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In many practical scheduling problems, the concerns of the decision-maker may not be all known in
advance and therefore may not be included in the initial problem definition as an objective function
and/or as constraints. In such a case, the usual techniques of multi-objective optimization become
inapplicable. To cope with this problem and to facilitate handling the concerns of the decision-maker,
which can be implicit or qualitative, a dedicated methodological framework is needed. In this paper we
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Robustness propose a new two-step framework. First, we aim at obtaining a set of schedules that can be considered

StﬂbllltY_ ) efficient with respect to a performance measure and at the same time different enough from one

gr'oductt_lon scheduling another to enable flexibility in the final choice. We formalize this new problem and suggest to address
isruptions

it with a multimodal optimization approach. Niching considerations are discussed for common
scheduling problems. Through the flexibility induced with this approach, the additional considerations
can be taken into account in a second step, which allows decision-makers to select an appropriate
schedule among a set of sound schedules (in contrast to common optimization approaches, where
usually a single solution is obtained and it is final). The proposed two-step approach can be used to
handle a wide range of underlying scheduling problems. To show its potential and benefits we illustrate
the framework on a set of hybrid flow shop instances that have been previously studied in the
literature. We develop a multimodal genetic algorithm that employs an adapted version of the
restricted tournament selection for niching purposes in the first step. The second step takes into
account additional concerns of the decision-maker related to the ability of the schedules to absorb the
negative effects due to random machine breakdowns. Our computational experiments indicate that the
proposed framework is capable of generating numerous high-performance (mostly optimal) schedules.
Additionally, our computational results demonstrate that the proposed framework provides the
decision-maker a high flexibility in dealing with subsequent side concerns, since there are drastic
differences in the capabilities of the efficient solutions found in Step 1 to absorb the negative impacts of
machine breakdowns.

Uncertainty

© 2013 Elsevier Ltd. All rights reserved.

1. Introduction to optimize a performance measure (usually an increasing func-

tion of job completion times, i.e., a regular measure) which is

Production scheduling is the process of deciding how to
allocate limited resources to a variety of competing tasks. There
has been a vast body of research on production scheduling
problems since their original formulation in late 1950s. Even
though these formulations typically involve optimizing certain
aspect of system performance (articulated as an objective func-
tion or metric), the issue of what metrics to use in assessing the
quality of a schedule is far from being trivial. General practice is
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deemed to address the most important aspects of the shop floor
performance. We call this measure the principal measure through-
out this paper.

Despite most existing research concentrates on optimizing one
or more principal measures, in certain environments in practice,
there is more to scheduling than what is generally considered in
the literature. An example is the environments where there are
side concerns in addition to the principal performance measure,
such as the schedule’s conformance to omitted constraints in the
modelling phase, economies of the schedule’s implementation,
the ability of the shop floor to position the work, tooling and
operators in a way that will smooth the execution of the schedule,
the capacity allocation between competing production lines, and
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the ability of the schedule to absorb the negative effects of the
unforeseen future disruptions. Another example is the case where
a number of users (from different departments of the company, or
even from different companies in the supply chain) with diverse
individual agenda should decide on a production schedule collec-
tively. These issues are discussed in more detail in Section 2. In
such environments, it may be too difficult, if not impossible, to
consider everything in advance, in the schedule generation phase.
Moreover, some concerns of the decision-maker may be intrinsi-
cally qualitative and therefore it may difficult to come up with
exact mathematical formulations that express the concerns prop-
erly as objective functions and/or constraints [5]. Consequently,
the well-known techniques of multi-objective scheduling (see
e.g., [42]) may become inapplicable.

Despite its obvious pertinence to scheduling practice, this
problem has not been considered in the literature to the best of
our knowledge. In this paper, we tackle with this problem using a
divide and conquer policy. Specifically, we propose a new frame-
work that divides the problem into two sub-problems by defer-
ring the detailed consideration of the side concerns to alleviate
this difficulty. In the first sub-problem, the aim is to obtain
several alternative schedules with good values of the principal
performance measure. The objective of the second sub-problem is
to choose a schedule that can be found satisfactory in terms of the
side concerns among those alternatives.

We suggest to address the first sub-problem of finding a set of
alternatives with good values of principal performance as a
multimodal optimization problem. Multimodal optimization deals
with searching all the local optima of a multimodal function.
Classical techniques of optimization would need multiple restart
points and multiple runs in the hope that a different solution may
be discovered every run, with no guarantee however. Evolution-
ary algorithms (EAs), due to their population based approach,
provide a natural advantage. The challenge of the using EAs for
multimodal optimization is to find and to maintain multiple local
optima.

In this respect, niching is suggested by many authors (e.g.,
[48]), and the references therein). Niching is a generic term
referred to as the technique of finding and preserving multiple
stable niches, or favourable parts of the solution landscape
possibly around local optima, so as to prevent convergence to a
single solution.

Evolutionary algorithms are known to be efficient in the
scheduling area (see e.g., [8]), and for multimodal optimization
[41]. However, multimodal scheduling problem seems to have
been little addressed in the literature. Among the possible reasons
for this, we note that many niching techniques in the literature
require a distance metric to discover whether two individuals
occupy the same niche or not. The majority of the niching
algorithms use Euclidean distance for this purpose. Although this
metric is appropriate when the search space is R", it is generally
not suitable for the search spaces encountered in combinatorial
optimization problems. Therefore, the multimodal evolutionary
algorithms in the literature are almost exclusively developed for
the optimization of functions from R" to R. In Section 3 we
demonstrate how the permutation theory can be used to measure
the distance between individuals for the problem handled in this
paper. We also illustrate the second sub-problem of considering
side concerns on the specific example of generating robust or
stable schedules in the face of random machine breakdowns in
Section 4.

The rest of this paper is organized as follows: In Section 2, we
give the rationale behind the proposed two-step approach and
define the problem addressed in this paper. Section 3 illustrates
our approach on a hybrid flow shop problem. We propose a
multimodal genetic algorithm to employ in the first step. We deal

with the second sub-problem and illustrate our approach on a
specific example of generating robust or stable schedules in the
face of random machine breakdowns in Section 4. We test the
performance of the proposed algorithm in Section 5. Finally, we
make our concluding remarks and identify possible future
research directions in Section 6.

2. Motivation and problem definition

Scheduling is a decision-making process that is far from being
isolated. It is in interaction with other decision-making processes
such as production planning, order review/release, due date
quotation, and lot sizing; for schedules are not just time/
machine/operation assignments, but they are also programs that
guide purchasing of raw material, negotiation of due-dates with
the customers, tool, fixture and operator assignments, determina-
tion of work-force and overtime levels, and transportation of raw
material and finished goods. Moreover, the implications of a
schedule are not necessarily confined within the borders of a
company. It is increasingly becoming common for companies to
share their production schedules with their suppliers with the
trend towards increasing collaboration between the elements of
supply chains, as noted in [25]. In other words, the schedule of a
shop floor has implications that are collectively experienced by a
number of different persons with different responsibilities. We
refer to them as partners in the rest of the article.

Kempf et al. [25] discuss the issue of assessing the quality of
production schedules (and proper metric selection) in detail. A
significant part of the difficulties encountered in such an endea-
vor are attributed to the existence of numerous uses for a
production schedule. Aytug et al. [4] also examine the ways in
which manufacturing organizations use production schedules
with a perspective of executional uncertainties and come up with
several purposes. The different functions of schedules that the
authors identify range from “the use as a capacity checking tool
for a higher-level production planning system” to “providing
visibility of future plans within the shop floor” or to “providing
degrees of freedom for reactive scheduling”. The authors conclude
that a schedule is often used for different purposes by different
partners, which are often trying to achieve different goals. The
decision-maker should take into account these different partners
and their goals in order to generate valid and applicable
schedules.

