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Abstract

This paper is concerned with stochastic scheduling of production and maintenance
activities in a permutation flow shop setting. We present a two-stage stochastic
mixed-integer program (SMIP) that adapts the conventional permutation flow shop
scheduling problem for incorporating multiple preventive maintenance activities
with various meter-based intervals. The model handles uncertainties in both pro-
cessing times and the duration of maintenance activities. The concept of combining
maintenance activities in scheduling problems is introduced and formulated, along
with other practical considerations. The objective is to minimize the total expected
cost associated with lateness penalties and maintenance resources. We use simu-
lation—optimization (SO) for solving large-scale instances of the problem, and for
validating the SMIP model. Through extensive computational experiments, we show
that the SO method is superior in terms of efficiency and effectiveness and evaluate
its sensitivity to the input data. Finally, a case study in earth-moving operations is
presented, followed by managerial implications.

Keywords Preventive maintenance - Flow shop scheduling - Stochastic mixed-
integer programming (SMIP) - Simulation—optimization - Genetic algorithms -
Construction equipment

P4 Andrew Junfang Yu
ajyu@utk.edu

Javad Seif
jseif @utk.edu

Mohammad Dehghanimohammadabadi
m.dehghani@northeastern.edu
http://www.mie.neu.edu/people/dehghani-mohammad

Department of Industrial and Systems Engineering, The University of Tennessee-Knoxville,
Knoxville, TN, USA

Department of Mechanical and Industrial Engineering, Northeastern University, Boston, MA,
USA

Reliability and Maintainability Center, Tickle College of Engineering, The University
of Tennessee-Knoxville, Knoxville, TN, USA

Published online: 01 June 2019 @ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10696-019-09357-4&domain=pdf

J. Seif et al.

1 Introduction

This study introduces an integrated stochastic operations and maintenance sched-
uling problem with a wide range of applications in industries from classic manu-
facturing settings to construction projects. In the conventional scheduling prob-
lems, it is assumed that the machines can continuously process the jobs (Pinedo
2012) and the information is complete and certain. However, in practice the
machines must stop for a preventive or corrective maintenance, and the informa-
tion available to the planners can be both incomplete and uncertain (Berry 1993).
Ortiz and Diaz (2018) conducted a literature review specifically on non-determin-
istic duration of activities in project scheduling. The integration of maintenance
and production scheduling has appeared in the literature in the last two decades
(Xu et al. 2015; Yu and Seif 2016). Although incorporating maintenance deci-
sions into production scheduling problems increases the practicality of existing
models and solution methods, it also increases their complexity, and consider-
ing uncertainty makes the problem even more complex. This paper introduces
an integrated preventive maintenance and flow shop scheduling problem under
uncertainty as a stochastic mixed integer program (SMIP). Simulation—optimiza-
tion (SO) is also employed as an alternative solution approach that is capable of
handling the computational complexity of the problem.

Flow shop scheduling has been studied by many researchers after Johnson
introduced the problem for two machines in 1954 (Johnson 1954), yet the number
of studies in this area has been growing in time (Rossit et al. 2018; Yenisey and
Yagmahan 2014). The main goal in the flow shop scheduling is to find a sequence
for n jobs that are to be processed by m machines to optimize an objective func-
tion. Minimizing the completion time of the very last job (the makespan), the
overall completion time, and the tardiness of the jobs are some examples of such
an objective. Maintenance costs cover a big percentage of the total operating costs
(Angel—Bello et al. 2011; Yip et al. 2014). Therefore, it is reasonable to include
minimizing the maintenance cost in the objective function. We consider minimi-
zation of the costs associated with both tardiness and maintenance activities.

Yoo and Lee (2016) classify scheduling problems with maintenance activities
(MAs) incorporated, as fixed and coordinated. The first class of problems, sched-
uling with machine availability constraints, considers maintenance as a constraint
not a decision. For instance, Choi et al. (2010) consider a number of maintenance
periods in ordered and proportionate flow shop scheduling. They assume that
these maintenance periods have been scheduled in advance with known start and
finish times. Therefore, the maintenance schedule is incorporated to their model
as a constraint not a decision. Other researchers use the same approach to model
machine unavailability in a two-machine flow shop scheduling (Cheng and Wang
1999, 2000; Kubiak et al. 2002; Kubzin et al. 2009; Lee 1997, 1999).

In the second class of problems, scheduling of maintenance and job process-
ing are considered simultaneously. Aggoune (2004) is one of the few papers that
studies the coordinated variant of flow shop scheduling, while allowing a deci-
sion for performing maintenance within a time window. Performing maintenance
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in a time window has been modeled in different types of scheduling problems,
yet they are not precise in timing of MAs. Bock et al. (2012) study the compu-
tational complexity of single machine scheduling problems where each machine
has a maintenance level and processing of the jobs deteriorates it. An MA needs
to be performed in order to restore or increase the maintenance level before it
becomes negative. Seif et al. (2018) and Yu and Seif (2016) adapt the concept of
maintenance level for flow shop scheduling when multiple types of maintenance
levels are involved. In this paper, we formulate and solve a permutation flow shop
scheduling problem under uncertainty and incorporate the concept of combining
different types of MAs in the problem.

Knezevic (1997) classifies maintenance tasks as simultaneous, sequential, or
combined. A simultaneous task is composed of activities that are mutually inde-
pendent and can be performed concurrently. A sequential task includes mutually
independent activities that are performed in a predetermined order. A combined
task includes some activities that can be performed simultaneously, and some
activities that are sequential. Therefore, a combined maintenance task is a gen-
eralization of the other two types. To prevent any confusion, by MA, we refer to
a set of tasks that have a common meter-based periodic interval. Two different
MAs may have some similar tasks, so the combination of two or more MAs could
prevent the repetition of the common tasks. We model the concept of combined
maintenance activities in scheduling problems for the first time. In doing so, we
cover all of the possible scenarios. The case study in Sect. 5 shows a practical
example for better understanding of the problem.

Over the past few years, the importance of considering uncertainty in the sched-
uling problems has been highlighted by researchers and industrial practitioners;
however, the methods used to deal with uncertainty do not seem to be very effective
(Zheng et al. 2015). Gourgand et al. (2000) and Gonzélez-Neira et al. (2017) con-
duct comprehensive reviews of research papers that involve flow shop scheduling
under uncertainty. The latter review found that most of the papers in the literature
consider processing times as a stochastic parameter, but maintenance has never been
included as a stochastic process; while Mean Time to Repair (MTTR), which is a
well-known term in the maintenance and reliability literature (Ben-Daya et al. 2009;
Hastings 2009) implies uncertainity in the durations of MAs.

Gonzélez-Neira et al. (2017) report the superiority of the stochastic optimiza-
tion approach in modeling uncertainty. They also mention stochastic programming
and simulation—optimization as the most promising methods in stochastic flow shop
scheduling. We consider two stochastic parameters to capture the uncertainties: (i)
the processing times of production jobs, and (ii) the durations of MAs. We apply
both stochastic programming and simulation—optimization to model and solve the
problem. The use of both methods facilitates their validation, and performance eval-
uation in computational experiments.

Table 1 identifies the gap in the literature by comparing this paper with the most
relevant publications. The contributions and features of this paper are:

e the conventional permutation flow shop scheduling problem is extended to a sto-
chastic flow shop scheduling integrated with maintenance planning,
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e the concepts of combining MAs and prolonged (maintenance-dependent) pro-
cessing times are introduced and incorporated to the model in order to increase
its practicality,

e two methodologies (simulation—optimization and stochastic programming) are
developed and contrasted for validating the results and evaluating their perfor-
mances.

