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Abstract

Optimizing the use of resources plays an important role in today’s modern manufacturing and
service organizations. Scheduling, involving setup times and costs, leads to better allocation of
resources over time to perform a collection of required tasks. This compilation dissertation
examines how the learning effect of workers and a combination of setup activities can be used to
optimize resource utilization in manufacturing systems and maintenance services.

The learning effect is a technique that can model improvement in worker’s ability as a result
of repeating similar tasks. By considering the learning effect, setup times will be reduced, and a
schedule can be determined to place jobs that share similar tools and fixtures next to each other.
The purpose is to schedule a set of jobs in a hybrid flow shop environment while minimizing two
criteria that represent the manufacturers’ and consumers’ concerns: namely maximum completion
time (makespan) and total tardiness. Combining setup activities can also reduce setup times and
costs. In the maintenance of systems consisting of multiple components, costs can be saved when
several components are jointly maintained. By using this technique, a schedule can be determined
to minimize the total cost of maintenance and renewal projects for various components and their
relevant setup activities. Mathematical programming models that incorporate these aspects of the
problem are developed in this research and the performance of the proposed models are tested on
a set of problem instances.

The results of this work show that the proposed techniques perform well in reducing setup
times and costs and eliminate the need for setups through scheduling. This work proposes several
exact, heuristic, and meta-heuristic methods to solve the developed models and compare their
efficiency. This study contributes to the theoretical discussion of multi-criteria production and
maintenance scheduling. For practitioners, this dissertation work provides optimization
techniques and tools through scheduling that can help keep costs down and allow companies to
operate according to time and budget constraints.

Keywords: hybrid flow shop, maintenance and renewal planning, operations research,
resource optimization, scheduling, setup time and cost





Pargar, Farzad, Resurssien käytön optimointitekniikat aikataulutuksessa.
Sovelluksia tuotanto- ja kunnossapitojärjestelmiin
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Teknillinen tiedekunta
Acta Univ. Oul. C 628, 2017
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Resurssien käytön optimoinnilla on tärkeä rooli nykypäivän tuotanto- ja palveluympäristöissä.
Joukko tehtäviä voidaan toteuttaa resurssitehokkaammin niille varatussa ajassa huomioimalla
aikataulutuksessa asetusajat ja –kustannukset. Tämä kokoomaväitöskirja tarkastelee, kuinka
työntekijöiden oppimisefektin mallinnus ja asetustoimien yhdistäminen tukevat resurssien opti-
mointia tuotantojärjestelmissä ja kunnossapitopalveluissa.

Oppimisefekti on tekniikka, jolla voidaan mallintaa työntekijän osaamisen kehittymistä
samankaltaisia työtehtäviä toistettaessa. Huomioimalla oppimisefekti asetusaikoja voidaan pie-
nentää, ja töille luoda aikataulu jossa samankaltaiset työkalut ja laitteet ovat lähellä toisiaan.
Osana väitöskirjaa esitetään työerän aikataulutus tietyssä yksittäistuotantoympäristössä minimoi-
den kahta kriteeriä: valmistajan tavoite kokonaisläpimenoaika ja asiakkaan tavoite yksittäisten
töiden aikataulussa valmistuminen. Toinen väitöskirjassa esitetty tekniikka asetusaikojen ja
–kustannusten pienentämiseen on asetustöiden yhdistely. Useista komponenteista koostuvassa
systeemissä kustannussäästöjä voidaan saavuttaa huoltamalla useita komponentteja yhtä aikaa.
Tämän yhdistelyn avulla voidaan luoda aikataulu, joka minimoi useiden komponenttien ylläpi-
don, uusimisen, ja asetuskustannusten kokonaiskustannuksen. Työssä mallinnetaan näitä teknii-
koita matemaattisen ohjelmoinnin keinoin, ja luotuja malleja testataan joukolla esimerkkiongel-
mia.

Väitöskirjan tulokset osoittavat, että ehdotetuilla tekniikoilla voidaan vähentää asetusaikoja
ja –kustannuksia, tai poistaa asetustöistä aiheutuvia kustannuksia kokonaan. Siinä esitetään usei-
ta eksakteja, heuristisia ja metaheuristisia menetelmiä kehitettyjen mallien ratkaisuun ja niiden
suorituskyvyn vertailuun. Työn tulokset edistävät tieteellistä keskustelua monikriteeriskeduloin-
nin alalla, erityisesti liittyen tuotanto- ja kunnossapitosysteemeihin. Käytännön toimijoille väi-
töskirja tarjoaa optimointitekniikoita- ja työkaluja aikataulutukseen ja sen kautta taloudellisissa
ja ajallisissa rajoitteissa toiminnan mahdollistamiseen.

Asiasanat: aikataulutus, asetusaika, asetuskustannus, hybrid flow shop, kunnossapito,
operaatiotutkimus, resurssien käytön optimointi
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PM Preventive maintenance 

PMRSP Preventive maintenance and renewal scheduling problem 
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SDST Sequence-dependent setup time 
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Definitions of key concepts 

Corrective maintenance Corrective maintenance is carried out after 

recognition and intention to put an item into a state in 

which it can perform a required function. 

Hybrid flow shop A hybrid flow shop consists of a series of production 

stages, each of which has several identical machines 

operating in parallel. Some stages may only have one 

machine, but at least one stage must have multiple 

machines to be qualified as a hybrid flow shop. 

Maintenance Maintenance is work that is carried out to preserve 

an asset and enable its continued use and function 

above a minimum acceptable level of performance 

over its design life, without unforeseen renewal or 

major repair activities.  

Makespan Makespan is the completion time of the last task in a 

schedule. 

Preventive maintenance Preventive maintenance is a set of activities to 

prevent failures from occurring. 

Production planning Production planning determines what, when, and 

how much to produce to meet the customer’s needs, 

without excessive inventory or backorder costs. 

Production scheduling Production scheduling is management and allocation 

of resources, events, and processes to create goods 

and services. Production scheduling aims to 

maximize the efficiency of the operation and to 

minimize the production time and costs by telling a 

production facility when to produce, with which 

staff, and on which equipment 

Renewal Renewal is the moment when maintenance is no 

longer applicable due to either technical limitations 

or economic reasons. The component or system has 

to be partly or completely substituted if it no longer 

fulfills the quality level or requires extremely high 

maintenance expenses to achieve the quality level. 

Resource optimization  Resource optimization is the set of processes and 

methods to match the available resources (human, 
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machinery, financial) with the needs of the 

organization to achieve established goals. 

Setup time and cost Setup time, in general, can be defined as the time 

required to prepare the necessary resources (e.g., 

machines, people) to perform a task (e.g., job, 

operation), while setup cost is the cost of preparing 

any resource used prior to the execution of a task. 

Schedule A schedule is a feasible allocation of resources to 

activities over time. 

Scheduling Scheduling is a methodology that optimizes the use 

of available resources by ordering a sequence of 

operations assigned to each resource.  

Tardiness Tardiness is a measure of a delay in executing a 

certain task. 

Track The track is a fundamental part of the railway 

infrastructure. The usual track consists of the two 

steel rails, secured on sleepers to keep the rails at the 

correct distance apart and capable of supporting the 

weight of the trains. The third major component of 

the track is the ballast. 

Track possession When a section of railway track requires 

maintenance, it is blocked from train traffic and 

handed over to the engineers who take “possession” 

of the track. When the track is returned to the 

operators, the engineers “give up possession.” 
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1 Introduction 

The focus of this dissertation is reducing setup times and costs through scheduling 

in two application areas. This chapter gives an introductory overview of the 

research in this thesis and its scope and focus. The introduction is divided into four 

sections. The first section raises awareness about the importance of setup reduction 

and the benefits of scheduling with setup times and costs in production and 

maintenance services. Next, Section 1.2 discusses the research objectives and scope. 

It also addresses the research problem and the research questions that need to be 

answered. Section 1.3 shows the research approach and methodology and the thesis 

is outlined in Section 1.4. 

1.1 Background and research environment 

Scheduling is a decision-making process that deals with the allocation of resources 

to tasks over given time periods, and its goal is to optimize one or more objectives 

(Allahverdi, 2015). The resources and tasks in every organization can take different 

forms. The resources may be machines in a workshop or crews at a maintenance 

site. The tasks may involve processing a job on a machine in production scheduling 

or replacing a component of a system in maintenance scheduling. Each task may 

have a certain due date. Companies must meet customer due dates, as failure to do 

so may result in significant losses. Companies also need to schedule activities in 

such a way that they use the available resources in an efficient manner (Pinedo, 

2015). The decision to provide multiple tasks on common resources results in the 

need for setup activities. The setup process is not a value-added factor, and hence, 

it is desirable to reduce the setups. 

In this section, the importance of reducing setup times and costs through the 

efficient use of available resources is first discussed. Then, the resource 

optimization techniques in two application areas are explained. In the first 

application area, a production scheduling problem is considered by focusing on the 

hybrid flow shop environment. In the second application area, a maintenance 

scheduling problem is considered by focusing on multi-unit systems. 

1.1.1 Importance of reducing setups 

Scheduling with setup times or setup costs plays a crucial role in production 

systems and maintenance services. The decision to provide multiple 
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products/services on common resources results in the need for setup activities. This 

fact is ignored in the vast majority of existing scheduling literature (Allahverdi & 

Soroush, 2008). Setup activities represent costly disruptions to production and 

service processes. Setup activities may include, for example, (1) obtaining tools, 

positioning work in process material, returning tools, cleaning up, setting the 

required jigs and fixtures, adjusting tools, and inspecting material in a production 

system, or (2) setting up a suitable environment to perform tasks in a service 

organization (Allahverdi, Gupta, & Aldowaisan, 1999). 

Setup time, in general, can be defined as the time required to prepare the 

necessary resources (e.g., machines, people) to perform a task (e.g., job, operation), 

while setup cost is the cost to prepare any resource used prior to the execution of a 

task (Allahverdi & Soroush, 2008). Ignoring setup times and costs may be valid for 

some applications; however, it adversely affects the solution quality of some other 

applications. The setup process is not a value-added factor, and hence, setup times 

and costs need to be explicitly considered while scheduling decisions are made to 

eliminate waste and improve resource utilization, thereby increasing company 

profit (Allahverdi, 2015). 

Setup activities are very important in some applications. For example, in 

printed circuit board assembly, it was reported that a 20-50% loss of available 

capacity may arise from setup activities (Liu & Chang, 2000). By reducing setup 

time, a direct savings of $1.8 million per year was obtained in a single printed 

circuit board assembly plant (Trovinger & Bohn, 2005). O’Connor (2010) pointed 

out that half of the 250 industrial projects they have considered contain setup times, 

and when these setup times are applied, 92% of the order deadlines could be met. 

Loveland, Monkman, & Morrice (2007) addressed the scheduling problem at the 

manufacturing facility of Dell Inc. with the objective of minimizing total setup cost. 

Correspondingly, Dell Inc. has saved more than $1 million per year and production 

volume has increased as much as 35%. The importance and application of 

scheduling models with explicit consideration of setup times (costs) have been 

discussed in several studies (Andrés, Albarracín, Tormo, Vicens, & García-Sabater, 

2005). 

In this thesis, resource optimization techniques such as learning effect of 

workers on performing setups and combining setup activities are used to improve 

the program of any manufacturing or service organization. The learning effect is a 

technique used to model improvement in a worker's ability through repeating 

similar tasks. By considering the learning effect in production systems, a schedule 

can be determined that places jobs that share similar tools and fixtures next to each 
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other. Another technique to reduce setups is to combine setup activities. In the 

maintenance of systems consisting of multiple components, costs can be saved 

when several components are jointly maintained. The resource optimization 

techniques mentioned above are used in two application areas: production 

scheduling and maintenance scheduling.   

1.1.2 Production scheduling 

Today, it is imperative for manufacturing companies to run operations efficiently 

to guarantee their sustainability (M. Cheng, Mukherjee, & Sarin, 2013). Scheduling 

plays a fundamental role in the manufacturing of goods within an acceptable time 

frame while taking different constraints into account. Scheduling has proven to be 

decisive in maximizing the efficiency of operations and increasing the company 

profit by reducing manufacturing costs (Branke, Nguyen, Pickardt, & Zhang, 2016).  

Traditional production systems have taken many general forms. Consequently, 

several types of scheduling problems are addressed in the literature. Single machine, 

flow shop, parallel machine, job shop and hybrid flow shop are some of the 

important types of scheduling environments. Among them, hybrid flow shop (HFS) 

scheduling problems are the most active field of research. An HFS model allows 

us to represent most of the production systems (Mousavi, Mousakhani, & Zandieh, 

2013). 

HFS scheduling is one of the most important subjects in operations research 

due to its complexity and practical relevance. The topic is intensively studied in 

many real-world applications (Naderi, Gohari, & Yazdani, 2014). Many process 

industries such as steel, ceramic, electronics, chemical, and textile industries, 

resemble the HFS environment (Ruiz & Vázquez-Rodriguez, 2010). For example, 

the reliability test of electronic circuits in the semiconductor industry, called burn-

in, can be classified as a hybrid flow shop. The burn-in operation is consists of 

designating electronic circuits to several industrial ovens in a sequence, submitting 

them to thermal stress. The test of each circuit is considered here as a job and 

requires a time inside the oven, which is referred to as the processing time. 

A hybrid flow shop consists of a series of production stages, each of which has 

several identical machines operating in parallel. Some stages may have only one 

machine, but at least one stage must have multiple machines to qualify as a hybrid 

flow shop (Naderi et al., 2014). In the HFS environment, a set of n jobs is to be 

processed optimizing a given objective function. A job must pass through all stages 
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and must be processed by exactly one machine at every stage. The layout of 

an hybrid flow shop environment is illustrated in Figure 1.  

The HFS environment can be assumed to be the combination of flow shop and 

parallel machines. It is so complex that the computational effort to find an optimal 

solution grows exponentially with the number of jobs (so-called non-deterministic 

polynomial-time hardness (NP-hardness) of the optimization problem). For 

instance, an HFS restricted to two stages, even in the case where one stage contains 

two machines and the other one a single machine, is NP-hard (Gupta, 1988). Two 

decisions are taken at once to solve the HFS scheduling problem: determining the 

assignment of jobs to the parallel machines and determining the sequence of the 

jobs assigned to each machine (Kurz & Askin, 2004). Because of its powerful 

engineering background, solving HFS problem can enhance production efficiency 

and increase competitive strength. 

 

Figure 1. The structure of a typical hybrid flow shop environment. (Article II, published 

with permission of Springer.) 

There are a considerable number of practical assumptions in real-world scheduling 

settings. Most past scheduling research has neglected the setup or assumed it as a 

part of the processing time. This assumption could reflect certain applications but 

in most cases simplifies the analysis and adversely affects the solution quality 

(Allahverdi & Soroush, 2008). Machine setup time is a significant factor for 

production scheduling, and it may easily consume more than 20% of available 

machine capacity if not well handled (Pinedo, 2015). 

This study addresses a HFS scheduling problem with setup times separate from 

processing times. The main reason for making this assumption lies in its practical 
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relevance and the remarkable savings when setup times are explicitly consolidated 

in scheduling decisions. Setup times can be classified as sequence-dependent or 

sequence-independent. Integration of sequence-dependent setup times (SDST) into 

the scheduling problems has drawn increasing attention in recent years (Soroush, 

2015). In SDST, setup time is dependent on the current job that is being processed 

and the previous job that was processed on that machine. It is assumed that, 

between the processing of two successive jobs in each machine, some types of 

sequence-dependent setup tasks (such as cleaning up, changing tools or removal of 

failures) should be done. By integrating SDST into a scheduling problem, it is 

possible to solve the problems in a real manner and to obtain a more effective and 

economical sequence. 

