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a b s t r a c t

Real world job shops have to contend with jobs due on different days, material ready times that vary,
reentrant workflows and sequence-dependent setup times. The problem is even more complex because
businesses often judge solution goodness according to multiple competing criteria. Producing an optimal
solution would be time consuming to the point of rendering the result meaningless. Commonly used heu-
ristics such as shortest processing time (SPT) and earliest due date (EDD) can be used to calculate a fea-
sible schedule quickly, but usually do not produce schedules that are close to optimal in these job shop
environments. We demonstrate that genetic algorithms (GA) can be used to produce solutions in times
comparable to common heuristics but closer to optimal. Changing criteria or their relative weights does
not affect the running time, nor does it require programming changes. Therefore, a GA can be easily
applied and modified for a variety of production optimization criteria in a job shop environment that
includes sequence-dependent setup times.

� 2008 Elsevier Ltd. All rights reserved.

1. Introduction

Sequence-dependent setup times in job shops are very com-
mon. Moving from one family of parts to another can involve a sig-
nificant setup time compared to producing similar parts to those
that were just run. This type of problem is mathematically complex
to solve optimally, therefore simplistic heuristics like shortest pro-
cessing time (SPT), earliest due date (EDD), first-in-first-out (FIFO)
or even ad hoc scheduling are often used because management can
readily understand them. Additional complexity arises because
management routinely wants to consider multiple criteria when
evaluating schedule goodness.

In many manufacturing environments, the sequence of jobs run
on a particular machine affects the setup times. The author had the
opportunity to work at a sheet metal fabricator in 1991 where the
job shop environment had machines where the setup times would
vary according to the sequence of jobs processed. For example, the
turret punch could use the same punch for jobs of similar products
while a different product would require the punch to be changed
on the machine. The plant simply batched together alike jobs until
customers called and complained about their orders being late, then
the order of jobs queued in front of the machines was altered to re-
flect which customer had called most recently. The setup times for
each order are different due to different previous job order. The sim-
ilar job grouping by type was used in front of the numerical con-
trolled (NC) machine. This situation is common in many

environments with flexible manufacturing, where setting up once
to run a particular major class of parts is done, then minor setups
to alter specific products are done within the same major part class.
The setup time for a particular major class of parts typically depends
upon the previous part family.We consider a job shop environment
with multiple machines where multiple jobs consisting of a set num-
ber of operations each must be scheduled according to various crite-
ria. We will demonstrate that a simple genetic algorithm (GA) can
produce a good result quickly for managers for a complex set of se-
quence-dependent job shop scheduling problems. A GA is a viable
approach to solving optimization problems. The principles of a GA
proposed by Holland (1975) are the foundation of all GAs. A GA sim-
ulates evolution via natural selection on a model of a problem. The
idea is to evolve a population of candidate solutions to a given prob-
lem using operators inspired by natural genetic variation and natural
selection (Mitchell, 1996).

The basic structure of a GA is:

� Create an initial set of solutions.
� Score the initial set of solutions.
� Loop for reproduction.

– Copy the best solution to a new population.
– Randomly Mutate a small subset of the population to intro-

duce solution variety.
– Mating to combine solutions in the population according to

their fitness, in terms of score goodness, to create new
solutions.

– Score the new set of solutions.

� Until termination criteria.
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This paper is organized into the following sections; Section 2 is
a literature review of job shop scheduling, sequence-dependent
setups in scheduling, and GAs as an optimization tool. Section 3
is a description of the problem we are trying to solve. Section 4
is the mechanism behind how GAs work in general and specifics
on our GA. Section 5 explains how the tests are set up. Section 6
is a robustness test of the GA for various types of job shop prob-
lems. Section 7 is the summary and discussion of the implications
of the results.

2. Literature review

Job shops provide a unique scheduling problem because the
routings are based upon the jobs that need to be processed
and therefore the resource requirements are not based upon
the quantity as in a flow shop but rather the routings for the
products being produced. Job shop scheduling belongs to the
class of intractable problems known as NP-hard (Jain & Meeran,
1999).

Flow shop problems with sequence-dependent setups are
extensively covered in the current literature (Gupta, 1986; Kochhar
& Morris, 1987; Osman & Potts, 1989; Reeves, 1995; Rios-Mercado
& Bard, 1999; Ruiz, Maroto, & Alcaraz, 2005). Very little has been
done in job shops with sequence-dependent setups. Solution
methods for job shop scheduling range from simple greedy heuris-
tics such as SPT and EDD to more complex heuristics such as
branch and bound (Brucker, Jurisch, & Sievers, 1994), tabu search
(Nowicki & Smutnicki, 1996), and genetic algorithms as will be dis-
cussed in this section.

