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Abstract

Scheduling problems in manufacturing industries has received considerable attention from researchers
under ideal environment in terms of certainty of information and stability of conditions. However, real
life situations are much more complex, less stable and more uncertain. In such cases, researchers turn to
the simulation methodology for optimizing scheduling decisions. In this study, a simulation model was
built for the flexible flow shop problem using Arena and OptQuest was utilized to determine the best
dispatching rule, optimal batch size and the number of machines at each work center. Average flow time
and average total earliness and tardiness were selected as performance metrics. The studied problem is
stochastic in terms of job arrival, processing time and machine failure. The problem becomes more
complex with the existence of machine setup times in between job processing. Computational results are
reported to show the effectiveness of the developed simulation model in finding desirable solutions for
both objective functions. Different dispatching methods are tested and compared in terms of their
effectiveness in optimizing different objective functions.
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1. Introduction

Workshops with flexible flow shop layout face difficulty in optimizing their facilities due to the complexity of
structure and unpredictability of information. Cases involving dynamic Jobs arrival, at the shop dynamically,
possible machine failure and sequence-dependent setup times for different job types are specifically more difficult to
optimize. Management has to decide not only to determine the scheduling rules, but also to determine the number of
machines to be allocated to each work station for optimal utilization the resources. On the other hand, to deal with
setup dependency, batching may be considered and hence the optimal batch size should be determined.

Studies on batching, resource allocation and job dispatching for such problems were conducted and reported in the
literature. Al-Turki, et al (2017) used simulation methodology to determine the best dispatching rule, optimal batch
size and the number of machines at each work center for a specific flexible flow shop. FIFO and LIFO policies were
tested with respect to minimizing average flow. A simulation model has been built using the simulation package
ARENA and its optimization tool called OptQuest is used for optimization. In this paper we extend the study by
extend the model to handle performance measures that include both earliness and tardiness and conduct sensitivity
analysis with respect to setup time requirement and utility constraint to characterize the optimal setting. Dynamic
SPT rule was added into dispatching rule options for optimizing the flow time problem and also Dynamic EDD for
the early-tardy objective.

The remaining sections of the paper are organized as follows. In Section 2, a summary of the literature review is
presented. Section 3 states the problem definition. A simulation model is build using ARENA in Section 4. In
Section 5, the computational experiments are presented and results are discussed. Conclusion and possible directions
for future research are stated in section 6.
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2. Literature Review

Scheduling problems in a flexible flow shop is extensively studied by many researchers to solve and analyze various
scheduling problems. Jolai, et al (2012) introduced a novel hybrid meta-heuristic algorithm to minimize the
maximum completion time in a no-wait flexible flow shop. The scheduling problem considered a set of n jobs with
sequence-dependent setup times. Jungwattanakit, et al (2009) compare some scheduling algorithms to minimizes a
convex sum of makespan and the number of tardy jobs in a static flexible flow shop environment with unrelated
parallel machines and sequence-dependent setup times. Several constructive algorithms and iterative metaheuristic
algorithms are compared among others to find the best scheduling rule. Choi, et al (2012) proposed a novel
decomposition-based approach in a flexible flow shop with stochastic processing time. They combine the shortest
processing time with the genetic algorithm to minimizing the makespan. Wang and Choi (2012) proposed a novel
decomposition-based approach to optimize maximum completion time in a flexible flow shop under machine
breakdown. Shen, et al (2014) studied flow shop scheduling with batching and sequence-dependent setup times for
optimizing the makespan.

The simulation approach is commonly used for addressing scheduling problems in a flexible flow shop. Allaoui, et
al (2004) used simulation for integrating scheduling problems in a hybrid flexible flow shop with maintenance
constraints. Their study deals with practical stochasticness existing in the field by considering random machine
breakdown. The problem also takes into account setup, cleaning, and transportation times while optimizing several
objectives based on flow time and due date. Kia, et al (2010) use discrete event simulation to conduct an
experimental study to find a good scheduling rule that minimizes the production cost in a dynamic flexible flow line.
Sequence-dependent setup times were considered and the simulation runs under various setup time ratios and shop
utilizations requirements. Xing, et al (2009) designed a simulation model to solve the multi-objective scheduling
problem in a flexible job shop. Kuo, et al (2008) use the simulation approach to finding a suitable dispatching rule
that provides a robust solution under the different operating scenarios in a flow shop with multiple processors.
Another study including multi-objective scheduling problem was conducted by Al-Turki, et al (2012). They built a
simulation model to address the optimal setting and resource allocation, batching and scheduling rule in a flexible
flow shop composed of several work centers with multiple identical machines at each center. The objective was to
minimize the average flow time considering dynamic arrival, machine breakdown and stochastic processing time.