Learning effect of workers on performing setups is another practical 

assumption in real-world scheduling settings. By processing similar tasks 

frequently, workers’ skills improve and they can perform the setup at a greater pace 

(Agnetis, Billaut, Gawiejnowicz, Pacciarelli, & Soukhal, 2014). As a result, the setup 

time of a given job is shorter if it is scheduled later rather than earlier in the 

sequence. This phenomenon is known as the learning effect in the literature 

(Biskup, 1999; T. E. Cheng & Wang, 2000). Learning can play an important role in 

production systems, and learning effects have been proven to exist by many 

empirical studies (see the examples in Biskup, 1999). An inherent characteristic of 

scheduling tasks is a high level of human activities, so the number of activities 

subject to learning is high (Lu, Teng, & Feng, 2015). Therefore, setup times will be 

reduced by considering the learning effect, and a schedule can be determined that 

places jobs that share similar tools and fixtures next to each other. The learning 

effect is a very active research area containing a great number of scheduling models. 

Agnetis et al. (2014) provide the most recent review of scheduling problems with 

learning effects. 

In the present research, a hybrid flow shop scheduling problem considering the 

learning effect of sequence-dependent setup times is addressed to minimize several 

criteria. There are many optimization criteria addressed in the literature of 

production scheduling problems. Minimization of makespan (completion time of 

the last task in a schedule), total tardiness, total earliness, total flow time, mean 

flow time, weighted earliness and tardiness and the number of tardy jobs are some 

of the important objective functions of scheduling problems (Ribas, Leisten, & 

Framiñan, 2010). In this study, the manufacturers’ and the consumers’ concerns that 

conflict with each other are considered. Makespan and total tardiness are common 

measures to calculate the total length of the schedule and total lateness for jobs 
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completed after their due dates, respectively. These criteria are widely used 

performance measures in the scheduling literature and are the most prominent 

measures among the scheduling objectives in industrial applications (Ruiz & 

Vázquez-Rodriguez, 2010). Minimizing the makespan causes internal efficiency and 

maintains the work-in-process inventory at a low level. Minimizing tardiness 

causes external efficiency and reduces the penalties incurred for late jobs (Linn & 

Zhang, 1999). Minimization of makespan and total tardiness are in conflict because 

a single optimal solution may not exist with respect to the two objectives. A sub-

schedule that minimizes the total tardiness for a set of jobs may retain a relatively 

large makespan which worsens the total tardiness for the remaining jobs. 

1.1.3 Maintenance scheduling 

Maintenance includes all actions necessary for retaining a system or an item in, or 

restoring it to, a state in which it can perform its required function (Standard, 1984). 

The maintenance of equipment plays an important role in many industries, 

especially in areas where the loss resulting from a system failure is great (Wang, 

2002). For systems used in the delivery of services (e.g., railways, electricity 

networks, oil pipelines), it is extremely important to avoid failure during actual 

operation because the results can be dangerous or disastrous. 

Maintenance scheduling means deciding which maintenance activities to 

perform and when, such that one or several objectives are optimized. Different 

types of maintenance scheduling problems for systems comprising one or several 

components are addressed in the literature; see the surveys by Dekker, Wildeman, 

& Van der Duyn Schouten (1997); Budai, Dekker, & Nicolai (2008); Wang (2002); 

and Van Horenbeek, Pintelon, & Muchiri (2010). In the present research, 

maintenance scheduling of multi-unit systems is considered. A multi-unit system 

includes several multi-component systems in sequence. Interactions and 

dependencies between the components and even the units, complicate the 

maintenance modeling and optimization of these systems. The structure of a typical 

multi-unit system consisting of K units in which each unit may consist of I 

components is shown in Figure 2. The formulation of a multi-unit system can be 

easily adapted to any types of systems or even a single-unit system by assuming 

K=1. 
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Figure 2. The structure of a typical multi-unit system with several components. (Article 

III, published with permission of Taylor & Francis Group.) 

Systems often must be stopped to execute maintenance activities. The downtime 

cost of a multi-unit system due to maintenance is even higher than other systems 

because the overall system will be out of service if just one component in one unit 

is unavailable. Therefore, this negative effect (downtime cost) should be considered 

in maintenance planning and optimization of multi-unit systems. In the present 

study, we consider the scheduling of preventive maintenance and renewal activities 

for multi-unit systems using a deterministic finite horizon model. 

Preventive maintenance (PM) is a set of activities such as test, measurement, 

and adjustment that aims to prevent failures from occurring (Budai et al., 2008). 

One of the main advantages of PM is that it can be planned ahead and performed 

conveniently when work preparation is necessary. In many cases, preparatory tasks 

such as shutting down a unit or transport of the maintenance crew and machines, 

must take place before maintenance can be performed (Nicolai & Dekker, 2008). 

PM activities are costly when done frequently because they increase system 

downtime. It is desirable to reduce the costs of maintenance without reducing the 

level of maintenance (Budai, Huisman, & Dekker, 2006). 

One technique to reduce PM costs is to combine the execution of maintenance 

activities (van Dijkhuizen & van Harten, 1997). Combining the activities allows 

savings on the preparatory work. However, grouping mostly implies that one 

deviates from the originally planned execution moments and thus some 

maintenance actions are performed more often than originally planned, also 

involving costs (Budai-Balke, 2009). Another technique to reduce PM costs is to 

find a balance between maintenance and renewal and determine the economic life 

of a system component. In general, a system component deteriorates with age, and 

there is a need to increase the frequency of maintenance activities during the final 

phases of its technical lifetime (Andrews, 2012). It may, however, be more 
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economical to renew the component earlier than its physical life to prevent 

successive costly maintenance activities or to combine its renewal with other 

renewal activities.    

In the present research, a preventive maintenance and renewal scheduling 

problem (PMRSP), integrated the above-mentioned techniques (grouping and 

balancing), is addressed to minimize several criteria. The optimization criteria used 

in the literature of maintenance scheduling problems are limited to well-known 

criteria such as cost and availability. In this study, all the costs of maintenance and 

renewal activities and their relevant preparatory works and downtime costs over 

the planning horizon are considered. 

1.2 Scope and objectives 

Production scheduling and maintenance scheduling problems have been of long-

standing interest to academics as well as practitioners. Solving such problems 

requires scheduling of interrelated activities, potentially each using scarce 

resources subject to a set of constraints and with one or several objective functions. 

In this dissertation, the limited availability of resources required for carrying out 

the activities in production and maintenance plans. Essentially, it is very important 

to improve the efficiency of resource utilization. 

The scope of this research is deterministic optimization of production and 

maintenance scheduling problems. Other optimization approaches, such as 

stochastic and dynamic optimization, are excluded from this research. The focus of 

the production scheduling problem is on the hybrid flow shop environment, and the 

focus in the maintenance scheduling problem is on multi-unit systems. 

The purpose of this research is to investigate resource optimization techniques 

through scheduling. This purpose is addressed through the following research 

problem: 

How to optimize resource utilization in production and maintenance 

scheduling problems, and how to find an optimal or near-optimal solution for the 

selected performance criteria. 

Table 1 presents three major research questions (RQ), which are formulated for 

this research problem. 
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Table 1. Research questions. 

RQ# Research question 

RQ1 What are the resource optimization techniques in production and maintenance scheduling, 

and how do they impact the schedule of activities?  

RQ2 How can the performance of production systems be optimized by scheduling a set of jobs 

in a hybrid flow shop environment? 

RQ3 How can the performance of maintenance services be optimized by scheduling the 

preventive maintenance and renewal activities of a multi-unit system? 

This thesis contains four peer-reviewed articles, all of which aimed to support the 

purpose of the research. Table 2 presents an overview of the articles. These articles 

complement one another and provide a partial solution to the research problem. 

Table 2. Overview of the research articles. 

Article  Title Name of the journal 

I Bi-criteria SDST hybrid flow shop scheduling with learning 

effect of setup times: water flow-like algorithm approach 

International Journal of 

Production Research 

II The effect of worker learning on scheduling jobs in a hybrid 

flow shop; a bi-objective approach 

Journal of Systems Science 

and Systems Engineering 

III A mathematical model for scheduling preventive 

maintenance and renewal projects of infrastructures 

Safety and Reliability of 

Complex Engineered Systems 

IV Integrated scheduling of preventive maintenance and 

renewal projects for multi-unit systems with grouping and 

balancing 

Computer and Industrial 

Engineering 

The first two articles are focused on reducing setup times through proper 

scheduling of production systems. The last two articles are focused on reducing 

setup costs through proper scheduling of maintenance systems. Each of the four 

articles attempts to address a separate relevant aspect of RQ1. 

Article I and Article II consider the learning effect of workers in performing 

setup activities as a resource optimization technique in production scheduling of 

hybrid flow shop environments. The main objective of Article I is to model the 

learning effect of workers in a hybrid flow shop production scheduling problem 

and optimize it. The main objective of Article II is to optimize a multi-objective 

hybrid flow shop scheduling problem with learning effect.  Article I and II are the 

main sources used to answer RQ2.  

Article III and Article IV consider the grouping of setup activities and finding 

a balance between maintenance and renewal, as two resource optimization 
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techniques in maintenance scheduling of multi-unit systems. The main objective of 

Article III is to develop a general configuration for modeling the combination of 

setup activities in a multi-unit maintenance scheduling problem. The main 

objective of Article IV is to analyze and optimize integrated scheduling of 

preventive maintenance and renewal projects for multi-unit systems with grouping 

and balancing. The answer to RQ3 was mainly derived from Articles III and IV.  

The relationships among the research results to the research questions and the 

related theories is presented in Figure 3.  

 

Figure 3. Links between research areas, research questions, and articles. 

1.3 Research methodology 

This section discusses the research approach and methodology together with the 

data collection and analysis procedures for achieving the research purpose. 

1.3.1 Research approach 

Research is a systematic examination of the observed information to find answers 

to the problems. Research methodology refers to the way in which the problem is 

approached to find an answer to it (Taylor & Bogdan, 1984). The focus of this 
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dissertation work is on the operations research (OR) approach to solving 

operational problems. Churchman, Ackoff, & Arnoff (1957) defined OR as “the 

application of scientific methods, techniques and tools to problems involving the 

operations of a system to provide those in control of the system with optimum 

solutions to problems.” OR uses a methodology that is objective and clearly 

articulated and is built around the philosophy that such an approach is superior to 

one that is based purely on subjectivity and the opinion of “experts,” in that it will 

lead to better and more consistent decisions (Rajgopal, 2004).  

Quantitative modeling is the basis of most of the research in OR, and it is based on 

a set of variables that vary over a specific domain, while quantitative and casual 

relationships have been defined between the variables (Bertrand & Fransoo, 2002). 

The emphasis of this dissertation is on model-based quantitative research where 

models of casual relationships between control variables and performance variables 

are developed, analyzed, or tested. 

The purpose of research can be organized into three groups: exploratory 

(explore a new topic), descriptive (describe a phenomenon), and explanatory 

(explain why something occurs) (Neumann, 2003). The research approach of this 

thesis is descriptive and explanatory, as the purpose of the research is to show the 

importance of the setup reduction issue in two industrial applications. The research 

approach can be also categorized into the deductive or the inductive approaches 

(Sullivan, 2001). 

In the second application area of this research (maintenance scheduling), both 

the deductive and inductive research approaches have been applied. The deductive 

approach is initially applied during the process of the literature review to build up 

the theoretical frame of reference required for the research. The inductive approach 

is also applied in the analysis, model development and validation of solution 

methods. Regarding the first application area (production scheduling), the research 

process was primarily based on hypothetical data. The process of model 

development and its solving methods, according to Cooper & Schindler (2006), is 

shown in Figure 4. 
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Figure 4. The process of model development and its solving methods. 

In the present research, a model is defined as a representation of a system that is 

constructed to study some aspects of that system or the system as a whole. Models 

are important means of advancing theories and aiding decision makers (Cooper & 

Schindler, 2006). The mathematical programming model, as a description of a 

system using mathematical language, can reasonably show the behavior of a system 

and help to validate its mechanisms. Mathematical programming is programming 

in the sense of planning. Modeling provides the ability to formulate hypotheses and 

receive new knowledge about the object which was unavailable before (Hossain, 

2016). The model can be refined to include more and more factors for building a 

more robust and realistic model, and its results can be repeated. Two samples of the 

developed mathematical models for production scheduling and maintenance 

scheduling are shown in Appendix 1 and Appendix 2, respectively.    

This research is divided into three stages. In the first stage, a detailed literature 

review is carried out regarding scheduling problems, approaches to their solutions, 

and the current trends in scheduling theories. The second stage forms the main part 

of this research, in which novel optimization models and heuristic and meta-

heuristic approaches are developed. The developed solution methods are tested on 

several benchmark problems and industrial case studies to check their performance. 

In the third stage, a detailed analysis of the results of the computational experiments 

is carried out. 

1.3.2 Data collection and analysis 

Data can be defined as the empirical evidence or information that scientists 

carefully collect according to rules or procedures to support or reject theories 

(Neuman, 2003). In the production scheduling problem, the research process was 

primarily based on hypothetical data collected from journal papers and theses. In 

the maintenance scheduling problem, in addition to using the hypothetical data, 

empirical data were collected from an infrastructure manager of Dutch Railways 
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for the case study described in Article IV. In the case study, the maintenance and 

renewal cost data for 10 kilometers of railway track were gathered. Most of the 

parameters are based on company data. Nevertheless, the time intervals between 

the maintenance activities of different components had to be estimated.  

In addition to the data collection from the above-mentioned sources, 

information was collected through discussions and consultations with experts, 

including the Dutch Railways infrastructure manager and maintenance contractors. 

On-site trips were also made to gain a better understanding of the maintenance and 

renewal of track components and the procedures of relevant preparatory tasks. 

Some of the company’s documents and reports were also studied to understand the 

different databases. 

The present study uses quantitative analysis. The knowledge gathered from the 

extensive literature survey, discussions and consultations with more than 20 experts 

were applied to meet the research objectives. In each of the four articles, concepts 

from operations research and mathematical programming models are used. In this 

research, we use the following methods/theories:  

– Mixed-integer programming 

– Scheduling theory 

– Resource utilization theory 

– Evolutionary multi-objective optimization 

– Heuristic and meta-heuristic algorithms 

– Design of experiments 

Scheduling and resource utilization theories are used to develop an integer 

programming model for setup times or costs reduction in maintenance services and 

production systems. Several exact, heuristic, and meta-heuristic methods are 

proposed to solve the developed models and compare their efficiency in a set of 

well-designed experiments. 

1.4 Outline of the thesis 

The thesis consists of this compilation and the four individual papers, organized in 

the following way: Chapter 1 introduces the research and its scope and 

methodology. The chapter also discusses the research problem and outlines the 

research purpose and questions. Chapter 2 discusses the state-of-the-art in problem-

solving concerning the concepts and theories on production and maintenance 



30 

scheduling problems. Chapter 3 briefly describes the findings from each individual 

paper and discusses the research questions and contributions. Chapter 4 contains 

the theoretical and practical implications of the results, as well as the reliability and 

validity of the research, and recommendations for future research. Finally, Chapter 

5 summarizes the research.  
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2 Literature review 

In this chapter, several theoretical links and related literature on production 

scheduling of hybrid flow shops and maintenance scheduling of multi-unit systems 

are briefly presented in separate sections. The theoretical concepts, references, and 

related methodologies are represented in accordance with the objectives of the 

dissertation. In the last section, main aspects in the literature and the theoretical 

concepts are summarized. 

