Simulation Modelling Practice and Theory 71 (2017) 45-60

Contents lists available at ScienceDirect

Simulation Modelling Practice and Theory

journal homepage: www.elsevier.com/locate/simpat

Intelligent simulation: Integration of SIMIO and MATLAB to
deploy decision support systems to simulation environment

@ CrossMark

Mohammad Dehghanimohammadabadi®*, Thomas K. Keyser®

aDepartment of Mechanical and Industrial Engineering, Northeastern University, Boston, MA 02115, USA
b Department of Industrial Engineering and Engineering Management, Western New England University, Springfield, MA, USA

ARTICLE INFO

ABSTRACT

Article history:

Received 14 February 2016
Revised 23 August 2016
Accepted 25 August 2016

Keywords:

Intelligent simulation
Simulation-Optimization (SO)

Iterative Optimization-based Simulation

Discrete-event simulation is a decision support tool which enables practitioners to model
and analyze their own system behavior. Although simulation packages are capable of mim-
icking most tasks in a real-world system, there are some decision-making activities, which
are beyond the reach of simulation packages. The Application Programmers Interface (API)
of SIMIO provides a wide range of opportunities for researchers to develop their own
logic and apply it during the simulation run. This paper illustrates how to deploy MAT-
LAB, as a computational tool coupled with SIMIO, as a simulation package by using a new
user-defined step instance named “CallMATLAB”. A manufacturing system case study is in-
troduced where the CallMATLAB step instance is used to create an Iterative Optimization-

(108) based Simulation (I0S) model. This model is created to evaluate the performance of differ-
ISVIX_II_?AB ent optimizers. The benefits of this hybridization for other industries, including healthcare

systems, supply chain management systems, and project management problems are
discussed.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Simulation modeling is increasingly being used to address a variety of issues in several disciplines including but not lim-
ited to: healthcare, manufacturing, service industry, supply chain systems, and risk analysis [1-4]. To adopt improvements in
organizations, sufficient justification is required to convince managers [5]; therefore, simulation could be utilized as a pivotal
decision-making and risk analysis tool to determine and justify the attractive configurations of the system [4]. Simulation
software packages provide an abstraction of the real world with the most common functional needs for the modeling. How-
ever, there are some activities in real-world systems which simulation software packages are not able to address properly.
These activities are primarily human decision-making analysis or highly computational support tools, which are developed
to improve the functionality of business organization processes. With the aim of long-term strategic planning, it is crucial
to bring these decision-making activities into a simulation model. In order to clearly explain the challenge and benefits of
the presented model in this paper, an illustrative example of a manufacturing system is presented, which will be revisited
throughout the paper.

Consider a three-stage flow shop system with parallel non-identical machines at each stage exhibited in Fig. 1. Different
product types (jobs) with different operating times in each machine are processed based on their priority. The setup type for
each product is sequence-dependent, which indicates the setup time between two different products on the same machine
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Fig. 1. A three-stage flow shop manufacturing system with parallel non-identical machines at each stage.

might have different values depending on both the product just completed and the product to be processed [6]. Transfer
nodes dispatch the products among the available machines based on the selection rule that is defined by the user. Deploying
traditional dispatching rules such as: FIFO (first in-first out) or SPT (shortest processing time) in most of the simulation
packages is trivial; however, the challenge arises when one is intended to apply the same optimization algorithm that is
being used in a real-life system to prioritize the products. Therefore, an optimization module needs to be integrated with
the simulation model to handle products’ scheduling whenever needed. But, the fact is, due to the notable limitations of
the simulation packages and languages, deployment of optimization modules within the simulation run leads to difficulties.
These limitations and drawbacks are described as follows.

First, to efficiently implement most of the decision-making type of activities, a custom programming is required, which,
due to the absence of simulation commands, is not practical. Also, simulation languages are not general purpose program-
ming languages [7,8] and certainly, the amount of time and effort needed to learn and become experienced with a general
purpose simulation language is not trivial [9]. Moreover, these languages are not well suited to be problem-specific [10]. As
a result, to advance flexibility and efficiency of the simulation model, it is desirable to integrate simulation with a computa-
tional tool instead of contributing the simulation engine to the heavy computational tasks. In this integration, an interactive
software package is called up to externally perform human decision-making tasks, such as optimization, when needed. This
perfect mechanism extends the functionality of the simulation and makes it potentially more intelligent and accurate, be-
cause it provides a realistic perspective of a decision-making environment.

As is discussed later in Section 2, there is no evidence in the literature for adding a generic block-set module to a sim-
ulation engine which could solve heavy mathematical computations in a simulation environment. Although this integration
is promising, embedding this module into the current simulation software packages is quite challenging. More importantly,
the embedded module has to be deployed with minimum effort and least amount of development time, just like applying
traditional dispatching rules. Fortunately, with the advance of current simulation packages, this advancement is attainable.

