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Abstract

Production planning and controlis an important aspect in manufacturing industry in order to achieve the target of
production such as high quality products, on-time delivery and increasing profit. Inappropriate setting of the values
for each variable will lead to the failure of the production. The aim of the paper is to develop a clear methodology of
important steps during finding the optimal value of the input variables. The methodology is presented in form of
framework, in which four approaches are highlighted that consists of discrete-event simulation, analysis of variance,
polynomial regression and response surface methodology. The framework is applied to a production planning and
control problem in the case study based on the semiconductor manufacturing company. The framework works well
with the case study, reduce the time consuming and improve the production by achieving better optimal value of
variables.
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1. Introduction

Production planning and control system plays an important role in a manufacturing industry. Every stage of
conversion raw materials into finished products needs a meticulous production planning such as scheduling,
dispatching, inspection, and inventory management, to ensure that the company can achieve required production
target and optimize the utilization of resources. Unfortunately, management often faces the difficulties in
determining and applying the appropriate and accurate values of variables in the production to achieve the
aforementioned targets. For an example, semiconductor manufacturing may be hard to decide accurate level of
control variables such as lot size of wafer, setup time and lot sequence to meet production goals such as average
work-in-process, utilization, average flow time and service level. These difficulties lead to adoption of discrete-
event simulation (DES) concept to study and experiment the internal interactions within a complex system (Werker
et al., 2009). By mimicking the real world of process, they are freely to change the simulation inputs and observe the
resulting outputs while producing valuable insight into the most important variables and into how these variables
interact. DES received great attention since forty years ago and it has grown popularity steadily to be now
recognized as the most frequently used across a range of industries (Hollocks, 2006). Utilizing DES solely is less
precise to support the understanding on the simulation result. Thus, Integrating DES with the response surface
methodology (RSM) may yield more critical insights into an investigated production planning and control problem.

Literature studies of integration DES and RSM (DES-RSM) are available in many areas of application such as
failure analysis, material handling system, scheduling of dispatching rules and logistics network. Sajadi et al. (2011)
adopted stochastic optimal control theory, DES, experimental design and automated RSM to control the production
rate of the machines. Zhang et al. (2009) examined the result of proposed dynamic bottleneck dispatching policy in
order to evaluate and optimize of dispatching rules. Lin et al. (2003) analyzed the performance of connecting
transport automated material handling (AMHS) in wafer fab. Lin et al. (2005) optimized the desirability function
that is the combination of multiple attributes of the products while parameterized dispatching rules. Prakash and
Chin (2011) studied the behavior of multiple types of pull system by using DES-RSM.

Despite many studies have been applied DES-RSM in different areas, the importance of main steps of each approach
was not fully explained in those papers. Their explanation in the paper is more focusing on the result of experiments
rather than explanation of the detail methodology of simulation. The main aim of this paper is to develop a clear
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explanation of important steps during performing DES-RSM in production planning and control system. The
framework consists of methods such as DES, Analysis of Variance (ANOVA), and RSM. Each method will be
provided a clear explanation in the following section in order to achieve the objective of this paper. The arrangement
of this paper is as followed: Section 2 will discuss about the overview of DES-RSM, Section 3 will provide a DES-
RSM framework and Section 4 will be the case study of DES-RSM framework and conclusion in the Section 5.

2.0verview of DES-RSM

2.1 Discrete-Event Simulation (DES)

Discrete-event simulation (DES) is the modeling of systems in which the state variable changes only at a discrete set
of points in time (Banks et al., 2005). Fine tuning of variable values instant in time will mark a change of state in the
system. DES can be stimulated by several softwares for different areas of studies such as Arena, AutoMod, Extend,
Flexsim, Micro Saint, ProModel and WITNESS. The simulation models are analyzed by numerical methods rather
than by analytical methods. Numerical methods employ computational procedures to solve mathematical models
while analytical methods employ the deductive reasoning of mathematics to solve the model. Simulation can be used
for the following purposes (Gunal and Mike, 2010):

e To study the internal interaction of a complex system and observe the effect of alterations towards the
model’s behavior for different point of views. In simulation, given a particular set of inputs and model
characteristics either mimicking the real or design system, the model is run while stimulated behavior is
observed. This process of changing inputs and model characteristics results in many advantages to the
industry.

