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Abstract

In this work, the online printing shop scheduling problem is considered. This chal-
lenging real scheduling problem, that emerged in the nowadays printing industry,
corresponds to a flexible job shop scheduling problem with sequencing flexibility that
includes several complicating specificities such as resumable operations, periods of
unavailability of the machines, sequence-dependent setup times, partial overlapping
between operations with precedence constraints, fixed operations, among others. In
the present work, a mixed integer linear programming model, a constraint program-
ming model, and heuristic methods such as local search and metaheuristics for the
minimization of the makespan are presented. Modeling the problem is twofold. On
the one hand, the problem is precisely defined. On the other hand, the capabilities and
limitations of a commercial software for solving the models are analyzed. Numerical
experiments show that the commercial solver is able to optimally solve only a fraction
of the small-sized instances when considering the mixed integer linear programming
formulation. While considering the constraint programming formulation of the prob-
lem, medium-sized instances are optimally solved, and feasible solutions for large-sized
instances of the problem are found. Ad-hoc heuristic methods, such as local search and
metaheuristic approaches that fully exploit the structure of the problem, are proposed
and evaluated. Based on a common representation scheme and neighborhood func-
tion, trajectory and populational metaheuristics are considered. Extensive numerical
experiments with large-sized instances show that the proposed metaheuristic methods
are suitable for solving practical instances of the problem; and that they outperform
the half-heuristic-half-exact off-the-shelf constraint programming solver. Numerical
experiments with classical instances of the flexible job shop scheduling problem show

that the introduced methods are also competitive when applied to this particular case.
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Chapter 1

Introduction

This thesis addresses a real scheduling problem observed in the printing industry,
the Online Printing Shop (OPS), which can be modeled as a generalization of the
Flexible Job Shop (FJS). The purpose of this dissertation is to present and formulate
the OPS scheduling problem, and to investigate optimization techniques to produce

a production schedule so that the production effectiveness of OPSs can be improved.

This chapter is structure as follows. Section 1.1 presents the research context. Sec-
tion 1.2 presents the research challenges and motivations to conduct this study. Sec-
tion 1.3 presents the aim and scope of this study. Section 1.4 presents the scientific
and practical contributions of this study. Finally, the outline of the thesis is presented

in section 1.6.

1.1 Context of the Study

In 1926, Ford pointed out that “Any customer can have a car painted any color that
he wants so long as it is black” (Ford and Crowther, 1926). The industry, at its
second revolution stage, also known as the Industry 2.0, was not able to support
such levels of customization in which Ford’s customers were seeking due to its lack
of flexibility. Nonetheless, in the late 1980s, during the third industrial revolution,
also referred to as Industry 3.0, the customer demand for a large variety of prod-
ucts led to the development of “mass customization” (Pine, 1993). It was based on
the development of information, automation technology, and the computer. This led
to advanced equipment like computer numerically controlled machines, Automated
Guided Vehicles (AGV), and material handling systems like robots that were inte-
grated with computers and assimilated within a manufacturing system, forming what
is called Flexible Manufacturing System (FMS). Consequently, flexible production
was developed, and systems featured high productivity with minimal machines’ se-

tups, low cost, and large varieties. To this day, FMSs play an essential role in the



2 Chapter 1. Introduction

industry being considered one of the core dimensions of Industry 4.0 (Wang et al.,
2017).

An example of a highly flexible, lean, and agile manufacturing system capable of pro-
ducing a variety of different products in the same facility is shown in the printing
industry. Printing shops are FMSs that rely on print media, providing a wide range
of customized and personalized products such as newspapers, catalogs, magazines,
books, and packaging. These companies offer greater flexibility in the processing of
a large variety of substrates, inks, and methods of print finishing. Nowadays, due to
challenges such as the decreasing of the demand due to the expanding use of online
advertising and the decreasing of the overall printed matter, a new business model
emerged, the so-called OPSs. OPSs commenced taking advantage of the Internet and
standardization towards mass customization to attract more clients and to reduce
costs. This new business model enables printers to leave the inquiry and order pro-
cess to the customer. Alternatively, to a small number of fixed contracts, OPSs can
reach up to several thousand online orders of diverse clients per day. Orders that can
be of several types, such as bags, beer mats, books, brochures, business cards, cal-
endars, certificates, Christmas cards, envelopes, flyers, folded leaflets, greeting cards,
multimedia, napkins, paper cups, photo books, posters, ring binders, stamps, stickers,
tags, tickets, wristbands, to name a few are placed through an online system. The
system guides the user through a standardized process that defines details including

size, orientation, material, finish, color mode, design, among others.