3. Problem Definition

Consider a flexible flow shop with multiple stages. Each stage consists of several identical machines that are subject
to random breakdowns. Jobs of several types arrive over time in a random manner to be processed over all stages.
Jobs of the same type are identical in their processing time and setup time requirements. A machine changing from
processing one type of job to another need certain predetermined setup time. It is required to identify a dispatching
rule on each station that give the best shop performance in terms of several objective functions including earliness
and tardiness measures.

3.1 Objective

The objective of this study is to build a simulation model using Arena Software to examine three dispatching rules
which are Dynamic SPT, FIFO, and LIFO in terms of average flow time then optimize the model in the different
settings of setup time and machine utility constraint to do the sensitivity analysis. Also, examine four dispatching
rules which are Dynamic EDD, Dynamic SPT, FIFO and LIFO for the average total earliness and tardiness
measures. For each dispatching rule, the batch size and the number of machines at each work center are to be
determined.

3.2 Assumptions
There are eleven assumptions needed to build a simulation model of the considering problem in this study, as

follow:
a. Jobs are grouped into batches of n jobs of the same type and each batch is ready for processing once is formed.
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No machine may process more than one operation at the same time.

Each machine has a setup time which depends on the current and the arriving batch types.

Setup operations can be done only when the machine is completely free.

Machines are subjected to breakdowns.

Each batch must be processed completely in all work centers once it is started.

Machine sequence dependent setup times and jobs processing times are assumed to be deterministic.
Jobs inter-arrival times are assumed to be an exponential distribution.

A constant travel time is assumed for the time taken by any batch to move between work centers.
The number of machines at each work center should not exceed 3 machines.

The batch size is limited by 3 units.

FTEER e e o

4. Simulation Model

The problem in this study considers uncertainty on the arrival time, job processing time, machine breakdown and
sequence-dependent setup time for each machine that makes this problem highly stochastics. Accordingly,
simulation methodology is the most suitable tool to overcome these conditions. In this study, ARENA software used
to develop a model for a specific shop structure consisting of 4 work centers and 3 types of jobs. Two models are
built to study the different performances of the workshop under different dispatching rules for scheduling jobs, one
for the flow time problem and one for the early-tardy problem.

In order to construct the model, detailed data about the system are needed: Inter-arrival time for each job type are
assumed following exponential distributed with a mean of 35 minutes. Processing times are assumed to be normally
distributed with a fixed standard deviation of one minute for the flow time problem and 0.2 minutes for the early-
tardy problem. Setup times at the respective machine are deterministic. Table 1 shows the details of the processing
times and setup times for each machine.

Table 1. Processing time and setup time data for the two models

Data for Flowtime Problem Data for Early-Tardy Problem
Product Work Prosessing Setup time (124%) Product Work Prosessing Setup time

Center time P1 P2 P3 Center time P1 P2 P3

M1 7 0 7.85 7.85 M1 10 0 6 6

M2 7 0 8.27 8.27 M2 11 0 5 5

Pl M3 8 0 9.92 9.92 Pl M3 12 0 4 4
M4 12 0 15.29 15.29 M4 11 0 5 5

M1 7 7.85 0 7.85 M1 10.5 6 0 6

M2 6 8.27 0 8.27 M2 6.5 5 0 5

P2 M3 8 9.92 0 9.92 P2 M3 8.5 4 0 4
M4 13 15.29 0 15.29 M4 13.5 5 0 5

M1 5 7.85 7.85 0 M1 11 6 6 0

P3 M2 7 8.27 8.27 0 P3 M2 12 5 5 0
M3 8 9.92 9.92 0 M3 13 4 4 0

M4 12 15.29 15.29 0 M4 12 5 5 0

Mean Time to Failure is assumed to be exponentially distributed with a mean of 50 minutes and the Mean Time to
Repair is 5 minutes. Traveling time to move between the work center is assumed to be negligible. Jobs are
accumulated to form batches of the same type in the defined batch size. The due date for each job in the early-tardy
problem is assumed to be normally distributed with mean 3 hours and a standard deviation of one hour.