In this study, a generic hybridization of a problem-solving module and a simulation software is developed by integrat-
ing SIMIO and MATLAB. SIMIO is a simulation software package designed around basic object-oriented principles [11]. One
of the advantages of SIMIO, among many, is its Application Programmers Interface (API) capability, which allows users to
customize or extend their desired model properly. The API capability of SIMIO is leveraged to exploit MATLAB, as a compu-
tational manager to SIMIO, as a simulation manager. The purpose of this integration is to allow users to easily implement
their own logic in simulation. This integration is essential because it adds a new dimension to the simulation modeling
approaches. Using this advancement, the simulation model could invoke MATLAB to perform an intelligent processing al-
gorithm within the simulated time. This addition can support different problem solving functions including optimization,
multi-criteria decision-making (MCDM) analysis, fuzzy logic, neural networks, mathematical calculations, and more. There-
fore, this paper endeavors to attain the following goals:

o leverage the API capability of SIMIO in order to create a new user-defined step instance which incorporates MATLAB as
an integral part of the simulation manager,

e present an Iterative Optimization-based Simulation (I0S) model case study to illustrate the pitfalls and promises of the
new advancement,

o demonstrate the benefits of this hybridization for a few other industries including healthcare, supply chain management
systems, and project management problems to provide some insights for researchers, practitioners, and policymakers to
consider how to deploy their own logic within a simulation model.
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The rest of this paper is organized as follows: the literature review of intelligent simulation frameworks is provided in
Section 2. The details of designing, developing and implementing an intelligent simulation model are provided in Section 3.
One of the applications of the I0S framework is comparing the performance of different optimizers, which is discussed in
Section 4. In this section, three optimizers including: Genetic Algorithm (GA), Simulated Annealing (SA) and Particle Swarm
Optimization (PSO) are applied in a simulation model of a manufacturing system, and their performance is evaluated. The
benefits and future advancements of the current integration for a few other industries are discussed in Section 5.

2. Literature review

Discrete Event Simulation (DES) has been proven as a powerful tool to accurately model complex systems for analysis
and planning [12-14]. Although available simulation software packages could undertake a wide spectrum of realistic activ-
ities, they struggle to properly incorporate all of the operational policies in a model. Therefore, programmers have tried
to integrate multiple modules or applications to simulation software in order to add their desired logic to the simulation
model. In this section, a variety of intelligent simulation models are reviewed, and relevant studies are addressed. Then, the
novelty of this study is lined out.

To enable a modeler to abstract a domain-specific language to a level that permits its interaction with other system
models, Paredis and Johnson [15] explored a method which is based on graph transformations. This model translates struc-
tural descriptions of a system into corresponding simulation models ready to be executed in a simulation tool. Shirazi et
al. [16] presented an intelligent co-simulator for real-time production control of a complex flexible manufacturing system
(CFMS) with machines and tools flexibility. Their developed system is coupled with the Centralized Simulation Controller
(CSC), a real-time simulator for enforcing dynamic strategies of shop floor control. The intelligent co-simulator attempts to
find the values of the input parameters of a simulation model such that all of the objectives are satisfied.

Integration of simulation and optimization is a promising avenue of research, which increases the simulation function-
ality. A variety of approaches exist in the literature for combining simulation and optimization, but only a few of them
discussed imbedding an optimization module into a simulation engine. The study by Subramanian and his colleagues [17] is
one of the few, in which an optimization module is used to solve a stochastic optimization problem in a Monte-Carlo simula-
tion platform. Mejtsky [18] developed a simulation-optimization model, in which a branching approach mirrors the decision
tree of an optimization problem to evaluate different simulation runs during their execution. This model is elaborated with
a pruning phase, which controls the number of concurrent simulation models and returns “friendly” models to the objective
function. Sivakumar [19] presented a DES model for an “on-line near-real-time” dynamic multi-objective scheduling system.
Their model was capable of deploying rules and policies within the simulation run.

One of the approaches to include uncertainty to the simulation model under real-world conditions is using fuzzy logic.
Embedding fuzzy logic into DES enables modelers to adequately capture imprecise, subjective, and linguistically expressed
knowledge in the simulation inputs [20]. To facilitate the decision making regarding the improvement of a project quality
management (PQM) system, Corona-Suarez et al. [21] presented a Fuzzy DES (FDES) model. This model incorporates the
subjectivity and uncertainty implicit to assess the effect of PQM factors on the performance of construction operations.
Hosseini et al. [22] integrated a fuzzy expert system with DES to properly configure the resource levels of an emergency
unit. Sadeghi et al. [20] developed an FDES framework, in which a new approach is utilized to calculate event times to
increase the accuracy of simulation time estimation. Ali and Seifoddini [23] addressed dynamics of a manufacturing system
using an intelligent knowledge system in order to have a better representation of real-life models. In this study, fuzzy
rule-based modules are included into the simulation-modeling environment to transform the human expertise into IF-THEN
rules.

Another way to create an intelligent simulation model is using MCDM methods. In the study conducted by Rabelo et al.
[31], Analytic Hierarchical Process (AHP) analysis is used at the back-end of the simulation results in order to reach a better
decision. Another application of the MCDM combined with DES is discussed by Eskandari et al. [32] to efficiently investigate
the patient flow of the Emergency Department (ED) using AHP and TOPSIS.