2.1 Production scheduling in hybrid flow shop systems 

Hybrid flow shop scheduling is one of the most important subjects in operations 

research and manufacturing due to its strong industrial backgrounds (Ruiz & 

Rodriguez, 2010). The topic is intensively studied in all kinds of real-world 

scenarios, including the electronics, paper, and textile industries and even the 

steelmaking industry (Pinedo, 2015). Because of the growing cost of raw materials, 

labor, energy, and transportation, scheduling plays an essential role in production 

planning of manufacturing systems, and it is one of the most important issues for 

survival in the modern competitive marketplace (Allahverdi, 2015). Here, the 

literature is first surveyed on hybrid flow shop scheduling problems and learning 

effect studies in the scheduling field, followed by a a review of the literature on 

multi-objective evolutionary algorithms (MOEA). 

2.1.1 Hybrid flow shop classification  

Hybrid flow shop as a common manufacturing environment has a standard form 

which can serve as a template. In the standard form of the HFS problem, all jobs 

and machines are available at time zero and setup times are negligible. The standard 

form of HFS assumes that machines at a given stage are identical; any machine can 

process only one operation at a time, and any job can be processed by only one 

machine at a time; the capacity of buffers between stages is unlimited; preemption 

is not allowed, and problem data is deterministic and known in advance (Ruiz & 

Vázquez-Rodriguez, 2010). The modification, removal, or addition of assumptions 

and/or constraints to the standard problem described above leads to different HFS 

variants. 

Scheduling problems can be described with a triplet α|β|γ (Graham, Lawler, Lenstra, 

& Kan, 1979). The first field, α, describes the shop (machine) configuration. The 
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second field, β, indicates constraints and assumptions. The third field, γ, denotes 

the objective function. Table 3 describes some common examples of the three-field 

notation. The considered problem in this research (an m-machine g-stage flexible 

(hybrid) flow shop scheduling problem to minimize makespan and total tardiness 

with sequence-dependent setup times and learning effect) will be noted as FHg, ( ) | Ssd, LE |{ Cmax, ∑Tj } where P indicates parallel (identical) machines.  

Table 3. Description of α|β|γ fields. 

α   β    γ  

Notation Description  Notation Description   Notation Description 

1 Single machine Ssi  Sequence-independent 

setup time 

Cmax Makespan 

P Parallel machine 

(identical) 

Ssd  Sequence-dependent 

setup time 

Tmax Maximum tardiness 

Q Parallel machine (uniform) Prec  Precedence constraints ∑Tj Total tardiness 

R Parallel machine 

(unrelated) 

rj  Non-zero release date ∑Uj Number of tardy jobs 

FHg g-stage hybrid flow shop    Emax Maximum earliness 

The literature on hybrid flow shop scheduling is abundant, and a comprehensive 

literature review of the hybrid flow shop can be found in Linn & Zhang (1999) and 

Ribas et al. (2010). Another extensive review is that of Ruiz & Vázquez-Rodriguez 

(2010), who examined more than 200 papers dealing mainly with the HFS problem 

and its many variants. According to their study, around 55% of the reviewed papers 

considered g-stage with identical parallel machines. This shop configuration has 

attracted a lot of attention, given its complexity and practical relevance. They also 

showed that the literature is heavily biased toward the Cmax criterion with a 60% of 

the references studying this single objective. Ruiz & Vázquez-Rodriguez (2010) 

specifically state the importance of the tardiness criterion in HFS problems: “It is 

striking to see that from all surveyed papers, only a total of 1% deal with the 

earliness–tardiness criterion, which is so important for real problems.” 

2.1.2 Learning effect on setup times 

Scheduling with setup time and learning is of importance in today’s manufacturing 

and service organizations where reliable and low-cost products and services should 

be delivered on time (Soroush, 2015). Setup times can be classified into two types: 

sequence-independent setup times; and sequence-dependent setup times. Setup 
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times are sequence-dependent when the time to setup for a given job (product) 

depends on which job was set up on the resource (machine) prior to running that 

job (Allahverdi et al., 1999).  In fact, setup depends on both the job to be processed 

and the immediately preceding job. For example, in the manufacturing of clothes, 

before dyeing yarn, the dyeing tank (machine) needs to be cleaned. The setup 

(cleaning) time necessary to prepare for dyeing a coming job can be different 

dependent upon the color of the coming yarn and the one just finishing dyeing (Hsu, 

Hsiung, Chen, & Wu, 2009). One of the most prevailing and favored assumptions 

by many researchers in real scheduling configurations is the integration of 

sequence-dependent setup times into different shop scheduling environments. 

Scheduling problems with SDSTs are among the most difficult classes. A one-

machine scheduling problem with SDST is NP-hard (Zandieh, Ghomi, & Husseini, 

2006). A comprehensive review of the literature on scheduling problems involving 

setup times and costs can be found in Allahverdi et al. (1999), Allahverdi & Soroush 

(2008), and Allahverdi (2015). 

 The human factor has an important effect on setup times because, by 

processing similar tasks frequently, worker skills improve and she or he can 

perform the setup at a faster pace. This phenomenon is known as the learning effect 

in the literature. The concept of the learning effect (without any scheduling 

processes) was first observed during the process of airplane production in 1936 and 

described by Wright (1936). Learning and its effect on productivity are well 

recognized in different industrial settings. Although the learning effect has been 

applied to industry for more than 60 years, it has been adopted in the scheduling 

field only in recent years (M. Cheng et al., 2013). Biskup (1999) and T. E. Cheng & 

Wang (2000) were pioneers who introduced the concept of learning to scheduling 

problems. They assumed that a job’s processing time is dependent on the position 

of the job in the sequence (i.e., on the number of already-processed jobs).  

Different approaches for modeling learning in scheduling environments have 

been suggested in the literature (T. E. Cheng & Wang, 2000; Biskup, 2008). The way 

learning should be modeled depends on the production environment. There are two 

different approaches to learning in scheduling environments: the sum-of-

processing-time approach; and the position-based approach. The sum-of-

processing-time learning approach accounts for the processing time of all jobs 

processed so far. Alternatively, the position-based learning approach, which is used 

in this study, assumes that learning takes place by processing independent 

operations such as setting up the machines. This seems to be a realistic assumption 

for the case that the actual processing of the job is mainly machine-driven and has 



34 

(near to) no human interference (Biskup, 1999). Practical examples of the position-

based learning approach include the processing of memory chips and circuit boards 

or running bottling plants (Biskup, 2008). 

In this study, some of the most prominent examples of position-based learning 

are reviewed in different shop environments. Biskup (1999) considered a single-

machine scheduling problem with a position-based learning effect and assumed the 

two objectives of minimizing the weighted sum of completion time deviations from 

a common due date and the sum of job completion times. T. E. Cheng & Wang 

(2000) considered a single-machine scheduling problem to minimize the maximum 

lateness by using a volume-dependent piecewise linear processing time function to 

model the learning effect. Mosheiov (2001) introduced the learning effect into 

single-machine and identical parallel machine scheduling problems with the 

objective of minimizing flow time. Extending the setting to the case of job-

dependent learning curves was illustrated by Mosheiov & Sidney (2003). They 

proposed a more realistic learning model by allowing the learning of some jobs to 

be faster than that of others. Eren & Güner (2008) conducted a study about the 

learning effect in two-machine flow shop scheduling. They analyzed the bi-criteria 

flow shop problem to minimize a linear combination of the makespan and the total 

completion time. Eren & Güner (2009) proposed a bi-criteria parallel machine 

scheduling model with learning effect to minimize the weighted sum of total 

completion time and total tardiness. 

The HFS problem with learning effects has been also investigated in several 

studies. Article I of this dissertation introduced the learning effect into HFS 

scheduling problems with the objective of minimizing the weighted sum of 

makespan and total tardiness. Behnamian & Zandieh (2013) considered a position-

based learning effect to solve HFS with the consideration of tardiness and earliness 

penalties as the objective function. Mousavi & Zandieh (2016) considered a 

position-based learning effect to solve a re-entrant HFS problem with the objective 

of minimizing makespan and total tardiness. A comprehensive review of 

scheduling problems under different learning effects can be found in Biskup (2008), 

Agnetis et al. (2014) and Azzouz, Ennigrou, & Ben Said (2017). These review 

papers discuss the most recent advances in the field and present several learning 

models classification schemes. Azzouz et al. (2017) proposed a cartography 

showing the relation between the existing learning effects models. 
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2.1.3 Solution approaches 

Researchers have proposed many different approaches to solving HFS 

problems. Exact methods, heuristics, and meta-heuristics are the three key solution 

approaches addressed in the literature (Liao, Tjandradjaja, & Chung, 2012). Exact 

approaches can only solve small-sized problems optimally, as the computational 

efforts to solve large-sized problems are beyond the capability of contemporary 

computational resources (Ribas et al., 2010). This limitation has prompted 

researchers and practitioners to develop problem-specific heuristics or use meta-

heuristics to solve such problems quickly with reasonable solution quality.  

Branch and bound (B&B) is the preferred technique of exact methods for 

solving HFS problems optimally. Exact algorithms have shown relative success in 

solving the small-sized problem but are still incapable of solving medium and large 

real-world complex problems. Azizoglu & Webster (2001) suggest the B&B 

algorithm by considering the total flow time measure in a multistage hybrid flow 

shop that gives the optimal solutions for moderate-sized problems. Lee & Kim 

(2004) proposed a B&B algorithm for a two-stage HFS problem to minimize total 

tardiness. They showed that the proposed algorithm could find optimal solutions 

for problems with up to 15 jobs when there is one machine in the first stage and 

multiple identical parallel machines in the second stage.  

The simplest types of heuristics are dispatching rules, also known as 

scheduling policies. Kurz & Askin (2003) considered dispatching rules for SDST 

flexible flow lines. They explored three classes of heuristics and a range of 

conditions under which each method performs well. These heuristics were called 

greedy heuristics, the insertion heuristics, and Johnson’s rule. Kurz & Askin (2004) 

formulated the SDST flexible flow lines as an integer programming (IP) model. 

They developed four heuristics, including the random-key genetic algorithm 

(RKGA), due to the difficulty of solving the IP model directly. They introduced a 

lower bound for evaluation of the heuristics, and the computational experiments 

reveal that the RKGA performs the best. Ying (2009) proposed an iterated greedy 

heuristic to minimize makespan in a multistage HFS with multi-processor tasks. He 

performed computational experiments on two benchmark problem sets to test the 

validation and verification of the proposed heuristic.  

In the last 30 years, researchers have developed generic strategies by adding 

an element of randomness into deterministic heuristics to improve its performance. 

These methods are known as metaheuristics. The idea behind adding a randomness 

element into heuristics comes from the thought that its repeated usage may lead to 
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better solutions than the ones generated deterministically (Ruiz & Vázquez-

Rodriguez, 2010). Most metaheuristics proposed for the HFS use a simple strategy: 

to restrict the search to the space of job permutations. The idea is to find a 

permutation of the n jobs and build a schedule by assigning jobs onto the machines 

according to this ordering. Algorithms such as simulated annealing, tabu search, 

and genetic algorithm are the most widely used meta-heuristics in HFS scheduling 

and probably in scheduling in general (Choong, Phon-Amnuaisuk, & Alias, 2011). 

Here, we review some of the HFS problems solved by meta-heuristic algorithms. 

Zandieh & Gholami (2009) presented an immune algorithm for SDST hybrid flow 

shop scheduling with machines suffering stochastic breakdowns to optimize 

expected makespan. Naderi, Zandieh, & Fatemi Ghomi (2009) introduced a novel 

simulated annealing by hybridizing it with a simple local search on scheduling 

hybrid flow shops with sequence-dependent setup times to minimize makespan and 

maximum tardiness. Rashidi, Jahandar, & Zandieh (2010) proposed a hybrid parallel 

genetic algorithm for hybrid flow shop scheduling with unrelated parallel machines, 

sequence-dependent setup times, and processor blocking to minimize the makespan 

and maximum tardiness criteria. Li & Pan (2015) developed a hybrid algorithm that 

combined the artificial bee colony and tabu search to solve a large-scale hybrid 

flow shop scheduling problem to minimize the maximum completion time. Choong 

et al. (2011) reviewed different meta-heuristic methods used in hybrid flow shop 

scheduling problem. 

Recently there has been a growing research interest in multi-objective 

scheduling problems (Yenisey & Yagmahan, 2014; Karimi & Davoudpour, 2016). 
Multi-objectives often compete and conflict with each other, making it impossible 

to achieve a solution in which all objectives have their optimal value. A multi-

objective search space is partially ordered in the sense that two arbitrary solutions 

are related to each other in two possible ways: either one dominates the other or 

neither dominates (non-dominated solutions). In fact, there is rather a set of 

alternative trade-offs, generally known as a Pareto optimal solution, Pareto curve, 

or Pareto front. These solutions are optimal in the wider sense that no other 

solutions in the search space are superior to them when all objectives are considered. 

A solution is called Pareto optimal or non-dominated if none of the objective 

functions can be improved in value without impairment in some of the other 

objective values. Each of the solutions in the Pareto curve is a potential answer for 

the problem, and selection of a single solution depends on the decision maker. A 

summary of basic definitions of the multi-objective optimization problem can be 

found in Tavakkoli-Moghaddam, Rahimi-Vahed, & Mirzaei (2008). 
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Meta-heuristics have attracted significant research efforts during the past 20 

years to solve multi-objective problems, and they are still a popular research topic 

in the field of evolutionary computation (A. Zhou et al., 2011). The main reason for 

the popularity of meta-heuristics for solving multi-objective problems can be can 

be described by their population-based nature and ability to find multiple optimal 

solutions simultaneously. Multi-objective meta-heuristics can approximate the 

Pareto front in a single optimization run. Various meta-heuristic algorithms have 

been derived for multi-objective optimization problems. Multi-objective meta-

heuristics differ by their fitness assignment procedure, elitism, or diversification 

approaches (Konak, Coit, & Smith, 2006). 

The first method for solving multi-objective problems by modifying the 

genetic algorithm (GA) was the vector evaluated genetic algorithm proposed by 

Schaffer (1985). Murata, Ishibuchi, & Tanaka (1996) proposed a multi-objective GA 

to transform the multiple objectives into a single objective by using dynamic 

weighting, which randomly assigns different weight values to different objectives. 

Non-dominated sorting genetic algorithm version 2 (NSGA-II) was developed by 

Deb, Pratap, Agarwal, & Meyarivan (2002) to alleviate the difficulties of the NSGA 

algorithm, which was developed by Srinivas & Deb (1994). Al Jadaan, Rajamani, & 

Rao (2008) developed a non-dominated sorting genetic algorithm (NRGA) to 

combine the new rank-based roulette wheel selection algorithm with the Pareto-

based population ranking algorithm. Mousavi, Zandieh, & Amiri (2012) reviewed 

several kinds of evolutionary algorithms based on the GA, which are applied for 

scheduling multi-objective HFS models.  