The rest of this paper is laid out as follows. First, we formulate the problem as a
two-stage Stochastic Mixed-Integer Program (SMIP) in Sect. 2. In Sect. 3, we pre-
sent a SO algorithm as an alternative approach for modeling and solving the prob-
lem, which also allows the validation of the SMIP. In Sect. 4, we will evaluate and
report in details the performance of the SO in comparison with one of the commer-
cial solvers through extensive computational experiments. In Sect. 5, the case study
is presented. Conclusions and remarks along with directions for future research are
discussed in Sect. 6.

2 Problem definition and mathematical formulation

In this section, we formulate a mixed-integer stochastic program to define the prob-
lem. To do this, first, we define and formulate the concepts of combining mainte-
nance activities and discuss the prolonged processing times. The SMIP model is
presented as the last part of this section.

2.1 Combined maintenance activities

Maintenance activities are made up of various tasks or steps, and it is not uncom-
mon that two different maintenance activities share certain tasks. For example, “oil
change” and “oil filter change” of a vehicle are two different preventive maintenance
activities that share certain tasks such as “driving the vehicle onto two ramps”, or
“locating and unscrewing the oil drain plug.” For such activities it may be optimal
(in terms of time or cost) to combine and perform the activities together, which
explains why the oil change and oil filter change are usually executed as one com-
bined activity. Figure 1 illustrates a general case in which Activities 1 and 2 share
Tasks A and C. We can see that the combined activity is shorter than the sum of two
separate activities because Tasks A and C are performed only once. The case study
in Sect. 5 includes more examples of preventive maintenance activities with shared
tasks.

We will incorporate the concept of combined maintenance activities into the mixed-
integer program that will be presented later, as follows. For / maintenance activities,
there exists o = 2 possible combinations. Note that one of these combinations includes

no maintenance activity; / of them include only one activity, of them include only

l
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Fig. 1 Maintainability block diagram for combined maintenance activities

two activities, < li > of them include only 7 activities (n < /), and finally, one of them

comprises all / activities. The time and cost associated with each one of these combina-
tions is less than or equal to the sum of the time and cost of the activities included in
that combination. If the activities in a combination do not share any tasks, the time and
cost of performing them separately will be equal to the case where they are performed
consecutively (combined).

Consider a job to be processed on a specific machine in a flow shop. The binary var-
iables y, € {0,1}, k=1, ...,[ determine whether the maintenance activity type k is
scheduled before processing the job. The binary variables ¢, € {0,1}, r=1,...,0
determine whether combination r is forming in that position, which is a function of

Yeo k=1,...,1. The following equation will map the binary decision variables cor-
responding to individual maintenance activities that can be performed before a job
(O k=1,...,1) to binary decision variables corresponding to the combinations of
maintenance activities (¢,, r =1, ..., 0).
0=2! l
Y bd =) aye .y €01}, Vh=1,...,1 (1)
r=1 k=1
where the coefficients a;, k=1,...,land b,, r =1, ..., 0 are chosen such that only

one of the combinations (variables) in the left-hand side is chosen (takes the value
1). But there is no limitation on the number of non-zero binary variables on the
right-hand side. In other words, none, one, or more than one of the variables on the
right-hand side can take the value 1 (we can decide to perform none, one, or more
than one type of maintenance activity before processing a certain job on a certain
machine), but only one of the variables on the left-hand side must take the value
1 (only one combination can represent the chosen set of maintenance activities).
“Appendix” includes a method for generating the coefficients.
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2.2 Prolonged processing times

An time-based maintenance activity allows a machine to operate only for certain
number of hours, called maintenance interval. As soon as the machine’s cumula-
tive operating times equals the maintenance interval, it must be stopped for per-
forming the maintenance activity. Let r, and R, be the residual operating time and
the age-based interval of the kth maintenance activity of a machine, respectively.
The variable r, equals R, after the maintenance activity type k is performed on the
machine and it approaches 0 as the machine processes production jobs. We expect
that in practice the processing time of a job prolongs as the residual operating times
approach 0. This is because: (1) machine performance declines as it gets closer to
its maintenance due date, which can lead to a slower processing, and (2) when both
tardiness and maintenance costs exist in a minimization objective function, it moti-
vates the solution algorithms to schedule maintenance activities as early as possible
to reduce the risk of failures, but not too early that causes excessive tardiness and
maintenance costs. Here, we adapt the model proposed by Seif et al. (2018) for pro-
longed processing times.

The value f, = r, /R, represents the remaining/residual operating time as a frac-
tion of the respective maintenance interval. Obviously, 0 <f, <1, Vk=1,...,1[,
and 0 < F <1 where F = ZIZ<=1 fi/! is the average of fractional residual operating
times and represents the machine’s health. The prolonged processing time of a job,
p, is defined as

llp,A<F§1
p=3 A’p,B<F<A, 0<B<A<I1<A<i<t )
AMPp, 0<F<B

where p is the nominal processing time of the job. If the machine’s health, F, falls
between the constant A and 1, the nominal processing time is multiplied by the coef-
ficient A! which can be greater than or equal to 1 with the potential to prolong the
processing time. If the machine’s health is between A and B, processing time is mul-
tiplied by the coefficient A> which can be greater than A!, and prolong the process-
ing time, and if it is between 0 and B, multiplied by A3 which can be greater than A2
prolonging the processing time even more. Here we are considering a special case
in which the health of a machine has only three states. The generalized form will be
considered in the SMIP formulation.

An illustrative example shown in Fig. 2 summarizes the problem definition. This
example involves a single machine (for simplicity), two types of maintenance activities
(MA, and MA,, with time intervals R, and R,), three production jobs (J;, J,, and J5),
and two probabilistic scenarios. The only difference in the data of these two scenarios
is the processing time of J;. We also assume that in Scenario 1, we are not allowed to
combine the MAs. In Scenario 1, MA, is required after J; because otherwise we will
miss the due time of MA, (R, <0) while processing J,. We can also see that processing
time of J, is shorter compared to Scenario 2 because MA, was just executed. Note that
processing time of J; is the same in both scenarios for the same reason (neither one has
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Scenao2 (0 )T 5, J[wasmA, T J

1
0' Time

Scenario 1 Ji [ ma JC % L ma JCwa ) % J

: >
0 Time

J: Job — R: Residual Operational Time — MA: Maintenance Activity

Fig.2 An illustrative example of the problem (single machine)

been prolonged). Finally, it takes less time to perform MA, and MA, in a row when
combining them is allowed (in Scenario 2).

2.3 The mixed-integer stochastic program (SMIP)

We model a permutation flow shop scheduling problem in which a number of jobs will
be processed by a series of machines in the same order. All machines have a number
of meter-based maintenance activities. The MAs take place only after a machine com-
pletes processing of a job and before starts processing the next job (preemption is not
allowed). The residual operating time of a machine with respect to any of the MAs
linearly decreases as the machine processes the jobs. The residual operating times can-
not be negative. Therefore, an MA must be scheduled before processing a job, if the
respective residual operating time is going to become negative while processing the
job. The durations of MAs and the processing times of jobs are all uncertain and follow
certain probability distributions. There are several scenarios in each of which the MA
durations and processing times are sampled from respective distributions. Under each
scenario, the maintenance durations can change if the MAs are combined.