In some studies, neural networks are incorporated with simulation to significantly reduce the computational burden
involved by the simulation engine, and to provide reliable estimation [29]. The studies conducted by [27-32] are some
examples of such attempts to integrate neural networks and simulation.

MATLAB, as a comprehensive mathematical application with computational capabilities, is a fruitful candidate for in-
telligent simulation development. Liang and Yao [24] presented a hybrid analytic and simulation modeling approach for
manufacturing systems using Arena, MATLAB’s Simulink, and Stateflow. This integration is used to model a large, hierarchi-
cal, complex manufacturing system consisting of one or more lines. In their study, this hierarchical model is divided into
three levels: workshop level, machining state level, and cutting. These levels are built in the Arena, MATLAB Stateflow and
MATLAB Simulink environments respectively in order to form a hybrid modeling approach. Integration of the Simulink de-
bugger into the .NET platform is introduced in a study by Gao et al. [25] to enhance interactivity for designing simulation
applications. In their paper, a case study for a basic hydraulic pump system simulation is presented as a demonstration.
Musi¢ and Matko [26] developed a blockset of a continuous simulation tool that facilitates the design of the discrete part of
a simulation model, and integrated that into the Simulink environment. This addition can support control design in process
control and manufacturing.
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Fig. 2. Integrating SIMIO and MATLAB: The generalized framework.

All of the above mentioned studies tried to add a new dimension to the simulation modeling either by integrat-
ing optimization, fuzzy logic, MCDM or etc. In some cases, a specific combination of a simulation software and numeri-
cal/computational software tools is demonstrated. However, they are all customized and restricted for predefined user needs
and none of them address a generic framework which could be used for several simulation model developments. Moreover,
switching from one computational approach to another needs intensive effort and time. For instance, substituting an opti-
mization module with an MCDM approach is not practical in the existing intelligent models. More importantly, in most of
these studies, the simulation engine and the computational software/module are operating separately. This is an obstacle to
building a real-life model, where decisions are changing continually, and therefore, the intelligent module needs to be called
multiple times within the execution of the simulation model.

This paper presents an addition to the simulation environment, SIMIO, to enable modelers to apply the above mentioned
capabilities for their modeling in a simplified and practical way. The presented addition to the simulation package could
embrace controls, decision-making models, optimization, calculation etc., similar to the real-world situation. The framework
structure and a case study are presented as follows.

3. Framework structure

In this section, a generalized conceptual architecture of the model is described, and its components are introduced.
Subsequently, the components’ related operational processes are identified. Finally, the implementation of the proposed
advancement on the previously provided example of the manufacturing system is explained.

3.1. Intelligent simulation framework: a generalized structure

Simulation packages can capture most of the real-world systems’ behaviors without demanding a particular implementa-
tion. However, when a sophisticated human decision-making needs to be deployed, the limitations of the simulation pack-
ages become an obstacle. Therefore, integration of a simulation and a highly computational support tool is expected to make
the simulation model more efficient and robust. In this study, as shown in Fig. 2, a generalized hybridization of a simula-
tion software and a problem-solving module is developed by integrating SIMIO and MATLAB. The main stakeholder of the
model is simulation, and whenever a need for a sophisticated calculation arises, the computation software is called to han-
dle it. It is noted that, during this transaction, simulation run is paused, and delayed until the solution is provided by the
computational software.

A constant data connection is required to accomplish this integration. Both SIMIO and MATLAB support common data
formats including text file (*.txt), Excel file (*.xlsx) and even databases like MySQL. Depending on the simulation model,
users may prefer to use any other data transferring format over another. In the case of long simulation runs with huge
amounts of data, using a database is recommended since it is secure, reliable, fast enough to handle the big data [33] and
can easily integrate with both packages.

3.2. Components of the framework

Two software applications used in this study, SIMIO and MATLAB, are explored in this section. The capabilities of both of
packages are explained, and the reasons that these are selected are provided.

3.2.1. MATLAB: the computational manager
MATLAB® is a computational software package with a flexible environment for technical computing, which integrates
mathematical computing, visualization, and numerical analysis [34]. It has a powerful computer programming language,
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Fig. 3. Using CallMATLAB step instance with ‘Function Name’ and ‘Folder Address’ properties to develop a SIMIO process.

which is faster than more conventional programming languages [35]. Due to its simple and intuitive interface, advanced
tools and competencies to solve the problems, MATLAB is one of the most widely used mathematical computing envi-
ronments in technical computing [36]. The problems with mathematical calculations like, optimization, MCDM, fuzzy sets,
neural networks, etc., can be conveniently carried out in MATLAB. Moreover, because of its Component Object Model (COM)
technology [37], incorporating MATLAB with other software applications is straightforward. Using COM, developers and end
users can select application specific components produced by different vendors and integrate them into a complete applica-
tion solution. Hence, all of the above-mentioned reasons led us to select MATLAB as the “Computational Manager” in order
to develop the intelligent simulation model.