The well-known techniques of multicriteria scheduling imme-
diately comes to one’s mind when encountered with such a
situation. Unfortunately, the concerns of different partners may
not be all known in advance, can be implicit or qualitative, and
therefore may not be included in the initial problem definition as
an objective function and/or as constraints. A reasonable
approach to alleviate this problem can be to provide the partners
with the flexibility and freedom of choice introduced by generat-
ing more than a single alternative schedule. Such an approach
would significantly increase the chance of obtaining a schedule
that is found acceptable and reasonable by all the involved
partners. In fact, it is beneficial to have a choice between more
than one alternative regardless of the particular goals of the
partners. If the schedule is used as a capacity check for higher-
level reasoning, for example, the alternative schedules can be
compared with each other in terms of peak load intervals to select
the fittest solution. On the other hand, if the schedule is used to
provide visibility of future plans, the alternative schedules can be
compared in terms of the ease to bring the system and the
resources in line with a new schedule (system reconfiguration
in words of [4]) in case of disruptions. Note that it is not always
possible to come up with a well-defined mathematical expression
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to measure the schedule’s reconfigurability, and the best option
can be to resort to the expert opinion, i.e., active involvement of
the decision-maker. The decision-maker may know which sche-
dule is preferable when presented with a few alternatives, but
may find it hard to express this preference in a principal measure
[22].

The goals of different partners may be conflicting with each
other. For instance, while a customer representative may be
looking for a schedule with better delivery performance, a
representative from the manufacturing department may prefer
a schedule with fewer set ups and longer production runs, yet a
representative from the finance department may opt for a
schedule that involves as little work-in-progress inventory as
possible. Still, having more than one alternative increases the
chance to agree on a compromise, whereas having only one
schedule at hand may force some groups to reluctantly accept
an unsatisfactory (at least from their perspective) schedule.

Moreover, it may be insufficient to generate only one schedule
from a practical point of view. Practitioners and researchers agree
that it is very difficult, if not impossible, to model stochastic and
dynamically changing state of the shop floor exactly. Models solved
to generate production schedules often include (sometimes impli-
citly) several assumptions and tend to omit various aspects of the
shop floor for the sake of simplicity. Even though several alter-
native solutions may perform similarly in terms of the principal
measure that is being optimized, their performance may differ
drastically with respect to conformance to omitted constraints,
economies of implementation, the ability of the shop floor to
position the work, tooling and operators in a way that will smooth
the execution of the schedule, the capacity allocation between
competing production lines, or the decision-maker’s preferences
(which are not necessarily always quantitative) and expert opi-
nions. In fact, the shop floor personnel are often inclined to override
the schedule generated by an automated decision-making tool,
such as an expert system, not because of the schedule’s perfor-
mance in terms of the principal metric but because of its perfor-
mance in terms of these side concerns. Providing several schedules
instead of just one and letting the human decision-makers actively
involve in making the final decision may also enable efficiency.
Such an interactive decision-making process would comfort the
shop floor personnel and would make it easier for them to adhere
to the schedule they chose.

To sum up, it is desirable to provide the decision-maker with
several good solutions, instead of just one. Nonetheless, most
studies in the literature generally concentrate on generating a
single schedule and therefore overlook the aforementioned ben-
efits of generating several good solutions. We should note that the
idea of generating a family of schedules has already been
considered in the literature. For example, Artigues et al. [3]
extend the “process first schedule later scheme” in [45] to
generate a family of schedules. The families of schedules are
represented by ordered group assignments that define a sequence
of groups for each machine such that the operations within every
group are totally permutable. The authors study on minimizing
the number of groups and on maximizing the number of sche-
dules represented by the groups. The aim is to cope with
uncertainty by generating several similar (so-called compatible)
schedules so that the decision-maker can easily switch from a
schedule to another to react to disruptions if need arises. In
contrast to such a schedule multiplicity, in this paper, we concern
ourselves with generating diverse rather than compatible alter-
natives. We want the schedules to be significantly different from
one another to provide the decision-makers the true benefit of
choice. The existence of different alternatives is the prerequisite
to the concept of choice: if alternatives are too similar, there is no
selection in the real sense of the word.

Stepl.
F Multimodal

Optimization

Step 2. e& <l
P Inclusion of *

Side Concerns

Fig. 1. The global framework of the proposed approach.

2.1. Formal problem definition

In the light of the above discussions, an appropriate solution
methodology should satisfy two objectives when scheduling for a
shop floor when there are side concerns in addition to the primal
performance metric(s): provide a diverse set of schedules that
perform well (i.e., optimal or near-optimal), and ensure that the
selected schedule is in line with the side concerns. In this paper,
we propose a two-step approach where each step aims at
achieving one of these objectives. In the first step, we obtain a
diverse set of promising solutions, all of which perform well in
terms of the principal metric. In the second step, we analyse the
promising solutions obtained in the previous step in terms of
their compliance with the side concerns of the decision-maker.
Specifically, assume that the feasible region to the scheduling
problem at hand is denoted by [, and let z=f(S),S € [, denote the
performance of a schedule S in terms of the principal metric f. Let
z* denote the optimal value of the principal measure, i.e., z* = f(5)
where $ e arg mins . ¢f(S). In the first step, we aim at obtaining a
diverse set of promising solutions P c F, with the property
f(S)—z* <¢&¥Se P, where ¢ > 0 is a small number in R. Employing
multimodal optimization can be an interesting way to address
this problem. In the second step, each S € P is analyzed in terms of
side concerns. In Section 4, we illustrate this step on a specific
example of a hybrid flow shop subject to random machine
breakdowns, where the side concern of the decision-maker is
the ability of the generated schedule to absorb the negative
effects of unforeseen random machine breakdowns. Fig. 1 sum-
marizes the proposed global framework.

3. Sub-problem 1-obtaining the alternatives: illustration on a
hybrid flow shop

In this section, we illustrate the proposed two-step approach
on a hybrid flow shop. This problem is chosen because hybrid
flow shops are quite common, especially in the process industry
where multiple machines are available at each stage as well as in
certain flexible manufacturing environments. A hybrid flow shop
can be seen as an extension of two classical scheduling environ-
ments: the classical flow shop and identical parallel-machine
environments. To precisely define the hybrid flow shop schedul-
ing problem, assume that a set ] = {1,2, ...,n} of n simultaneously
available jobs must be sequentially processed on a set of k stages.
Each job is processed first at stage 1, then at stage 2, ..., and
finally at stage k. At stage i, M; identical parallel machines are
available. Each job je] can only be processed on one machine at
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a time and consists of k operations (0;;,0;, ...,0j). An operation
0;i has a processing time p; and has to be processed without pre-
emption on only one of the machines at stage i. The objective is to
find a schedule which minimizes the maximum completion time
or makespan defined as the elapsed time from the start of the first
operation of the first job at stage 1 to the completion of the last
operation of the last job at stage k.

If there are only two stages and there is a single machine at
each stage, the above hybrid flow shop problem is solvable in
O(nlogn) time by the well-known algorithm developed by
Johnson [24]. Other than this case, the hybrid flow shop schedul-
ing problem is NP-hard in the strong sense even if there are only
two available machines at one of the stages [23].

The first research papers about hybrid flow shop scheduling
appear in the 1970s. Salvador [39] published one of the pioneer
papers on hybrid flow shops by modelling the production system
in the synthetic fiber industry as a no-wait hybrid flow shop. In
1979, Garey and Johnson [14] showed that the hybrid flow shop
problem with makespan objective is NP-complete, and along the
years the NP-nature of most hybrid flow shop scheduling pro-
blems has been shown. Therefore, several exact methods as well
as a large number of heuristics and approximation algorithms
have been proposed for different hybrid flow shop configurations.
During the last decade, research in this area has focused on more
realistic problems, including sequence-dependent setups on
machines, machine eligibility, time lags on operations, prece-
dence constraints among jobs, etc. in order to bridge the gap
between theory and practice. We refer the reader to [29,35,37,44]
for a detailed and extensive review of the state of the art.

The objective of the first sub-problem is to obtain a diverse set
of schedules with good makespan values. This objective can be
achieved using multimodal optimization techniques. The algo-
rithm class of our choice is the genetic algorithms because of two
reasons: (1) genetic algorithms have been successfully applied to
generate good production schedules in the scheduling literature
and (2) niching techniques to achieve multimodality have been
thoroughly investigated in the evolutionary algorithms literature.
In the next section, we give the details of the proposed multi-
modal genetic algorithm.