2.3.1 Notations
Let m, n, I, and S be the number of machines, jobs, types of maintenance activi-

ties, and scenarios, respectively. The following indices, parameters, and variables
are used in the formulation of the problem.
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Indices
i Represents machines wherei=1,...,m.
j Represents individual production jobs where j =1, ... ,n.
q Represents job positions in a sequence where g =1, ..., n.
k Represents a certain type of maintenance where k = 1, ..., [.
h Represents the health state of a machine s =1, ..., H.
r  Represents maintenance combinations where r=1,2, ..., o.
s Represents a specific scenario where s = 1, ..., S.
Parameters (Input Data)
pfj Nominal processing time of job j on machine i under scenario s.
e;.‘k Nominal duration of MA type k on machine i under scenario s.
o Duration of MA combination type r on machine i under scenario s.
.« Frequency of time-based preventive maintenance activity type k for machine
i.
SP;  Cost of required spare parts and materials for MA type k on machine i.
SP;k Cost of required spare parts and materials for MA combination type r on
machine i.
WF  Cost of skilled workforce per time unit for performing maintenance activities.
d; The due date of job j.
7 Penalty cost associated with each time unit delay in completion of job j.
A The coefficient which is multiplied by the nominal processing times of the
jobs to prolong them, when a machine is in the health state /.
Pr(s) Probability of scenario s being realized.
K A sufficiently large number.
Decision Variables
Z, Total cost, the value of the objective function under scenario s.
x;,  First-stage decision variable that takes the value 1 if job j is processed as the
gth job in the sequence, and O otherwise.
Yig ~ First-stage binary decision variable that takes the value 1 if MA type k is
scheduled for machine i before processing the gth job, and 0 otherwise.
¢., First-stage binary decision variable that takes the value 1 if MA combina-
tion type r is scheduled for machine i before processing the gth job, and 0
otherwise.
l.qs Residual operating time with respect to the MA type k of machine i before
processing the gth job, under scenario s.
STI‘Fq Start time of the gth job on machine i, under scenario s.
F Tl‘q Finish time of the gth job on machine 7, under scenario s.
t‘; Tardiness of the gth job, under scenario s.
oS Processing time of the gth job on machine i, under scenario s.
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ijq

HS
ja

Al

q

hs
iiq

Processing time of job j on machine i when it is processed as the gth job,
under scenario s.
Penalty (cost) associated with job j as a result of it being processes as the gth

job, under scenario s.
1 if machine i is in the health state /4 before processing the gth job, under sce-

nario s, and O otherwise.
1 if machine i is in the health state & before processing job j when it is pro-

cessed as the gth job, under scenario s, and 0 otherwise.

2.3.2 The model

The objective function (OF) of the model is to minimize the total expected cost which
comprises the penalty cost incurred because of lateness in completion of the jobs (tar-
diness), and the maintenance cost (spare parts and man-hours).

n m n o=2-

N
minimize E[Z] = ' Pr(s) Z CEY Y Z bige (SP,, + €SWF) |,
s=1

=1 q=1 =lg=1 r=l
3)
Subject to:
Y=l j=l . )
g=1
Z)ch=], q=1,...,n 5)
i=1
STS, =0, s=1,..., (6)
S’Iw[slzzpjlls i=2""’m’s:1"“’s (7)
=1
ST‘lY _FTf(q 1)+2¢1qrelsr’ q=2,....n,5=1,....§ ®)
r=1

ST} 2 FT},_ 1)Jqus,q, el i=2..mq=2..,n5=1..5 (9

ST;,, ZFT(‘I g i=2,....myqg=2,....,n,s=1,...,8 (10)
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ks s s _ . _ —
Tig 2/[.‘@_1)— Zyii(q—l)_yiqkl(’ s=1,....,8, i=1,....m, g=2,....,n, k=1, ...

j=1

I —mty > -K(1-x,), s=1,...8j=1..,n,g=1,....n

1 —mry <K(1-x,),

(an

(12)

(13)

(19)

(20)
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(22)

(23)
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(24)

(25)
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Vi 2 p,+ (= 1)K, s=1,...8 i=1..mj=1.,nqg=1,.

o !

Zb,d)iqr = Zakyiqk, i=1,....mqg=1,...,n

r=1 k=1

q,y,qk,A ’Muq ¢lqr€ {0,1}, s=1,...,8,j=1,...,n,

g=1,....,n,i=1,....om, h=1,....H

s A} S —_— -
lq qI'[ ST FT,p quZO s=1,....,8, j=1,...,n,

qg=1,...,n, i—l,...,m, h=1,....H
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The OF in Eq. (3) is comprised of two parts; the penalty cost, and the mainte-
nance cost. The penalty cost for each job is presented as a variable that has two
indices, j and g. For each job j, the variable is set equal to 0 in Constraints (21) and
(22) if it does not occupy the position g in the sequence of the jobs. Otherwise, it
is set equal to the penalty cost for job j times the tardiness value, as expressed in
Constraints (19) and (20). The maintenance cost itself is comprised of two parts;
the cost of spare parts and the cost of the cost of workforce. The binary variable ¢,,,
determines whether maintenance combination r is scheduled before processing the
gth job on machine i. It is multiplied by the cost of spare part for that combination
plus the unit cost of workforce times the duration of that combination. The MAs are
considered individually in the scheduling process. Constraint (35), which is a gener-
alization of Eq. (1), chooses the combination that correctly represents the scheduled
MA:s.

Constraints (5) and (6) ensure that each job is assigned to only one position in
the sequence of the jobs, and each position is filled by only one job. These two con-
straint sets are only concerned with the first stage variables. However, the rest of the
constraints involve at least one second-stage variable with s in their superscripts.
Therefore, the rest of the constraints must be feasible for every scenario, otherwise
the solution is infeasible.

Constraints (6—11) together determine the start and finish time of the jobs on
every machine. The Start Time (ST) and Finish Time (FT) variables are first calcu-
lated for the first job in the sequence and the first machine in the flow shop, and then
they will be calculated for the rest of the jobs and machines. Constraint (6) sets 0 as
the ST of the first job on the first machine. Constraint (7) sets the ST of the first job
on each machine equal to the sum of its processing times on the previous machines.
Constraint (8) sets the ST of each job on the first machine equal to the finish time of
the previous job on the first machine, plus the duration of MAs. As was already
explained, instead of nominal durations of the individual MAs, the duration of main-
tenance combinations is considered in timings. Constraints (9) and (10) are the lin-

ear form of ST;;I = max<F Tiq_l) +20, qﬁiqre'l“r, F T(Sl._l)q>; the ST of every job on a
machine is equal to the maximum of its FT on the previous machine plus the main-
tenance time, and the FT of the previous job on the machine. Constraint (11) sets the
FT of all jobs on every machine equal to the respective ST plus the processing time
of the job.

Constraint (12) sets the residual operating times of all machines equal to the
maintenance interval, before processing the first job. Constraint (13) sets the residual
operating time of machine i before processing the gth job to be greater than or equal
to the time it takes to process the job. This constraint ensures that the machines do
not operate while their maintenance requirements are overdue. Constraints (14—17)
are the linearizes form of the following equation.

n
ks s
T - - s Yigk =0 .

s = 1 Tig-1) j;l Yijig-1y Yigk , Vs, i,q,k (38)
Ri,k’ yiqk =1
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The residual operating time of a machine before processing a job with respect to
MA £ is equal to the respective maintenance interval, if the MA is performed, and
otherwise it is equal to its value before processing the previous job minus the pro-
cessing time of the previous job. Tardiness for each job in the sequence is calculated
in Constraint (18). The prolonged processing times of the jobs are calculated as
expressed in Constraint (23); the nominal processing time of job j on machine i
times the coefficient of state 4, times the binary variable uZY that takes the value 1 if

machine i/ is in state /& before processing the gth job and if the gth job is job j, and O
oherwise. Constraints (24-26) are the linearization form of ul]q Af’; i

Constraint (27) ensures that machine i is in only in one of the predefined health
states before processing the gth job. Constraints (28-31) are the generalized and lin-
earized form of the following equations when the machines have only three states

(H=3).

lle

Al = . Vsig (39)

0, OtherWlse

< < i
/\lzqv — 1 033 Z lle 066, VS, Lq (40)

0, otherwme

i rks
A= 2 <08 g (41)

0, otherwise

Constraints (32-34) are the linearized form of }';‘q = jqpfq for obtaining the actual
processing time of job j on machine i, if it is scheduled as the gth job. Constraint
(35) ensures that the correct maintenance combination is chosen based on the sched-
uling of MAs. The one that corresponds to the set of maintenance activities that are
decided to be performed. This is a generalization of Eq. (1) for flow shop scheduling
with multiple types of MAs. Constraints (36—37) ensure that all the decision varia-
bles are within their bounds.