3.2.2. SIMIO: the simulation manager

SIMIO is a discrete event simulation software package designed around basic object-oriented principles [11]. It has a
user-friendly environment and incorporates concurrent 2D and 3D views in order to assist developers in selecting displays
that are better suited for the model development. A key innovative feature of SIMIO is its “processes” which enable its pro-
grammers to modify an object’s behavior. As a part of the object execution in the simulation model, arbitrary processes
of the model can be executed to change or expand the underlying object’s behavior. Creating a process for each object is
similar to creating a stylized flowchart, except that the components of the flowchart are logical “steps” such as: Assign, De-
cide, Seize, Transfer, Delay, Release, etc. [38]. One of the advantages of SIMIO, among many, is its “Application Programmers
Interface” (API) capability, which is the main reason that we decided to select SIMIO as the “Simulation Manager”. This capa-
bility allows users to be extremely productive by providing limitless enhancement possibilities to customize or extend their
desired model [39]. The extension could be adding new steps, elements and rules, importing and exporting data, enhancing
experimentation with external algorithms, or interfacing from external programs [39]. Therefore, we leveraged the API ca-
pability to develop a user-defined step instance labeled “CallMATLAB”. This step instance is designed to exploit MATLAB, as
a computational tool within the simulation run in SIMIO. The details about this integration are provided in Section 3.3.

3.3. SIMIO and MATLAB integration

In this section, the developed CalIMATLAB user-defined step is briefly presented. Since the development process is tech-
nical, we refer interested readers to Appendix A, where a complete user-defined step development guideline, plus C# coding
are provided. We hope the provided guidelines would be beneficial for interested readers to get familiar with the API capa-
bility of SIMIO and even customize or extend the proposed user-defined step instance.

After installing SIMIO, the Visual Studio template has to be installed. This setup adds a template for custom “step” and
custom “element” in Visual Studio under the Visual C# tab. By default, SIMIO provides a C# class template called “UserStep.cs”
which enables programmers to develop their desired steps by coding their own logic. This template is customized and coded
to create the desired user-defined step, CallMATLAB, which requires two properties. As it is shown in Fig. 3, the first property
of this step is “Folder Address”, which refers to the directory that the MATLAB file is located in. The second designed property
is “Function Name” which denotes the name of the MATLAB file that source codes are saved in.

Once this step is added to the SIMIO environment, it could be found at the “User Defined” panel within the “Pro-
cesses” window. Note that the coded DLL file and the instruction to add the developed CallMATLAB step instance to the
SIMIO environment are available at the SIMIO user forum website at this address: http://www.SIMIO.com/forums/viewtopic.
php?f=33&t=2185.

Similar to the existing step instances in SIMIO like: Assign, Seize, Delay, Release, Decide, etc., the user could easily drag-
and-drop CallMATLAB while building processes. Once the token passes through the process, the simulation model is mo-
mentarily paused until the MATLAB function executes and provides the solution. The following section illustrates how this
step could be utilized when building a simulation model.
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Fig. 4. Dispatching products among the machines according to the scheduling provided by the optimization algorithm within the simulation run.
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Fig. 5. Re-distributing the products among the available machines in Stage 1, due to the machine failure.

3.4. Implementing the CallMATLAB step: the manufacturing system example

Contemporary simulation optimization techniques are becoming increasingly popular among researchers. Using the de-
veloped step instance, CallMATLAB, simplifies developing an I0S model. In the IOS, an optimization module is embedded
inside a simulation manager to optimize the system’s performance [14,40]. Using the CalIMATLAB step instance simplifies
developing an I0S model. This section shows how the newly developed step instance could be applied to implement an
intelligent simulation model for the previously mentioned example.

In fact, in this manufacturing example, instead of using heuristic dispatching rules, an optimization algorithm is applied
for the products’ distribution and prioritization among the machines. In order to accurately mimic this optimization task
in a simulation model, the CallMATLAB step can be used during model development. As shown in Fig. 4, the optimization
algorithm solves a scheduling problem and assigns the prioritized products to the machines. This assignment optimizes goals
of the model according to the most recent status of the system. Therefore, any combination of products and machines could
represent, and on machines with more than one job on the queue, the job with the lowest priority number is processed.

In most real-world environments, scheduling is an ongoing reactive process, and is continually subject to change due
to the inevitable presence of a variety of deviations [41]. These deviations are called trigger events, which could be pre-
dictable i.e., scheduling on the beginning of each shift, or unpredictable, i.e., re-scheduling due to machines’ failure [42].
The unpredictable changes are monitored either by limit-charts, thresholds or events [43].

To illustrate such events in this example, consider a situation when one of the machines fails, and its assigned products
have to be taken over by the other available machines. In other words, in this case, a mathematical problem needs to be
solved considering the current status of the system, to provide the new scheduling of products. Then, the simulation is able
to use the new scheduling to re-distribute the products among the available machines with new priorities. As illustrated
in Fig. 5, one of the machines at the Stage 1 has failed. Hence, the simulation models is paused at this point, and a new
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mathematical model is re-parameterized considering the new status of the Stage 1. The optimization problem is solved,
and the new scheduling is provided to the simulation. Consequently, simulation continues its run by applying the new
configuration.