 In the recent past, several nature-inspired multi-objective meta-heuristics (e.g., 

differential evolution, particle swarm optimization, bacterial foraging optimization) 

have been applied to solve multi-objective problems. Comprehensive surveys of 

MOEA can be found in Jones, Mirrazavi, & Tamiz (2002), Coello, Lamont, & Van 

Veldhuizen (2007) and Zhou et al. (2011). 

 

2.2 Maintenance scheduling in multi-unit systems 

Maintenance planning has been extensively studied for both single-component and 

multi-component systems. The focus of this study is on maintenance scheduling for 

multi-unit systems with economically dependent components. The dependence 

between the components of a unit, as well as between the units, complicates 
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maintenance modeling and optimization. It also provides an opportunity to group 

maintenance and renewal projects.  

2.2.1 Maintenance optimization classification 

During the last few decades, the maintenance of systems has become more and 

more complex, and an extensive amount of research has been done on maintenance 

optimization (Nicolai & Dekker, 2008). To reach a satisfactory result from 

maintenance optimization problems, it is essential to know the problem well and 

model it in the correct way. In the literature, the optimal maintenance models are 

classified on different parameters to various categories. These parameters could 

include modeling techniques, maintenance effectiveness, maintenance actions, data 

sources, system configuration, optimality criterion, and planning time horizon 

(Sharma, Yadava, & Deshmukh, 2011). An optimal maintenance schedule should 

properly consider these parameters. 

Maintenance-general modeling techniques are deterministic or probabilistic 

optimization, continuous or discrete optimization, static or dynamic optimization, 

constrained or unconstrained optimization, and single-objective or multi-objective 

optimization (Pintelon & Van Puyvelde, 2006). Maintenance-specific modeling 

decisions have either a component or system perspective and either a finite or 

infinite planning horizon (Van Horenbeek et al., 2010). 

Maintenance models can be categorized based on the effectiveness of 

maintenance work. Maintenance effectiveness is the degree to which the operating 

conditions of an item are restored after a maintenance action is performed (Wang, 

2002). In this study, it is assumed that maintenance is imperfect. Therefore, the 

operating condition of the system after maintenance is restored to somewhere 

between as good as new and as bad as old. However, replacement is a perfect 

maintenance. 

Maintenance can also be categorized into two major classes (Dhillon, 2002): 

corrective and preventive. Corrective maintenance (CM) is the maintenance that 

occurs when a system fails. CM represents all actions performed as a result of 

failure to restore an item to a specified condition. Preventive work, however, is 

carried out to prevent failures. Preventive maintenance is plannable and is typically 

cheaper than corrective maintenance. The difference between corrective and 

preventive maintenance costs is especially visible in indirect costs such as loss of 

production, environmental damages, or safety consequences. Table 4 gives an 

overview of the influence factors that should be considered in an optimal 
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maintenance policy and summarizes different approaches to maintenance 

optimization. 

Table 4. Maintenance optimization classification. 

System configuration Maintenance actions Maintenance effectiveness 

Single-unit 

Multi-unit 

Parallel 

K-out-of-N 

Redundant 

Corrective maintenance 

Corrective replacement 

Preventive maintenance 

Preventive maintenance 

 

Perfect 

Imperfect 

Minimal 

Worse 

   

Data sources Maintenance policies Optimization criteria 

Failure data 

Cost data 

Operating data 

Expert knowledge 

Censored data 

Failure-based maintenance 

Time/usage-based maintenance 

Condition-based maintenance 

Predictive maintenance 

Design-out maintenance 

Opportunity-based maintenance  

Maintenance costs (discounted) 

Maintenance quality 

Reliability 

Number of maintenance interventions 

Life-cycle optimization 

Availability 

Maintainability 

Personal management 

   

Modeling techniques Solution approaches  

Deterministic or probabilistic 

Continuous or discrete 

Static or dynamic 

Constrained or unconstrained 

Single or multi-objective 

Finite or infinite horizon  

 

Numerical 

Analytical 

Linear programming 

Dynamic programming 

Goal programming 

Evolutionary algorithms 

Simulation 

 

 

 

 

 

 

The literature on maintenance optimization is abundant and contains many surveys. 

For example, Cho & Parlar (1991) surveyed the multi-component system 

maintenance models. The article of Dekker (1996) reviewed multi-component 

maintenance models, which are based on economic dependence. Another extensive 

review was that of Wang (2002). He summarized and classified maintenance 

policies of single-component systems as the basis for maintenance policies of 

multi-component systems. Optimal maintenance policies for multi-component 

systems reduce to those for systems with a single subsystem only if neither 

economic dependence nor failure dependence nor structural dependence between 

the components exists. Nicolai & Dekker (2008) gave an overview of maintenance 
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models for multi-component systems using a classification scheme based on the 

dependence between components. Van Horenbeek et al. (2010) reviewed the 

literature to develop a classification framework that can assist maintenance 

practitioners in selecting or developing a business-specific maintenance 

optimization model. 

2.2.2 Group maintenance approaches and replacement decisions 

In most industrial systems, the maintenance costs have a general economy-of-scale 

structure (Dekker et al., 1997). The term economy of scale is often used to indicate 

that combining maintenance activities is cheaper when several components are 

maintained simultaneously. Economies of scale can result from preparatory or setup 

activities that are shared. The cost of this setup work is often called the setup cost. 

Setup costs can be saved when maintenance activities on different components are 

executed simultaneously (Nicolai & Dekker, 2008).  

In many industrial settings, complex setup structures exist and different setup 

activities have to be done at different levels before maintenance can be carried out 

(Budai et al., 2008). However, there are a few examples of modeling maintenance 

of multi-component systems with multiple setup activities and a hierarchical (tree-

like) setup structure (Kobbacy & Murthy, 2008). These setup activities may be 

combined when several components that are maintained concurrently. Kobbacy & 

Murthy (2008) specifically stated about models that consider multiple setup 

activities over a finite horizon: “We have found one article in this category ... this 

is the first attempt to model a maintenance problem with a hierarchical setup 

structure.” van Dijkhuizen (2000) studied the problem of clustering preventive 

maintenance jobs in multiple setups in a multi-component production system. He 

modeled the multi-component production system as a tree with leaves representing 

components that required maintenance within specified frequencies. Each 

component was maintained preventively at an integer multiple of a certain basis 

interval, and corrective maintenance was carried out in between whenever 

necessary. An integer programming formulation was then used to find the 

maintenance frequencies that minimized the average cost per unit of time. van 

Dijkhuizen & van Harten (1997) considered a clustering problem for frequency-

constrained maintenance jobs. They assumed each component has an individual 

optimal maintenance frequency and that the optimal frequency of a group of 

components was equal to the highest frequency of the individual components in 

that group. The authors provided several dominance rules for reducing the 
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complexity of the clustering problem and used them in a dynamic programming 

algorithm. 

Group maintenance approaches 

Maintenance grouping can be divided into three categories: long-term (static), 

medium-term (dynamic) and short-term (opportunistic) (Chalabi, Dahane, Beldjilali, 

& Neki, 2016). Static grouping assumes a stable situation with static rules for group 

maintenance throughout the planning horizon. It is suitable for strategic 

maintenance planning. In dynamic models, medium-term information such as new 

data on degradation and remaining useful life of components can be utilized to 

adapt maintenance planning. In dynamic grouping, planned PM activities can be 

combined with each other, and also with planned corrective maintenance activities. 

Opportunistic grouping accounts for short-term information (e.g. failures). 

Therefore, planned PM activities can be joint with each other, or even with 

unplanned corrective maintenance. 

According to the best knowledge of the author, scheduling is the main approach 

used in static (stationary) grouping models. In this approach, it is typically assumed that 

the outcome and timing of the maintenance and renewal activities are known and 

deterministic. The idea of the scheduling approach is to plan maintenance or 

renewal projects over a finite horizon to minimize their processing costs and 

maximize the benefits of grouping them. Grouping of these projects can be done 

by defining a set of activities that can be combined (as in the paper presented by 

Budai et al., 2006) or by following basic rules for grouping (as in the paper 

presented by Zhao, Chan, & Burrow, 2009).  

Budai et al. (2006) considered a preventive maintenance scheduling problem 

for railway systems. They presented a mixed-integer linear programming model to 

group maintenance activities by minimizing the sum of the possession costs and 

the maintenance costs. The authors considered a maximum length for the planning 

of each routine work and the earliest and latest possible starting times for each 

maintenance project. They suggested some heuristic algorithms that determined the 

schedules of (cyclic) routine activities and (non-cyclic) unique projects for one 

track in a certain period. Budai et al. (2006) considered the grouping of 

maintenance activities on a single track segment in a network to reduce the 

disturbance of railway traffic. However, the railway track consisted of several 

adjacent segments, and optimizing each segment independently from the adjacent 

segments could not provide a global optimal solution for the entire railway track. 
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By using this approach, the maintenance schedule of each segment would be 

planned totally independently of the others, which will usually be far from optimal.  

Zhao et al. (2009) considered the problem of scheduling the renewal of track 

components within a fixed planning horizon for n segments of track. They 

developed an optimization approach for maximizing the benefit of grouping 

renewal works of track components. They assumed that renewal activities could be 

combined if they had related components at the same segment or the same type of 

components at several adjacent segments. They assumed that the cost savings 

which resulted from grouping different renewal projects and the life-cycle costs of 

individual components were known. Hence, the loss induced by the change of 

renewal time due to the grouping of the work could be calculated. The proposed 

problem could have been a mixed-integer program with constraints, but the best 

solution was not easily obtained using standard optimization methods. Therefore, 

they developed an alternative approach with the use of a genetic algorithm. Caetano 

& Teixeira (2015) represented an optimization model that integrated ballast, rail, 

and sleeper degradation models in a mixed-integer linear programming model. This 

model linked the renewal decisions of these components with their conditions and 

could be seen as an integrated version of the model presented by Zhao et al. (2009). 

In dynamic maintenance grouping models, the rolling horizon is the main approach 

used. It takes a static long-term tentative maintenance plan and updates it at regular 

time intervals by incorporating dynamic short-term information. The most relevant 

papers in this stream of literature are those by Dekker et al. (1997), Bouvard, Artus, 

Berenguer, & Cocquempot (2011), Van Horenbeek & Pintelon (2013a,b), Do Van, 

Barros, Bérenguer, Bouvard, & Brissaud (2013), Do Van, Vu, Barros, & Bérenguer 

(2015), and de Jonge, Klingenberg, Teunter, & Tinga (2016).  

As a grouping strategy, opportunistic maintenance seeks to take advantage of 

system downtime induced by failure or environmental conditions. This is done via 

conducting maintenance before the fixed PM time or condition threshold (Ab-Samat & 

Kamaruddin, 2014). Recent reviews on dynamic and opportunistic maintenance for 

multi-component systems can be found in Ab-Samat & Kamaruddin (2014) and 

Sheikhalishahi, and Azadeh, & Pintelon (2017). 

Balancing between maintenance and replacement decisions 

As discussed above, grouping maintenance is an important technique to minimize 

setup costs by sharing them among several projects. However, grouping often 

implies that one deviates from the originally planned execution times, which leads 
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to an increase in the number of maintenance activities within the planning horizon. 

In general, a system component deteriorates with age, and it is necessary to increase 

the frequency of maintenance activities during final periods of its technical life; 

technical life is determined based on safety criteria (Gustavsson et al., 2014). 

There are several ways to determine the economic life of a system component. 

Wagner (1975) presented a dynamic programming formulation in which the state 

of the system is the time period. The decisions are no longer whether to keep or 

replace the asset but, rather, the number of periods to maintain the equipment. The 

Wagner formulation has been extended by researchers to deal with real constraints 

and conditions such as demand, capital budgeting, and technological advances, as 

found in Oakford, Lohmann, & Salazar (1984), Bean, Lohmann, & Smith (1985, 

1994), and Hartman (2000). Recent studies of the equipment replacement problem 

have been presented by considering continuous and discontinuous technological 

change (Rogers and Hartman, 2005; Hartman and Rogers, 2006). 

A part of the literature on equipment replacement is relevant to capital 

replacement decisions (Hartman and Tan, 2014; Jardine and Tsang, 2005). They 

summarized the literature in the vast area of equipment replacement decisions, 

including technological change for finite and infinite planning horizon, variable 

utilization pattern, and various uncertainties. These studies may give relevant 

insights for our problem, but they do not consider the maintenance activities, which 

clearly can impact replacement schedules. In fact, those studies are restricted to 

cases in which expected life-cycle costs over some horizon are estimated and the 

ensuing problem is solved by defining a replacement schedule for the whole asset. 

They also do not cover component replacement decisions. According to the best 

knowledge of the author, determining the economic life of components in a multi-

unit system by finding the optimal balance between maintenance and replacement 

while considering their effect on each other has not been studied before. 

2.2.3 Maintenance and renewal of multi-unit systems 

In the maintenance literature, the terms multi-unit and multi-component are 

sometimes used interchangeably. However, in this study, each has its own definition. 

Multi-unit maintenance models are concerned with optimal maintenance policies 

for a system consisting of several multi-component systems in series. One can 

observe an increasing interest in recent publications to the optimization of 

maintenance policies for multi-unit systems (Shafiee & Finkelstein, 2015). The 

selection of optimal maintenance policies for multi-unit systems is usually more 
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complex than that for single-unit systems. The reason for this complexity is that 

there often exist one or more types of dependence between the components in a 

multi-unit system (Nicolai & Dekker, 2008). The interaction can be one of three 

types (Thomas, 1986): economic dependence, structural dependence, or stochastic 

dependence. Interactions between the components complicate the modeling and 

optimization of maintenance. However, neglecting these dependencies while 

optimizing the maintenance policies for multi-unit systems may lead to suboptimal 

solutions to the problem which, in turn, leads to higher servicing costs (Briš, 

Byczanski, Goňo, & Rusek, 2017). Among the three types of dependencies, 

economic dependence has been addressed the most in the literature. Different ways 

of modeling stochastic and structural dependencies are addressed in Nicolai & 

Dekker (2008). Economic dependence, which is considered in this study, means that 

joint maintenance of some components may be cheaper than maintaining them 

separately (Maaroufi, Chelbi, & Rezg, 2013). For this reason, the group maintenance 

policies are extensively applied to complex multi-unit systems. In multi-unit 

systems, there is often a great potential for cost savings by implementing an 

opportunistic maintenance policy (X. Zhou, Lu, Xi, & Lee, 2010). 

Grouping maintenance activities relies on the fact that the maintenance cost (in 

particular, the setup cost) of a group of components is less than the total cost of 

maintaining these components individually. In fact, a group maintenance policy 

provides a basis to combine maintenance activities and share the setup costs with a 

number of components in the system (Shafiee & Finkelstein, 2015). Such a sharing 

strategy can decrease costs or may result in lower costs compared to the case when 

maintenance tasks are conducted separately for each component or unit. Most 

multi-component maintenance models consider only one type of dependency 

between components, since considering more than one makes the models too 

complicated to analyze or solve (Van Horenbeek & Pintelon, 2013a). For a literature 

overview of the field of maintenance of multi-component systems and different 

dependencies between components, refer to the papers by Dekker et al. (1997), 

Wang (2002), Nicolai & Dekker (2008) and Van Horenbeek et al. (2010).  