3 Simulation optimization
Simulation—optimization (SO) is a promising avenue of research to tackle sto-
chastic problems with uncertain parameters (Dehghanimohammadabadi 2016;

Dehghanimohammadabadi et al. 2017). Among all the available options, we
use a simheuristic approach to obtain desirable solutions with a reasonable

@ Springer



Integrated preventive maintenance and flow shop scheduling...

Optimization Module [ simulation Module
o N
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Solution Scenarios

Genetic Algorithm (GA)

Complex
Stochastic i

Optimization

Problem

II- Near-optimal
Solution

& =)

Estimated Objective
Function Value

Fig. 3 Schematic framework of the Simheuristic approach

computational effort. A simheuristic approach is an integration of simulation
and a metaheuristic-driven framework (Juan et al. 2015). Simheuristics are capa-
ble of solving complex stochastic combinatorial optimization problems, where
the simulation component deals with the uncertainty of the model (Chica et al.
2017). This approach is particularly favorable when combination of discrete and
continuous decision variables are present in the optimization problem (Jalali and
Nieuwenhuyse 2015). The simheuristic model in this study is a combination of
Genetic Algorithms (GA) and Monte Carlo Simulation (MCS) models. As shown
in Fig. 3, the simulation module is a cost function for the solutions that are gener-
ated by the metaheuristic algorithm. Since the model is stochastic, in each itera-
tion of GA, the generated solutions are evaluated in a simulated environment to
calculate the expected value of the objective function (the cost). This procedure
continues until GA meets the stopping criteria.

Following the SO strategies recommended by Barton and Meckesheimer
(2006), the MCS is used to generate a number of possible scenarios based on the
probability distributions of the stochastic parameters. The scenarios are inputs
to the optimization module. Although each one of these scenarios represents a
deterministic instance of the problem, in which the value of the stochastic param-
eters is certain, they collectively represent the stochastic nature of the problem.

As depicted in Fig. 4, after the scenarios are generated via the Monte-Carlo
simulation, the optimization module generates a solution (X), recursively, and the
objective function value is calculated for each scenario (¥,). The expected value
(average) will determine the ultimate value of the solution. The new solution
is generated based on the internal operators and search methods of the specific
meta-heuristic method that is being used. This cycle repeats until the optimiza-
tion module satisfies some stopping criteria. Depending on the user’s preferences,
these criteria could be running model for a certain number of iterations or achiev-
ing a desirable performance measure (such as time).

We use Genetic Algorithm (GA) as the meta-heuristic technique. The goal of
metaheuristics is to efficiently explore the search space in order to find (near-)opti-
mal solutions (Blum and Roli 2003). Among all metaheuristic methods, we selected
GA because GA has proved its robustness in searching complex solution spaces in
many SO problems (Carson and Maria 1997), and it is a good alternative for solv-
ing real-time operations (Rani and Moreira 2010). GA is being successfully used
as an optimization module in a wide range of SO problems, including scheduling
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Fig. 4 The mechanism of the simulation—optimization method

(Dehghanimohammadabadi and Keyser 2017), supply chain design (Gocken
et al. 2015; Truong and Azadivar 2003), and healthcare operations (Baesler and
Sepulveda 2001). Moreover, the parallel nature of GA allows for parallel processing,
which is essential in saving computational time when solving complex stochastic
problems (Rani and Moreira 2010).

Ortiz and Diaz (2018) found that GA was the main solution technique employed
by researchers for project scheduling when the duration of activities is non-deter-
ministic. Rossit et al. (2018) also reported GA as the single leading meta-heuristic
method used for solving flow shop scheduling (followed by Tabu Search, Simulated
Annealing, and Ant Colony Optimization algorithms). Lin et al. (2017) applied GA
to a SO scheduling problem that was close to this work in that the processing times
were uncertain. GA is an algorithm inspired by the basic mechanism of natural evo-
lution, introduced by Holland (1975).

The GA procedure initializes from a randomly generated population of solu-
tions, and evolves good local solutions by mimicking the process of natural selection
using mechanisms such as mutation to generate variants and crossover to improve
combinations (Trevino and Falciani 2006). GA is a population-based algorithm and
employs random choices to have a highly exploitative search, keeping a balance
between exploration of the feasible domain and exploitation of good solutions. Yu
and Seif (2016) employed a factorial design of computational experiments for study-
ing the parameters of a GA that was designed for solving a similar problem: a deter-
ministic flow shop scheduling problem with multiple maintenance activities. In this
work, we have tested and adapted the results of their study for tuning the parameters
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Table 2 The values for the GA

parameters Parameters Value
Initial population size 200
Crossover percentage 0.8
Mutation percentage 0.8
Mutation rate 0.03
Table 3 Solution represtaion of
the proposed GA b Jobs ! 2 3 4
Jobs sequence 4 1 3 2
The required combination of MAs on:
Machine 1 7 0*
Machine 2 0 0* 6 3
Machine 3 2 0* 0 5

#No MA is required prior to processing the first job in the sequence

of the GA, which has yielded similar results (see Sect. 4.1). The ultimate values of
the GA parameters are listed in Table 2.

We use a new strategy to represent solutions generated by GA. This solution
representation determines (i) the sequence of jobs in the flow shop system, and (ii)
the number of MAs needed to be performed on each machine prior to each job by
choosing one of the MA combinations. Table 3 shows the solution representation for
a flow shop system with 4 jobs, 3 machines, and 3 MAs. The second row in the solu-
tion matrix indicates the sequence of jobs that go through processes in all machines
(permutation flow shop). The numbers provided in the last three rows indicate the
combination of MAs that needs to be performed on each machine before processing
each job. We use integers 07 in Table 3 for representing 2! = 23 = 8 possible com-
binations of three MAs. Combination 0 includes no MA, and Combination 1, 2 and
3 include only the first, second and third MAs, respectively. Combination 4 includes
the first and second MAs, Combination 5 includes the first and third MAs, Combi-
nation 6 includes the second and third MAs, and finally Combination 7 includes all
three MAs.

The number of variables used to represent a solution for a given problem with
m machines, n jobs, and [ MAs is (n + nm), which is independent of /. The chro-
mosome representations proposed by Seif et al. (2018) and Yu and Seif (2016) for
deterministic flow shop and maintenance scheduling has (n + nml) integer variables.
Therefore, the solution space created by their chromosome representation, unlike the
one proposed in this paper, grows in size with the number of maintenance activi-
ties. We use real numbers for chromosome representation, as shown in Fig. 5. The
chromosomes are then parsed to obtain the sequence of the jobs, and the required
combination of MAs before processing each job on each machine. Without combin-
ing the maintenance activities we would need a binary variable that determines the
execution of each maintenance activity.
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g = Chromosome of GA with Real Numbers
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Fig.5 Representation of GA chromosomes with real numbers

In Fig. 5, for 4 jobs, 3 machines, and 3 MAs, each chromosome is coded as an
array of (4 + (4 — 1) X 3 = 13) real numbers. The rank position of the first four num-
bers indicate the sequence of the jobs. The rest of the numbers are converted to an
integer value (1,2, ...,8) to determine the combination of MAs that are required
before processing each job on each machine, similar to Table 3. For instance, the
generated real number for the MA policy of the 3rd job in the sequence (Job 3) on
Machine 2 is 0.701. By mapping this number to the range of 1-8, combination 6 is
obtained.