Adding such a capability to SIMIO is straightforward using CallMATLAB. To implement this, an “Add-on Process Trigger” is
required to be added to the “Failed” status of the machine (server). As shown in Fig. 6, we labeled this process “Rescheduling”
which includes a CallMATLAB step with the MATLAB function required information. Therefore, once the Machine fails, a
token passes through this step and triggers the optimization algorithm in the MATLAB file.

Since the aim of the simulation is to mirror the real-world activities, users can apply this step instance whenever they
routinely use optimization in a real-life situation. Depending on how often optimization is used in the system, the provided
step would be called up during the simulation execution, to trigger the optimizer in MATLAB.

4. Case study: evaluating the performance of different optimizers

Since different optimizers have different performances for different systems, researchers can leverage the I0S by plugging
their preference of optimizers to compare their performance before implementing them in a real-world system. Integrating
MATLAB to SIMIO makes the simulation environment more dynamic. Regardless of the optimization’s type, one could utilize
MATLAB either to run the user customized optimization algorithm e.g. metaheuristics, or call commercial optimizers e.g.
CPLEX, GMAS or LINGO.

In this case study, the CallMATLAB step is used to apply three metaheuristic algorithms including: Genetic Algorithm (GA),
Simulated Annealing (SA) and Particle Swarm Optimization (PSO) in an IOS framework of a manufacturing system.

In this section the conceptual simulation model is defined, and the optimization algorithms are introduced. Then, the
experimental results are analyzed and a few insights regarding the algorithms’ performance are provided.

4.1. Conceptual simulation model

The problem modeled in this work is a scheduling problem with unrelated parallel machines. In classical scheduling
problems, there are N number of jobs which can be processed by any of M available machines without preemption. Jobs
have different processing times on different machines with Sequence-Dependent Setup Times (SDST). The objective is to
solve a scheduling problem in terms of combined maximum completion time of the jobs, and overall tardiness and ear-
liness cost, which generally is defined [44] as: R | Sjjp | Cmax + Z( T;. + E;). The characteristics of the scheduling problem
for investigation are presented in the following subsections. Several assumptions are made in this case, which are stated as
follows:

o All machines are ready to be scheduled in time zero;

» Preemption of operations of each job is not allowed;

o The setup times are sequence-dependent (setup time varies from one job to another job on each machine);
Different jobs have different processing times on each machine;

e Each machine can process only one job at a time;

Each job has a distinct due date;

o All machines operate independently;

There is unlimited buffer capacity in front of each machine.

To maintain shop floor load, the arrival mode of jobs to the system is “On Event”. In other words, once the total number
of jobs waiting in queues drops below a certain threshold, a new batch of jobs enters the system. The simulation stopping
condition is based on run length and is set for 2 days.
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Fig. 7. An example of a permutation of 10 jobs and 4 machines.

Three trigger events are considered to develop this I0S model including: (1) new jobs arrivals to the system, (2) ma-
chines’ failure, and (3) machines’ repair. Once a new job or a new batch of jobs enters the system, a new scheduling is
required to distribute the jobs among the available machines. Upon machines’ failure or repair, the number of total avail-
able machines in the system changes, and therefore, unprocessed jobs have to be distributed among available machines. The
occurrence of any of these major changes in the system pauses the simulation manager (SIMIO), and triggers the optimiza-
tion manager (MATLAB) to get a fresh schedule according to the current status of the system. The objective function of this
problem is to minimize weighted completion time of the jobs, and overall tardiness/earliness cost at the same time. Eq.
(1) indicates the objective function which is as follows:

N
minZ = w1Cnax + W2 Y _(aip; + Bie;) (1)
i=1
where wq and w, are weights of the completion time, and the overall tardiness/earliness cost of the jobs, Cnax represents
total completion time of jobs, p;and e; are tardiness, and earliness of the jobs, and the corresponding penalty costs of each
are represented by «; and B; respectively. Parameter N denotes the total of number of jobs in the system.

4.2. Optimizers

As previously mentioned, three metaheuristic algorithms are utilized in the 10S framework to compare the effects of each
of these optimizers on three measures of the simulation model. These algorithms are introduced as follows:

o Genetic Algorithm (GA): The first optimizer is GA, which mimics biological evolution. This algorithm employs random
choices to have a highly exploitative search, keeping a balance between exploration of the feasible domain and exploita-
tion of good solutions [45].

Simulated Annealing (SA): SA is developed by Kirkpatrick, Gelatt, and Vecchi [46], and its name is inspired by annealing
from metallurgy and has shown successful applications in a wide range of combinatorial optimization problems. This fact
has motivated researchers to use SA in many SO problems [43,47]. This algorithm starts with an initial feasible solution,
then uses a cooling schedule to move from one solution to another for identifying the optimal solution [47].

Particle Swarm Optimization (PSO): This algorithm mimics the social behavior of the flying birds and their methods of
information exchange. In this algorithm, the local best solution (local search) and global best solution (global search) are
combined to improve the search efficiency [48].

Interested readers are referred to [49] for more details of these algorithms.