3.1. Step 1: the proposed genetic algorithm

Genetics algorithms have been successfully applied to produc-
tion scheduling problems throughout the years [12]. For a review
of studies that are specific to the hybrid flow shop environment,
see [35,37]. In this section, we present the details of our
implementation, which can also handle the diversity requirement
for the first sub-problem.

Initial population: The initial population consists of pop_size
randomly generated individuals and pop_size is kept constant
through the generations.

Encoding of individuals: For scheduling applications, the encod-
ing scheme most frequently used in the literature is simply the
sequence of jobs. For hybrid flow shops, considering the fact that
different permutations of jobs may occur at different stages, a
logical encoding of a solution can have k strings, each being a
permutation of 1,2, ...,n, corresponding to the job list at different
stages. As also noted in [6,33], however, one can easily observe
that a free and random search can only be conducted at the first
stage for different permutations of jobs, where all jobs are
available. For the subsequent stages, permutations that deviate
from the permutation of the preceding stage may result in a
schedule with considerable unnecessary waiting times. Hence, we
consider the sequence of jobs only at stage 1 in the encoding of a
solution. We then decode each individual to a full schedule by
using a List Scheduling algorithm. In this encoding, a string of n

integers is used to represent an individual. Such a string =«
corresponds to the job list at stage 1 and is a permutation of
1,2,...,n. Each integer in the permutation, representing a job, is
called a gene in genetic algorithm terminology. We use the
notation 7; to indicate the gene at position i of chromosome
7. Similarly, let p,(i) denote the position at which gene i is located
in 7.

Decoding of individuals: An individual is decoded to a full
schedule by employing the List Scheduling algorithm proposed
by Graham [18]. List Scheduling algorithm constructs the sche-
dule by iteratively assigning the jobs to the machines according to
the list at the first stage such that job completion times are
minimized. Then, a new list is obtained based on an ascending
order of the completion times in the first stage. At the second
stage, the jobs are assigned to the machines according to the new
list and so on. It should be noted that this decoding scheme
preserves the sequence of jobs in the list while assigning the jobs
to the machines at a stage. This implies that a job will not be
scheduled before the job that precedes it in the list even though
there are enough machines and time available. On the other hand,
since there are multiple machines at a stage, two jobs may start at
the same time if there are enough machines available even
though they are not at the same position in the list. Observe that
List Scheduling algorithm creates a semi-active schedule since
jobs are scheduled as soon as possible by preserving the job order
defined by the list. Furthermore, List Scheduling algorithm does
not necessarily yield a permutation schedule.

We illustrate the decoding scheme with a small numerical
example. Consider five jobs to be scheduled in a two-stage hybrid
flow shop, with two identical machines at both stages. The
processing times are given in Table 1.

Assume that the sequence (1, 2, 3, 4, 5) is decoded. The
resulting Gantt-chart is given in Fig. 2. Observe that the list for
the second stage is (1, 2, 4, 3, 5) so we do not only consider
permutation schedules.

Fitness: The fitness of an individual is taken as the makespan
(Cmax) value of the corresponding full schedule obtained by the
List Scheduling algorithm as described above.

Reproduction: The population is arranged in pop_size/2 random
couples and each couple is eligible for reproduction. New solu-
tions (offspring) for the next generation are obtained by applying
crossover and mutation genetic operators to this mating pool. In
employing crossover operator, the objective is to introduce
improvement and to explore more of the fitness landscape. In
other words, crossover helps genetic algorithm to converge to the
optimal solution. Mutation introduces variability and diversity to
the population so that the search can escape from local optima.
Related to these two genetic operators, we define the crossover
rate (c), which is the probability of applying the crossover
operator to the parents, and the mutation rate (m), which is the
probability of applying the mutation operator to a child.

Crossover: We randomly select one of the parents and call it P1.
The other parent is called P2. Our crossover operator starts with
the first step of the Similar Job Order Crossover (SJOX) operator
proposed in [36]. In other words, we examine both P1 and P2 gene
by gene and the identical jobs occupying the same positions of the
both parents are directly copied to the offspring into that position.
We continue by the New Crossover Operator (NXO) proposed in

Table 1
Decoding example.

j 1 2 3 4 5
Dij 1 3 5 2 5
D2j 3 4 3 4 1
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Fig. 2. Decoding example.

[33] to fill the remaining genes of the offspring. A gene of a parent
is said to be available if this gene is not part of the offspring yet.
Similarly, a gene of a parent is not available if this gene is already
part of the offspring or if the previous gene is the last gene of the
parent. Furthermore a gene is said to fit better if its total
processing time requirement is less. NXO begins by copying the
first available gene of P1 to the offspring. This gene is named the
selected gene. Then, each job is scheduled one by one until the
offspring is fully specified. The next gene of the selected gene in
P1 and P2 are called next_genel and next_gene2. If both next_-
genel and next_gene2 are available, the fitter one is copied to the
offspring. If only one of the next_genel and next_gene2 is available
and the other one is unavailable, the available one is copied to the
offspring. Finally, if none of the next_genel and next_gene2 is
available, for each parent, next available genes (starting from the
positions of next_genel and next_gene2, respectively, and return-
ing to the first gene if the last gene is reached during the search)
are found and fitter of them is copied to the offspring. The copied
gene is the new selected gene and the process continues in the
same fashion until the whole offspring is obtained. The other
offspring is obtained in the same way starting with P2 instead of
P1.

We consider the following example to illustrate the construc-
tion of the offspring according to this crossover operator. Consider
a five-job problem with the following parent chromosomes:
P1=(3,5,1,2,4) and P2 =(4,2,1,5,3). We illustrate the construc-
tion of the child when we begin with P1. The other child is
obtained starting with P2 instead.

1. Since gene 1 is in the third position in both parents, we begin
with copying gene 1 into the third position in the child. Child:
(*' *, 1' >:<' *)

2. We start with P1 as explained above, hence the first gene of
the child is 3. Child: (3, * 1, * ™).

3. next_genel « 5, next_gene2 is not available since 3 is the last
gene in P2. We select 5 as the next gene of the child. Child:
(3,5, 1,%*.

4. next_genel is not available because 1 is already part of the
child. next_gene2 is not available either because 3 is also in the
child. We search P1 and P2 for next available genes starting
from 1 and 3, respectively. Hence, next_genel«2 and
next_gene2 —4. Assume that the total processing time require-
ment of job 4 is less than that of job 2. Then, job 4 is fitter than
job 2 and job 4 becomes part of the child. Child: (3, 5, 1, 4, *).

5. next_genel = next_gene2 =2. Since 2 is available, it is the
selected gene. Child (3, 5, 1, 4, 2).

Mutation: We use insertion mutation operator, which is widely
used in the literature. This mutation operator simply randomly
selects a gene and inserts it in a random position.

Selection and niching: The fundamental feature of the first sub-
problem is the requirement of multiple efficient solutions that are
sufficiently different from one another. As a consequence, it is
necessary to manage a multimodal optimization process. In the
domain of evolutionary algorithms, this issue can be handled

using niching, which aims at reducing the effect of genetic drift
(change in the relative frequency in which a gene occurs in a
population due to random sampling and chance) resulting from
the selection operator and at converging to multiple, highly fit,
and significantly different solutions. Niching algorithms and
techniques constitute an important research area in genetic and
evolutionary computation. A wide range of niching approaches
have been investigated in the literature, including sharing (e.g.,
[9,16,17,34]), crowding (e.g., [2,10,19,30,31]) and clustering (e.g.,
[1,21,47]). Sharing algorithms introduce niches by dividing the
population into different subpopulations according to the simi-
larity of the individuals. When a certain number of individuals
occupy a particular niche, it becomes favorable for other indivi-
duals to search for a new niche available in the search space.
Thus, sharing algorithms find an equilibrium between the number
of individuals occupying a niche and the payoff of the niche.
Sharing is usually implemented by degrading an individual’s
fitness due to the presence of other individuals in its neighbor-
hood. The amount of degradation depends on the number of other
individuals in the same niche and their proximity to the indivi-
dual under consideration. Clustering algorithms follow the same
line of reasoning. The population is divided into niches as usual
but the fitness of an individual is calculated based on the distance
between the individual and its niche centroid. This significantly
reduces the time complexity of niching, compared to sharing.
Crowding is motivated by analogy with competition for limited
resources among similar members of a natural population. Dis-
similar population members, often of differing species, occupy
different environmental niches, and therefore do not typically
compete for resources. On the other hand, similar individuals
tend to occupy the same environmental niches and compete for
the same limited resources. When a niche has reached its carrying
capacity, weaker members of that niche will be crowded out of
the population by stronger members. Crowding is generally
implemented by setting up local tournaments between newly
generated offspring and a certain number of similar parents.