The only infeasibility that can occur in the algorithm is due to the violation of
maintenance requirements. Feasibility of the solutions is checked by ensuring that
the remaining time to the next maintenance activity (after processing each job) is
a positive value. Each chromosome has an attribute which is an m X n X [ (three-
dimensional) array. The value in the (i, g, k) cell of this array shows the remaining
(residual) time of the preventive maintenance type k on machine i before processing
the gth job. Presence of any negative values in the array implies failing to execute at
least one of the preventive maintenance activities before it was due. In other words,
the violation of Eq. (38). If this happens, a sufficiently large value is considered as
the cost of such chromosome (solution), which makes it extremely unlikely to pass
over. The rest of the variables are dependent on the job sequence and maintenance
schedule. They are calculated for a given solution according to the presented model
and will not cause any infeasibility.

4 Computational experiments
In this section, we present the computational experiments that we designed to tune

the SO algorithm, and to evaluate the performances of the algorithm in compari-
son with a commercial solver. First, we introduce the methods used to generate test
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problems for the experiments. Then, we discuss tuning of the algorithm. Finally,
we present the main experiments that evaluate the SO algorithm by comparing its
performance against a commercial solver. We coded the algorithm in MATLAB and
used IBM ILOG CPLEX Optimization Studio (Version: 12.5.1.0) to solve the prob-
lem formulated in Egs. (3—37) in Sect. 2. All algorithms and the CPLEX solver were
run on an i7-3770 @ 3.40 gigahertz Intel processor with 8.00 gigabytes of system
memory. Throughout the experiments, we solve 30 test problems with various set-
tings. Solving 30 test problems allows us to draw reliable inferences about the per-
formance of the solution methods.

While the metaheuristic component of a simheuristic method is responsible for
exploring and exploiting the solution space, we depend on the simulation component
for obtaining the objective function value. The simulated optimal objective function
value can be far from the actual optimal value (Hong et al. 2015). This is because
we are unable to test a solution in all the possible scenarios. However, our certainty
increases with the number of scenarios (replications) used in the simulation model.
We included 30 scenarios (replications) in each test problem. We chose this number
because it is large enough to minimize noise in the objective function value (hence,
maximize the reliability of optimality for a solution given by the metaheuristic
component) and it is small enough for CPLEX to be able to at least find a feasible
solution for the problem sizes used in computational experiments. These scenarios
are generated via Monte-Carlo simulation. The comparison is between two differ-
ent solution approaches, namely the exact solution methods built in the commercial
solver and a simheuristic method. Both the solver and the simheuristic check the fea-
sibility of a solution against all of the constraints defined in the stochastic program
that was presented in Sect. 2.

4.1 Test problem generation

A test problem must contain the values of all the parameters introduced in Sect. 2.
We used a test problem generator, which is a function with the following arguments:
number of jobs (1), Due Date Tightness Factor (DDTF), and Maintenance Interval
Factor (MIF). The values of the parameter in each test problem are generated as fol-
lows. Number of machines, m = 3, number of MAs, [ = 3, the health states of the
machines, H =3, number of scenarios, S =30, maintenance intervals,
R, =4 XMIF,R, = 5XMIF,R; = 6 X MIF, spare part costs, SP; ~ U($150, $450),

the workforce cost, WF = $20/hour, the due dates, dj ~U (240, l 1)214;(1):TJ ), penalty

costs, m; ~ U (10, 20), the probability of scenarios, Pr(s) = 1/S, the coefficients for
prolonging the processing times, 4! = 1.0, 4! = 1.5, 4! = 2.0, nominal processing
times, pf,j ~ TRI(20,35,70), and the nominal duration of MAs, ef,k ~ TRI(5, 15,25),
where ~ Ul(a, b) denotes a random value that follows the Uniform distribution in the
range [a, b], and ~ TRI(a, b, c¢) denotes a random value that follows the Triangular
distribution with a, b, and ¢ as the minimum, most likely, and the maximum values
that the random variable can take, respectively. All the test problems (as CPLEX
files) can be retrieved online at https://www.dropbox.com/sh/wn7u776g4fwzrcn/
AADCOLdeITjWuFOWWTZDUmdMa?d1=0.
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Table 4 The impact of population size on the performance of the SO algorithm

Number of jobs (n) Population size Average improvement in the Average increase in
OFV (cost) (%) the solution time (%)
4 25 0 0
50 7 77
100 15 255
200 22 546
400 27 1215
6 25 0 0
50 6 104
100 18 399
200 22 756
400 17 1394
8 25 0 0
50 10 131
100 17 359
200 22 764
400 23 1720

Although these might be close to the values used in some of applications, the
sole purpose of generating them within the presented bounds is to form test prob-
lems that are both feasible and challenging to solve. We will present a case study in
Sect. 5 in which the values are chosen such that they represent an application that is
similar to one of the real-world problems. We keep the number of machines, types
of MAs, and the health state of the machines as constants in all of the test prob-
lems, but we will increase the number of jobs in order to test the performance of the
algorithm in dealing with large-scale instances of the problem. In practice and for a
particular application, the values that are fixed do not usually change significantly
yet the number of jobs is usually subject to change and will increase. Therefore, we
decided to only increase the number of jobs in the forthcoming experiments.

4.2 Computational experiment for the population size

Yu and Seif (2016) use a GA for solving a flow shop scheduling problem with
diverse maintenance activities and showed that only the population size is sta-
tistically significant in improving the quality of solutions. They also showed that
increasing the population size up to a certain point increases the quality of solu-
tions. After that point, the quality does not improve significantly, yet the solution
time keeps increasing. Table 4 shows the results of the experiment we performed in
order to find an appropriate population size for the problem presented in this paper.
First, we generated a test problem, solved it with the GA, and then recorded the
objective function value (OFV) and the solution while the population size was 25.
We used these values as the baseline. Then, we solved the same problem with the
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Fig.7 The impact of increasing the population size on the solution time

same settings, yet with a larger population size, and recorded the improvement in the
OFV and increase in the solution time. We repeated this experiment three times for
three different problem sizes. The average improvements and increases are reported
in Table 4.

Figure 6 summarizes the results of Table 4, by plotting the total average of
improvements and increases against the population size. Increasing the population
size beyond 200 does not lead to any improvement in the OFV, yet the solution time
keeps increasing, as Fig. 7 shows. This result agrees with the findings of Yu and Seif
(2016).

4.3 Computational experiment for performance evaluation

In this section, we present computational experiments that evaluate the performance
of the presented simulation—optimization (SO) method compared with CPLEX as a
commercial solver that uses exact solution algorithms for the presented SMIP for-
mulation. First, we test the quality of solutions by comparing the results of SO with
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those of CPLEX on small-size test problems, in which the global optimal is known.
Then we evaluate the performance of the SO method for larger problem sizes under
a limited solution time. Finally, we test how sensitive the performance is to the input
data. In all of the experiments, we use the following stopping conditions for the SO
algorithm and CPLEX. The algorithm will stop and return the best solution after /
number of iterations, or after the OFV does not improve for |0.2 X I | iterations. We
chose I = 100, but it can take any positive integer value. Obviously, a higher value
of I is more likely to result in a lower OFV and higher solution time and depends on
user’s preference. For CPLEX, we observed that when the optimal solution cannot
be found within an hour, there is a possibility that it cannot be found even within
several hours. Therefore, we set a time limit of 3000 s for CPLEX. However, if the
solution time of the algorithm becomes greater than 3000 s, we use a time limit
greater than the solution time of the algorithm, as the CPLEX time limit. We gener-
ated a randomized test problem and solved it with both algorithms, SO and CPLEX
solver, to ensure these algorithms are consistent and accurate.