For a system with N number of total jobs and M number of available machines, a permutation size of (N+M — — 1) is
needed to allocate machines. For instance, for a manufacturing system with 10 jobs and 4 machines, a permutation of 13
is needed. As shown in Fig. 7, a permutation of jobs is generated and the numbers greater than N in each permutation are
considered as “delimiters.” Delimiters separate the sequence of the jobs on one machine from the next. For instance, in this
case, delimiters are 12, 13 and 11 respectfully. Therefore, jobs 6 and 9 are assigned to Machine 1, and Job 6 is prior to Job 9.
The same rule applies to the other jobs allocation. Each of the above mentioned algorithms use their own logic to generate
a number of permutations. These permutations are evaluated and the optimal/near optimal solution is found.

It is worthy to note that the aim of this case study is not showing superiority of one algorithm over another, but giving
researchers and programmers insights about the potential capability of this addition to the simulation engine. To perform
this case study, the conceptual model is validated and an experimental analysis is carried out. The model validation proce-
dure, experimental setting and its results are provided in the following sections.

4.3. Verification and validation of the simulation model

To validate and verify the developed framework and simulation conceptual model, a multi-level verification exercise is
performed to ensure correctness and credibility of the model which are listed as follows:

o Numerical assessment: Multiple numerical experiments are performed to ensure the simulation results match the ex-
pected values. For instance, the results provided by each of the optimization iterations are compared with the solutions
provided by a manual optimizer, to verify the model structure.
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Table 1
Experimental setting.
Optimizer types Responses of interest
e Genetic Algorithm (GA) e Execution time
e Simulated Annealing (SA) e Average tardiness\earliness cost
e Particle Swarm Optimization (PSO) e Max completion time of the jobs
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Fig. 8. Execution time of model for different optimizers.

o Debugging algorithms: The functionality of the developed user-defined step instance, CallMATLAB, is verified prior to
inclusion into the simulation by debugged source codes and executing several pilot tests.

o Checking the process logic of the simulation model: A variety of different processes are created in order to develop the
simulation model. All of this processes’ logic are verified and evaluated under multiple simulation environments.

e Robustness of the simulation model: Trace capability and visually realistic animation of the model are used to validate
the behavior of the developed system. These two techniques are utilized to ensure the validity of model’s behavior.

4.4. Experimental setting and results

The considered factor in this experiment is optimizer type. The responses of interest are execution time of the model
and two system performance measures, including: average tardiness/earliness cost of the job and max completion time of
the jobs (Table 1).

Each scenario is replicated 10 times using the developed I0S model. Same Number of Function Evaluations (NFE) is used
as a stopping criterion for each of the optimization algorithms. NFE indicates the finite number of times that each algorithm
evaluates the objective function before resulting the optimal/good solution. In this study, NFE is set equal to 2000 for all
of the algorithms. Analysis of variance (ANOVA) is used to analyze the experiment results. The initial results indicate that
there is not a significant difference between the optimizers in terms of execution time, because p-value = 0.337 is greater
than « = 0.05. Although these optimizers are using different algorithms, this result is reasonable because, the same NFE is
set as a stopping criterion for all of optimizers. As shown in Fig. 8, on average each replication takes about 3 min to run.

The first system performance measure that is studied is the average tardiness/earliness cost of the jobs. Statistical analysis
indicates SA has better performance compared with GA and PSO. The ANOVA result shows p-value = 0.004, which is less
than o = 0.05. The graphical comparison of this test is shown in Fig. 9, which illustrates that 95% confidence interval of SA
for tardiness/earliness cost is lower than the other two methods.

The max completion time of the jobs (Cmax) is another response of interest in this study. Although the PSO average
is lower than the other two algorithms, the statistical analysis shows there is not a significant difference between these
optimizers in terms of Cpax. The statistical confidence interval plot is provided in Fig. 10.

As a result, in this specific case study, SA showed a better performance than GA and PSO. Although these three op-
timizers performed equally in terms of execution time and Cpax of the system, but SA dominated GA and PSO in terms
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Interval Plot of Tardiness Cost Avg vs Optimizer Types
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Fig. 9. Average tardiness/earliness cost of the jobs for different optimizers.
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Fig. 10. Max completion time of the jobs for different optimizers.

of tardiness/earliness cost of the jobs. Therefore, SA could be a suitable candidate to be used for scheduling in a similar
real-world manufacturing system.

5. Application in other systems

As previously mentioned, the developed CallMATLAB step instance is applicable to every discipline where simulation
applies. In this section, the potential applications of this advancement are presented to provide interested readers with a
starting point for their own application and research.
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5.1. Application in healthcare systems

Scheduling the patients, nurses or physicians is a crucial task in hospitals and ERs. The developed CallMATLAB step could
be used to develop an I0S framework to model daily scheduling operations in a hospital where unplanned events exist, such
as having two ill physicians. The following are more examples of these types of trigger events: an announcement of a bus
accident that overflows an ER, a delay in the arrival of critical equipment, a reallocation of staff in a particular shift because
they have been informed that a key staff member has taken time off [50], etc. In general, these events require immediate
compensating actions that may be assessed with a simulation model.