In this study, we use a crowding algorithm, namely, the
Restricted Tournament Selection [19] as the niching method.
Harik [19] tests his method on several multimodal problems
having the number of peaks varying from 5 to 32. The algorithm is
shown to be able to maintain individuals at all the peaks, even
though some of the peaks gradually lose a number of elements. It
is also able to maintain all the global optima in a massively
multimodal problem. Singh and Deb [41] also find restricted
tournament selection very competitive in locating and maintain-
ing multiple modes in their study. Restricted Tournament selec-
tion is easy to implement. Specifically, consider the couple of
parents A and B, which are eligible to reproduce by applying
crossover operator yielding two new individuals, A" and B’ (after
possibly applying mutation). A" and B’ are then candidates to be
placed into the population. For each of A and B, we scan w
(window size) more members of the population and pick the
individual that most closely resembles the candidate from those
w elements. Let these elements be called A” and B’. A’ then
competes with A” and if A" wins, it is allowed to enter the
population and A” is crowded out. A similar competition occurs
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between B’ and B’. This kind of tournament will restrict an
entering individual from competing with others that are too
different for the sake of maintaining diversity and preventing
genetic drift.

To measure how close two individuals resemble each other,
one needs a distance metric. The majority of the niching algo-
rithms use Euclidean distance between two individuals for this
purpose. Although this metric is appropriate for multimodal
optimization of functions such as f:R"—R, the search space
we consider in this study is composed of permutations of jobs
1,2,...,n, and the Euclidean distance does not make much sense.
Several distance metrics from the permutation theory and algo-
rithms to compute them are reviewed in [40]. The distance metric
we propose in this study is the minimum number of swaps
required to obtain a permutation starting from the other. This
distance can be calculated in O(n?) time. To briefly review it,
we have to first introduce permutation multiplication and inverse
permutations. For the sake of notational convenience, we can see
a permutation as a bijective function, where 7(i) = 7;. Then the
permutation product (7 - ') is defined as the composition of the
bijective functions w and 7/, that is (« - ’); = 7/(n(i)). Let I denote
the identity permutation, which corresponds to the identity
function. Then for each permutation 7, there exists a permutation
7! such that #-n'=n"1.7m =1 Such a permutation can be
obtained as 7;! = p,(i). Let d(r,m’) denote the distance between
the permutations 7 and n’. Then we have d(n,7)=d(x ! - 7,I).
The right hand side of the previous equation is the distance of the
permutation ©~!'.7’ to the identity permutation I, which is
simply the count of the couples of genes that have the wrong
relative order in -1 . 7.

The proposed genetic algorithm can now be described as
follows:

e Input

o Parameters for genetic algorithm: pop_size,c,m,w, stopping
criterion

O Parameters for scheduling problem: n,k,m;p;;i=1,2,....k
andje].

o Steps

1. Generate initial population with pop size random indivi-
duals, where each individual will be a permutation of
integers from 1 to n, representing a sequence of jobs at
stage 1.

2. Divide the population into pop_size/2 couples randomly.

3. Mate couples according to crossover rate ¢ by applying the
crossover operator.

4. Mutate new individuals by applying the mutation operator
according to mutation rate m.

5. For each offspring A’, select window size w individuals from
the population randomly.

6. Find the closest individual A” to A’ among these w
individuals.

7. Use List Scheduling algorithm to decode A" and A” into full
schedules and then calculate their corresponding Cpax
values.

8. If A" is not worse than A”, replace A” with A’. Otherwise
disregard the offspring A'.

9. Apply steps 2-8 until the stopping criterion is met.

Note that even though the above algorithm is specifically
developed for the hybrid flow shop problem, the proposed two-
step framework is quite generic. The only assumption we make is

that the underlying scheduling problem can be solved with an
evolutionary algorithm. This is needed to be able to use niching
approaches to handle diversity (which is convenient in evolu-
tionary algorithms but other population-based metaheuristics
such as particle swarm optimization can also be considered).
For an EA, one needs to define a chromosome encoding and the
evolutionary operators. One may think that this restricts the class
of scheduling problems that can be addressed. However, many
studies in the literature present evolutionary approaches to solve
(sometimes quite complex) scheduling problems. These algo-
rithms can be adapted to be used within the proposed two-step
framework. Of course, one needs to verify that the distance metric
we suggest is compatible with the new chromosome encoding
scheme and elaborate on a new distance metric if needed. None-
theless, as most encoding schemes in the literature involve the
sequence of operations on machines, the idea of using distance
between permutations as the distance metric remains convenient
(possibly after small modifications to aggregate several permutation-
distances into a single schedule-distance). Therefore other machine
scheduling problems can be handled by the proposed methodology.

Having obtained a set of different enough efficient alternatives
in this step, the problem is now reduced to selecting a schedule
that can be found acceptable in terms of the side concerns of the
decision-maker. This is the objective of the second sub-problem,
which is handled in the next section.

4. Sub-problem 2-considering side concerns: illustration on
an environment with random machine breakdowns

The final choice is made in this step after a thorough analysis
of the alternatives obtained in the previous step. In other words, a
solution is chosen on the basis of the decision-maker’s expertise
among the alternatives in P c [. Note that this choice is not based
on the performances of the alternatives as they all have accep-
table performance levels. Other considerations such as confor-
mance to omitted constraints, economies of implementation, the
ability of the shop floor to position the work, tooling and
operators in a way that will smooth the execution of the schedule,
the capacity allocation between competing production lines, etc.
can play an important role in the final decision. Such types of
considerations can be quite difficult to include in the problem
formulation in advance.

In the hybrid flow shop illustration we consider in this paper,
assume that, given the current conditions of the company, it is
necessary to avoid the negative effects of the executional uncer-
tainties present in the shop floor as much as possible. In other
words, the company will not consider a schedule plausible if there
is a risk of serious degradation in the quality of the schedule in
the face of possible disruptions. Specifically, the primary concern
of the decision-maker is to generate an efficient schedule, which
is measured in terms of the makespan. But in addition to that,
despite being secondary to have a good makespan performance,
the decision-maker still wants the schedule to be as protected as
possible against deterioration caused by executional uncertainties.

To handle this concern, we first take a closer look at the
scheduling literature for the studies in the face of random
disruptions. In this body of research, two new concepts, namely
robustness and stability, are taken into account. The schedules are
required to keep high performance (usually in terms of a principal
metric) in the face of uncertainties. In other words, it is desired
that their performance are insensitive to the negative impacts of
the disruptions. This is the concern of robustness. It is also
required that, when a schedule is executed in the shop floor,
the realized schedule does not deviate much from its initial
version. This is because many activities (besides production) are
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planned based on the production schedule. Examples of such
activities are placing orders for raw material, transportation of
raw material or end products, negotiating due-dates with custo-
mers, planning workforce level, evaluating the amount of needed
overtime, etc. It is important that the unforeseen disruptions
affect the plans for these activities as little as possible. This is the
concern of stability. Several measures to assess the robustness
and stability of schedules have been developed in the literature.
We refer the reader to [4,20,38,43] for a detailed review of the
research on scheduling in the face of uncertainties. Sabuncuoglu
and Goren [38] also review several robustness and stability
measures.