Finding a sequence of operations, even for a single machine
with sequence-dependent setup times and a single measure such
as makespan is equivalent to the traveling salesman problem
(TSP) and is therefore NP-hard (Pinedo, 2002). Schutten (1998) dis-
cusses extending the shifting bottleneck procedure (Adams, Balas,
& Zawack, 1988) to accommodate family setup times, staggered
release and due dates and other more realistic constraints one
extension at a time. However, they conclude that to alter the shift-
ing bottleneck to handle these features results in large computa-
tion times and is therefore not usable in practical situations. Sun
and Noble (1999) solve a job shop scheduling problem with the
objective of minimizing the weighted sum of squared tardiness
by decomposing it into a series of single machine scheduling prob-
lems. They find superior results to simulated annealing and tabu
search with their method.

Classical job shop scheduling problems have also been solved
using a GA. Candido, Khator, and Barcia (1998) add realistic con-
straints and use multiple objectives for their GA. The GA is used
to find the initial solutions and then these solutions are en-
hanced with a local hill climbing routine. Finally a modified
GA is used to further refine the schedule. However, this routine
was not applied to sequence-dependent setup times. The ability
of GAs to handle complex constraints is further shown by allow-
ing dual-resource constraints in a scheduling problem (ElMara-
ghy, Patel, & Abdallah, 2000). They achieve better solutions by
forcing feasible solutions from birth rather than allowing infeasi-
ble solutions to exist in the population. They choose to use a
random initial population rather than heuristic based. The paper
also shows that linear order crossover (LOX) performs better
than partially matched crossover for their particular problem.
The LOX crossover method preserves relative position between
genes (Falkenauer & Bouffouix, 1991). Cai, Wu, and Yong
(2000) devise a GA specifically designed for job shop problems.
The offspring from the mutation and crossover are not used di-
rectly in the next generation but in a local search routine. Given
these initial successes with applying genetic algorithms, we

choose to apply a genetic algorithm as the method to solve
our series of job shop problems. Our problems are made more
realistic and more complex by allowing multiple criteria in the
objective function.

Having a single criterion to solve for does not give the produc-
tion planner much control to differentiate among many competing
requirements or constraints. Richter (2002) argues that the use of a
multiple objective (criteria) fitness function has a positive effect on
convergence speed. Our job shop scheduling problems involve ear-
liness, tardiness, customer/job ranking and Cmax (makespan) as cri-
teria to form the objective function. However any number of
criteria can be easily included in the weighted objective function
in our GA solution. We use weighted multiple criteria similar to
Fulya, Mitsuo, Lin, and Turan (2006).

3. Problem description

In many manufacturing environments, the sequence of jobs
run on a particular machine affects the setup times. The author
had the opportunity to work at a sheet metal fabricator in 1991
where the job shop environment had machines where the setup
times would vary according to the sequence of jobs processed.
For example, the turret punch could use the same punch for jobs
of similar products while a different product would require the
punch to be changed on the machine. The plant simply batched
together alike jobs until customers called and complained about
their orders being late, then the order of jobs queued in front of
the machines was altered to reflect which customer had called
most recently. The setup times for each order are different due
to different previous job order. The similar job grouping by type
was used in front of the numerical controlled (NC) machine. This
situation is common in many environments with flexible manu-
facturing, where setting up once to run a particular major class
of parts is done, than minor setups to alter specific products are
done within the same major part class. The setup time for a par-
ticular major class of parts typically depends upon the previous
part family.

In manufacturing environments a feasible good solution is a
must. An optimal solution is a goal that cannot often be obtained
given time constraints. Commonly used heuristics such as SPT
and EDD can quickly create feasible solutions, but as problem
complexity increases the solutions may be far from optimal. In
this paper, to obtain not only a feasible solution, but to also find
a better one according to management’s criteria, we will develop
a GA procedure and compare its results against common
heuristics.

To make our job shop scheduling problems more realistic, in
addition to sequence setup times, the environment contains stag-
gered release dates and recirculation. Staggered release dates
means that we do not assume all jobs are ready to start at the same
time. This is common in real life since material availability is often
based upon supplier deliveries of components or raw materials.
Recirculation is the ability of a job routing to visit the same
machine more than once. The job shop scheduling problems used
in this paper are non-delay, meaning that a machine must process
a job if it is available for a waiting job. The job shop allows no pre-
emption of jobs (a job being processed on a machine must finish
completely before the next job starts, interruptions are not
allowed). Precedence relationships among operations of the same
job are respected. Each machine resource processes at most one
job at a time.

We first use three criteria and weight them to form our objec-
tive function; (1) earliness, (2) tardiness, and (3) customer and/or
job rank. We then alter the objective function to include a fourth
term, Cmax. A schedule is evaluated according to the weighted cri-
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