After the models are built, the optimality process is then conducted using the optimization tools in Arena software
namely OptQuest. This tool applies a combination of some heuristics methodology to determine the best values for a
set of control variables. Multiple combinations of a range of variables are automatically tested to searching the
values of variable controls that maximize or minimize a predefined objective. This optimization process is run for
different dispatching rules for specific performance measures. Then, the best combination of resources and batch
sizes along with the suitable dispatching rule are obtained.

The first step in the optimization process is initiated by selecting and applying a dispatching rule into the model.
Then in the OptQuest interface, we select response variables that are used to define the objective and constraints.
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The utilization of each machine, number out of each job type and the average flow time or the average early and
tardy values for each job type are the response variables. This is followed by selecting the control variables which
are the number of batches for each job types and number of machines for each work center. Afterward the objective
function and the constraints are added to the OptQuest. Once the optimization parameter is determined, the
OptQuest optimization process is run until converges. The statistics are collected and the process is repeated for
another dispatching rule under consideration. Figure 1. below shows the interface of the OptQuest.
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Figure 1. OptQuest interface screen shot

For sensitivity analysis, we set a different value for setup time and machine utilization. Table 2 shows the detailed
scenarios for this step.

Table 2. Setting parameter for sensitivity analysis

work setup time ratio minimum utiliztion

center 124% 204% 934% | setting 1 | setting 2
M1 7.85 12.92 59.15 25% 40%
M2 8.27 13.60 62.27 25% 40%
M3 9.92 16.32 74.72 25% 40%
M4 15.29 25.16 115.19 25% 40%

Three different values of setup time calculated by the ratio of setup time over average processing time for each
machine. Those percentages are generated randomly. Two different minimum values of machine utilization used to
check the effect of this parameter into the optimal configuration for each dispatching rule. Hence, there are 6
scenarios for each dispatching rule as a result of a combination from both parameters. The sensitivity analysis
applied for the flow time problem.

5. Computational Results

Based on OptQuest Arena user guide, if the number of control variables is less than 10 (which is true in our case),
the model is run for 100 simulations with 5 replications and 168 hours for each replication to optimize a certain
performance measure for the best combination of resources and batch sizes.

There are two models with respect to average flow time and average ecarliness and tardiness time. Each model is

tested for different dispatching rules to determine the optimal batch size and the optimal number of machines at each
work center under each rule. The rules considered for the average flow time model include First-In-First-Out
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(FIFO), Last-In-First-Out (LIFO) and Dynamic-Shortest-Processing-Time (DSPT). For the average earliness and
tardiness model all three dispatching rules are considered in addition to the Dynamic Early Due Date (DEDD) rule.
The result for average flow time under setup time ratio of 124% and minimum machine utilization of 40% is shown

in Table 3.

Table 3. Optimization result for flow time problem

X . . . Optimal Resource Configuration Performance
Dispatching Optimal Batch Size X
Rule (number of machines at each work center) Measure
P1 P2 P3 M1 M2 M3 M4 Avg. Flow Time
FIFO 1 1 1 1 1 1 2 115.3
LIFO 1 1 1 1 1 1 2 111.1
D-SPT 1 1 1 1 1 1 2 104.4

This result is in-line with the previous study (Al-Turki, et al, 2017) in which LIFO performs better than FIFO and
optimal configuration for all dispatching rules is similar. The optimal configuration is the same for all dispatching
rules. The optimal batch size is one job for all job types likewise the optimal number of machines for each work
center is also one unit except for the last machine. The DSPT rule is shown to performs better than LIFO. Figure 2
shows one of the OptQuest results for Dynamic SPT rule with the setup time ratio of 124% and the minimum
machine utilization of 25% for minimizing the average flow time.
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Figure 2. OptQuest result for flow time DSPT with 124% setup time ratio and min. 25% machine utilization
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Optimization results for the average earliness and tardiness time is shown in Table 4. In this performance measure,
four different dispatching rules provide different optimal configurations either on batch size for each job type or on
the number of machines for each work center. For example, FIFO gives optimal batch size 3, 3 and 2 jobs for job
type 1, type 2 and type 3 respectively and the optimal number of machines is one for work centers 1 and 4 and 2
machines are optimal for work center 2 and 3. The Dynamic EDD gives the best performance measure with average
earliness-tardiness time which is 62.2 minutes.