Moghaddam & Usher (2011b) declared that there are few works in the 

integration of preventive maintenance optimization and equipment replacement, 

especially for multi-component systems. Here, studies are reviewed that considered 

preventive maintenance and replacement decisions simultaneously. Usher, Kamal, 

& Syed (1998) presented an optimization maintenance and replacement model for 

a single-component system. They determined an optimal preventive maintenance 

schedule for a new system subject to deterioration, increasing the failure rate over 
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time, and the use of an improvement factor to provide for the case of imperfect 

maintenance actions. They also provided a comparison of computational results 

among random search, genetic algorithm, and branch and bound algorithms. 

Moghaddam & Usher (2011b) proposed a model to schedule preventive maintenance 

and replacement activities for a multi-component system. They assumed that each 

maintenance activity effectively reduced the age of the component and the failure 

rate would become smaller than the previous cycle. They presented two non-linear 

models by considering several costs (such as failure cost, fixed cost, maintenance 

cost, and replacement cost) and solved the model with dynamic programming. 

There are also other researches that extend the proposed model by Moghaddam & 

Usher (2011b). Moghaddam & Usher (2011c) performed a sensitivity analysis for the 

same problem by investigating the effect of parameters on the structure of the 

solutions, and they even developed a multi-objective version of the same problem 

(Moghaddam & Usher, 2011a). Moghaddam & Usher (2010) also modeled an 

improvement factor based on the ratio of maintenance and repair costs and showed 

how it outperformed fixed improvement factor models by analyzing the 

effectiveness in terms of cost and reliability of the system. To the best of the 

author’s knowledge, this study is the first work which integrates the grouping and 

balancing techniques for preventive maintenance and renewal scheduling of multi-

unit systems.  

2.3 Literature summary 

The literature review focused on supporting the main purpose of this dissertation: 

investigating the resource optimization techniques for reducing setups in 

production and maintenance scheduling. The literature and the theoretical 

foundation related to the research topic was reviewed to facilitate the analysis. The 

background knowledge of topics such as production scheduling in the hybrid flow 

shop environment and maintenance scheduling in multi-unit systems were 

discussed. Different methods for achieving the desired research objectives were 

also reviewed. Table 5 summarizes some of the key concepts that need to be 

accounted for in this work. 
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Table 5. Main aspects in the literature. 

Research questions  Key concepts Main references 

What are the resource optimization 

techniques in production and 

maintenance scheduling and how do 

they impact the schedule of activities? 

Scheduling with setups 

Learning effect 

Combining activities 

 

Allahverdi, 2015; 

Agnetis et al., 2014; 

Nicolai & Dekker, 2008 

How can the performance of 

production systems be optimized by 

scheduling a set of jobs in a hybrid 

flow shop environment? 

Hybrid flow shop scheduling 

Scheduling with learning effect 

Multi-criteria optimization 

Kurz & Askin, 2004; 

Eren & Güner, 2009; 

Ruiz & Vázquez-Rodriguez, 

2010 

How can the performance of 

maintenance services be optimized 

by scheduling the preventive 

maintenance and renewal activities of 

a multi-unit system? 

Preventive maintenance 

optimization 

Maintenance of multi-unit 

systems 

Maintenance grouping 

Budai et al., 2006; 

Zhao et al., 2009; 

Moghaddam & Usher, 2011b 
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3 Research findings 

This chapter summarizes the research findings and answers the research questions. 

In the first section, the summary of each individual article is presented. The 

research findings are then illustrated in the second section. Finally, results and 

contributions are summarized in the last section. 

3.1 Summary of the four individual articles 

This section includes the brief summaries of the four individual articles that form 

the basis for this dissertation. The followed approaches, the results and the 

conclusions of the papers are summarized. For more detailed information, the 

reader is referred to the original articles. 

3.1.1 Article I: Bi-criteria SDST hybrid flow shop scheduling with 

learning effect of setup times: water flow-like algorithm 

approach 

In Article I, a bi-criteria mathematical model was developed to minimize the 

weighted sum of makespan and total tardiness in a single objective function. 

Because of the intensive computational nature of the developed model, a novel 

meta-heuristic approach was proposed: a water flow-like algorithm (WFA) with 

multiple and dynamic numbers of solution agents. The various parameters of the 

problem and algorithms were reviewed using the Taguchi experimental design. For 

the evaluation of the proposed WFA, problem data were generated to compare 

against a random-key genetic algorithm. The computational analysis demonstrated 

the absolute superiority of the WFA. 

3.1.2 Article II: The effect of worker learning on scheduling jobs in a 

hybrid flow shop; a bi-objective approach 

The purpose of Article II was to schedule a set of jobs in a hybrid flow shop 

environment while minimizing two objectives that were in conflict, namely 

makespan and total tardiness. Minimizing makespan was desirable from an internal 

efficiency viewpoint but could result in individual jobs being scheduled past their 

due date, causing customer dissatisfaction and penalty costs. Learning of workers 

was considered when performing sequence-dependent setup time between two 



48 

successive jobs. By considering the learning effect, setup times would be reduced, 

and a schedule could be determined so that it places jobs that share similar tools 

and fixtures next to each other. A bi-objective mixed-integer programming model 

was developed, and its complexity was compared against the bi-criteria model 

through numerical examples. The effect of worker learning on the structure of 

assigned jobs to machines and their sequences was analyzed. Two solution methods 

based on the hybrid water flow-like algorithm and non-dominated sorting and 

ranking concepts were proposed to solve the problem. The quality of the 

approximated sets of Pareto solutions was evaluated using several performance 

criteria. The results showed that the proposed algorithms with the learning effect 

performed well in reducing setup times and eliminating the need for setup itself 

through proper scheduling. 

3.1.3 Article III: A mathematical model for scheduling preventive 

maintenance and renewal projects of infrastructures  

Article III introduced a preventive maintenance and renewal scheduling problem 

for a multi-unit system over a finite and discretized time horizon. Given the latest 

possible time for carrying out the next maintenance and renewal projects after 

completion of the previous ones, and considering several common setup costs, the 

introduced scheduling model minimized the cost of projects by grouping them and 

simultaneously finding the optimal balance between maintenance and renewal. In 

this article, a 0–1 pure integer linear programming model was developed to 

minimize the cost of maintenance and renewal projects and their relevant setup 

costs (e.g., system downtime, equipment preparation, and installation costs) over a 

finite and discretized time horizon. In this model, three possible actions must be 

planned for the components of each unit in each period: maintenance, renewal, or 

do nothing. There was no method or application in the literature that optimized the 

maintenance and renewal plans by grouping them and simultaneously finding the 

optimal balance between maintenance and renewal activities. In fact, the developed 

mathematical model determined which projects to perform together at which 

location and in which time period. The performance of the proposed model was 

tested on a set of problem instances. 
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3.1.4 Article IV: Integrated scheduling of preventive maintenance 

and renewal projects for multi-unit systems with grouping and 

balancing  

Article IV studied preventive maintenance and renewal scheduling for a multi-unit 

system consisting of a series of multi-component systems. An integrated 

optimization method was developed to schedule preventive maintenance and 

renewal activities by grouping them and simultaneously finding the optimal 

balance between them. Grouping and balancing are resource optimization 

techniques to reduce the costs of maintenance without reducing the level of 

maintenance. In this study, another criterion was considered for group scheduling 

of renewal activities. In many real cases, a special piece of machinery exists for the 

joint renewal of all components of a system. It was assumed that the equipment 

preparation cost for special renewal machinery was less than the sum of preparation 

costs for renewal of each component. 

The problem as a pure integer linear programming formulation was next 

modeled to minimize the costs of maintenance and renewal projects and their 

relevant preparatory works and downtime costs over the planning horizon. A 

numerical experiment was used with sensitivity analysis to illustrate the model and 

the potential cost reductions the use of such an integrated model may provide. 

Applications of this model arise in the maintenance of railways, roadways, 

electricity distribution networks, and distributed pipeline assets. Due to the 

complexity of the model, two heuristic algorithms based on the decomposition 

approach with problem-specific cutting planes was applied to tackle the problem. 

Experimental results showed that the integrated optimization approach performed 

well in reducing the cost of preparatory works through proper scheduling. Finally, 

a case study for the maintenance of railway track showed that using the integrated 

approach reduced maintenance and renewal costs by up to 14% as compared with 

the spreadsheet-based approach used currently at the operation.    

3.2 Research findings and answers to research questions 

This section discusses the results and explains the relevant links by answering the 

research questions.  
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3.2.1 RQ1: What are the resource optimization techniques in 

production and maintenance scheduling and how do they 

impact the schedule of activities?  

RQ1 shows the importance of resource optimization techniques in the scheduling 

of activities in production and maintenance systems. Learning effect and grouping 

are two techniques used in this dissertation to optimize the performance of hybrid 

flow shop manufacturing systems and maintenance of multi-unit systems. Here, it 

is demonstrated how the usage of these techniques through scheduling can help 

keep costs down and allow companies to operate according to budget and time 

constraints.  

All the four articles contributed partially to answering RQ1. Articles I and II 

integrated the learning effect as a resource optimization technique in the hybrid 

flow shop scheduling problem. Learning effect is a technique that can model 

improvement in workers’ abilities as a result of repeating similar tasks. By 

considering the learning effect, setup times will be reduced, and a schedule can be 

determined to place jobs that share similar tools and fixtures next to each other. 

The learning effect of workers on the processing of similar setups is modeled 

by using the equations (1) and (2), where  is the input parameter for setup time 

from job i to job j at stage t, and  is the updated setup time (by considering the 

learning effect) for job j if it is performed after job i on rth position of the machine 

in stage t. The learning effect on rth position on a machine is shown by , where 

 is the learning index for jobs and can be calculated by the logarithm to the base 

2 of the learning rate (LR).  

 
ja

ijrt ijtS s r   ,    i,j,t,r (1) a =  log LR (2) 

Table 6 shows the effect of different learning rates on performing setups in different 

positions on a machine. By considering a lower learning rate, a greater reduction in 

the setup times would be expected. In fact, a lower learning rate means a higher 

learning effect which yields to better performance and more reduction on a job’s 

completion time. In Table 6, a learning rate of 100% is also considered, which 

means that there would be no learning effect. In some production systems, the 

responsible worker for each machine is changed frequently and the learning effect 
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of workers is negligible. From equation (1), it can be concluded that there would 

be no learning effect for the first position (r=1) on a machine. 

Table 6. The effect of the learning rate on completion of setup activities. (Article I, 

reproduced with permission of Taylor & Francis Group.) 

Learning rate (LR) Learning index: a  Learning effect for different positions on machine 

r =2 r =3 r =4 

70% a =  log 0.70 =  −0.514 r = 2 . = 0.7 0.56 0.49 
90% a =  log 0.90 =  −0.152 r = 2 . = 0.9 0.84 0.81 

100% * a =  log 1 =  0 r = 2 = 1 1 1 
* No learning 

Several experiments were conducted to show the significance of the learning effect 

on the schedule of jobs in hybrid flow shop systems. Here, an example is considered, 

that includes six jobs, two stages with the number of machines in each stage being 

equal to two. The data set relevant to this example is shown below in Table 7. The 

processing times of the jobs in stages 1 and 2 are shown by pj1 and pj2, respectively. 

The due date of each job is shown by dj.  

Table 7. Sample problem data for HFS scheduling problem. (Article II, reproduced with 

permission of Springer.) 

Job 1 2 3 4 5 6 

pj1 90 54 99 59 69 118 

pj2 61 55 75 64 60 65 

dj 254 192 286 218 224 296 

       

Sequence-dependent setup times between jobs in stage 1 

From/to 1 2 3 4 5 6 

0 26 35 55 31 55 24 

1 33 32 37 40 48 30 

2 61 44 61 57 47 56 

3 32 51 61 55 21 24 

4 43 49 32 61 39 47 

5 25 50 57 58 45 47 

6 41 28 43 36 61 32 

 

Sequence-dependent setup times between jobs in stage 2  

From/to 1 2 3 4 5 6 

0 50 20 63 49 56 20 

1 30 42 30 46 57 39 
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Job 1 2 3 4 5 6 

2 30 46 22 48 41 47 

3 56 43 43 43 24 31 

4 39 45 34 47 54 27 

5 56 42 60 36 29 58 

6 47 20 48 40 45 55 

Here, four scenarios are evaluated to show the significance of the learning effect 

and the coefficient of optimization criteria on the schedule of job assignments to 

machines and their sequence. The weights for makespan and total tardiness are 

respectively shown by α and β. The above example is solved by using the 

proposed bi-criteria mathematical model while considering two different learning 

rates (LR=70% and LR=100%) and two different weight vectors for the 

optimization criteria (α=0.75 - β=0.25 and α=0.25 - β=0.75). Figure 5 below shows 

the optimal schedule of the proposed four scenarios and aims to visually evaluate 

the impact of the learning effect and objective coefficients on the (optimal) 

schedule of jobs. 
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Figure 5. The impact of the learning effect and objective coefficients on the (optimal) 

schedule of jobs. (Article II, published with permission of Springer.) 

As depicted in Figure 5 (a and b), the weight vectors are identical, and considering 

the lower learning rate leads to reducing the makespan, total tardiness, and total 

setup time. In fact, the learning effect not only reduces the optimization criteria, but 

also changes the optimal schedule of jobs. In Figure 5 (c and d), the weight vector 

is changed to (0.25, 0.75) and by lowering the learning rates, the optimal schedule 

remains the same and the optimization criteria are reduced as a result of the 

reduction in setup times. It should be noted that all the data parameters, such as 

processing time of jobs and their due dates, remain the same in all four scenarios. 

The above example shows that the learning effect performs well in reducing setup 
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times through proper scheduling. As evidenced in Articles I and II, further analyses 

on the structure of optimal job scheduling shows that the makespan criterion has 

more dependency on the learning effect.  

Articles III and IV integrate grouping and balancing as resource optimization 

techniques in preventive maintenance and replacement scheduling of multi-unit 

systems. Grouping and balancing are the techniques used to reduce the cost of 

maintenance without reducing the level of maintenance. In the maintenance of 

systems consisting of multiple components, costs can be saved when several 

components are jointly maintained. By using grouping and balancing techniques, a 

schedule can be determined to minimize the total cost of maintenance and renewal 

projects of various components and their relevant setup activities. 

Several experiments have been conducted to show the significance of the two 

resource optimization techniques (i.e., grouping and balancing) in the scheduling 

of preventive maintenance and renewal activities. Here, an example is considered, 

including two components, three units with the number of allowed maintenance 

projects being equal to two. The data set relevant to this example is shown below 

in Table 8.  

Table 8. Sample problem data for PMRSP scheduling problem. (Article IV, reproduced 

with permission of Elsevier.) 

Parameter Value 

Number of components (i) I=2  

Number of units (k) K=3 

Number of allowed maintenance (h) H=2 

Number of time units (period) T=16 

Latest possible time for the next maintenance of each component (period) =[[3 1]  

         [2 2]] 

Maintenance cost of each component (Euro/unit) = [40 60]  

Renewal cost of each component (Euro/unit) = [300 600] 

Downtime cost (Euro/period) = 500  

Preparation cost of renewal equipment (Euro/period) = [15 20]  

Preparation cost of maintenance equipment (Euro/period)  = [10 15] 

Installation cost of renewal equipment (Euro/unit) = [10 10]  

Installation cost of maintenance equipment (Euro/unit) = [5 5]  

In Figure 6, the renewal of components 1 and 2 is shown by r1 and r2, respectively. 

Maintenance of components 1 and 2 is also shown by m1 and m2, respectively. 