5.2. Application in supply chain management (SCM) systems

A simulation model could embrace diverse SCM models with their non-linear and complex relationships. Customers’
demand and suppliers’ capacities are constantly changing both in terms of variety and price range. Moreover, supply chain
relationships between suppliers, manufacturers, distributor stores and retailers evolve over time. One could apply [0S models
for a supply chain system, while any of those above mentioned changes in the system could be considered as a trigger point.
For instance, if customers’ demand changes, supplier capacity varies, new suppliers are selected, the number of available
transports fluctuates or even prices change, the simulation could pause itself and optimize the system according to the
new SCM condition. Applying the proposed I0S approach provides companies an opportunity to design their own supply
chain system, not only by optimizing internal operations, but also by examining and improving the entire supply chain
performance over the long-term.

5.3. Application in project management

Another potential application is to the field of project management. Each project contains a set of related activities
with precedence constraints (start-to-start, start-to-finish, finish-to-finish, and finish-to-start), and shared pool of limited
resources. In reality, time, cost and required resources for each task and even task success have a stochastic nature. There-
fore, implementing an [0S approach provides an optimal resource constrained project selection and task-scheduling problem
in the face of uncertainty. Subramanian et al. [17,51] is a good example of how this framework is applicable in a project
management problem. In their study, an I0S model starts with the initial tasks, and at the end of each task(s) a simulation
model generates stochastic duration, number of required resources etc., and optimization solves a mathematical model to
find the next task to be performed. This cycle continues until a predetermined end of the planning horizon is reached.

6. Conclusion

It is difficult for simulation software packages to model a large number of human decision-making methods and compu-
tational aspects of a real-world system in an efficient way. This paper proposed a new SIMIO step instance which integrates
a simulation software to a computational agent in order to perform high computational operations like optimization. Several
applications presented to illustrate the potential applicability of the proposed CallMATLAB step, such as I0S modeling. This
step instance is not limited to perform optimization and could be utilized to execute any type of extensive computational
calculation. Note that the data transfer between MATLAB and simulation could be done either via a database or other types
of data file, such as excel or text file.

We believe this advancement adds a new dimension to the simulation modeling approaches. This would enable experts
to enjoy the modeling simulation while implementing their own logic and decision-making tools within the simulation
run by taking advantage of powerful computational resources, such as MATLAB. The proposed CallMATLAB step instance in
SIMIO, could be used to develop an IOS framework which helps programmers to apply their own algorithm and optimization
techniques to evaluate long-term performance.
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Appendices
A. Guideline to create a user-defined step instance for SIMIO

After installing SIMIO, the Visual Studio template has to be installed. As is shown in Fig. 11, this setup adds a template
for custom step and custom element in Visual Studio under Visual C# tab. Platform .NET Framework 4 is required to run
and develop the User-defined Step and Element. Note that, the coded DLL file and the instruction to add the developed Call-
MATLAB step instance are available at SIMIO user forum website at this address: http://www.SIMIO.com/forums/viewtopic.
php?f=33&t=2185.
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Fig. 11. Visual studio template for SIMIO.

/// <summary>

/// Method called that defines the property schema for the step.
/// </summary>

public void DefineSchema(IPropertyDefinitions schema)

{
// Two IPropertyDefinition is needed to address "Function Name" and its "Folder Address™
IPropertyDefinition pdl; //This is for MATLAB “Function Name"
IPropertyDefinition pd2; //This is for MATLAB "Folder Address"
//Function Name
pdl = schema.AddStringProperty("FunctionName"”, string.Empty);
pdl.DisplayName = "Function Name";
pdl.Description = "The MATLAB 'Function name' that you would like to call";
pdl.Required = true;
//Folder Address
pd2 = schema.AddStringProperty("FolderAddress"”, string.Empty);
pd2.DisplayName = "Folder Address™;
pd2.Description = "The 'Folder Address' that your MATLAB file is located";
pd2.Required = true;

¥

Fig. 12. Creating two properties for MATLAB ‘Function Name’ and ‘Folder Address’.

By default, SIMIO provides a C# class template called UserStep.cs which enables programmers to develop their desired
steps by coding their own logic. In order to provide more illustration for SIMIO programmers, a few important hints through
creating this step are listed as follows.

o First of all, two different types of references are added to the project’s references. The first type of references is related
to SIMIO, which includes: SIMIOAPLdIl and SIMIOAPIExtension.dll. These two references are available in SIMIO directory.
The second required reference is for MATLAB which adds MATLAB COM to the project and is called MATLAB Application
version 8.5. This reference is compatible with MATLAB R2015a version. In the case of using older or newer versions of
MATLAB, this reference has to be substituted with a proper one.
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The file which is created by the template will automatically create a Globally Unique IDentifier (GUID) for the class. Each
user-defined step of SIMIO has to have a unique GUID to digitally sign the file.

