimization results and rules extracted from the data. To be able
to make use of the scalability of the cloud environment, the storage should be able to grow together with the
amount of data and number of users as well. By storing the data different users can view and modify the same
data and because of this collaborate on the same project. The data storage component can use different
technologies for storing the data like NoSQL and relational databases, as well as cloud storage facilities like
Amazon S3 (Simple Storage Service). New technologies like NoSQL databases have emerged to handle large
data (Nambiar, et al., 2014), often called big data. This kind of technologies can handle elastic scaling which is
difficult with a traditional storage solution. Therefore the NoSQL databases fit well into the scalable and flexible
environment that cloud computing relies on (Pokorny, 2013).

The platform can be interfaced by many types of clients through an API in the system control component. To be
able to use the platform, the user needs a simulation model that is supported by the platform. The design of the
platform supports all simulation software that are interfacable with an API that supports starting simulations,
changing setting, as well as retrieving inputs and outputs. The optimization can be initiated directly from the
supported simulation software which sends the simulation model together with the optimization problem (e.g.
objectives, the selected algorithm and its parameter setting) to the platform.

The experiment analysis software is used to view the results from the optimization as well as performing
analysis on the results. This software can also initialize data mining analysis and view the resulting rules
extracted by the data mining process. The extracted rules are stored in the database linked to the experiment.

The platform should be able to let the decision maker guide the optimization during its progress. For example, by
supplying one or more reference points to a genetic algorithm, it is possible to find better solutions in less time



(Siegmund, et al., 2012). This can improve the performance of the platform as well as letting the decision maker
to point out the preference regions in the objective space to guide the local search. The reference points can be
modified throughout the optimization to make sure that the decision maker can provide his/her knowledge
during the optimization.

4. SOFTWARE PROTOTYPE & EXAMPLES

System development as a valid research methodology has been well-discussed by researchers in Management
Information Systems (Nunamaker, et al., 1991). As they concluded, “Building a system in and of itself does not
constitute research. The synthesis and expression of new technologies and new concepts in a tangible product,
however, can act as both the fulfillment of the contributing basic research and as an impetus to continuing
research”. This view fits comfortably with the goal of the current project in which a system has to be built in
order to test, measure, evaluate and validate the research ideas. System development could be thought of as a
“proof-by-demonstration” and systems prototyping has been argued to be a superior methodology in IDSS
research (Ekbia, 2006). Because the quality of the support we can provide to managers depends on our
understanding of both “decision-making” and “system building”, in the development of a software prototype, the
integration of “decision-making” and “system engineering” aspects in a unified framework is emphasized.
Therefore, for the development of a software prototype, a modified version of the decision support engineering
approach proposed in (Gachet and Haettenshwiler, 2006) is adopted as illustrated in Fig. 3. In such a “tripartite
approach”, the IDSS kernel provides the support analysis to gain knowledge about users’ expectations and
clearly defines the operations that will be carried out by IDSS.
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Fig 3. A decision support engineering framework, modified from [18].
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Fig.4. Icons of data analysis and mining function in the software prototype.

Fig. 4 shows the icons of the data analysis and data mining functions which are now being implemented in the
prototype of “container” within IDSS, which provide the data visualization and data mining functions for
generating the results in some industrial application examples.
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Fig. 5. Process flow of a real-world industrial study.

The first investigated system, which the process flow is depicted in Fig. 5, contains two manufacturing areas,
divided by 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, i.e. only a single product
variant 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 and line 2 processes multiple products. Each production line has
its own internal production set-up and flow. A system dynamics model has been developed for this industrial
application study (see Fig. 6) based on the stock management model for inventory and production control
introduced by Sterman (2000).
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Fig. 6. Structure diagram of the System Dynamics model developed for the studied industrial system.

The aim of this study was to identify the so-called optimal WIP zone (Pound and Spearman 2007). According to
Factory Physics (Hopp and Spearman, 2000), for any supply chains, or any other flow processes, the relationship



between lead time and the throughput can be determined by the WIP levels in the system. As illustrated in Fig. 7,
in any WIP versus Throughput plots, three WIP zones can be divided, namely, WIP starvation zone, the WIP
overload zone and the WIP optimal zone. 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).
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Fig. 7. WIP regions, adopted from (Pound and Spearman, 2007).
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Fig. 8. Parallel coordinate and 4D plot visualization for studying optimal WIP zone.
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Fig. 9. Visualization of rules, generated from decision-tree based data mining, in 4D plot.

By applying the IDSS prototype to the industrial case study, five critical WIP zones where identified as shown in
Fig. 8. These 5 zones governed the system behaviour if one checks how the variation of the Min lrgesune
parameter can affect the other objectives: WIP Zone 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]. As demonstrated in the upper plot in
Fig. 8, these WIP zones are highlighted with different colours in the Parallel Coordinate visualization, together
with their corresponding output and design variable, whereas the lower-left plot displays as 3D scatter plot of
Min iroesurs, Mrorzr and Erorsa which represents, respectively, 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 behaviour, i.e., of WIP Zone 2, is more evident in the 4D (3D plus
colour) in the lower-left sub-plot of Fig. 9, where its 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, 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.

While the first example shows how data visualization on MOO data can be very useful for supporting decision
making. The second application example explicitly uses data mining, in this case, a decision-tree based SBI
method, described in (Ng, et al., 2012). The details of the industrial decision support problem have been
provided in (Ng, et al., 2012) so they are not repeated in the current paper. The snapshot in Fig. 8 illustrates
how the developed IDSS software prototype is used to highlight the solution clusters in the 4D plot (lower-left
sub-plot), representing the rules generated from the SBI method and displayed in the upper-right plot. As
described in (Ng, et al., 2012), the rule set (Region 1.2), highlighted as green solutions in the 2D and 4D
plots, were the preferred solutions that the production manager made the decision in selecting which
improvement combinations had to be implemented to achieve the desired objectives. In this way, the current
research has made the previously published SBI procedure in an automated way to further support real-world
manufacturing decision-making activities.



5. SUMMARY

By integrating the concept of Innovization with simulation, a new set of powerful tools has emerged for the
design, analysis, optimization and improvement of production systems. As a method for retrieving the
relationships between decision variables and system objectives, such as any performance measures of production
systems, SBI can be regarded as a tool for supporting real-world decision making. This concept has been
introduced and demonstrated in our previous SPS publications over the years. In this paper, we have outlined our
plan in how a software prototype can be developed to automate the SBI procedure, developed on top of an
interactive, cloud-based computing platform. As can be seen from the paper, the implementation that allow rules
to be generated from data mining to visualization, in form of high-dimensional data plots, has been partially
completed. Current work in the user interface is focused on, e.g., mapping data visualization to production model
visualization. As the target is an Intelligent DSS system, more research work has to be done on “contents” side,
regarding how rules/patterns/knowledge generated can be stored, searched and retrieved for later use.
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