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Abstract:

Simulation Optimization (SO) provides a structured approach to the system of design and
configuration when analytical expressions for input/output relationships are unavailable. SO
has attracted considerable research attention in the recent past. Despite the growing body of
literature on this topic, precious little effort has been devoted to synthesizing the overall state
of art of research on SO. In this paper, an attempt is made to review the status of literature
on SO. A new literature review scheme is presented. Also the literature affectation is
presented since 1995 up to now. We have classified techniques for SO into four groups: (i)
Statistical Selection Methods, (i) Metamodel Methods, (iii) Stochastic Gradient Estimation,
and (iv) Global Search Methods. Therefore, a literature affectation is presented since 1995.
It is concluded that during the period since 2004, there are a shift trend towards of global
search methods.

Key Words: Simulation Optimization, Classification Methods, Literature Survey

1. INTRODUCTION

Many real world problems in management and optimization are very complex and
mathematically intractable so that simulation is the appropriate tool for system analysis and
performance evaluation. Computer simulation requires developing a program that mimics the
behaviour of a system as it evolves over time and records the overall system performance.
As the technology of computer hardware and software advances, simulation has emerged as
an essential tool in research and real world applications. With the continuing developments in
computer technology, simulation is receiving increasing attention as a decision-making tool.
Most real-world systems are so complex that computing values of performance measures
and finding optimal decision variables analytically is very hard and sometimes impossible.
The computer simulation is just a model or a function that transforms the inputs into the
outputs. The operational parameters and their variables are described as the inputs and the
performances, which are derived from simulation, are described as the outputs. The
operational conditions are then tested on this model to achieve the objectives.

One objective of the application of simulation is to search for a set of operational
parameters so that system performance is improved. Therefore, computer simulation is
frequently used in evaluating complex systems and optimizing responses. Nevertheless,
simulation is not without pitfalls. Simulation output is subject to random errors and requires
proper statistical analysis. Furthermore, simulation models are “run” rather than solved. It is
traditionally viewed as a tool for performance evaluation instead of decision making or
optimization. In recent years researchers have attempted to combine simulation and
optimization procedures to provide a complete solution. However, Simulation is merely a tool
for problem solving; by itself, it cannot provide an answer. In addition to a good model, one
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also needs a sound technique to utilize the information from a simulation to make a decision.
One such technique is optimization via simulation.

Simulation optimization (SO) requires the evaluation of a simulation model in the form of
responses to a “What if’ question. “What if” questions demand answers on certain
performance measures for a given set of values for the decision variables of the system.
Recently, the advancement of computer technologies enables us to answer to “How to”
questions as well. “How to” questions seek optimum values for the decision variables system
so that a given response or a vector of responses are maximized or minimized. SO is an
active area that has deserves a special attention from both simulation researchers and
practitioners. Several excellent surveys have been written on this topic and the most exciting
of them are conferences papers. Park [1] provides an overview of SO techniques, including a
discussion of methods appropriate to uni-modal and multimodal objective function. Azadivar
et al. [2] applied a SO algorithm based on Box’s complex search method to optimize the
locations and inventory levels of semi- finished products in a pull-type production system. Fu
and Hall [3] investigate the use of simultaneous perturbation stochastic approximation for the
optimization of discrete event systems via simulation. Carson and Maria [4] provide
knowledge about the area of SO, with an extensive reference list pointing to detailed
treatment of specific techniques. Pierreval and Tautou [5] propose a new approach to the SO
based on evolutionary algorithms of manufacturing systems. Bowden and Hall [6] identify six
domains as indicated in Figure 1, which are common to any automated simulation
optimization tool. The domains are Methods, Classification, Strategy and Tactics,
Intelligence, Interfaces, and Problem Formulation. These domains are the cornerstones for a
unified strategy for SO and should guide future research in the field and development of next
generation simulation optimization tools.

mMethods

Interfaces . . Intelligence
Sirmulation
Drptirmization
F'roblernr Strategy 2
formulation

Tactics

Classification

Figure 1: Domains of Simulation Optimization.