FMSs, such as the ones found in the OPSs, usually exhibit complicated process plans
and a high degree of resource sharing. Consequently, allocating the enormous number
of tasks to the resources and scheduling them while respecting several constraints of
different jobs’ processing plans, and machines availability is a challenging task. De-
pending on the problem size, represented by the number of tasks and resources, the
scheduling task may turn out to be the most time consuming and challenging activity
within an enterprise. Thus, the performance of an OPS not supported adequately
by efficient scheduling may be significantly limited, and the advantages derived from
its flexibility may suffer a sharp decrease, e.g., inefficient scheduling may result in
reduced utilization of resources, over-loaded/idle capacity, long production lead time
and unreliable due date commitments, which in turn increases production costs and
reduces competitiveness in the market place. Furthermore, ineffective scheduling of-
ten delays orders and results in unsatisfied customers and may subject the firm to

penalties.
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1.2 Problem Statement and Motivation

Production scheduling is usually considered one of the most critical issues in the plan-
ning and operation of manufacturing systems (Pinedo, 2012). Scheduling involves
allocating resources, such as machines, transporters, and personnel, to individual pro-
duction activities in a time sequence to produce products or parts. Most of the
scheduling problems presented in FMSs have to take into account these problem for-
mulations in a quite general framework and hence are NP-hard (Blackstone, Phillips,
and Hogg, 1982; Blazewicz et al., 2019). The overall system goals are to maximize
resource utilization and minimize production time while respecting a variety of system

constraints, such as the precedence between the production activities.

The Job Shop Job Shop (JS) scheduling problem consists of scheduling jobs in an en-
vironment with non-flexible machines. Each job is formed of several operations with a
linear precedence order where each operation can be processed by only one particular
machine. The JS scheduling problem is known to be strongly NP-hard (Garey, John-
son, and Sethi, 1976). The FJS scheduling problem can be seen as a generalization
of the JS scheduling problem in which there may be several machines, not necessarily
identical, capable of processing each operation. The processing time of each operation
on each machine is known, and no preemption is allowed. The problem is to decide
on which machine each operation will be processed, and in what order the operations

will be processed on each machine.

The OPS scheduling problem can be formulated as a generalization of the FJS schedul-
ing problem with many specificities that capture the critical features of the OPS’ man-
ufacturing system. The non-trivial constraints include sequencing flexibility where a
directed acyclic graph gives precedence between operations of jobs; partial overlap-
ping, where operations connected by precedence constraints can overlap; machines
availability, where machines may present unavailable periods; and sequence-dependent
setup times, where machines must be configured in order to process distinct opera-
tions. Since the OPS scheduling problem is at least as difficult as the FJS scheduling
problem, it is also NP-hard. Note that the OPS’ manufacturing system and the OPS

scheduling problem are presented in Section 2.2.

The motivation of this study is to enhance the production effectiveness of OPSs by
planning a production schedule so that they can gain as much production benefit
as possible. The production effectiveness can be represented by an objective func-
tion under the constraint of the manufacturing system. The goal is to minimize the
makespan (i.e., the time that elapses from the start of work to the end), as in this
way, OPSs can reduce the cost of labor and electricity while achieving an increment

of production capacity and products’ quality.
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1.3 Aim and Scope

The objective of this thesis is three-fold. The first objective is the introduction and
the definition of the OPS scheduling problem into a realistic yet tractable model. The
second objective is the formulation of the OPS scheduling problem using Mixed Integer
Linear Programming (MILP) and Constraint Programming (CP). The universality
of the MILP model provides in-depth knowledge that leverages the development of
ad-hoc heuristic methods to be applied in practice. Formulating the problem with
a modern CP-based scheduling language allows the usage of a solver dedicated to
scheduling problems. The capabilities and limitations of each commercial software
for solving the models must be investigated, and the practical applicability of the CP
solver must be examined. Since comparing the CP solver performance for the OPS
scheduling problem with other methods in the literature is not possible, the third goal

is to propose and develop heuristic methods that fully exploits the problem structure.
In order to reach the objectives, this study addresses the following research questions:

1. Through collaboration with an industrial partner, how to define and formulate

a realistic yet tractable model of the OPS manufacturing system?

2. How to solve the problem given the fact that the model presents several complex

constraints and that size of instances in practice is substantial?

3. How to precisely formulate the OPS scheduling problem by means of Mathematical
Programming (MP) and CP?

4. What is the effectiveness and limitations of the MP and CP formulations with
the commercial solvers IBM ILOG CPLEX and IBM ILOG CP Optimizer?