e To experiment the new ideas before implementation, so as to prepare for what might happen. New policies,
procedures and flow can be explored without disturbing ongoing operations of the real system, while new
design, physical layouts and transportation system can be tested without committing resources for their
acquisition.

e To design simulation models for training purpose without consuming extra cost and disrupting the real
process. A simulation study can assist in understanding how the system operates instead of how individuals
think the system operates.

2.2 Analysis of Variance (ANOVA)

Analysis of variance (ANOVA) is defined as the statistical method that is used to test the variability in data between
groups of population sample means in order to generalize the inequality among the population means
(Narayanagounder et al., 2009). It is often used for testing the hypotheses that there is no difference between a
numbers of populations. The objective of ANOVA is to determine whether mean differences between the
populations from which the samples were obtained are justified with the mean differences that achieved for the
sample data. ANOVA is a particular form of statistical hypothesis testing heavily applied in the design and analysis
of experimental data (Zwaneburg et al., 2011). A statistical hypothesis test is a technique of making decisions using
analysis data.

There are two types of ANOVA called one-way ANOVA and two-way ANOVA. One-way ANOVA is applied to
test a single variable with two or more independent variable and two-way ANOVA is extension of it that involves
only two factors of variable (Turner and Julian, 2001). Detail framework of ANOVA will be discussed in Section 3.

2.3 Polynomial Regression

The relationship between the output variables and input variable can be analyzed by using polynomial regression in
a form of linear regression and modeled as an nth order polynomial. The main advantages of polynomial regression
are the ability to represent a variety of relationship and the measured point will be approximated until satisfied by
increasing the higher order terms (Brown et al., 2007). The higher order of polynomial increases the number of
fitting degrees between regression equations and data. A higher number of degree orders reduces the precision of
regression equation and affects the likelihood to obtain optimal values (Fang and Long, 2012). In this paper, we
consider on second degree of regression.

2.4 Response Surface Methodology (RSM)

Response surface methodology (RSM) is a collection of statistical and mathematical procedure based on the fit of a
polynomial equation from regression polynomial method to the experimental simulation data (Bezerra et al., 2008).

677



The objective of RSM is to obtain an optimal output variable by making changes to the several input variables by
using a sequence of designed experiments to attain the best system performance. The variable that chosen in the
RSM is based on the result of ANOVA as previously described. This is to intensify the result obtained by simulation
before being applied to the system. The main advantage of RSM is simplified relationship that can be used for
practical engineering purposes which lead to reduce analysis cost and time consuming (Zangeneh et al., 2002).

3.DES-RSM Framework

Performing simulation in production planning and control requires systematic execution of steps in order to
determine the optimal values. In this paper, a framework termed as DES-RSM is conceived to provide logical
connection of these steps, including problem formulation, discrete-event simulation, analysis of variance,
polynomial regression, response surface methodology and control analysis. The framework is presented in Figure 1.

l DES | ANOVA | Polynomial | RSM l

| | | regression | |

I | | | |

I I I | |
Step 1: : Step 2: : Step 3: | Step 4: | Step 5: | Step 6:
Problem Find related Explore || Estimate the || Plot the | Control
formulation | | input and | | relationship | best _r model and T. analysis

: output : between I | polynomial | I find the I

(| variables | variables : model : optimal value :

I I I I I

Figure 1: DES-RSM framework

Step 1: Problem Formulation

The problem of production planning and control is excavated with the detail specification. Problem is derived based
on the failure occurred on the production job-shop and the reduction of production performance. Decreasing
throughput per day, higher bottleneck and high cost are the common problems of production planning and control.
Brainstorming session should be done in deriving the problem related to production planning and control in order to
find the real root cause that affect the problem.