Olafsson and Kim [7] present a broad introduction to simulation optimization and the many
techniques that have been suggested to solve simulation optimization problems, but with an
emphasis on problems with discrete decision variables. April et al. [8] summarize some of the
most relevant approaches that have been developed for the purpose of optimizing simulated
systems and present an example of SO in the context of a simulation model developed to
predict performance and measure risk in a real world project selection problem. Angelis et al.
[9] present a methodology that interactively uses system simulation, estimation of target
function and optimization to calculate and validate the optimal configuration of servers. Such
a methodology constitutes the core of an effective decision support system for health care
managers.

Piera et al. [10] described a new approach to integrate evaluation (simulation) methods
with search methods (optimization) based not only on simulation results but also information
from the simulation model. Jung et al. [11] propose the use of deterministic planning and
scheduling models which incorporate safety stock levels as a means of accommodating
demand uncertainties in routine operation. The problem of determining the safety stock level
to use to meet a desired level of customer satisfaction is addressed using a simulation based
optimization approach. Fu et al. [12] provide a descriptive review of the main approaches for
carrying out SO, and sample some recent algorithmic and theoretical developments in SO
research.

Schwatrz et al. [13] present a simultaneous perturbation stochastic approximation
algorithm as a means for optimally specifying parameters of internal model control (IMC) and
model predictive control (MPC)-based decision policies for inventory management in supply
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chains under conditions involving supply and demand uncertainty. Almeder and Preusser
[14] present a new approach that combines the advantages of complex simulation models
and abstract optimization models. More recently Fu et al. [15] give a tutorial introduction to
SO, beginning by classifying the problem setting according to the decision variables and
constraints, putting the setting in the simulation context, and then summarize the main
approaches to SO. Kochel [16] distinguish between the non-recursive and recursive
approaches of simulation optimization. In the non-recursive approach simulation and
optimization are decoupled in such a way that two separate problems must be solved — a
simulation and estimation problem and an optimization problem. In difference to the recursive
approach there the simulation and optimization steps alternate with each other as long as we
have not found an acceptable decision. Hachicha et al. [17] present a case study in MTO
sector for which analytical model is still extremely complex up to now (multi-stage, multi-
product, multi-location, multi-resource with setup, capacity constraints and stochastic
demand). The objective is to determine a fixed optimal lot size for each manufacturing
product type that will ensure Order Mean Flow Time (OMFT) target value for each finished
product type. The adopted approach is carried out in three steps. A Discrete Event
Simulation (DES) model was firstly implemented as a tool in estimating (OMFT)
performance. Secondly, Design of Experiment is applied to conduct simulation experiments.

In the literature, a variety of techniques and approaches have been proposed and there
are several ways SO problems can be classified. Each class can be considered as a special
case of the above general formulation. We can classify SO problems regarding their input
variables (quantitative variables and qualitative variables), output variables (a single
objective SO problems or multi-objective problems), parameter spaces (discrete or
continuous parameters), the shape of the response surface (global as compared to local
optimization) or by their optimization procedure.

The objective of this paper is to survey the SO literature since 1995. It focuses
specifically on the SO problem that involves a single performance measure. Therefore, this
paper surveys available methodologies for this problem and discusses notable strengths and
weaknesses of each. In this tutorial, we provide an overview of various aspects of SO. We
begin with a global classification of problem settings, and then provide an overview of the
most well-known approaches, providing some of the key references that the reader can
consult for more details.

The remainder of the paper is organized as follows: in Section 2 we establish a common
framework for SO problems and present the notation to be used. Section 3 presents the
proposed classification scheme with all classification criteria on methods for simulation
optimization. In section 4 we present a Classification of SO literature used for reviewing the
selected literature on SO. Finally, conclusion is presented in Section 5.

2. SIMULATION OPTIMIZATION PROBLEM SETTING

SO is the process of trying different combinations of values for variables that can be
controlled in order to seek the combination of values that provides the most desirable output
from the simulation model. Hence, SO is the practice of linking an optimization method with a
simulation model to determine appropriate settings of certain input parameters of the
simulated system. The formulation of SO problems is often done for maximization or
minimization of the expected value of the objective function of the system. The problem
setting thus contains the usual optimization components:

e Decision variables,

¢ objective function, and

¢ Constraints.
The SO can be defined as the latter case: repeated analysis of the simulation model with
different values of design parameters, in an attempt to identify best simulated system
performance. The design parameters of the real system are set to the ‘optimal’ parameter
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values determined by the SO exercise, rather than in an ad hoc manner based on qualitative
insights gained from exercising the simulation model. A very general formulation of the above
SO problem is to minimize the expected value of the objective function with respect to its
constraint set as: The general SO problem setting is as follows:

Min (6
yeh (©) 1)

where 0 is a p-dimensional vector of all the decision variables, © is the feasible region and

f:o—->R is the objective function. If f(8) is a one-dimensional vector, the problem is single
objective optimization, whereas if its dimension is more than one, the problem becomes
multi-objective. The optimum is denoted by 8*. Without loss of generality, we will consider the
minimization problem throughout the paper. We assume that the system under consideration

is complex enough that the expected performance f(8) of each system designe €0 cannot
be determined exactly, but is instead estimated through simulation. The optimization model
response function is represented by f(8) which is usually the expected value (long-term
average) of some simulated system performance measure Y as a function of the design

parameter vector 6. That is f(0) = E(Y (@, 5)), where € represents the stochastic effects in
the system. The form of f is not known. Its value is estimated using n runs of the simulation
model under the design scenario specified by 6,

A ny.
fo=>"
Zn @

In Equitation (2) the dependence of Y on the value of 8 has been suppressed. While f(8) is
deterministic, its estimate is stochastic, since the simulation run time must be finite (so n <
«). It should be noted that, the general formulation (1) subsumes the usual mathematical
programming settings (which prefers x to 6 for its decision variables):
o If f(B) is a scalar function, the problem is single objective optimization; whereas if it is
a vector, the problem becomes multi-objective
e f(B) is linear in B and © can be expressed as a set of linear equations in 6
corresponds to linear programming, or mixed integer linear programming if part of the
O space involves an integer (e.g., {0,1} binary) constraint.

3. THE PROPOSED CLASSIFICATION SCHEMA

Different classifications used by various researchers according to Azadivar [18] four broad
classes of optimization search strategies that have guided SO searches; (i) gradient-based
methods, (ii) stochastic approximation methods, (iii) response surface methods, and (iv)
heuristic methods. Thus, based on the studies of Tekin and Sabuncuoglu [19] the existing
studies can be classified under two main headings: local optimization; and global
optimization. Local optimization techniques are further classified in terms of discrete and
continuous parameter spaces the discrete case can also further classified into finite
parameter space and infinite parameter space. Barton and Meckesheimer [20] provide a
classification and a review of SO methods. Continuous SO problems fall into two categories:
direct gradient and metamodel methods. Direct gradient methods estimate the gradient of the
simulation response, and then resort to stochastic gradient-based technigues such as
stochastic approximation. Ammeri et al. [21] present a literature survey on techniques for SO
according to the problem of characteristics such as shape of the response surface (global as
compared to local optimization) and parameter spaces (discrete or continuous parameters).
Based on the analysis of various papers of SO, it can be said that there are several review
articles on this topic, but each survey concentrates on only few classification criteria. In this
paper we focuses specifically on the SO problem that involves single performance measure.
The main goal of this research is to present a literature survey with all classification criteria,
and to propose a new classification scheme of SO problems.
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In this paper, we have classified techniques for SO into four groups: (i) Statistical Selection

Methods, (ii) Metamodel Methods, (iii) Stochastic Gradient Estimation, and (iv) Global Search

Methods. Each class is described and a survey of recent literature is presented (see Table I).
Table I: Local and Global optimization methods group.

© continuous

© a discrete set

F continucus

Metamodel Methods

@ is finite, small

F differentiable

Stochastic Gradient Estimation

Statistical Selection Methods

Q /s large or =

Global Search Methods

Local optimization methods

Global optimization methods

An overview of the proposed extended classification scheme is shown in Figure 2. As
pointed above, depending to the nature of the decision space, SO methods can be divided
into discrete and continuous decision spaces. In a continuous space ©; stochastic gradient-
based optimization methods such as: methods for estimating the gradient of f, and
Metamodel-based optimization methods can be employed. On the other hand, in a discrete
space, decision variables take a discrete set of values such as the number of machines in
the system, alternative locations of depots, different scheduling rules or policies, etc. Several
techniques have been developed for SO when the input parameter values (i.e, the size of ©)
is discrete. If the set O is finite and small, ranking and selection and multiple comparisons
procedures are appropriate. If the set © is infinite, but very large, then techniques such as
ordinal optimization and general search strategies.