4.1. The machine breakdown/repair process, robustness and stability
measures

In the hybrid flow shop we consider in this paper, all Zf—‘: 1 M;
machines are subject to random breakdowns. The up times of
machine m have independent and identical general distribution
G1m(t). Similarly, the down times (i.e., the times that the machine
is not in operation due to breakdown) are independent and
identically distributed according to a general distribution Gy,(t).
We assume that all n jobs are released at time t=0. Let Up,1,Up3
... be the sequence of up times and D,;;,Dp,; ...be the sequence of
down times for machine m. That is, machine m is operational from
time 0 to U,1, when the first breakdown occurs. The machine
then takes time D,,; to be repaired and is again available for
processing from time U,y +Dyyq to time Upyg +Dig + Uz, and so
on. We assume the right-shift rescheduling scheme, i.e., when the
machine fails the operations are shifted to the right on the Gantt-
chart a sufficient amount to just accommodate the repair duration
if necessary. The work already performed on the affected opera-
tion is not lost and processing resumes from where it left off. We
refer to the actual schedule that is executed on the shop floor as
the realized schedule. Let ¢;(S) denote the completion time of job j
in the initial schedule S and C;(S;) denote the completion time of
jobjin the realized schedule. Note that C(S;) is a random variable.

Even though the proposed two-step frame is especially useful
when the side concerns of the decision-maker cannot be
expressed as closed-form mathematical functions, for the sake
of simplicity and ease of illustration, we will use some measures
to demonstrate the potential benefit of searching for multiple,
different enough, good-performance solutions instead of just one.
Specifically, we evaluate the robustness and stability perfor-
mances of the schedules obtained in the first step from a
proactive viewpoint with the help of four measures that are
discussed in what follows.

Robustness measure R1: The majority of the recent studies that
explicitly address robustness involve expected realized perfor-
mance as a robustness measure. The expected realized perfor-
mance can be a robustness measure by itself as in the study [45]
or can be a part of it as implemented in [28]. The first robustness
measure we consider is thus the expected makespan:

RIS = E max(Ci50)|. M)
je

Robustness measure R2: The other robustness measure we
consider is based on regret. Regret is the opportunity cost in
terms of principal measure that is incurred because the exact
locations of breakdowns in the time horizon and the repair
durations are unknown at the beginning of the planning horizon.
If we knew the breakdown times and repair durations ahead of
time, we would begin with an initial schedule S* with the
minimum realized makespan instead of S. The difference between
the makespans of S and S* is the regret associated with the
schedule S. This measure is closely related to the minimax type of

objective functions that are used in robust optimization literature
(see [26]). Specifically,

R2(S)=E {maJX{CJ-(Sr)}—maJX{C,-(Sf)}}, )
je je
where
S*earg msin{majx{Cj(Sr)}}. (€))
je

Stability measure S1: A stable schedule is one that does not
deviate much from the initial schedule in the face of disruptions.
The deviation is generally measured in terms of the differences
between the job completion times in the initial and realized
schedules. Hence, a typical stability measure is a non-decreasing
function of the deviation of job completion times. The most
frequently used function in the literature is the summation of
absolute values, which is first proposed in [46]

S1(S)=E [Z |Cj(sr)—c,(5)} ) “4)

i=1

Stability measure S2: The other stability measure that we use in
this paper is the total variance of the realized completion times. It
is obvious that the smaller the variance, the less the dispersion
and hence, more stability, literally:

§2(5)= Y _ Var[Gi(S)]. (5)

j=1

5. Computational experiments

Our computational study aims at analyzing the performance of
the proposed genetic algorithm in terms of (1) minimizing the
makespan and (2) identifying significantly diverse solutions.
Related with the second aim, we illustrate the potential benefits
of the proposed two-step framework in terms of side concerns
using a specific example, where the machines are subject to
random machine breakdown and the decision-maker concerns
himself/herself with protecting the schedules against the negative
effects of such breakdowns. The proposed genetic algorithm is
coded in C++ and run on a notebook with an Intel Core i3-2310M
processor and 2048 MB of memory running under Windows
7 Professional 32-bit edition. We take pop_size = 500,c = 50%,
m=10%w=100 in our computational study. The proposed
genetic algorithm is run for 1600 CPU seconds before stopping.

The test problems used in our experiments are the benchmark
problems that are presented in [7]. The problem sizes varies from
10-job x 5-stage to 15-job x 10-stage. Processing times have a
uniform distribution in the range of (3, 20). Three characteristics
that define a problem are number of jobs, number of stages and
number of identical machines at each stage. An instance is said to
have the configuration M;M, ... M,, where M; is the number of
identical parallel machines in stage i. The instances are divided
into four categories (i.e., a, b, ¢ and d) according to their machine
configuration. The instances of types a, b, ¢ and d have the
configurations 33133, 13333, 33233, and 33333, respectively.

The same problems are previously studied in the literature.
While a branch and bound (B&B) algorithm that is improved with
the use of satisfiability tests and time-bound adjustments is used
in [32] an artificial immune system (AIS) is adopted in [11] to
solve the same problem instances. Both studies limit their CPU
time by 1600 s. If an optimal solution is not found within 1600 s,
the search is stopped and the best solution is accepted as the final
schedule. The authors in both studies present the lower bounds
for the problem instances and the relative gap from the lower
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bounds (LBs). In our study, we also calculate this optimality gap,
which is formulated as

c* LB

LB’
where C;,, is the best makespan found by the algorithm and LB is
the lower bound. The comparison of the proposed multimodal
genetic algorithm (GA) with the AIS and B&B algorithms is
summarized in Tables 2 and 3.

In Tables 2 and 3, the column entitled “#” indicates the
number of different solutions in the final population of the
proposed genetic algorithm (i.e., P). The third and fourth columns
show the best and the worst makespan values, respectively, in P.
The fifth column presents the percentage gap between the best
and the worst makespan values (i.e., 100 x (maxX Cpgx— mMin Crax)/
min Cpngx). The lower bounds and the percentage deviations from
the lower bounds are also given in the table. Recall that the CPU
time limit on all three algorithms is 1600 s.

From the tables, we can observe that the proposed genetic
algorithm performs very well; it solves at least 61 out of 77
instances to the optimality and the average optimality gap is
1.67% over all instances.

As explained in the previous studies, the machine configura-
tions have an important effect on the complexity of the problems,
which affects solution quality. Néron et al. [32] identify some of

%Gap = 100 x

Table 2
Comparison of alternative algorithms.

Instance # Cmax LB %0ptimality Gap
Min Max %Gap GA AIS B&B
j10c5a2 300 88 88 0.00 88 0.00 0.00 0.00

j10c5a3 224 117 117 0.00 117 0.00 0.00 0.00
j10c5a4 210 121 121 0.00 121 0.00 0.00 0.00
j10c5a5 183 122 122 0.00 122 0.00 0.00 0.00
j10c5a6 121 110 110 0.00 110 0.00 0.00 0.00
j10c5b1 392 130 130 0.00 130 0.00 0.00 0.00
j10c5b2 355 107 107 0.00 107 0.00 0.00 0.00
j10c5b3 282 109 109 0.00 109 0.00 0.00 0.00
j10c5b4 329 122 127 4.10 122 0.00 0.00 0.00
j10c5b5 360 153 153 0.00 153 0.00 0.00 0.00
j10c5b6 391 115 115 0.00 115 0.00 0.00 0.00

j10c5c1 73 68 71 4.41 68 0.00 0.00 0.00
j10c5¢c2 89 74 75 1.35 74 0.00 0.00 0.00
j10c5¢c3 107 72 73 1.39 71 1.41 1.40 0.00
j10c5c4 79 66 68 3.03 66 0.00 0.00 0.00
j10c5¢5 101 78 79 1.28 78 0.00 0.00 0.00
j10c5¢c6 86 69 70 1.45 69 0.00 0.00 0.00

j10c5d1 106 66 67 1.52 66 0.00 0.00 0.00
j10c5d2 129 74 75 1.35 73 1.37 0.00 0.00