Table 5 shows the results of solving 30 test problems solved once via CPLEX
and once via SO. The number of jobs (n) is 4 in all of these test problems and the
number of scenarios is 30 in each problem. These problems are considered as small-
scale problems. In some of the test problems (bold-faced and underlined) the SO
method finds the global optimal solution, and in some problems (bold-faced) the
gap between the two methods is less than 1.00% for the OFV. However, the solu-
tion time of the SO is considerably larger than that of CPLEX. Next, we want to see
how the results of the comparison changes when the problem size (number of jobs)
increases.

At the bottom of Table 5, the results are summarized by reporting the average,
minimum, and maximum values of each column. Table 6 summarizes the results
for the average of 30 test problems for different number of jobs. A negative gap
means that the SO algorithm has performed better than CPLEX. One observation is
that, as the number of jobs (problem size) increases, the quality of CPLEX solutions
decreases under a limited solution time. Also, the gap between the SO algorithm and
CPLEX decreases with respect to both OFV and solution time. The maximum gaps
in the 7th and the 10th columns show the worse performance of the SO algorithm
compared to CPLEX. When the gap for the worst-case scenario is negative, it means
that the SO algorithm has consistently performed better than CPLEX within a time
limit. These values are indicated in boldfaced. As a result, it can be concluded that
under a limited solution time, the proposed SO algorithm outperforms a commercial
solver as the problem size increases.

In Table 6 we increased the number of jobs up to a point where all 30 test prob-
lems can be solved with CPLEX. Table 7 shows the results for n = 10. We increased
the solution time limit to 5000 s which is considerably higher than the average solu-
tion time of the SO algorithm. For the bold-faced test problems, CPLEX was unable
to find any feasible solution for the problem. Again, even in the worst-case scenario,
the SO algorithm finds a better solution with a lower OFV than CPLEX.

As the last part of the experiments, we want to make sure that the quality of solu-
tions of the algorithm (as measured by the gap in OFV), as well as the time to find a
solution, are not dependent on how we generate the input data of the test problems.

@ Springer



Integrated preventive maintenance and flow shop scheduling...

Table 5 Comparing the simulation—optimization method with CPLEX for n=4

Test problem CPLEX (SMIP) Simulation—optimization (SO) Gap
OFV Time (s)  OFV Time (s)  Iterations  OFV (%)  Time (%)

1 6210.44 96 6263.10 414 45 0.85 332.04
2 6534.53 111 6938.77 443 47 6.19 298.53
3 5556.52 121 5577.18 504 55 0.37 315.17
4 6598.37 98 7166.55 450 48 8.61 357.97
5 5710.22 113 5710.27 455 49 0.00 302.32
6 5211.41 89 5360.73 550 60 2.87 521.18
7 5604.63 136 5604.68 332 36 0.00 144.24
8 7235.49 114 7288.27 751 84 0.73 559.98
9 6993.4 85 793277 417 45 13.43 388.73
10 5470.29 86 572843 389 42 4.72 353.86
11 6325.52 138 6740.75 451 48 6.56 226.21
12 5700.31 113 6338.80 450 49 11.20 298.14
13 7250.16 86 7616.83 429 46 5.06 396.56
14 5425.85 171 5427.85 525 58 0.04 207.04
15 5291.15 179 6153.85 596 65 16.30 232.12
16 6798.6 143 6814.17 561 60 0.23 291.54
17 5243.63 103 6486.17 390 41 23.70 279.57
18 7035.76 114 7074.84 416 45 0.56 265.91
19 6048.12 112 6092.67 426 46 0.74 279.50
20 7329.23 144 7771.63 555 60 6.04 286.41
21 6832.7 132 7229.67 541 58 5.81 308.26
22 5176.95 114 5177.00 531 58 0.00 365.59
23 5388.92 96 6005.27 526 56 11.44 446.69
24 5831.19 153 6687.63 389 41 14.69 153.71
25 7286.2 94 7527.65 582 64 331 519.06
26 5079.85 180 5079.90 430 47 0.00 138.78
27 6122.64 103 6664.98 411 44 8.86 300.46
28 5452.83 124 5452.88 586 64 0.00 374.55
29 7393.03 145 7734.09 441 48 4.61 203.53
30 6329.74 117 6329.80 601 67 0.00 412.40
Average 6148.92 120 646591 485 52 5.23 318.67
Minimum 5079.85 85 5079.90 332 36 0.00 138.78
Maximum 7393.03 180 7932.77 751 84 23.70 559.98

In other words, we want to examine the impact of the input data on the performance
of the proposed algorithm. We changed the arguments (DDTF and MIF) of the test
problem generator function introduced in Sect. 4.1 and solved 30 test problems for
each setting. Table 8 shows a summary of the results. Table 9 provides the aver-
age, minimum, and maximum solution times in CPLEX and the SO algorithm, for
each setting. In order to examine whether the gap or solution time are significantly
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Table7 Comparing the simulation—optimization method with CPLEX for n= 10

Test problem  CPLEX (SMIP) Simulation Optimization Gap
OFV Time (s) OFV Time (s) Iterations  OFV (%)  Time (%)

1 46,517.1 5001 4934 31969.8 100 -31.27 -1.33
2 46,070.3 5000 4862 34,726.5 100 —24.62 -2.76
3 48,594 5001 4840 36,507.0 100 —24.87 -3.21
4 4999 4778 32,680.8 100

5 53,894.7 5000 4878 35,050.7 100 —34.96 —2.44
6 42,0355 5000 4796 32,3125 100 -23.13 —-4.09
7 46,760 5000 4852 32919.7 100 —29.60 -2.95
8 48,287.1 5000 5011 35,2557 100 -26.99 0.22
9 5000 4882 30,531.8 100

10 37,7724 5000 4907 25,1203 100 —33.50 —1.86
11 49,068.5 5002 4998 35,048.1 100 —28.57 —0.08
12 5000 4996 40,068.8 100

13 47,0494 5001 4988 32,131.5 100 -31.71 -0.26
14 41,246.2 5000 4864 23,863.0 100 —42.15 -2.72
15 43,165.8 5001 4842 34,9743 100 —18.98 —3.18
16 40,9447 5001 4946 27,929.2 100 -31.79 -1.10
17 47,9659 4999 4819 359234 100 -25.11 -3.59
18 46,645 5001 4857 39,589.5 100 —15.13 —2.88
19 42,654.6 5000 4900 23,0574 100 —45.94 —-2.00
20 47,003.6 5000 4928 39,221.8 100 —16.56 —1.46
21 41,5154 5000 4917 34,909.3 100 —-1591 —1.66
22 44,4159 5000 4878 32,601.5 100 —26.60 —245
23 50,445 5000 4866 31,690.7 100 —37.18 -2.70
24 37,2829 4999 4825 31,7127 100 —14.94 -3.47
25 33,822.2 5000 4838 30,608.1 100 -9.50 -3.25
26 5000 4827 34,5784 100

27 36,036.3 5000 4824 33,809.9 100 -6.18 -3.52
28 51,582.1 5000 4877 32,966.8 100 —36.09 —-247
29 44,263.5 5000 4764 32,498.6 100 —26.58 —-4.72
30 49,271 5002 4812 359313 100 -27.07 -3.79
Average 44,781.1 5000 32,781.9 4878 100 —26.34 —2.45
Minimum 33,8222 4999 23,057.4 4764 100 —45.94 -4.72
Maximum 53,894.7 5002 39,589.5 5011 100 -6.18 0.22

affected by the input data we performed analysis of variance (ANOVA) on samples
drawn from the data used for Tables 8§ and 9. Tables 10 and 11 are the ANOVA
tables in which five treatments (a = 5, the way test problems are generated, the set-
tings), a sample size of seven (n = 7), and a confidence interval of @ = 0.01 is used.
As the results suggest, the input data has no statistical significance in the solu-
tion time or the quality of the solutions (the gaps). This is intuitive when looking
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Table8 Sensitivity of the gapto oo™ DDTF  MIF  No. of prob- Gap in the OFV
the input data, n = 4 lems solved

Avg. (%) Min. Max.