3.1 Continuous input parameter methods

The feasible region, ©, is uncountable and infinite when the set of in put parameters are
continuous. In this case continuous input parameter methods are classified depending to
objective function f. If the objective function f is continuous metamodels methods are
appropriate. If the objective function f is differentiable stochastic gradient estimation methods
are suitable.

3.1.1 Function f is continuous

When the set O is continuous and the objective function f is also continuous Metamodels
Methods are appropriate. Metamodeling was first described by Blanning [22] is a process of
developing a mathematical relation-ship between a response measure of interest and asset
of input variables.

Metamodels Methods are often constructed in two primary stages. The first stage uses a
factorial experimental design to collect a structured data set that is then used to find the
functional relationship between decision variables and responses. After a metamodel is
constructed, the what if analysis can be obtained without the further consumption of
expensive computing resources.
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Figure 2: Proposed classification scheme of simulation optimization methods.
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The most promising metamodel and experiment design strategies for simulation optimization
are response surface methodology (e.g in [23]); regression spline metamodels (e.g in [24]);
spatial correlation metamodels (e.g in [25-26]), and the neural network metamodels (e.g in
[27]).

3.1.2 Function f is differentiable

When the set of possible input parameter values is continuous as well as the objective
function f is differentiable, stochastic Gradient Estimation Methods are suitable. The goal is
to estimate the gradient of the performance measure with respect to the parameters. An
extensive body of research exists for SO problems of this type. A considerable amount of
research has focused specifically on techniques for gradient estimation, such as, finite
difference estimation (e.g in [28]); perturbation analysis (e.g in [29], [30]); likelihood ratio
estimators (e.g in [31], [32]); frequency domain experimentation (e.g in [33], [34]); simplex
search method (e.g in [35]); the Hooke and Jeeves method and sample path method (e.g in
[36], [37]).

3.2 Discrete input parameter methods

The discrete input parameter case differentiates techniques appropriate for small and for
large numbers of feasible input parameter values. As discussed in Swisher and Hyden [38]
several techniques have been developed. If the set © is finite and small statistical selection
methods are appropriate. If the set O is infinite or very large, global search methods can be
used.

3.2.1 Finite space

When the optimization involves selecting the best of a few alternatives, that is © = {0,, 6,,
O,}, where m is relatively small, then it may be possible to evaluate every solution and
compare the performance. Statistical Selection Methods are appropriate and the two most
popular methodologies for the class of the problem are: ranking and selection (e.g in [39-40])
and multiple comparison procedures (e.g in [41], [42-43]). Ranking and selection focuses on
selecting the optimal input parameter values. In multiple comparison procedures, the idea is
to run a number of replications and make conclusions on a performance measure by
constructing confidence intervals.

3.2.2 Infinite space

When it is not possible to evaluate every solution using a statistical selection procedure, and
the set © is very large different other Global Search Methods must be applied. Several
techniques have been developed such as ordinal optimization (e.g in [44]); random search
(e.g in [45]) bayesian/sampling methodology (e.g in [46]); gradient surface method (e.g in
[47]) and general search strategies for example: simulated annealing (e.g in [48], [49], and
[50]); evolutionary algorithm (e.g in [51]) and tabu search (e.g in [52-53]).

4. LITERATURE AFFECTATION 1995-2010

This section presents the methodology used in this research. In this research, a literature
survey has been employed as the research methodology for studying the SO problem. The
first step of the analysis consisted of searching for articles relevant to the purpose of this
study. The search was limited to academic journals in the areas of management
science/operations research, operations management, supply chains, and computers and
industrial engineering covering the time period 1995-2010 were searched for articles dealing
with any aspect of SO. At each paper we looked for the following: (i) objective and main
contribution of the paper, (i) SO methods used and (iii) Extension of the research for an
enlarged scope. With these objectives, the literature available on SO problem was reviewed.
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In this case, there have been a number of journal articles written relevant to the purpose of
this study. We have included them in Table II.

Table II: Summary of some articles in SO approach.