5. What is the size of the instances for which optimality can be proved, and how

good is the incumbent solution when it cannot?
6. How to encode and decode OPS scheduling solutions?
7. How to construct feasible OPS scheduling solutions?

8. How to define a set of neighbor solutions of an OPS scheduling solution to
allow the applicability of Local Search (LS) heuristics or neighborhood-based

methods?

9. Which metaheuristic frameworks are the most suitable for the OPS scheduling

problem?

10. How the best performing method behaves when applied to particularizations of
the OPS scheduling problem?
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A three-step is taken to answer the research questions. The first step is to under-
stand the OPS manufacturing system, identifying the critical constraints that must
be taken into account in the formulation of the OPS scheduling problem. (Note that
several meetings with an industrial partner conceded a sharp perception of the current
printing industry’s scenario, allowing the identification of the critical features of the
OPSs’ manufacturing system. The problem was identified as a generalization of the
FJS scheduling problem with sequencing flexibility.) Works in the literature must be
reviewed to identify the state-of-the-art and knowledge gap on the FJS scheduling
problem with sequencing flexibility. This answers research questions 1 (Chapter 2).
A review of optimization techniques for the FJS scheduling problem answers research

question 2 (Chapter 3).

In the second step, exact scheduling optimization techniques are addressed. The OPS
scheduling problem is precisely formulated as MILP and CP. To access the per-
formance of the solvers, an OPS scheduling problem instance generator is developed,
and several small, medium, and large-sized benchmark sets of instances are generated.
Numerical experiments are performed with a twofold goal. On the one hand, the cor-
rectness of the proposed models is assessed. On the other hand, the effectiveness and
limitations of the MILP and CP models are determined, i.e., the size of the instances
for which optimality can be proved with the commercial solvers IBM ILOG CPLEX
and IBM ILOG CP Optimizer is determined. This step answers research questions 3-5
(Chapter 4). In order to answer the “second part” of the research question 5, ad-hoc
heuristic methods are required to compare their results with the incumbent solution

obtained with the exact methods.

In the third step, near-optimal scheduling optimization methods such as LS heuristics
and metaheuristics are addressed for the OPS scheduling problem. A real-valued rep-
resentation scheme that encodes both the machine assignment for each operation and
the execution order sequence of each operation is proposed. Given the representation
scheme, a constructive heuristic is proposed to build a feasible solution that allows as-
sessing the value of its makespan. The movement, neighborhood function, and LS pro-
cedure are introduced. Four metaheuristics are proposed and evaluated in connection
with the representation scheme and the LS procedure. Computational experiments
are performed to validate two different goals: i) investigate the performance of the
proposed metaheuristics; ii) by means if real-world instance sizes, compare the perfor-
mance of the metaheuristics with the commercial software IBM ILOG CP Optimizer.
This step answers the research questions 5-9 (Chapter 5). The effectiveness of the
method that presented the best results is analyzed with respect to other seven state-
of-the-art methods by performing experiments with classical FJS scheduling problem

benchmarks. This step answers research question 10 (Section 5.4.4).



Chapter 1. Introduction

1.4 Significance of the Study

The main contributions of this dissertation can be summarized in a similar fashion.

These contributions include:

1.

2.

The study and modeling of a unique real-world scheduling problem.

The first attempt at solving the FJS scheduling problem with sequencing flexi-
bility, operation’s release time, operation overlapping, sequence-dependent setup

times, fixed operations, and machines’ unavailability periods.

The formulation of MILP and CP models which allows solving the OPS problem

with a certificate of optimality for small and medium instances.

The development of a novel encoding scheme for the OPS scheduling problem,
the FJS scheduling problem with sequencing flexibility, and its particulariza-

tions.

The development of a decoding procedure which, by means of a constructive
heuristic, computes a feasible OPS scheduling problem solution allowing the

assessment of its makespan.

The development of a moving operator, a neighborhood function, and a problem-
specific LS heuristic method which allows the improvement of an OPS scheduling

problem solution by the exploitation of neighboring solutions.

The development and adaptation of metaheuristics frameworks for solving the
OPS scheduling problem, allowing to effectively produce good near-optimal

scheduling solutions for small-, medium-, and large-sized instances.

The proposal of a metaheuristic method that exhibits competitive results when

compared with other state-of-the-art methods for the FJS scheduling problem.

1.5 List of Publications

During the advancement of this research work and achieving the set of previously

stated research questions and objectives, results were presented in the form of papers

that have been published or submitted to be published.