SIMIO’s API defines many interfaces, several of which are collections of other interfaces. For instance, ISIMIOProject has a
Models property, of the type IModels, which is a collection of IModel interfaces, each one corresponding to a model in the
project. Similarly, the IProperties interface is a collection of IProperty interfaces [52]. The user-defined step, CallMATLAB,
requires two properties, folder address, that the MATLAB file is located, plus the MATLAB function’s name, which is name
of the file that source codes are saved in. Therefore, as is illustrated in Fig. 12, two IPropertyDefinitions are added to the
coding, respectively FunctionName and FileAddress.

After debugging the coded project, the DLL file needs to be added to the source directory of SIMIO (C:\Program Files
(x86)\SIMIO\UserExtensions). This will add CallMATLAB step instance to the User Defined panel within the Processes win-
dow in the SIMIO environment. Similar to the existing step instances in SIMIO, the user could easily drag-and-drop
CallMATLAB while building processes.

. UserStep.cs codes in C#

using System;

using System.Collections.Generic;
using System.Text;

using SIMIOAPI;

using SIMIOAPI.Extensions;
namespace CallMATLAB

{

public class UserStepDefinition : IStepDefinition
{
#region IStepDefinition Members
/// <summary>
/// Property returning the full name for this type of step. The name should

contain no spaces.

/// </summary>
public string Name
{
get { return "CallMATLAB"; }
X
/// <summary>
/// Property returning a short description of what the step does.
/// </summary>
public string Description
{
get { return "This step calls your matlab function. Simply, enter the “folder

address” and matlab “function name” that you would like to be called. Make sure
that your Matlab version is Matlab R2015a.Note that, in case of execution error, use
slow Run Speed Factor e.g. between 5 to 10. For further question or help contact
m.dehghani86@gmail.com - Mohammad Dehghani"; }

/// <summary>
/// Property returning an icon to display for the step in the UI.
/// </summary>
public System.Drawing.Image Icon
{
get { return null; }
}
/// <summary>
/// Property returning a unique static GUID for the step.
/// </summary>
public Guid UniqueID
{
get { return MY_ID; }

static readonly Guid MY_ID=new Guid("{73fb845f-4295-4e7e-b744-6668b6c94alel}");
/// <summary>
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/// Property returning the number of exits out of the step. Can return either 1 or

2.
/// </summary>
public int NumberOfExits
{
get { return 1; 3}
by
/// <summary>
/// Method called that defines the property schema for the step.
/// </summary>
public void DefineSchema(IPropertyDefinitions schema)
{
// Two IPropertyDefinition is needed to address "Function Name" and its "Folder
Address"

IPropertyDefinition pdl; //This is for MATLAB "Function Name"

IPropertyDefinition pd2; //This is for MATLAB "Folder Address"

//Function Name

pdl=schema.AddStringProperty("FunctionName", string.Empty) ;

pdl.DisplayName ="Function Name";

pdl.Description="The MATLAB ‘Function name’ that would be called";

pdl.Required=true;

//Folder Address

pd2=schema.AddStringProperty("FolderAddress", string.Empty);

pd2.DisplayName ="Folder Address";

pd2.Description="The ‘Folder Address’ that your MATLAB file is located, like
‘C:\\MatlabFiles’";

pd2.Required=true;

/// <summary>

/// Method called to create a new instance of this step type to place in a
process.

/// Returns an instance of the class implementing the IStep interface.

/// </summary>

public IStep CreateStep(IPropertyReaders properties)

{
return new UserStep(properties);
}
#endregion
}
class UserStep : IStep
{

IPropertyReaders _properties;

IPropertyReader _FunctionNameProp;

IPropertyReader _FolderAddressProp;

public UserStep(IPropertyReaders properties)

{
_properties=properties;
_FunctionNameProp=_properties.GetProperty("FunctionName") ;
_FolderAddressProp= _properties.GetProperty("FolderAddress") ;

X

#region IStep Members

/// <summary>

/// Method called when a process token executes the step.

/// </summary>

public ExitType Execute(IStepExecutionContext context)

{
// Example of how to get the value of a step property.
String FunctionNameStr=_FunctionNameProp.GetStringValue(context);
String FolderAddressStr=_FolderAddressProp.GetStringValue(context) ;

// Example of how to display a trace line for the step.
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context.ExecutionInformation.TraceInformation(String.Format ("The MATLAB Function
{0}’ located at ‘{1}’ is triggered.", FunctionNameStr, FolderAddressStr));

//Using CallMtlab.cs in order to call Matlab function from its located folder
CallMATLAB CallMATLAB=new CallMATLABQ);
FolderAddressStr="cd "+ FolderAddressStr;
CallMATLAB.Cal IMATLABFunction (FunctionNameStr, FolderAddressStr);
return ExitType.FirstExit;

}

#endregion

}
3

C. . CallMATLABClass.cs codes in C#

using System;

using System.Collections.Generic;
using System.Text;

namespace CallMATLAB

{
public class CallMATLAB

{
public void CallMATLABFunction(string FunctionName, String FolderAddress)

{
// Create the MATLAB instance
MLApp .MLApp matlab=new MLApp.MLAppQ) ;
matlab.Execute(FolderAddress) ;
// Change to the directory where the function is located
matlab.Execute (FunctionName) ;

}

}
}
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