j10c5d3 90 64 65 1.56 64 0.00 0.00 0.00
j10c5d4 76 70 71 1.43 70 0.00 0.00 0.00
j10c5d5 108 66 68 3.03 66 0.00 0.00 0.00
j10c5d6 135 62 63 1.61 62 0.00 0.00 0.00

j10c10al 126 139 139 0.00 139 0.00 0.00 0.00
j10c10a2 101 158 160 1.27 158 0.00 0.00 0.00
j10c10a3 155 148 148 0.00 148 0.00 0.00 0.00
j10c10a4 162 149 149 0.00 149 0.00 0.00 0.00
j10c10a5 122 148 148 0.00 148 0.00 0.00 0.00
j10c10a6 110 146 147 0.68 146 0.00 0.00 0.00
j10c10b1 300 163 163 0.00 163 0.00 0.00 0.00
jl0ciob2 295 157 158 0.64 157 0.00 0.00 0.00
j10c10b3 290 169 169 0.00 169 0.00 0.00 0.00
jl0ciob4 273 159 159 0.00 159 0.00 0.00 0.00
j10c10b5 296 165 167 1.21 165 0.00 0.00 0.00
j10c10b6 295 165 166 0.61 165 0.00 0.00 0.00
j10c10c1 86 115 116 0.87 113 1.77 1.80 12.40
j10c10c2 92 119 120 0.84 116 2.59 2.60 0.00
j10c10c3 91 116 118 1.72 98 1837 1840 35.70
j10c10c4 94 120 121 0.83 103 16,50 16.50 31.10
j10c10c5 98 126 127 0.79 121 413 410 19.80
j10c10c6 122 106 108 1.89 97 9.28 930 15.50

Table 3
Comparison of alternative algorithms continued.

Instance  # Cmax LB %0ptimality Gap
Min Max %Gap GA AIS B&B

j15c5al 267 178 178  0.00 178 0.00 0.00 0.00
j15c5a2 421 165 165  0.00 165 0.00 0.00 0.00
j15c5a3 347 130 130 0.00 130 0.00 0.00 0.00
j15c5a4 314 156 156  0.00 156 0.00 0.00 0.00
j15c5a5 433 164 164  0.00 164 0.00 0.00 0.00
j15c5a6 403 178 178  0.00 178 0.00 0.00 0.00
j15¢5b1 429 170 170  0.00 170 0.00 0.00 0.00
j15c5b2 433 152 152 0.00 152 0.00 0.00 0.00
j15c5b3 434 157 157  0.00 157 0.00 0.00 0.00
j15c5b4 449 147 147  0.00 147 0.00 0.00 0.00
j15c5b5 414 166 166  0.00 166 0.00 0.00 0.00
j15c5b6 389 175 175  0.00 175 0.00 0.00 0.00
j15¢5¢c1 97 85 86 1.18 85 0.00 0.00 0.00
j15c5¢c2 110 91 91 0.00 90 1.11 1.10 0.00
j15¢5¢3 151 87 8 1.15 87 0.00 0.00 0.00
j15c¢5¢c4 108 90 91 1.11 89 1.12 0.00 1.10
j15¢5¢5 107 74 76 270 73 1.37 140 15.10
j15¢5¢c6 124 91 91 0.00 91 0.00 0.00 0.00
j15c5d1 451 167 167  0.00 167 0.00 0.00 0.00
j15¢5d2 97 84 8 1.19 82 2.44 2.40 3.70
j15c¢5d3 82 83 84 1.20 77 7.79 7.80 24.70
j15c5d4 103 84 8 1.19 61 37.70 37.70 65.60
j15c¢5d5 132 80 81 1.25 67 1940 1940 44.80
j15c5d6 110 81 82 123 79 2.53 3.80 10.10
j15c10al 432 236 236  0.00 236 0.00 0.00 0.00
j15c10a2 361 200 200 0.00 200 0.00 0.00 0.00
j15c10a3 400 198 198  0.00 198 0.00 0.00 0.00
j15c10a4 425 225 225  0.00 225 0.00 0.00 0.00
j15c10a5 380 182 182  0.00 182 0.00 0.00 0.50
j15c10a6 377 200 200 0.00 200 0.00 0.00 0.00
j15c10b1 441 222 222 0.00 222 0.00 0.00 0.00
j15c10b2 448 187 187  0.00 187 0.00 0.00 0.00
j15c10b3 460 222 222 0.00 222 0.00 0.00 0.00
j15c10b4 459 221 221 0.00 221 0.00 0.00 0.00
j15c10b5 420 200 200 0.00 200 0.00 0.00 0.00
j15c10b6 423 219 219  0.00 219 0.00 0.00 0.00
Averages

Hard 118.79 1.48 3.18 3.13 6.88
Easy 302.15 0.29 0.99 0.99 217
All 245.00 0.66 1.67 1.66 3.64

the problems as hard problems. For these problems, the optimal
solutions cannot be reached in a short time. The difficulty with
these problems basically stems from their machine configurations
(all these problems are c or d type problems). In other words, hard
problems do not have a bottleneck stage with only a single
machine. There are 24 problems in that group (the c and d types
of 10 x 5 and 15 x 5 problems). The rest of the problems (all a, b
types and 10 x 10 ¢ type problems) are referred to as easy
problems. In Tables 2 and 3, instance names typed in boldface
represent the hard problems. As it can be observed from the
tables, all three algorithms perform better for easy problems in
terms of average optimality gap. For both hard and easy problems,
we observe that the performances of the proposed genetic
algorithm and the AIS algorithm are similar and better than the
performance of the B&B algorithm in terms of average optimality
gap. We also observe that the number of alternative solutions
identified by the proposed algorithm is generally greater for easy
problems than for hard problems. In addition, the percentage gap
in makespan values is smaller for easy problems. In other words,
for easy problems, the proposed genetic algorithm generates
more solutions with better performance. To sum up, the proposed
genetic algorithm performs similar to the AIS algorithm (and
better than the B&B algorithm). As an additional benefit, it
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Table 4
Benefit of having alternative schedules.