References | Objective Technique used Wang [59] Combing a genetic algorithm and a neural network | Genefic algorithm
iafi imi i sirategy for such kind of optimization problem Meural networks
Lutz et al [54] Propose a heuristic procedure, to optimize buffer location Tabu search Egy p p

and storage size. Kocheland | Propose a SO approach and show that this approach can
Nielander [70] | be applied to define optimal policies in very general muti- | Genefic algerithm

Give analytical and empirical results describing the

Barfonand | performance of Nelder-Mead when it is applied fo a|  Nelder-Mead echelon inventory systems.
Ivey[35] | response function that incorporates an additive white-noise simplex Wan et [71] | Present an extension of the SO framework to opfimise | Response surface
ermor anetal [71] supply chains. methodology
Used evolutionary algorithm with a simulation model for Evalutionary . - . )
Hall stal. [51] optimizing a kanban sizing problem. algorithm Develop & hy.'bnd. ophm|zahunfswmulat|op modgllng Genetic algorithm
- - - - Ko etal [72] approach for taking into account the dynamics of clients
Ahmed et Found that it can result in a solution that falls outside the | .. . . and their uncertain volume of the products
] Simulated annealing
Hassan [55] | feasible set of points.
- - - Present a 50 framework as a means for optimally
) Develop a simulation models to generate automatically Schwartz et al. s . )
Azadwlnr and and evaluate various candidate configurations of the | Genefic algorithm 73 spec_rfy_mg parameters Dfm[eml model_ ’.'°”“'°'“" model Stocha.sh_c
Tompkins [56] system predictive control based decision policies for inventory |  approximation
— — — - management in supply chains.
Dengizand | Optimize batch sizes in a Printed Circuit Board assemble Regression
Alabas [57] | line metamodel Jefi Hong and | Propose a SO algorithm, called COMPASS, for use when

Random search

Find optimal buffer allocations in tandem production lines Nelson [74] | the performance mezsure is esimated.

Gurkan [58] | where machines are subject to random breakdowns and i:m;%z:] Propose a framework for making allocation decisions and Ranking and
repairs, and the product is fluid-type. Lezetal [75] |they use problem of assemble o order systems to selecﬂon
- - ] demonstrate how this ramework can be applied
Optimize the management parameters in production; they
Fontanili et al. | develop two cases of optimization to check the validity of Genetic Algorithm Pichitamken | Propose a sequential indifference-zone  selection Ranking and
[59] the combination between flow simulafion and a genefic etal. [76] procedure that specifically for use within an OS5 algorithm. selection
algorithm for obiaining of opfmal parameters. Provide a new hybrid approach through the use of penalty
Kenneand | Develop a new method to control the production rate of Julian [77] | functions in order to solve solid waste management | Genefic algerithm
I Response surface problems.
(Gharbi [60] | manufacturing systems.
methodology \
Yangetal. |Propose a approach to solve CONWIP pull strategy .
Introduce @ framework for combining the statistical ) el roblem. Genetic algorithm
Yucesan et al. . . ) A . . Ranking and p
efficiency of simulation optimization technigues with the -
[61] : . - selection L . A . - )
effectiveness of parallel execution algorithms. Jianzhietal. | Propose a simulation model with a prioritized stochastic Genetic algorithm
— - - 79 batch arrival mechanism.
Ahmed and | Present a new iterative method for solving discrete Simulated annealing
Alkhamis [62] | stochastic optimization problems. \ Addressed an equal parallel-machine scheduling problem .
Yanqg [80] . ) P ; ) Genetic algorithm
0 [y with static availability and dynamic part amival.
Bossel el al. evelop statistical procedures that retum the best system Ranking and
631 encountered by the search (or one near the best) with a selection Propose a simulation model with a prioritized stochastic
prespecified probability Lietal [81] | batch arival mechanism, considering factors that affect the | Genefic algorithm
Propose an optimisation algorithm to deal with machine total proft.
Guo et al[64] | cell optimisation, which functions very well in solving real | Heuristic algorithm . Propose a new approach for designing low noise amplifier .
problems Li[8g] integrated cireuits Genetic algorithm
Zhangand Li | Propose an optimization methodology to optimize dynamic - . al - . A
) i ; Heuristic algorithm Yalcinkaya | Present a modelling and selution approach for dealing with - N
[63] resource allocation for construction scheduling. and Bayhan | average passenger travel time optimization problem Re;;;c;ﬂzz;lggsce
Vandaetal | TTESEN @ methodology that interacively uses system [63] inherent to the metro planning process.
'a”[;BT al simulation, estimation of target function and optimization to | Neural networks

Develop a simulation optimisation approach for solving the
Lot-Sizing Problem (LSP) in Make-to-Order (MTO) supply

caleulate and validate the optimal configuration of servers.