Step 2: Find related input and output variables

The objective of this step is to find the related measure of input variable of the problem that can affect the result of
output variable. Basically, the input variables can be lot size, inter-arrival times, service times, setup time or queue
length while output variables can be machine utilization, flow time, cycle time, average work-in-process (WIP) or
cost. Real-world simulation models are rather large, and the amount of data stored is vast, so such run usually
conducted with the aid of computerized system. During developing a model for simulation, the model user supposed
to have better understanding regarding the overall steps in simulation study as depicted in Figure 2 (Banks et al.,
2005).Then, other steps that are considered important in discrete-system simulation are:

o Determine the characteristics of all inputs of the simulation. Basically, these are modeled as probability
distributions.

e Construct a simulation table. The simulation table provides a systematic method for tracking system state
over time.

e Find a suitable warm-up time and runtime for the simulation to process the model. Warm-up is needed
because normally started with no parts in any of the machine in order to get steady-state performance of
measure.

e  Generate iteration process for each of the input; evaluate the function and calculating a value of the output.
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Figure 2: Steps of simulation study

Results are generated at the end of the simulation. The size of the data collected depends on the number of iterations
and input parameters provided. This will lead to the difficulties to determine the optimal values in relation to the
problems of production planning and control under study. ANOVA is adopted to analyze the result of simulation
and scope down the relationship between input and output variables.

Step 3: Explore relationship between variables
ANOVA is used to determine whether there are any significant differences between the means of two or more input
variables used in the simulation previously. In this step, we only consider on one-way ANOVA. One-way ANOVA
is used when comparing two or more group means on a continuous dependent variable. The important step before
performing ANOVA is to make sure that the data from the simulation result passes the assumptions that required for
a one-way ANOVA. The assumptions that must be concerned during performing the ANOVA method are (Dowdy
etal., 2011):

e The observations made must be independent of one another.

e The population variances in each group are the same.

e The observations in each group come from a normal distribution.

The major concepts that considered important in performing ANOVA s the calculating sums of squares (SUM),
degree of freedom (DF), mean square (MS), F-ratio and F-critical. The steps in performing ANOVA are presented in
Figure 3.
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Figure 3: Steps in ANOVA study

The rejection of null hypothesis can be concluded as a significant difference among the groups, whereas fail to reject
the null hypothesis falls under no significant difference among the groups. Then, the methodology in optimizing
values of simulation is continued in response surface methodology by using regression method as explained in the
following step.

Step 4: Estimate the best polynomial model

In this step, the mathematical procedure is represented in order to find the best polynomial model of the problem.
Polynomial regression is the most suitable approach to perform this step. Here are some approaches of statistics that
can be considered during regression (Asaro et al., 2007; Narasimhan and Das, 2001)

e R-square and Adjusted R-square
R-square and adjusted R-square must be as high as possible to the perfection of regression line. A higher R-
square means that most of the variance is covered by the regression model. An R-square of 0.7 and above is
generally accepted as good.

e P-value
P-value should be as low as possible to possibility to reject the null hypothesis. The value of 0.05 and lower
for P-value would be better.

e Durbin Watson
The Durbin Watson is used to test the first order serial correlation among residuals in a linear model. A
value less than 0.80 usually indicate that correlation is likely.