Instance R1 R2 S1 S2

Min Max %Gap Min Max %Gap Min Max %Gap Min Max %Gap
j10c5a2 97.9 113.27 15.70 9.61 2497 159.83 84.31 172.29 104.35 828.82 1923.25 132.05
j10c5a3 124.06 152.08 22.59 6.8 34.82 412.06 65.55 140.67 114.60 610.98 1875.07 206.90
j10c5a4 126.33 147.02 16.38 52 25.89 397.88 64.85 161.4 148.88 611.43 1884.12 208.15
j10c5a5 127.53 145.02 13.71 534 22.83 327.53 68.75 169.08 145.93 681.69 1874.23 174.94
j10c5a6 115.68 127.49 10.21 5.48 173 215.69 62.62 130.93 109.09 608.5 1529.34 151.33
j10c5b1 134.56 159.32 18.40 4.52 29.28 547.79 75.43 214.43 184.28 729.99 2355.67 222.70
j10c5b2 113.05 142.65 26.18 5.9 35.51 501.86 80.94 208.35 157.41 801.55 2446.94 205.28
j10c5b3 117.11 136.75 16.77 7.79 27.43 252.12 76.96 191.62 148.99 876.82 2457.56 180.28
j10c5b4 129.73 153.05 17.98 7.55 30.87 308.87 71.41 190.76 167.13 735.14 2418.91 229.04
j10c5b5 154.78 170.11 9.90 1.78 17.11 861.24 54.45 149.96 175.41 545.06 1881.97 245.28
j10c5b6 122.33 147.34 20.44 7.16 32.18 349.44 80.81 215.46 166.63 772.21 2824.66 265.79
j10c5c1 85.7 91.38 6.63 12.36 18.04 45.95 101.44 1353 33.38 1005.27 1554.76 54.66
j10c5¢c2 89.98 101.47 12.77 11.39 22.88 100.88 95.23 146.34 53.67 1032.63 1709.16 65.52
j10c5¢c3 89.73 99.34 10.71 10.85 20.47 88.66 91.37 154.34 68.92 901.13 1572.23 7447
j10c5¢c4 89.82 95.2 5.99 13.21 18.59 40.73 116.13 159.48 37.33 1168.92 1884.29 61.20
j10c5¢c5 93.08 106.87 14.82 11.3 25.09 122.04 79.18 147.84 86.71 907.66 1664.75 83.41
j10c5c6 92.55 97.15 4.97 14.29 18.89 32.19 116.31 160.55 38.04 1194.64 1771.27 48.27
j10c5d1 89.05 96.84 8.75 13.42 21.21 58.05 120.5 165 36.93 1142.67 1816.77 58.99
j10c5d2 96.76 105.21 8.73 14.98 23.43 56.41 1235 190.39 54.16 1347.45 2168.18 60.91
j10c5d3 85.92 93.66 9.01 13.86 21.6 55.84 127.75 176.02 37.78 1225.91 1874.83 52.93
j10c5d4 92.64 100.92 8.94 12.47 20.75 66.40 127.9 186 45.43 1269.86 1987.01 56.47
j10c5d5 90.73 95.23 4.96 13.99 18.48 32.09 126.12 162.95 29.20 1209.51 1771.52 46.47
j10c5d6 85.73 89.07 3.90 14.61 17.95 22.86 116.76 155.2 32.92 1135.69 1593.24 40.29
j10c10a1 155.03 171.8 10.82 14.6 31.37 114.86 131.54 237.49 80.55 1443.62 3046.08 111.00
j10c10a2 171.32 186.08 8.62 11.19 25.95 131.90 127.43 214.32 68.19 1517.63 3124.87 105.90
j10c10a3 155.01 165.65 6.86 6.77 17.41 157.16 121.79 199 63.40 1363.69 3037.24 122.72
j10c10a4 163.61 183.27 12.02 13.42 33.08 146.50 140.63 266.66 89.62 1473.45 3494.26 137.15
j10c10a5 157.91 175.99 11.45 9.43 27.51 191.73 154.92 276.56 78.52 1880.13 3667.99 95.09
j10c10a6 155.46 171.23 10.14 8.03 23.8 196.39 145.42 226.73 55.91 1602.54 3053.58 90.55
j10c10b1 168.02 195.75 16.50 4.92 32.65 563.62 99.33 288.36 190.31 1116.34 4241.64 279.96
j10c10b2 166.87 205.77 2331 9.65 48.55 403.11 114.9 379.48 230.27 1357.88 4815.06 254.60
j10c10b3 175.11 204.56 16.82 5.95 35.41 495.13 111.66 332.94 198.17 1290.29 4261.64 230.29
j10c10b4 169.01 200.98 18.92 9.68 41.65 330.27 119.65 327.29 173.54 1598.35 4362.78 172.96
j10c10b5 176.02 210.92 19.83 10.77 45.67 324.05 139.4 325.38 133.41 1508.66 4324.76 186.66
j10c10b6 1733 209.45 20.86 8.09 44.25 446.97 88.49 368.76 316.73 920.83 4267.74 363.47
j10c10c1 150.23 156.87 4.42 19 25.64 34.95 234.17 301.97 28.95 2224.43 3148.23 41.53
j10c10c2 147.93 157.96 6.78 19.98 30.02 50.25 212.55 282.54 32.93 2605.06 3527.6 35.41
j10c10c3 146.61 162.62 10.92 16.11 32.11 99.32 206.6 313.43 51.71 2509.38 3704.54 47.63
j10c10c4 153.6 165.07 7.47 19.89 31.36 57.67 245.15 319.78 30.44 2240.73 3649.25 62.86
j10c10c5 157.8 169.76 7.58 18.85 30.81 63.45 22713 313.24 37.91 2618.2 3955.08 51.06
j10c10c6 138.52 154.52 11.55 18.25 34.25 87.67 222.04 318.35 43.38 2154.74 3550.22 64.76

provides 245 solutions on the average with high performance
(0.66% gap between the worst and the best on the average)
instead of just a single schedule.

Next, we demonstrate the benefit of using the proposed two-
step framework. Here, the side concern is the ability of the
generated schedules to absorb the negative effects of unforeseen
future disruptions. In order for the proposed two-step approach
to work properly, it is necessary to be able to obtain significantly
different schedules at the end of the first stage. For the sake of
simplicity and ease of illustration, we test the performance of the
generated schedules in P in terms of the robustness and stability
measures explained before to see if the difference within the
population is enough to harvest the benefits of having more than
one alternative in handling side concerns.

The values of the robustness and stability measures in the
second stage are estimated by simulating the schedules for 100
replications. In simulation runs, a breakdown occurs after a
machine is kept busy for a time period whose length is drawn
from a Gamma distribution with a shape parameter of 0.7. In each
replication, for each S in the final population P of the genetic
algorithm, a corresponding S, is constructed by inserting repair
durations that are drawn from a Gamma distribution with a shape
parameter of 1.4. The means of downtime and uptime distribu-
tions are taken as 5 and 20, respectively. In other words, we have

Dim ~T'(1.4,32) and Ui, ~ I'(0.7,2%),v(i,m). The same downtime
and uptime distributions are used for all the machines. The choice
of shape parameters is in compliance with the recommendation
in [27] in the absence of real data. In the calculation of R2, in each
replication, the regret of a schedule S is estimated as the
opportunity loss in its makespan as compared to the makespan
of the best schedule for that replication in P. In other words, (3) is
replaced with

sk H )
S*earg Iélllul;}{r}‘lgajxcj(sr)}. (6)

The expectations in (1), (2), and (4) are estimated by the
sample means of 100 observations. Similarly, the variances in (5)
are estimated by the sample variances of 100 observations.
Tables 4 and 5 summarize the results. In the tables, for all
measures (i.e., R1, R2, S1, and S2), the minimum value and the
maximum value within the population are reported. To asses the
difference within the population, we also report the percentage
deviation between the minimum and the maximum.

It can be observed from the tables that, even though the
performances of the schedules in P are close to one another in
terms of the makespan, their performances in terms of robustness
and stability are very different. The variation is drastic especially
for the robustness measure based on regret (i.e., R2) and the
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Table 5

Benefit of having alternative schedules continued.
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Instance R1 R2 S1 S2