Figure 6 shows the maintenance history in each unit as an input parameter. For 
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example, the last performed maintenance activity for component 1 in unit 1 was 

renewal on two time periods before the planning horizon. 

As described in Table 8, the latest possible times between maintenance 

activities of each component are given in matrix . If the planning of each 

component of each unit is considered individually, then the best solution is to 

schedule the maintenance activities at the latest possible time (there is no basis for 

grouping); this is depicted in Figure 6. In the solution shown, there is no 

optimization problem to be solved (i.e. without any grouping and balancing), and 

the schedule of maintenance and renewal activities is locally optimized for each 

component-unit combination individually. Some activities are combined in time 

due to the structure of the problem, but the down time of the system is still high 

(the whole system will be down in 14 time units). 

 

Figure 6. Scenario 0: the sequence of maintenance and renewal projects without 

optimization. (Article IV, published with permission of Elsevier.) 

Here, three scenarios are evaluated to show the significance of the two main 

features of the problem (i.e., grouping and balancing) on the schedule of preventive 

maintenance and renewal activities. Tables 9−11 visually evaluate the impact of 

these techniques on maintenance and renewal schedules. Table 9 shows the effect 

of (just) balancing on the number and frequency of maintenance and renewal 

activities over the planning horizon. In obtaining this solution, it is assumed that 

maintenance and renewal of components cannot be advanced to be combined with 

the maintenance and renewal of other components in other units. Table 10 shows 

the effect of (just) grouping on the number and frequency of maintenance and 

renewal activities over the planning horizon. In obtaining the solution shown in 

Table 10, it is assumed that renewal of components cannot be carried out before 

their technical lifetime. Table 11 shows the optimal solution of the proposed 

problem by considering both grouping and balancing.  
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Table 9. Scenario 1: optimal maintenance and renewal schedule while only balancing is 

considered. (Article IV, reproduced with permission of Elsevier.) 

Unit Year 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 - 

- 

r1 

m2 

- 

- 

- 

- 

- 

m2 

m1 

- 

- 

- 

r1 

r2 

- 

- 

- 

- 

- 

m2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

2 - 

- 

- 

m2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

m2 

m1 

- 

- 

- 

3 - 

- 

- 

- 

m1 

m2 

- 

- 

r1 

- 

- 

m2 

- 

- 

- 

- 

m1 

r2 

- 

- 

r1 

- 

- 

m2 

- 

- 

- 

- 

m1 

m2 

- 

- 

Table 10. Scenario 2: optimal maintenance and renewal schedule while only grouping 

is considered. (Article IV, reproduced with permission of Elsevier.) 

Unit Year 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 - 

- 

m1 

m2 

- 

- 

m1 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

m1 

m2 

- 

- 

r1 

- 

- m2 - 

- 

- 

- 

2 - 

- 

m1 

m2 

- 

- 

m1 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

m1 

m2 

- 

- 

r1 

- 

- 

m2 

- 

- 

- 

- 

3 - 

- 

m1 

m2 

- 

- 

m1 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

m1 

m2 

- 

- 

r1 

- 

- 

m2 

- 

- 

- 

- 

Table 11. Scenario 3: optimal maintenance and renewal schedule with grouping and 

balancing. (Article IV, reproduced with permission of Elsevier.) 

Unit Year  

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 - 

- 

m1 

m2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- m2 m1 

- 

- 

- 

2 - 

- 

- 

m2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

m2 

m1 

- 

- 

- 

3 - 

- 

- 

m2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

r2 

m1 

- 

- 

- 

r1 

m2 

- 

- 

- 

- 

- 

m2 

m1 

- 

- 

- 

The results of scenarios 1 and 2 show that the downtime of the system is increased 

if only balancing is considered. Likewise, the number of maintenance activities is 

increased if only grouping is considered. Table 12 illustrates the costs of different 

scenarios with integrated and separated balancing and grouping. The costs are 



57 

grouped by maintenance cost, renewal cost, and their relevant setup costs. Figure 7 

below demonstrates the effect of different setup costs in the scenarios with 

integrated and separated balancing and grouping.  

Table 12. The cost of scenarios 0−3 for analyzing the significance of balancing and 

grouping. (Article IV, reproduced with permission of Elsevier.) 

 No optimization Separated optimization Integrated optimization 

Costs Without grouping & 

balancing  

(Scenario 0) 

Just balancing 

 

 (Scenario 1) 

Just grouping  

 

(Scenario 2) 

With grouping & 

balancing  

(Scenario 3) 

Maintenance cost 1200 1040 1200 1120 

Renewal cost 3600 3900 3600 3600 

Setup costs 7440 5420 4220 4220 

Total cost 12240 10360  9020  8940  

 

Figure 7. Detailed view of setup costs for different scenarios with integrated and 

separated balancing and grouping. (Article IV, published with permission of Elsevier.) 

The cost effect of integrated optimization can be seen in Table 12 and Figure 7. The 

setup costs are the same in scenarios 2 and 3. Nevertheless, the maintenance cost 

of scenario 2 is higher than scenario 3 due to two extra maintenance activities for 

component 1 in units 2 and 3. Experimental results show that the proposed 

techniques (grouping and balancing) perform well in reducing setup costs and 

eliminate the need for setups through proper scheduling. The reduction in the costs 
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as a consequence of using the developed model is based on the reduced amount of 

infrastructure possession (system downtime) for carrying out maintenance 

activities and the efficient use of resources and equipment. 

In Article IV, the effect of the optimization model’s parameters, such as the 

length of the planning horizon and system downtime cost on the structure of the 

optimal schedule, were also analyzed. Analyses have shown that the required 

runtime to solve this problem to optimum is highly dependent on the number of 

periods within the planning horizon. In fact, the size of the problem dramatically 

increases with the length of the planning horizon in a stepwise manner. By 

increasing the number of periods, the sequence of maintenance and renewal 

activities will be modified accordingly.  

 Analyses also show that increasing system downtime cost leads to a decrease 

in the number of performed maintenance activities. Consequently, the frequency of 

renewal activities and their relevant costs will be increased. This increment in the 

number of renewals is because the time interval between maintenance activities 

could be increased after the renewal, and there would be less necessity to take the 

system down for maintenance activities. 

3.2.2 RQ2: How can the performance of production systems be 

optimized by scheduling a set of jobs in a hybrid flow shop 

environment? 

The main findings reported in Articles I and II were employed to answer RQ2 about 

the optimization of the hybrid flow shop system under the learning effect and 

several criteria. Articles I and II proposed several exact, heuristic, and meta-

heuristic methods to solve the proposed problem. The study conducted in Article I 

dealt with a bi-criteria hybrid flow shop scheduling problem with learning effect of 

setup times to minimize a weighted sum of total tardiness and makespan. The 

proposed HFS model was formulated as an integer programming model to 

minimize the two time criteria. The novelties of the proposed model were: (1) 

developing a bi-criteria hybrid flow shop model, (2) assignment of jobs to machines 

was not provided as an input parameter and the model determined the job process 

by each machine and the sequence of jobs assigned to each machine; (3) 

formulating sequence-dependent setup time just by one nominal job; and (4) 

considering a position-based learning effect. 

This bi-criteria problem was an NP-hard problem because of its simpler case 

of the single criterion without learning effect being already NP-hard. Thus, because 
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of the intensive computation, a novel meta-heuristic approach called the water 

flow-like algorithm was proposed with the feature of multiple and dynamic 

numbers of solution agents. Various parameters of the problem and the WFA were 

reviewed by means of the Taguchi experimental design. For the evaluation of the 

proposed WFA, problem data were generated to compare against a random-key 

genetic algorithm. The results demonstrated the high performance of the WFA with 

respect to the RKGA. 

The study conducted in Article II dealt with a bi-objective hybrid flow shop 

scheduling problem with learning effect of setup times to minimize makespan and 

total tardiness in two independent objective functions. Considering these two 

objectives, which conflict with each other, caused the impossibility of achieving 

optimal values in both objectives simultaneously. A bi-objective integer 

programming model was developed to find the optimal schedule of jobs, and two 

multi-objective evolutionary algorithms were developed to solve the proposed 

model: non-dominated sorting water flow-like algorithm (NSWFA) and non-

dominated ranking water flow-like algorithm (NRWFA). The novelty of the 

developed algorithms lies in hybridizing the water flow-like algorithm (WFA) with 

non-dominated sorting and ranking concepts. The performance of these algorithms 

was compared with two commonly used multi-objective genetic algorithms: non-

dominated sorting genetic algorithm-II and non-dominated ranked genetic 

algorithm. Since no single metric can entirely capture the performance of MOEAs, 

several performance criteria were used to measure the quality of the approximated 

sets of Pareto solutions obtained from each algorithm. The computational analysis 

demonstrated the superiority of the proposed hybrid algorithms to approximate the 

efficient set of solutions. The developed model and algorithms are convenient tools 

applicable in various shop environments.  

The complexity of the developed bi-objective HFS model was also compared 

against the bi-criteria model through numerical examples. Two test problems (the 

first problem had 6 jobs, 2 stages, and 1 machine, and the second problem had 10 

jobs, 2 stages, and 3 machines) were solved by using bi-objective and bi-criteria 

solving methods. The weighted sum approach used in solving a bi-criteria version 

of the problem takes its basic premise from conventional multi-objective 

optimizations. It assigns weight to each objective function and combines the 

weighted objectives into a single objective function. Conceptually, it is simple to 

understand and easy to compute. Different weights vectors (α, β) that are used to 

combine objectives are as follows: (0, 1), (0.1, 0.9), (0.2, 0.8), (0.3, 0.7), (0.4, 0.6), 

(0.5, 0.5), (0.6, 0.4), (0.7, 0.3), (0.2, 0.8), (0.9, 0.1), (1, 0). These weights present 
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preference information of a decision-maker to each criterion. Each of these 11 

problems generated from the weight vectors is solved with both exact and meta-

heuristic algorithms. The WFA algorithm was used as the best meta-heuristic 

algorithm in the Article I for solving the bi-criteria version of the proposed problem. 

NSWFA was also used, which was the best meta-heuristic algorithm in this 

study for solving the bi-objective version of the proposed problem. Because of the 

complexity of the proposed model, the problems were run up to two hours for the 

B&B and up to five minutes for the metaheuristics. In Figure 8, the results of both 

the bi-objective model and the bi-criteria model are shown. By considering the 

proposed weights for solving the bi-criteria problem, just a few points on the Pareto 

front could be found. As depicted, WFA works better than B&B on minimizing the 

objective function. However, both WFA and B&B, which uses the weighted sum 

method, are not able to cover the results of NSWFA. The number of solutions and 

the diversity of solutions found by solving the bi-objective problem with NSWFA 

is higher than solving the bi-criteria problem, and it performs well in approximating 

the Pareto-optimal front. Since the proposed bi-objective model is a 

computationally intensive problem, multi-objective meta-heuristic methods must 

be used even for small-sized problems to find good Pareto solutions. 

 

Figure 8. The complexity of the bi-objective model and the inability of the weighted sum 

method in finding the Pareto solutions. (Article II, published with permission of 

Springer.) 
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3.2.3 RQ3: How can the performance of maintenance services be 

optimized by scheduling the preventive maintenance and 

renewal activities of a multi-unit system? 

RQ3 relates to the importance of studying resource optimization techniques in 

maintenance planning. The main findings of Articles III and IV were utilized to 

answer RQ3. Several exact and heuristic methods were employed to solve the 

preventive maintenance and renewal (M&R) scheduling problem. The study 

conducted in Article III dealt with developing a general configuration for modeling 

M&R of multi-unit systems. The preventive M&R scheduling problem was 

formulated as an integer programming model to minimize the costs of M&R 

activities and their relevant preparatory works. 

The novelties of the proposed model were: (1) developing a long-term 

maintenance planning model to find the optimal balance between maintenance and 

renewal and determine the economic life of a system component. In typical 

situations when an asset ages, maintenance is increasingly required and it may be 

better to renew the component earlier than its physical life to prevent successive 

costly maintenance activities; and (2) considering the grouping of both 

maintenance and replacement activities simultaneously. The benefit of combining 

maintenance and renewal projects is categorized by considering the following setup 

costs: system-dependent setup costs that is related to system downtime, 

component-dependent setup costs related to equipment preparation, and location-

dependent setup costs related to equipment installation. 

Articles III and IV dealt with developing an integrated scheduling approach for 

preventive M&R activities. A hierarchical (tree-like) setup structure was proposed 

for modeling maintenance of multi-unit systems. Setup costs such as downtime, 

equipment preparation, and equipment installation were included as criteria for 

group scheduling. Also, a general configuration for modeling maintenance and 

renewal of multi-unit systems was defined by proposing a hierarchical setup 

structure. An integrated model was presented to find the optimal renewal time of 

each component in each unit while considering the economic dependency between 

components. A numerical experiment with sensitivity analysis was used to illustrate 

the model and the potential cost reductions that using such an integrated model may 

produce. 

Due to the complexity of the problem, two heuristic algorithms were developed 

based on the decomposition technique. These heuristics were based on the structure 

of the problem and decomposed the proposed problem into less complex sub-
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problems and then solved them sequentially. In the literature, the idea of these 

heuristics is sometimes referred to as a decomposition approach. The focus in the 

first step of the heuristics is in the individual plan of each component in each unit. 

The best sequence of actions for a component is found regardless of the actions 

taken to the other components and units. As a result, the grouping of maintenance 

and renewal activities is not considered. The grouping of projects is added later to 

the schedule in the next steps of the developed heuristics. Heuristic 1 uses the 

obtained solution in the first step to bounding the first renewal time, and heuristic 

2 uses the obtained solution in the first step as a warm start. Computational 

experiments were done on various test instances to show the performance of the 

heuristics, and the results are reported. Both the developed heuristic methods are 

possible options to optimize the problem. For problems with many periods and high 

system downtime costs, using heuristic 1 is highly recommended. 

Further analyses have been performed on various test instances to show how 

the maintenance grouping and the optimal renewal decisions (balancing) affect the 

optimization results. The developed integrated optimization approach is compared 

with the separated optimization problems, where grouping and balancing are done 

separately. The cost savings of integrated optimization are shown in Table 13. 

Table 13. Average and maximum integrated optimization cost savings compared to 

separated planning (i.e., just balancing or just grouping) in a set of experiments. 

Integrated optimization vs. just balancing Integrated optimization vs. just grouping 

Average cost savings  Maximum cost savings Average cost savings  Maximum cost savings  

18.04 % 31.24 % 7.04 % 13.10 % 

As demonstrated in Table 13, the savings in cost gained by the grouping is 

significantly greater than the cost savings out of the balancing. Likewise, the cost 

savings increase considerably when the problem size increases. The significance of 

the integrated optimization model in cost reduction can be explicitly seen in cases 

where the cost of preparatory works is high (high setup costs). 

Experimental results show that the proposed techniques (i.e., grouping and 

balancing) allow cost cutting through proper scheduling and elimination of setting 

up the preparatory works. A case study on the maintenance and renewal scheduling 

of railway track was also done, and a significant degree of improvement is reported 

over the conventional method. The results of this research can be used to find the 

optimal or near-optimal preventive maintenance and renewal schedule of large-

scale multi-unit systems or even any single-unit system with multiple components.  
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3.3 Results synthesis 

Figure 9 summarizes the research work for answering each research question.  

 

Figure 9. Summary of the work for each research question. 