Hachicha et al. Response surface

Allzoui and | Study the problem of scheduing 2 hybrid flow shop to | . L 17l chain. methodology
Artiba [67] | minimise flow time under maintenance constraints. - g > - - — -
Propose a linked simulation optimization model for solving
. S Harmany search
Develop @ sequenfial, nonparametic  simulation Tamer [B4] | the unknown groundwater pollution source identification algorihm
Keys and Paul | optimization procedure that suggests the next design paint Metamodels problems.
Rees[68] | based on the distribution of the quanties of estimated Keskinetal. | Develop a simulaion-optimization approach for an Scatter search
second derivatives of the response function. B3] integrated vendor selection and inventory problem SCaler seart
Present a framework, using computer simulation, which
Marzouk et h - ) } .
al [86] aids _govemnment aumonugs a.nq contractors in the | Genetic algorithms
) planning of low-income housing projects.
Apply the simulation opfimization approach to the multi- — e
Yuetal [67] period asset allocation problem of PIC insurers. Evalution strategies
Dalin &t al Develop a ‘robust’ methodology for uncertain environment Response surface
58] * | and, they illustrate the resulting methodology through ;ﬁz‘ihodoulo
classic Economic Order Quantity (ECQ) inventory models. ay
Aspelund et al. Dpfr.lmlze the lF'nco LNQ process with 7 |n-:|ep§ndent Tabu search
variables applying three different methods for selecting the
[89] Melder-Mead
heat exchanger area.
Kleijnen et al. | Present a novel heuristic for consirained optimization of Heuristic
[30] computationally expensive random simulation models.
Propose hybrid algorithm with the application to reduce the
Yoo etal [91] | computational load, and to improve the efficiency of supply | Nested partitioning
chain optimization via discrete event simulation.
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Table 11l shows the distribution of papers in the various search area from 1995 to 2010. We
can divide the indicated time frame into three periods in order to identify trends in the
chronological progression of the utilization of SO methods. For rigorousness, unpublished
working papers, dissertations, and conference papers have been included. It can be
observed that, during the period (1995-1998) most of techniques used are statistical
selection methods, such as ranking and selection and multiple comparison procedure, over
discrete input parameters and a small numbers of feasible solutions. However, it is also seen
that since 2000 there is a slight tendency for the utilization of metamodels methods, such as
regression metamodel and response surface methodology. However, the period since 2005
there has seen a shift towards discrete sets of input parameters values. The unification of
global search methods, such as evolution strategies, scatter search, simulated annealing and
tabu search, has been a significant advancement for those problems with discrete input
parameters and infinite and large feasible solutions.

Table Ill: Categorywise trend of method group per year from 1995-2010.

Method Group 95|96 /97|98 99|00 01 02/03|04|05|06| 07|08]|09 |10

Statistical Selection
Methods

Global Search Methods 201|201 ]|2/0|ft|2/1[2|6 4/ 5|6|6

Metamodel Methods o, 0/0|0}4|3|4 2|3 2/1]0]0]0]2]3

Stochastic Gradient
Estimation

5. CONCLUSION AND FUTURE RESEARCH

Simulation Optimization (SO) is an optimization itself; it is required if one wants to find the
best steady-state values of important process variables and it aims at determining the best
values of input parameters, given an output criterion. This is an active research area that has
sparked as much interest in the academic world as in practical settings. In this paper we
presented a general overview of the different approaches for simulation optimization with all
classification criteria found in the research literature, and include pointers/references to the
state of the art. We have classified techniques for SO into four groups: (i) Statistical Selection
Methods, (ii) Metamodel Methods, (iii) Stochastic Gradient Estimation, and (iv) Global Search
Methods. Therefore, a literature affectation is presented since 1995 up to now. It is
concluded that during the period since 2005 up to now has seen a shift trend towards of
global search methods.
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