Min Max %Gap Min Max %Gap Min Max %Gap Min Max %Gap
j15c5a1 181.22 200.72 10.76 3.2 22.71 609.69 84.26 190.72 126.35 831 2464.01 196.51
j15c5a2 167.36 198.12 18.38 2.36 33.12 1303.39 84.98 262.94 209.41 753.9 3177.48 321.47
j15c5a3 133.24 167.78 25.92 3.24 37.78 1066.05 81.92 218.74 167.02 800.22 2724.08 240.42
j15c5a4 157.58 169.06 7.29 1.58 13.06 726.58 70.3 159.05 126.24 725.85 2058.88 183.65
j15c5a5 165.96 209.52 26.25 1.96 45.52 222245 83.34 183.96 120.73 878.17 2711.78 208.80
j15c5a6 180.07 228.45 26.87 2.07 50.45 2337.20 80.12 211.73 164.27 853.12 2900.14 239.95
j15¢5b1 171.33 188.28 9.89 1.33 18.28 1274.44 80.22 302.68 277.31 863.89 3419.48 295.82
j15¢5b2 153.98 167.69 8.90 1.98 15.69 692.42 71.9 193.99 169.81 664.33 2668.29 301.65
j15c5b3 160.3 180.82 12.80 33 23.82 621.82 89.61 250.04 179.03 921.88 3382.62 266.93
j15¢5b4 153.38 181.38 18.26 6.33 34.34 442.50 104.85 262.15 150.02 1159.05 3695.72 218.86
j15¢5b5 169.98 186.57 9.76 3.98 20.57 416.83 72.24 22474 211.10 648.24 3194.16 392.74
j15¢5b6 177.6 192.56 8.42 2.6 17.56 575.38 74.05 202.89 173.99 688.22 2990.13 334.47
j15¢5c1 109.32 119 8.85 15.67 25.35 61.77 176.49 278.42 57.75 2024.61 3640.87 79.83
j15c5¢c2 119.14 124.71 4.68 16.31 21.88 34.15 210.79 260.18 23.43 2027.79 3138.47 54.77
j15¢5¢3 110.46 114.6 3.75 16.42 20.57 25.27 181.25 226.68 25.06 1805.35 2786.84 54.37
j15c5c4 111.43 122.06 9.54 16.69 27.32 63.69 164.39 238.16 44.87 1816.1 2901.73 59.78
j15c5¢5 98.77 106.03 7.35 17.16 24.42 4231 195.72 248.14 26.78 2203.48 3336.51 51.42
j15c5c6 120.75 128.9 6.75 19.72 27.87 41.33 253.86 319.67 25.92 2524.38 4113.26 62.94
j15¢5d1 209.89 213.07 1.52 5.87 9.06 54.34 381.86 453.12 18.66 3554.46 5585.48 57.14
j15c5d2 114.68 123.7 7.87 17.13 26.15 52.66 223.14 327.19 46.63 2325.01 4047.35 74.08
j15c5d3 114.38 120.47 532 18.31 2441 33.32 221.61 311.56 40.59 2287.69 3869.22 69.13
j15c5d4 112.91 122.75 8.71 18.38 28.22 53.54 214.39 305.74 42.61 2359.48 3568.08 51.22
j15¢5d5 110.21 120.99 9.78 13.05 23.83 82.61 238.75 349.67 46.46 2305.15 4643.49 101.44
j15c5d6 104.06 114.42 9.96 15.77 26.14 65.76 168.2 272.01 61.72 1978.88 32533 64.40
j15c10al 238.68 255.05 6.86 2.68 19.05 610.82 113.89 336.5 195.46 1230.88 5039.61 309.43
j15c10a2 207.64 230.49 11.00 7.56 30.41 302.25 138.86 363.11 161.49 1473.4 5410.85 267.24
j15c10a3 205.28 231.78 12.91 7.28 33.78 364.01 129.22 436.56 237.84 1571.82 5647.36 259.29
j15c10a4 228.27 243.44 6.65 3.27 18.44 463.91 110.91 365.73 229.75 1239.19 4999.36 303.44
j15c10a5 188.29 223.26 18.57 6.22 41.19 562.22 140.7 495.41 252.10 1460.04 6544.27 348.23
j15c¢10a6 207.58 237.24 14.29 7.5 37.16 395.47 151.89 457.24 201.03 1890.23 6684.59 253.64
j15c10b1 275.22 287.38 4.42 13.31 25.48 91.44 485.22 670.21 38.12 4923.36 8626.05 75.21
j15c10b2 237.04 242.82 2.44 16.74 22.52 34.53 548.78 637.97 16.25 4863.13 8030.03 65.12
j15c10b3 278.59 292.75 5.08 13.86 28.03 102.24 557.48 779.91 39.90 4975.21 10263.56 106.29
j15c10b4 277.12 286.93 3.54 16.22 26.03 60.48 556.07 708.31 27.38 4329.97 10353 139.10
j15c10b5 251 258.11 2.83 16.33 2345 43.60 497.25 616.77 24.04 4271.63 8103.84 89.71
j15c10b6 276.09 284.23 2.95 19.15 273 42.56 567.27 702.63 23.86 4347.23 7834.71 80.22
Averages
Hard 7.68 55.54 42.29 61.84
Easy 12.98 445.12 133.00 191.95
All 11.33 323.69 104.73 151.40

stability measures. We also observe that the average variation
for easy instances are larger than that for hard instances. This
is intuitive because the proposed genetic algorithm generates
more schedules for easy problems than for hard problems (see
Tables 2 and 3).

These results allow for a useful choice for the final schedule. In
fact, we do not dub any single schedule as the unique correct
schedule. For example, a decision-maker that is mainly interested
in robustness may find a different schedule more appealing than
the choice of a decision-maker who is concerned with stability.
The important point is that the proposed method allows for this
choice by providing different possible solutions. Specifically,
Tables 4 and 5 show that, by sacrificing 0.66% from the makespan,
the decision-maker can gain up to 11% in R1, 324% in R2, 105% in
S1 and 151% in S2 on the average. These results indicate that the
schedules we obtain at the end of Step 1 are very different from
each other (at least for R2, S1, and S2), and provide enough
evidence that generated schedules can be very different in terms
of any other concern the decision-maker could have. Hence, the
proposed method has the potential to be useful when the
decision-maker’s concern is a very complicated one which cannot
even be mathematically formulated, as long as the decision-
maker is capable of consistently comparing provided alternatives
with one another in terms of their compatibility with his/her
preferences. Note that the concerns of the decision-maker need

not be unique or even exist in the beginning. Inherent character-
istics of a solution alternative can also be a side concern: e.g.,
assume that at the time the decision is made (i.e., at the end of
Step 1) a transportation activity has just completed earlier than
expected and it is now preferable for a particular operation to
precede others. The proposed framework allows incorporation of
such concerns by providing several different alternatives so that a
suitable schedule can be chosen.

To sum up, our computational experiments indicate that the
proposed genetic algorithm is capable of generating a high
number of high quality schedules (in terms of the makespan)
whose performance vary significantly in terms of their ability to
absorb the negative effects of unforeseen machine breakdowns.
Hence, it can be effectively used by the decision-makers to
facilitate handling their side concerns.

6. Concluding remarks and future research directions

In certain scheduling environments, the decision-maker has
important side concerns in addition to minimizing the principal
performance measure. Examples of these concerns can be sche-
dule’s conformance to omitted constraints in the modelling phase,
economies of the schedule’s implementation, the ability of the
shop floor to position the work, tooling and operators in a way
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that will smooth the execution of the schedule, the capacity
allocation between competing production lines, the ability of the
schedule to absorb the negative effects of the unforeseen future
disruptions, etc. Such concerns of the decision-maker may not be
all known in advance, can be implicit or qualitative, and therefore
may not be included in the initial problem definition as an
objective function and/or as constraints. In these cases, the
frequently used techniques of multi-objective optimization
become inapplicable. To address this problem, in this paper, we
have proposed a new two-step framework. Specifically, we
decompose the problem into two sub-problems and handle each
sequentially. The decomposition is achieved by deferring the
detailed consideration of the side concerns. In the first sub-
problem, the aim is to obtain several alternative schedules with
good performance values, which are different from each other
significantly. The objective of the second sub-problem is to
choose a schedule that complies with the side concerns of the
decision-maker among the alternatives obtained in the previous
step. We propose a multimodal genetic algorithm to solve the first
sub-problem. Our computational experiments on a set of bench-
mark problems from the literature indicate that the proposed
algorithm not only performs well when compared with the
existing state-of-the-art methods in terms of minimizing the
makespan, but that it is also quite effective in obtaining a diverse
set of good (mostly optimal) alternative solutions. Note that the
proposed two-step framework is capable of handling other
scheduling problems as well without extensive modifications.
The only assumption we make is that the underlying scheduling
problem can be solved with an evolutionary algorithm to be able
to use niching approaches to handle diversity (which is convenient
in evolutionary algorithms but other population-based metaheur-
istics such as particle swarm optimization can also be considered).

In summary, having a diverse set of schedules that perform
well in terms of the principal measure provides the decision-
makers with flexibility. There are a number of ways to draw the
advantage of this flexibility, one of which, as illustrated in this
paper, is to exploit it to discover robust or stable schedules by
spending a reasonable computational effort. We identify several
future research directions.

First, the proposed two-step framework, using some prefer-
ence aggregation methods in social choice theory in the second
step, can be utilized to identify a collective schedule in the
environments where several decision-makers with different per-
spectives collaborate.

Second, employing a more interactive approach in the solution
of the second sub-problem to include decision-maker’s expertise
and preferences more accurately as in [13] seems to be of pra-
ctical importance.

In addition, this study can be extended to more complex
problems, including sequence-dependent setups on machines,
machine eligibility, time lags on operations, precedence con-
straints among jobs, etc. Along the same lines, the proposed
two-step approach can be applied to a wider range of scheduling
environments, including job shops and open shops.

Finally, a graphical analysis of the robustness and stability of
the schedules in the second step as in [15] seems to be of
practical value.
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