 

Figure 10. Article relations with view of optimization types and application areas. 
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Each of these research questions approaches the purpose of this study from a 

different viewpoint related to the application area and optimization types. These 

relationships are illustrated in Figure 10. 

Multi-criteria optimization is used in both application areas of this dissertation. 

However, since the criteria were not in conflict with each other, multi-objective 

optimization of the maintenance scheduling problem is skipped in the study. In 

scheduling tasks in production and maintenance systems, it is important to meet 

due dates that have been committed to customers, as failure to do so may result in 

significant losses. In this dissertation, two approaches have been considered to deal 

with task due dates. These approaches are summarized in Figure 11. 

 

Figure 11. Two approaches to dealing with task due dates. 
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4 Discussion 

The results are discussed and evaluated in this chapter. First, the theoretical 

implications and practical implications of the research are discussed. Then, the 

research is evaluated in terms of its reliability and validity. Finally, some of the 

future research needs are addressed, mainly regarding to the limitations of the 

present study. 

4.1 Theoretical implications 

The first application area of this study (production scheduling) is in line with the 

work of Kurz & Askin (2004) and Eren & Güner (2008, 2009) and provides a new 

contribution by integrating the learning effect into multi-criteria hybrid flow shop 

scheduling. Article I proposed an integer programming model to introduce the 

position-based learning effect in hybrid flow shop scheduling with sequence-

dependent setup time. The objective of the study was to find the best assignment 

and sequence of jobs that pass through machines in each stage to minimize the 

weighted sum of makespan and total tardiness. Earlier research (Biskup, 2008; 

Agnetis et al., 2014) pointed out that the learning effect maximizes the efficiency 

of operations in industrial settings. The findings of this research complement these 

earlier researches by emphasizing that learning and its effect on setup reduction can 

also influence the optimal schedule of jobs in hybrid flow shop systems. Article I 

uses a novel meta-heuristic called the water flow-like algorithm, which uses a 

dynamic size of solution agents and can overcome the drawbacks of both single 

and multiple solution agent-based algorithms. Article I was the first study that 

introduced the learning effect to HFS scheduling and applied WFA to solve a 

combinatorial optimization of scheduling problems.  

Article II also contributes in the area of scheduling jobs with learning effect by 

developing bi-objective hybrid flow shop scheduling as a rich field of study that 

has not been sufficiently addressed in the literature (Ruiz & Vázquez-Rodriguez, 

2010). Article II analyzed the effect of worker learning rates on the structure of 

assigned jobs to machines and their sequences and hence provided a new 

prospective to earlier studies (Eren & Güner, 2008; Behnamian & Zandieh, 2013; 

Mousavi & Zandieh, 2016). The results show that, by considering lower learning 

rates, setup times will be more reduced and a schedule can be determined that 

places jobs that share similar tools and fixtures next to each other. This study 

complements the previous studies (Ruiz & Vázquez-Rodriguez, 2010; Karimi & 
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Davoudpour, 2016) discussing the nature of multi-objective scheduling by 

analyzing the complexity of the developed bi-objective model with learning effect. 

This article clarifies that a linear combination of the optimization criteria into a 

single objective by using the weighted sum method cannot well represent the 

manufacturers’ and the consumers’ concerns simultaneously. In addition, the results 

of Article II show that several runs of solving the bi-criteria problem with different 

weight vectors could not cover the solutions obtained from a single run of the bi-

objective problem. Earlier research (Behnamian, Zandieh, & Fatemi Ghomi, 2010; 

Rashidi et al., 2010; Karimi & Davoudpour, 2016) has demonstrated various 

performance criteria to evaluate the quality of the approximated sets of Pareto 

solutions in multi-objective optimization. The results of Article II illustrate that the 

set coverage is the most comprehensive performance metric for mutual comparison 

of algorithms in bi-objective optimization. In a performance evaluation of bi-

objective meta-heuristic algorithms, comparing other performance measures is 

useful when the non-dominated solutions of algorithms have almost equal set 

coverage values.  

The second application area of this study (maintenance scheduling) is in line 

with the work of Budai et al. (2006) and Zhao et al. (2009) and Moghaddam & Usher 

(2011b) and provides a new contribution by integrating grouping and balancing as 

resource optimization techniques into the maintenance and replacement scheduling 

of multi-unit systems. Article III proposed an integer programming model to 

schedule preventive maintenance and preventive renewal projects of infrastructures 

simultaneously. This study complements the previous studies (Budai et al., 2006; 

Chalabi et al., 2016) by reducing the cost of maintenance without reducing the level 

of maintenance. Our developed model minimizes the costs of maintenance and 

renewal activities and their relevant preparatory works (i.e., system downtime cost 

due to maintenance and machinery cost). Article III advances the state-of-the-art in 

the maintenance planning by developing a scheduling approach that determines 

which projects should be performed together in which unit and in which period. 

Our scheduling approach considers opportunistic maintenance and the economic 

dependency between components that affects maintenance and renewal decisions 

and shows how to develop time-based patterns of maintenance and renewal projects 

that minimize the total cost of those actions. 

Article IV proposed an integrated approach for scheduling preventive 

maintenance and renewal projects of multi-unit systems with grouping and 

balancing and hence provided a new prospective to earlier studies (Budai et al., 

2006; Zhao et al., 2009). Earlier research demonstrated various setup structures for 
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modeling maintenance of multi-component systems (van Dijkhuizen, 2000; 

Kobbacy & Murthy, 2008). Article IV presents a new hierarchical structure for setup 

costs that considers economic dependency between components of multi-unit 

systems. The developed setup configuration shows the potential benefit of grouping 

maintenance and renewal projects. The previous literature on renewal planning 

discussed the need to increase the frequency of maintenance activities of a system 

component during the final periods of its technical life (Andrews, 2012; Gustavsson, 

Patriksson, Str�mberg, Wojciechowski, & Önnheim, 2014). In Article IV, the 

economic life of the system components is determined by finding the optimal 

balance between maintenance and renewal while considering their effect on each 

other. We have shown that when grouping and balancing techniques are used 

together, they can significantly reduce the cost of maintenance without reducing 

the level of maintenance. Experimental results show that the proposed techniques 

(i.e., grouping and balancing) allow cost cutting through proper scheduling and 

elimination of setting up the preparatory works. 

The research results of this study highlight the importance of reducing setups 

in production and maintenance systems. These findings are supported by the 

previous literature (Allahverdi & Soroush, 2008; O’connor, 2010; Allahverdi, 2015). 

Table 14 summarizes the theoretical implications of each research question. 

Table 14. Summary of theoretical implications. 

Research question Theoretical implications 

RQ1. What are the resource 

optimization techniques in 

production and maintenance 

scheduling and how do they 

impact the schedule of 

activities? 

Integrating learning effect as a resource optimization technique in HFS 

scheduling 

Integrating grouping and balancing as two resource optimization 

techniques in M&R scheduling 

Documenting potential impact of setup reductions 

Analyzing the significance of resource optimization techniques in 

production and maintenance systems 

 

RQ2. How can the performance 

of production systems be 

optimized by scheduling a set of 

jobs in a hybrid flow shop 

environment? 

 

Developing integer programming models to minimize makespan and 

total tardiness of jobs 

Proposing meta-heuristic optimization algorithms 

Analyzing the complexity of bi-criteria and bi-objective HFS problems 

Comparing the efficiency of algorithms through a set of computational 

experiments 
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Research question Theoretical implications 

RQ3. How can the performance 

of maintenance services be 

optimized by scheduling the 

preventive maintenance and 

renewal activities of a multi-unit 

system? 

Proposing a hierarchical setup structure for modeling M&R of multi-unit 

systems 

Developing integer programming models to minimize the costs of M&R 

projects and their relevant preparatory works and downtime costs over 

the planning horizon.   

Proposing heuristic algorithms based on decomposition approach 

Comparing our integrated optimization approach with the separated 

optimization problems and analyzing the efficiency of the developed heuristic 

 

4.2 Practical implications 

This study deals with the allocation of resources to tasks over a given time period 

to optimize several criteria. Several resource optimization techniques are proposed 

to reduce setups in production and maintenance systems. The proposed 

optimization tools allow asset managers and production companies to operate 

according to budget and time constraints. In this dissertation, mathematical 

language has been used to model the behavior of production and maintenance 

systems. Mathematical modeling provides an opportunity to uncover new 

knowledge about the object, which was unavailable by formulating different 

hypotheses. This knowledge would help managers and decision makers to achieve 

better outcomes. It allows discovering out an essential characteristic of the object 

studied and abstracting away from non-essential ones (Hossain, 2016). 

In the first application area of this dissertation (production scheduling), the 

learning effect has been considered in a hybrid flow shop scheduling problem with 

sequence-dependent setup time. The HFS problem is intensively studied in all kinds 

of real-world scenarios, including the electronics, paper and textile industries (Ruiz 

and Rodriguez, 2010). Articles I and II discuss the important question management 

faces in production planning of manufacturing systems and potentially supports 

optimizing the performance of production systems by scheduling a set of jobs in a 

hybrid flow shop environment. 

Article I provides a solution approach to find the best assignments of jobs to 

machines and the best sequence of them on machines in different stages. This 

schedule is done in a way to minimize a linear combination of the makespan and 

total tardiness of jobs. Minimizing the tardiness causes external efficiency and 

reduces the penalties incurred for late jobs. Minimizing the makespan causes 

internal efficiency and keeps the work-in-process inventory at a low level. This has 
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been shown by considering the improvement of workers’ skills through gaining 

knowledge or experience and its impact on the final schedule of jobs. The learning 

effect causes a reduction in setup times, and the skills of workers improve 

continuously as firms produce more of a product. This effect has been proven to 

exist in many industries, and accounting for it is of importance in today’s 

manufacturing and service organizations where reliable and low-cost products and 

services should be delivered on time. 

Article II focuses on a bi-objective version of the proposed problem in Article 

I by considering both the manufacturers’ and the consumers’ concerns 

simultaneously. The results of Article II suggest that makespan and total tardiness 

should be minimized independently. The number and diversity of solutions found 

by solving the bi-objective problem is higher than solving the bi-criteria problem, 

and it performs well in approximating the set of optimal solutions. By minimizing 

these two objectives independently, solutions can be found that are mathematically 

equally good. The higher the number of non-dominated solutions, the more 

alternatives for managers (decision makers) to decide through. It also has been 

shown that the learning effect not only reduces the setup times but also results in 

schedules in which jobs that share similar tools and fixtures are placed adjacent to 

one another. 

In the second application area of this dissertation (maintenance scheduling), 

the preventive maintenance and renewal scheduling problem has been introduced 

for multi-unit infrastructures. To reach satisfactory results from maintenance and 

renewal grouping in practical scenarios, it is critical to know the problem well and 

model it in the correct way. In conducting the research, there was an opportunity to 

collaborate with the maintenance contractors of railway infrastructures and discuss 

our assumptions, analyses, and results with them. For example, the main reason for 

choosing the scheduling approach for group maintenance instead of the rolling 

horizon approach is because of its practicality and the availability of the required 

data. Focusing on the rolling horizon has less value because infrastructure 

managers have little flexibility in readapting the maintenance plan and rebalancing 

time for operation and maintenance.  Articles III and IV discuss the important 

question management faces in maintenance planning of multi-unit infrastructures 

and supports optimizing the performance of maintenance services by scheduling 

preventive maintenance and renewal activities of a multi-unit system. 

Article III provides a solution approach to find the best schedule of 

maintenance and renewal actions for each component of the system over a planning 

horizon such that the total costs are minimized. This schedule reduces the cost of 
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maintenance without reducing the number of maintenance itself. The reduction in 

the costs of maintenance and renewal projects is based on less infrastructure 

possession and more efficient use of resources and equipment. By using the 

developed scheduling approach, infrastructure managers of railways, roadways, 

electricity distribution networks, and distributed pipelines can select the best-fitting 

solution for their assets. 

Article IV focuses on preventive maintenance and renewal scheduling of multi-

unit systems. An integrated model has been presented to find the optimal renewal 

time of each component in each unit while considering the grouping of maintenance 

and renewal projects in time and unit. It is shown that when grouping and balancing 

techniques are used together, they can significantly reduce the costs of maintenance 

without reducing the level of maintenance. The developed model minimizes the 

costs of maintenance and renewal activities and their relevant preparatory works 

(i.e., system downtime cost due to maintenance and machinery cost) and hence 

benefits the managers in their work. The results of Article IV suggest that the 

proposed techniques (i.e., grouping and balancing) allow cost cutting through 

proper scheduling and elimination of setting up the preparatory works. This article 

confirms that the proposed integrated approach is very capable of reducing the 

maintenance and renewal costs. A case study was done on a real instance and a 

significant degree of improvement is reported over the conventional method used 

currently at the operation. The results of this research can be used to find the 

optimal or near-optimal preventive maintenance and renewal schedule of large-

scale multi-unit systems or even any single-unit system with multiple components. 

A summary of the practical implications of the four articles is presented in 

Table 15. 

Table 15. Summary of practical implications. 

Application areas Practical implications 

 

 

 

Production scheduling 

(Articles I and II) 

Identification of cost reduction potential in the learning effect technique 

Methods for making optimal decisions in production systems 

Providing examples of how to schedule jobs in hypothetical HFS 

environments 

Showing the importance of considering both the manufacturers’ and the 

consumers’ concerns simultaneously 

 

 

 

Identification of cost reduction potential in the grouping and balancing 

techniques 

Methods for making optimal decisions in maintenance systems 
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Application areas Practical implications 

Maintenance scheduling 

(Articles III and IV) 

Conducting a case study on how to schedule preventive maintenance 

and renewal activities of railway tracks 

Showing the importance of considering both the infrastructure managers’ 

and the infrastructure users’ concerns simultaneously 

 

4.3 Critical reflections on the research 

Qualitative researches are mostly evaluated for reliability and validity. Since this 

dissertation is a quantitative research that uses numerical methods, the reliability 

and validity of the research are briefly addressed. Neumann (2003) has defined 

reliability as dependability or consistency. This means that if the research 

methodology is applied under identical or very similar conditions by another 

researcher, the same results should be obtained. Validity suggests truthfulness; it 

refers to the way a researcher conceptualizes an idea in a conceptualized definition. 

It is also a measure, as it denotes how well an idea about reality “fits” with actual 

reality (Neumann, 2003). In determining the reliability and validity of research, 

reducing error is of prime concern. 

In this dissertation, the behavior of the developed solution algorithms is 

analyzed to achieve better robustness. For example, in Article I, the Taguchi 

method was used to statistically design the experimental investigation. The Taguchi 

method seeks to raise the important controllable factors to an optimal level and 

minimize the effect of noise factors. In the computational analysis section of the 

articles, several sets of well-designed experiments were used to compare the 

efficiency of the algorithms. Each test instance was addressed multiple times to 

yield more reliable information from the numerical experiments.  

In the dissertation, mathematical language is used to model the behavior of 

production and maintenance systems. Mathematical modeling can reasonably show 

the behavior of these systems and help to validate their mechanisms. Mathematical 

models can be refined to include more and more factors and build a more robust 

and realistic model in which its results can be repeated.  

The information and data used in this research have been extracted either from 

reputable peer-reviewed journals, refereed conference proceedings and reports, or 

from company databases, which positively contributes to the research’s reliability. 