(%) (%)
1 3 50 30 10.42 0.00 26.63
2 4 50 30 9.41 0.00 32.29
3 5 50 30 11.82 0.29  30.77
4 4 40 30 15.39 0.49 3240
5 4 60 30 11.92 0.00 37.32

at the results in Tables 8 and 9. This finding implies that the results that were
shown previously are independent of the problem instances and the conclusions
about the performance of the SO method are robust.

5 Case study

In this section we show one of the applications of the presented problem and solu-
tion method. Construction projects typically have multiple work zones, or sites at
separate distant locations [see Giiden and Siiral (2014), as an example in railroad
construction]. Because the equipment operate in series to complete specific opera-
tions (such as the earth-moving) in each location, finding the optimal sequence for
routing the equipment between the sites can be treated as a flow shop scheduling
problem in which the locations are equivalent to production jobs. On the other hand,
before departure from one location to another, the equipment are required to travel
to a maintenance station if their usage-based (meter-based) preventive maintenance
activities are due.

Due to uncertainty in lead times, and significant varying weather conditions, we
can see that stochasticity is a highly pronounced component of scheduling in con-
struction projects (Kerkhove and Vanhoucke 2017). Therefore, the focus of this case
study is on stochastic optimization of a realistic problem applicable to operations
and maintenance scheduling in construction projects. The input data and descrip-
tion of this case study are adapted from the case study by Yu and Seif (2016) that is
designed for a deterministic flow shop scheduling with multiple maintenance activi-
ties (MAs) in which combining the MAs was not considered and processing times
were fixed regardless of the machines’ health state. After presentation of the data
and describing the case study, we will discuss the solution and draw managerial
implications.

One of the main activities in the early stages of a heavy construction project
is earthmoving. A simplified version of the earthmoving process described by Fu
(2013) is as follows. The first step is called preparation. Excavators are used in this
step; they dig natural form of material from the earth. Next, in the loading step,
wheel loaders can load the removed and prepared soil into haul trucks. Finally, in
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Table 10 Analysis of variance for the gap sensitivity experiment

Source of variation Sum of squares Degree of Mean square F, P-value
freedom

Setting 0.0558 4 0.0140 2.6731 0.0510

Error 0.1567 30 0.0052

Total 0.2126 34

Table 11 Analysis of variance for the solution time sensitivity experiment

Source of variation Sum of squares Degree of Mean square F, P-value
freedom

Setting 19,196.26,013 4 4799.0650 0.4119 0.7986

Error 349,524.7108 30 11,650.8237

Total 368,720.9709 34

Table 12 Maintenance intervals Machine 10 50 100 250 500 1000

(in hours) recommended by

the equipment manufacturer Excavators v v v v v v

(Caterpillar 2010a, b, c).
Reproduced from (Yu and Seif Wheel Loaders
2016) (Haul) Trucks

<
<

v v v v
v v

<
<

the hauling step, haul trucks transport earth to a deposit point by travelling through
routes.

Typical (preventive) maintenance activities for construction machinery are usu-
ally based on the operating hours of the machinery. In Table 12, maintenance inter-
vals (R, k=1,...,6) recommended by one of the manufacturers of heavy con-
struction equipment is listed for the machinery that are required for the simplified
earthmoving process (Caterpillar 2010a, b, c). Different tasks are included in each
MA. For example, the tasks included in the 50-h MA of excavators shown are lubri-
cation of boom, stick and bucket linkage, drive shaft universal joint, etc. Table 13
shows the task lists of the 250-h, 500-h, and 1000-h MAs for the excavator. Tasks
Numbers 14 for the 500-h MA are shared in the 1000-h MA, as shown in bold-
faced. Therefore, when combined, the total duration of these two MAs will be
approximately 75% of the sum of the durations of the two MAs because 25% of the
tasks listed under the two MAs will be redundant when they are combined (assum-
ing that the tasks have the same duration). Although the 250-h MA does not share
any tasks with the other two MAs, after checking the details of some of the tasks we
noticed that their share certain steps within their tasks. Table 14 shows the steps for
performing Task Number 11 of the 250-h MA and Task Number 4 of the 500-h MA.
Steps 1, 4, 5, and 6 of the first task are the same as Steps 6, 8, 9, and 10 of the sec-
ond task. We assumed the duration of the combined tasks to be 60% of the sum of
the three durations. In practice, these values can be calculated precisely after a time
study is conducted on the MAs.
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Table 14 Two tasks with similar steps (excerpts from Caterpillar (2010c))

Task Steps
Transmis- 1. Remove filler plug (1)
sion Oil 9 Check the lubricant level. The lubricant level should be at the bottom of the opening for
Level—  fler plug (1)
Check . If necessary, fill the gearbox with lubricant to the bottom of the opening for filler plug (1)
. Clean filler plug (1)
. Inspect the O-ring seal. If damage or wear is noticed on the O-ring seal, replace the seal
. Install filler plug (1)
Transmis- . Remove the dirt that is around filler plug (1) and around drain plug (2)
g?ln . Remove drain plug (2). Drain the lubricant into a suitable container
il—
Change

. Inspect the O-ring seal. If damage or wear is noticed on the O-ring seal, replace the seal

. Install drain plug (2)

. Remove filler plug (1)

. Fill the gearbox with lubricant to the bottom of the filler plug opening.

. Clean filler plug (1)

. Inspect the O-ring seal. If damage or wear is noticed on the O-ring seal, replace the seal
10. Install filler plug (1)

3
4
5
6
1
2
3. Clean drain plug (2)
4
5
6
7
8
9

Table 15 Processing times, due dates, and penalty costs for the jobs. Adapted from Yu and Seif (2016)

Location Processing times (no. of days X hours/day) Due date  Penalty/

(jobs) (days) day
Excavator Wheel Loader Truck

L, ~ TRI(20,22,25) x 8 ~ TRI(25,28,30)x8 ~ TRI(5,7,9) % 16 90 $211

L, ~ TRI(15,20,25) x 8 ~ TRI(20,25,30)x8 ~ TRI(7,10,14) x 16 100 $118

L, ~ TRI(10, 15,20) x 8 ~ TRI(15,20,25)x8 ~ TRI(3,9,14)x16 80 $118

L, ~ TRI(18,23,28) x8 ~ TRI(15,20,25)x8 ~ TRI(9,11,13)x 16 70 $346

We consider a project with four locations, in which earth moving operations need
to be done. There are three machines allocated for earthmoving operations of these
locations; one excavator, one-wheel loader, and one truck. The locations are too far
from each other for the machines to be able to simultaneously work in more than
one location. In Table 15, the operation requirements in each location are shown.
Due dates are also shown along with the penalty for each day of delay (adapted from
Yu and Seif 2016). Table 15 shows the processing times as the number of days a
machine is expected to work in a location multiplied by the number of hours worked
per day. The due date and penalty costs for completing a job after the due date are
also presented in this table. We assumed a 10-h shift for the working days in the last
two columns.