Table 4. Optimization Result for Early-Tardy Problem

. . " ) Optimal Resource Configuration Performance
Dispatching Optimal Batch Size .
Rule (number of machines at each work center) Measure

8 P1 P2 P3 M1 M2 M3 M4 Avg. E-T Time
FIFO 3 3 2 1 2 2 1 67.3
LIFO 3 3 3 2 2 2 2 70.6
D-SPT 3 3 3 2 2 2 2 69.7
D-EDD 2 1 2 1 1 1 1 62.2
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Table 5 shows the results of sensitivity analysis for the flow time problem with 6 scenarios generated by two
different machine utilizations and three different setup times. This result gives some interesting insight that can be
drawn from this data. If we look at the optimal configuration of batch size and number of assign machines in each
utilization setting, the configuration has remained the same while the setup time is increased. This reveals that the
model seems to be less sensitive to changes in setup times unless the changing is very high as shown in FIFO with a
934% setup time ratio.

Table 5. Sensitivity Analysis on Flow Time Problem

Minimum machine utilization 1: all machines > 0.25
FIFO LIFO D-SPT

average | configuration | total job | average | configuration | totaljob | average | configuration | totaljob
flowtime |(batch-machine)| processed | flowtime | (batch-machine) | processed | flowtime | (batch-machine) | processed

124% 86.3 111-2223 131.0 | 84.8 111-2223 130.8 82.7 111-2223 123.8
204% 103.8 | 111-2223 112.4 | 107.9 111-2223 122.4 | 106.4 111-2223 122.0

setup time

Scenario .
ratio

3 934% 299.4 121-2223 110.2 | 286.5 111-2223 105.0 291.9 111-2223 105.4
Minimum machine utilization 2: all machines >0.40
FIFO LIFO D-SPT
. |setup time

Scenario il average | configuration | total job | average | configuration | total job | average | configuration | total job
flowtime |(batch-machine)| processed [ flowtime | (batch-machine) | processed | flowtime | (batch-machine) | processed

4 124% 115.3 111-1112 124.4 | 111.1 111-1112 125.6 104.4 111-1112 122.2

5 204% 140.0 111-1112 118.2 143.6 111-1112 124.2 134.6 111-1112 118.6

6 934% 442.0 111-1111 79.0 369.4 111-1112 98.4 350.0 111-1112 97.8

Another conclusion can be drawn by looking at the configuration for different utilization levels. The model becomes
sensitive to the changes of the minimum machine utilization. The number of machines drops to one for all work
centers while minimum utilization is increased from 25% to 40%. Also, Dynamic SPT ‘seems to be the best
dispatching rule to solve the flow time problem under problem considered. This dispatching rule may not always
give the performance like in the second scenario. However, this rule frequently gives the optimal performance
measure.

6. Conclusion

Several dispatching rules are considered for job scheduling on unreliable flexible flow shop for two performance
measures, average flow time and average earliness and tardiness time. The problem is highly stochastics in terms of
job arrival, processing time and machine breakdown where the workshop consists of several work centers with
multiple identical machines at each stage and sequence dependent setup time. A simulation model has
been developed using ARENA and OptQuest has been utilized to optimize the problem. The objective of this
study is to determine the best dispatching rule, the optimal batch size for each job type, the optimal number
of identical machines at each work center, for minimizing the two performance measures. Sensitivity analysis with
respect to the setup time and minimum machine utilization is conducted.

The study found that the Dynamic Shortest Processing Time (DSPT) performs quite for the objective of minimizing
the average flow time. The Dynamic Earliest Due Date (DEDD) is found to be preferable for minimizing earliness-
tardiness. Furthermore, the model seems to be less sensitive to changes in setup time but sensitive to changes in
minimum machine utilization.

Further study is recommended for testing other dispatching rules for different performance measures such as
minimizing weighted completion time and green production related measures. Further sensitivity analysis for other
parameters such as the number of the work centers, number of job types or other parameters may be conducted.
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