Polynomials model either first-order polynomial or second-order polynomial is selected after considering all the
statistics. In this paper, second-order model is more preferable than a straight line of first-order model in order to
optimize the value of variables. The selected polynomial model is shaped on the fitted curved and analysis is
explained in the following step.
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Step 5: Plot the model and find the optimal value

RSM is functioned to explore the plotting relationship between input variables and output variables from previous
steps by using design of experiments in order to obtain optimal values. This is a quantitative procedure to quantify
how an output variable depends on input variables. The choice of the design of experiments can have large effects
on the accuracy of the approximation of constructing the response surface. Now, we can answer the question of
“What specific levels of important variables produce an optimum values?” by interpreting the polynomial model in
many ways. There are can be parabola graph, contour graph, Pareto chart and etc. The design of experiments can be
tests until response reach the optimal values either minimum or maximum values of output variables.

Step 6: Control analysis

The optimal values can be implemented in the real world to achieve the target of throughput or compare with the
previous values for the improvement of the production. It is because the optimal values of output variables will be
vary over a specific period of time. The development of the optimal values must be continuously done in order to
keep the production is on the track and achieve the target. If the same new problem arises again, the steps should be
restarted again to identify the new optimal value of variables.

From the methodology of DES-RSM framework, a case study is conducted in a semiconductor manufacturing
company. The application of the framework will be discussed briefly in the next section.

4.Case Study

A case study was conducted in a semiconductor industry situated at Malaysia. In the semiconductor manufacturing
especially wafer fabrication, the complexity of re-entrant process flow, large number of process steps and high mix
of product types in low volume become a tremendous challenge for the team to determine the accurate planning of
production. From the historical data, the cycle time to produce a complete wafer becomes longer than the available
planning. This leads to the late delivery and reduces the satisfaction of customers. The factors of the increasing cycle
time that can be seen during the production are higher bottleneck at the critical machines, idleness for a long period
time and decreasing throughput per month. Higher bottleneck tends to increase the waiting time of the wafer in front
of the machines before being process. In wafer fabrication, the waiting time is the biggest contribution of increasing
cycle time due to the aforementioned complexity of the process.

The management team decided to investigate the root cause of the problem. The brainstorming session between the
team members arrived at conclusion to perform a methodology of DES-RSM framework in order to reduce the cycle
time of the wafer fabrication. The WITNESS simulation softwarewas adopted to interpret the real world of
production into DES model and to observe the interaction of the complex system, with focus onthe real input
variables that affect the cycle time of the wafer fabrication. The team decided to examine two input variables called
A and B to find the correlation in the cycle time studies. After the simulation run and data collection, the significant
difference and relationships between these variables with the cycle time are studied through ANOVA. The table
shows that the entire hypothesis are rejected and it means that A and B are significant different with the cycle time.
Then, each statistics in polynomial regression was considered todetermine the suitable polynomial model for
variable A and B. With the value of R-square above 0.7, the polynomial model of A is accepted. For B, the value of
R-square is below 0.7 and the model is rejected. Nevertheless, the polynomial model of B was revealed to be best
represented by the AxB model,with A assumes constant. The chosen models are plotted by RSM and the optimal
values of A and B can be estimated from the plotted graph. The graphs show that the cycle time can be reduced at
optimal values 0.5 of A and 0.4 of B. The finding can update and be implemented to the real production. The
comparison of previous value and current values must be done for the control analysis and improvement purposes.
The DES-RSM framework of the case study is illustrated in the Figure 4.

The implementation of DES-RSM framework in this case study provides clear view and detailed descriptions to

each step, thus eases the user to configure an approximate statistics of the framework based on the existing problem
setting. The needed time to accuratelyfind the optimal value can be shortening.
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5.Conclusion

A systematic methodology in finding the optimal value based on the production planning and control problem is
presented in this paper. The proposed framework works well with the problems by following each step in the
framework and achieves required optimal value of the input variables that compatible with the output variables. As a
conclusion, the related variables can be determined by using DES, ANOVA estimates the relationship between
variables and polynomial regression sets the model of variables. RSM plots the model into the perfect curve and
optimal value of the variables is achieved. Implementation the proposed framework in the case study also concludes
that the framework can reduce the time consume, ease of use and able to apply in widely area of application.
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