Average cost of performing a preventive maintenance activity on a wheel loader
is approximately $234 (Azadeh et al. 2014). We have used this value to approximate
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Table 16 The optimal solution for the case study

Sequence of jobs Scheduled location  Scheduled maintenance activities

Excavator Loader Truck
1 Ly - - -
2 Ly MA,s, MA,s, -
3 Ly MAysg, MAsog  MAys, MAs9, MA 190 MAsq,
4 L, MA,s MAys, -

Total expected cost: $4078 Expected maintenance cost: $3076  Expected penalty cost: $1002

Table 17 The optimal solution, when the durations of the MAs do not change in combinations

Sequence of jobs Scheduled location Scheduled maintenance combinations
Excavator Loader Truck

1 L, - - -

2 Ly MAys, MA 00, MA 1909 -

3 L MA,s50, MAsqq MA,s50, MAsy, MAsy,

4 L, MAys, MA,s0 -

Total expected cost: $4188 Expected maintenance cost: $3170 Expected penalty cost:

$1018

the overall cost of each MA’s spare part cost, i.e. ~ U($200,$300). We consider
$25/h as the workforce cost. Because the first three MAs (10, 50, 100 h) are usu-
ally done in a fraction of an operational day, and usually by the operators, where
the machine is operating, and because 2000 h MAs and above are not going to be
reached within the scheduling process for this case study, we have considered only
the 250-h, 500-h, and 1000-h MAs (denoted as MA,s,, MAs,, and MA ). Because
the trucks do not have the 250-h MA, we set its maintenance interval equal to infin-
ity, Ry | = +oo0, in order to nullify it. Although these MAs can be performed ideally
in one day, we consider the triangular distribution ~ TRI(1, 2, 5) for the maintenance
durations because in practice the machines might wait in the maintenance station
for a few days due to spare part unavailability, no empty spot being available in the
maintenance stations, etc.

The optimal solution is presented in Table 16. This solution provides a schedule
for routing of the machines between the construction locations and a maintenance
station, as well as the maintenance plan. For example, the truck goes to L, first, then
goes to L,, then to the maintenance station because MAs, is scheduled before pro-
cessing the third job (L;). Note that the truck does not require to undergo MA,s.
After maintenance, it goes to L;, and then to L,. The excavator and loader need to
go to stop for maintenance before operating in any of the locations (except for the
first location). When two or more MAs are scheduled in a row, the total mainte-
nance time is shortened due to the concept of combining MAs in Sect. 2.1. Note
that the sequence of MAs (when combined) does not affect tardiness or maintenance
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costs. In practice, when combined, MAs are performed in a certain order according
to maintenance procedures.

We solved the problem again after changing the input data for the durations
of the MAs. This time we used the sum of MAs for combinations, instead of a
portion (75% or 60%) of the sum. Table 17 shows the solution for the new prob-
lem. The only changes in the optimal schedule are the MAs of the loader before
going to L, and L,. With the new data, the 500-h and the 1000-h MAs (MAs,
and MA ) are prescribed before L, and 250-h and the 500-h MAs (MAs, and
MA o) are prescribed before going to L;. This means performing an excessive
500-h MA compared to the original solution. The reason is that in the new data,
performing the MAs takes longer which leads to an increase in tardiness. The
solver tries to compensate for this increase in the duration of the MAs by per-
forming more MAs so that the processing times of the jobs do not get prolonged
(due to the poor health of the machine). However, the value of the objective func-
tion is still worse than the original problem.

6 Conclusion

In this paper, we introduced a stochastic maintenance and flow shop scheduling
problem adapted to a realistic production or service environment. We incorpo-
rated the concept of combined maintenance activities in the permutation flow
shop and considered the impact of the health of machines on the processing times
of jobs. The objective was to minimize the total cost of maintenance activities and
lateness penalties. We formulated the problem as a two-stage stochastic mixed-
integer program in which the first-stage decision variables determined both the
sequence of the jobs and a combination of maintenance activities to be scheduled
before processing the jobs. Because the commercial solvers were not able to solve
large-scale instances of the problem in a reasonable time, we proposed a simula-
tion—optimization solution method that can efficiently solve these instances. We
designed a series of computational experiments in order to tune the algorithm,
evaluate its performance in comparison with CPLEX, and assess the sensitivity
of its performance to the input data. We concluded that:

e an increase in the population size in the algorithm improves the quality of
the solutions only up to a certain point, after which only the solution time
increases,

e although for small-sized instances of the problem we recommend the use of
commercial/exact solvers, for medium to large-scale instances and under a
limited time frame, the proposed solution method outperforms these computa-
tionally and financially expensive solvers, and

e the quality of the solutions and solution time of the presented simulation—
optimization method is not sensitive to the input data under a limited solution
time, which alludes to the robustness of the method.
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We demonstrated an application of the presented problem through a case study
in construction projects. The results of the case study showed that considering the
decrease maintenance time, when the activities are combined, leads to savings
and improvement in the objective function value. Taking random failures into
the consideration is highly desirable and can be studied as an extension of this
paper. Also, the concept of combined maintenance activities can be incorporated
in other production settings such as flexible flow shop and job shop scheduling.

Appendix: Generating the coefficients

Consider the set a = {al,az,...,a,},Vk =1,....,a,eR. §= {sl,sz,...,szl}
is the set of all the possible subsets of a that are not null, and
b= {bl,bz, ,hz,}abr = Za’es, ad,Vr=1,...,2.. We want to find the elements
of a such that the elements of b are unique. For example, for a; = {1,2,3}, [ =3,
S, ={{1},{2}, {3}, {1,2},{1,3},{2,3},{1,2,3}}.. b, = {1,2,3,3,4,5,6}, where
the members of b, are not unique. But for a, = {1.1,1.2,1.3},/=3, S, = {{1.1},
{12}, {1.3},{1.1,1.2},{1.1,1.3}, {1.2,1.3}, {1.1,1.2, 1.3} }.. b, = {1.1,12,1.3,2.3,2.4,
2.5,3.6}, where the members of b, are unique. The following proposition shows one
way of generating a.

Proposition 1 I[f a=41.1,1.01,...,1.0 0...0 1¢, |a| = [, the uniqueness of the
——

-1
elements in b is guaranteed.

Proof Fora=41.1,1.01,...,1.00...01¢, |a| = [
——

-1

S=<{1.1},{1.01},...,41.00...01 ¢, {1.1,1.2},...,41.1,1.01,...,1.00...0 1 ¢ ¢,
~—— N——
-1 -1

IS|]=2'—1..b=41.1,1.01,...,1.00...01,2.11,2.101, ..., .11 ... 1, |b| = 2! — 1.
~—~— ~——

-1 !

Assume 3b;,b; € bands;,s; € S2b; = b;ands; # s;. Because b; = b;, the integer
and decimal parts of the two numbers are equal Because the integer parts of all of
the elements in a are the same (1), the integer part of b; and b; indicate the number of
elements in their respective subsets, i.e. s; and s;. Because all elements in each sub-
set have 1 as their integer part and each element has a unique number of zeros in the
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decimal part, the elements have to be equal for b; and b; to be equal. If the elements
of s; and s; are identical, s; = s;. which contradicts the assumption. Therefore, for

a=41.1,1.01,...,1.00...0 1 ¢, |a| = [ the elements of b are unique. O
——

-1
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