The data used in the dissertation were also carefully collected to enhance the 

validity of the research. The data, analysis, and dissertation drafts were reviewed 
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by other researchers. Regarding the validity of the present research, the analysis 

technique and the developed model have been validated by using real cost data 

from industry or similar data sets in other researches. The obtained results are 

believed to support the validity of the research as they match the theoretical and 

logical expectations. 

No research is without limitations. Due to the practical limitations of a single 

dissertation, a study of resource optimization techniques in other environments 

(such as transportation and supply chain systems) was left out from the scope of 

this dissertation. Another limitation arises from the need for a case study with real 

data for the production scheduling problem. A company-specific analysis could 

provide detailed knowledge that would enrich the existing findings. 

4.4 Recommendations for future research 

This research has provided insights into resource optimization techniques in 

production and maintenance systems. This study makes several theoretical and 

practical contributions, and neutrally, there are still several possibilities available 

for further research. For example, all the developed models in this research are 

classified as NP-hard problems in which there is no polynomial computational time 

for solving large-scale problems. It is recommended to apply other heuristic and 

metaheuristic algorithms to find optimal or near-optimal solutions, especially for 

multi-objective models. 

The first application area of this dissertation covers scheduling a set of jobs in 

the hybrid flow shop with learning effect of setup times. One of the clear research 

needs identified is empirical research on the proposed models for production 

systems with considering the learning effect of workers while performing setup 

activities. Another option could be to apply other representation methods for the 

learning effect, such as time-based and experience-based learning. An additional 

recommendation for future research is to expand the research scope by extending 

the assumptions of the proposed HFS model and considering other objectives. The 

developed models and algorithms are convenient tools applicable to various 

manufacturing systems. An extension of the proposed meta-heuristic algorithms for 

other fields of scheduling, such as open shop and job shop, could be effective.  

The second application area of this dissertation covers preventive maintenance 

and renewal scheduling related to multi-unit systems and infrastructures. 

Unexpected failures and corrective maintenance decisions are not included in this 

study. In the research, the reliability analysis and failure modeling are not covered. 
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It is assumed that these analyses have been performed in a prior phase of the 

research to calculate the latest possible times between maintenance and renewal 

activities. Stochastic dependency is not covered in this study either. The 

dependency between the components of the multi-unit system is limited to the 

economic dependency. Several cost-related criteria were considered in the 

developed model to be minimized. An extension of this model would be 

considering other criteria (such as system reliability, availability, and demand 

satisfaction) that could be in conflict and make the model more practical but very 

complicated to solve. As system downtime costs may differ due to demand 

fluctuation in weekdays, nights, or weekends, determining the exact execution time 

of projects is another possible elaboration of the model. In long-term maintenance 

planning, one could also include the effects of inflation by adding an inflation rate 

in the calculation of future costs. While these may make the model more accurate, 

this research has avoided those minor refinements for the sake of notational 

simplicity. It also would be interesting to see how the proposed model for 

maintenance planning of multi-unit systems could be used and developed in 

applications to other industrial sectors, such as maintenance of roadways, pipelines, 

and electricity networks. Another direction for future research would be to develop 

other efficient heuristic or meta-heuristic algorithms for the proposed preventive 

maintenance and renewal scheduling problem. This study recommends using 

discrete-event and continuous simulation models and integrating them into the 

developed optimization models to handle situations in which unexpected failures 

occur between maintenance intervals. 
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5 Conclusions 

Scheduling is a decision-making process of allocating resources to tasks over a 

given period, whereas its goal is to optimize one or more objectives. The decision 

to provide multiple products and services on common resources results in the need 

for setup activities. This dissertation investigates resource optimization techniques 

to reduce setup times and costs through scheduling in two application areas of 

production and maintenance scheduling. In the first application area, a production 

scheduling problem is considered by focusing on the hybrid flow shop environment. 

In the second application area, a maintenance scheduling problem is considered by 

focusing on multi-unit systems. The research problem of this dissertation was 

formulated as:   

How to optimize resource utilization in production and maintenance 

scheduling problems, and how to find an optimal or near optimal solution for 

the selected performance criteria. 

To address the research problem, mathematical models were created to describe the 

behavior of production and maintenance systems. Hybrid flow shop scheduling and 

maintenance scheduling are two important subjects in operations research due to 

their complexity and practical relevance. Several exact, heuristic, and meta-

heuristic methods were proposed to solve the developed models and compare their 

efficiency in a set of well-designed experiments. 

The development of resource optimization techniques is approached in this 

dissertation by three research questions handled by the individual articles. The first 

two articles focused on reducing setup times through proper scheduling of 

production systems. The last two articles focused on reducing setup costs through 

proper scheduling of maintenance systems. The four articles together complement 

one another and provide a partial solution to the research problem. 

The main theoretical contribution of this dissertation involves the developed 

optimization models and solution algorithms to allocate resources to the task in an 

efficient way. The cost reduction potential was identified in learning effect, 

grouping, and balancing techniques, including the documented potential impact of 

setup reductions. The contributions of this dissertation benefit practitioners by 

providing optimization tools that allow asset managers and production companies 

to operate according to budget and time constraints. 
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Appendices 

Appendix 1: Mathematical model for the hybrid flow shop 

scheduling problem 

The sets, parameters, and variable that are used in developing the hybrid flow shop 

scheduling model are described below. Then, the mathematical programming 

model will be presented.   

 

Sets: 

The following symbols are indices of jobs, stages, machines and position on 

machines: 

I Set of jobs, with its elements numbered for convenience from 0 to |n| 
J Set of jobs, with its elements numbered for convenience from 1 to |n| 
M Set of machines, with its elements numbered for convenience from 1 to |mt| 
R Set of positions, with its elements numbered for convenience from 1 to |n| 
T Set of stages, with its elements numbered for convenience from 1 to |g| 

 

Parameters: 

n Number of jobs to be scheduled 

g Number of stages in sequence 

 Number of parallel machines in stage t 

 
Processing time for job j at stage t, =  (parallel machines are 
identical) 

 Machine setup time for job i to job j at stage t, =  

 The due date of job j 

 The job j learning rate logarithm-base 2 (negative parameter) 

 
Learning effect on rth position, r =1,…, , ( is the number of jobs 
assigned to machines in stages)  

 

Decision variables: 

 1, if job i scheduled immediately before job j on machine m in position r 
at stage t; otherwise= 0 

 Makespan ( = max∈ ,…, ) 
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 Tardiness of job j 

 Completion time of job j at stage t 
 Setup time of job i to job j, scheduled in position r at stage t 

 

Mathematical model: 

Minimize maxC   

Minimize 
jT  

(1) 
(2) 

1 1 0,

1
tm n n

ijrmt
m r i i j

x
   

         ∀ t,j  
(3) 

0 1,

1
n n

ijrmt
i j i j

x
  

        ∀ r,m,t  
 

(4) 

( 1)
0 1, 0 1,

n n n n

ijrmt ij r mt
i j i j i j i j

x x 
     

          ∀ r  2, m, t  
 

(5) 

( 1)
0 1,

n n

ij r mt jkrmt
i k k j

x x
  

       ∀ j, r  2, m, t  
 

(6) 

ja
ijrt ijtS s r         ∀ i,j,t,r   (7) 

(1 )jt it ijrmt jt ijrtC C M x p S            ∀  i, j, i j, r, m, t  (8) 

( 1) (1 )jt j t ijrmt jt ijrtC C M x p S           ∀  i, j, i j, r, m, t>1  (9) 

j ig jT C d          ∀ j  (10) 

max jgC C        ∀ j  (11) 

1 0ij mtx          ∀i  1, j, i j, m, t  (12) 

0 0jrmtx          ∀ r  2, j, i j, m, t  (13) 

{0,1}ijrmtx         ∀i, j, i  j, r, m, t  (14) 

0jtC        ∀ j, t  (15) 

0jT         ∀ j  (16) 

1

g

j jt
t

p p


        ∀ jn   (17) 
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1,

1 1

n
g

ijti i j
j

t

s
s

n
 






         ∀ jn,   

( ) (1 3)j j jd p s random          ∀ jn 

(18) 
 

(19) 

 

The objective functions of the study are formulated as follows. The objective (1) 

minimizes makespan, and the objective (2) minimizes the total sum of tardiness. 

Constraint sets (3) and (4) ensure that each job is scheduled once in one of the 

positions of machines available in each stage. They also ensure each job is 

processed once at each stage in the successor of another job. Constraint set (5) 

ensures that position on each machine should be filled in sequence. Constraint set 

(6), which is complementary to constrain (5), is a flow balance constraint that 

guarantees jobs are performed in well-defined sequence and ensures each job has a 

predecessor and a successor on the machine where the job is processed. In fact, if 

job j is processed directly after job i on machine m in position r at stage t, job k that 

is the successor of the job j, should be processed in position r+1 on the machine m 

at stage t. Eq. (7) calculates adjusted setup time based on the position in which a 

setup is scheduled. a = log2LR ≤0 is the learning effect which is the logarithm to 

the base 2 of the learning rate (LR).  This context can be clarified as follows: The 

lower the learning rate, the higher the effects from learning. Constraint set (8) 

forces job j to follow job i by at least i’s processing time plus the setup time from 

job i to j. The value M is an upper bound on the completion of processing time at 

stage t. Constraint set (9) implies that the completion time of job j at stage t is larger 

than or equal to the sum of completion time of job j at stage t-1, the processing time 

of job j at stage t, and the setup time from its predecessor to job j. Constraints (10) 

and (11) represent the criteria in the objective functions. Constraint sets (12) and 

(13) ensure that in the first position of each machine, nominal job 0 should be 

placed, and the rest of positions should not be filled by job 0. Constraints (14)-(16) 

represent the conditions on the decision variables. Due dates of all n jobs are 

generated based on the Equations (17)-(19). In Equation (17) total processing times 

of each job on all g stages are computed. Equation (18) Computes average setup 

times for all possible subsequent jobs and sum it for all g stages. Finally, Equation 

(19) determines a due date for each job. Where random is a random number over 

the range (0, 1). 
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Appendix 2: Mathematical model for the preventive maintenance 

and renewal scheduling problem 

The sets, parameters, and variable that are used in developing the preventive 

maintenance and renewal scheduling model are described below. Then, the 

mathematical programming model will be presented.   
 
Sets: 

I Set of components, with its elements numbered for convenience from 1 to |I| 

K      Set of units, with its elements numbered for convenience from 1 to |K| 

T       Set of periods, with its elements numbered for convenience from 1 to |T| 

     Set of maintenance intervals belonging to component i, with its elements 

numbered for convenience from 1 to | | 
 

Parameters: 

     Maintenance cost of component i in each unit 
      Renewal cost of component i in each unit 

    System downtime cost due to maintenance or renewal activities in each 
period 

  Equipment preparation cost for renewal of component i in each period 
 Equipment preparation cost for maintenance of component i in each period 

   Equipment installation cost for renewal of component i in each period 
  Equipment installation cost for maintenance of component i in each period 
  Equipment preparation cost for special renewal machinery (which can renew 

all components together) in each period 

   Maintenance history; it indicates the number of maintenance activities 

performed since the previous renewal of component i in unit k before the planning 

horizon starts 

    Maintenance history; it indicates the number of periods elapsed since the 

previous maintenance of component i in unit k before the planning horizon starts 

     Latest possible time for carrying out hth maintenance for component i after 

the h-1th maintenance (where h=1, it means latest time to perform first maintenance 

after renewal) 
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Decision variables:  Binary variable, 1, if renewal of component i in unit k is scheduled in period 

t, and 0 otherwise m  Binary variable, 1, if hth maintenance of component i in unit k is scheduled 

in period s after renewal in time t, and 0 otherwise   When t=0, it means the renewal has been performed before the planning 

horizon starts p  Binary variable, 1, if the system is down in period t due to maintenance or 

renewal activities, and 0 otherwise w  Binary variable, 1, if renewal of component i is carried out in both units k 

and k-1 in period t, and 0 otherwise w  Binary variable, 1, if maintenance of component i is carried out in both units 

k and k-1 in period s, and 0 otherwise b  Binary variable, 1, if machinery for maintenance of component i is needed 

in period s, and 0 otherwise q  Binary variable, 1, if machinery for renewal of component i is needed in 

period t, and 0 otherwise  Binary variable, 1, if special machinery is needed for renewal of all 

component together in period t, and 0 otherwise 
 
Mathematical model: 

Minimize ×=1  (20.1) 

+ × + × +   ×   (20.2) 

+ × ( + ) + × −   
+ × ( + ) + × −  

(20.3) 
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( ) +( ) ≥ 1        ∀ ∈ , ∈  (21) 

 ≤ +          ∀ ∈ , ∈ , ≤ − 1 −  (22) 

( )  ≤ +( )     ∀ ∈ , ∈ , ≤ − 1 − ( ),≤ , 2 ≤ ℎ ≤  

(23) 

( )  ≤         ∀ ∈ , ∈ , ≤ − 1 − ( ),∈ (0,1, … , ), ≤  

(24) 

2 × ≤ ( ) +            ∀ ∈ , ≥ 2, ∈  (25) 

2 × ≤ ( ) +         ∀ ∈ , ≥ 2, ∈  (26) 

≤ ×            ∀ ∈  (27) 

≤ ×            ∀ ∈  (28) 

≤ ×          ∀  ∈ , ∈  (29) 

≤ × ( + )          ∀  ∈ , ∈  (30) 

× ≤           ∀ ∈ , ∈  (31) 

, , , , , , ,   ∈  0, 1       ∀ ∈ , ∈ , ∈ , ∈ , ℎ∈  
(32) 
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The objective (20) is to minimize the sum of maintenance and renewal processing 

costs and their relevant setup costs such as possession cost, the cost of preparing 

and installing the machines. The first term, i.e. (20.1), calculates the total downtime 

cost of the asset for carrying out renewal and maintenance activities. The second 

term calculates the total machinery cost. The third term calculates both the 

installation cost of machines and the total processing cost of renewal and 

maintenance in all periods. Constraints (21) guarantees that in the first truncated 

interval, there must be a plan for at least one maintenance or renewal activity. 

Constraint set (22) ensures that the schedule will include a maintenance or renewal 

activity by the end of the first planning interval after the renewal. The planning 

intervals are the time intervals between sequential maintenance activities, which 

are given as an input. Considering an upper bound for t ensures that there is no 

necessity to plan a maintenance or renewal activity in the final planning interval. 

Constraint set (23) makes the next maintenance or renewal dependent on the 

previous maintenance. Constraint (24) ensures that a renewal will be carried out 

after reaching the end of each component’s technical life. Constraints (25) and (26) 

together with the objective function prevent the paying for an installation cost of 

components that are renewed/maintained in the adjacent units. Constraint sets (27) 

and (28) ensure that period t will be occupied for preventive renewal or preventive 

maintenance works if -and only if- for that period at least one project is planned. 

Constraint set (29) defines the type of machinery needed in each period for carrying 

out the maintenance projects. The relevant machinery for maintenance of 

component i is required in period t if -and only if- for that period, at least one 

activity is planned. Constraint set (30) defines the type of machinery needed in each 

period for carrying out the renewal activities. The value M in the constraints (27)-

(30) is an upper bound on the left side of the constraints, and so M has to be large 

enough not to limit the left side of the constraints. To prevent the drawbacks of 

using one very large M for all the constraints, we have cut down M down to the size 

of each constraint. Constraint set (31) guarantees that when special machinery is 

used for renewal of a unit in each period, all the components are renewed together. 

Constraints (32) represent the conditions on the decision variables. 
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