1.

2.

Lunardi et al. (submitted). Metaheuristics for the Online Printing Shop Schedul-

ing Problem. FEuropean Journal of Operational Research.

Lunardi et al. (to appear). Mixed Integer Linear Programming and Constraint
Programming Models for the Online Printing Shop Scheduling Problem. Com-

puters & Operations Research.
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3. Lunardi, Voos, and Cherri (2019). An Effective Hybrid Imperialist Competi-
tive Algorithm and Tabu Search for an Extended Flexible Job Shop Scheduling
Problem. ACM Symposium on Applied Computing, Limassol, Cyprus.

4. Lunardi, Voos, and Cherri (2018). An Imperialist Competitive Algorithm for a
Real-World Flexible Job Shop Scheduling Problem”. IEEFE International Con-

ference on Emerging Technologies and Factory Automation, Torino, Italy.

5. Lunardi and Voos (2018a). An Extended Flexible Job Shop Scheduling Problem
With Parallel Operations. ACM Applied Computing Review.

6. Lunardi, Cherri, and Voos (2018). A Mathematical Model and a Firefly Al-
gorithm for an Extended Flexible Job Shop Problem With Availability Con-
straints. International Conference on Artificial Intelligence and Soft Computing,

Zakopane, Poland.

7. Lunardi and Voos (2018b). Comparative Study of Genetic and Discrete Fire-
fly Algorithm for Combinatorial Optimization. ACM Symposium on Applied

Computing, Pau, France.
The following publications are not related to the problem addressed in this thesis:

1. Faria Jr, Lunardi, and Voos (2019). A Parallel Multi-Population Biased Random-
Key Genetic Algorithm for Electric Distribution Network Reconfiguration. Ge-
netic and Evolutionary Computation Conference Companion, Prague, Czech Re-

public.

2. Lunardi et al. (2016). Automated Decision Support Iot Framework. I[EEE
International Conference on Emerging Technologies and Factory Automation,

Berlin, Germany.

1.6 Outline of the Thesis

This thesis consists of five further chapters, in which some of these chapters are based

on published material.

In Chapter 2, scheduling problem characteristics that are useful in modeling the OPS
scheduling problem are identified. Scheduling components such as machine environ-
ment, constraints, and optimization criteria are addressed. Given the introduction of
required scheduling concepts, OPS manufacturing system is described, and the OPS
scheduling problem notation such as constants and sets are introduced. The literature

review is presented by considering works that deal with formulations and/or practical
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applications of the FJS scheduling problem, and the FJS scheduling problem with

sequencing flexibility.

Chapter 3 presents the works of literature review related to the optimization strategies
for the JS scheduling problem and the FJS scheduling problem. This detailed look into
the techniques supports the choice for the optimization strategies used in this thesis
to model and solve the OPS scheduling problem. Additionally, the main concepts

related to the methods proposed in the following chapters are described.

In Chapter 4 provide in-depth knowledge of the OPS scheduling problem. The pro-
posed MILP formulation and CP formulation of the OPS scheduling problem are
presented. Experiments are performed to verify the size of the instances that IBM
ILOG CP Optimizer can solve to optimality in comparison to IBM ILOG CPLEX.
Both models are validated and analyzed comparatively, and a benchmark set with
known optimal solutions is proposed. Additional experiments are performed to ana-
lyze the capability of IBM ILOG CP Optimizer to find good quality solutions when
applied to large-sized instances of the size of the instances of the OPS scheduling

problem that appears in practice.

Chapter 5 presents the proposed representation scheme, constructive heuristic, neigh-
borhood function, LS procedure, and metaheuristics for the OPS scheduling problem.
The representation scheme, the decoder, and the LS strategy are evaluated in connec-
tion with four metaheuristics. Two of the metaheuristics, Genetic Algorithm (GA),
and Differential Evolution (DE) are population-based methods, while the other two,
Iterated Local Search (ILS) and Tabu Search (TS), are trajectory methods. Numerical
experiments with even larger instances are performed, and the four metaheuristics are
compared to each other and against the IBM ILOG CP Optimizer. Finally, numeri-
cal experiments with instances of the FJS scheduling problem and the FJS scheduling
problem with sequencing flexibility are performed in order to assess the effectiveness of
the proposed method that achieved the best performance concerning state-of-the-art

methods in the literature.

The thesis concludes in Chapter 6 with the findings, a discussion of the contributions

of this study, and the research direction of future outlook.



Chapter 2

Scheduling

The task scheduling problem refers to allocating resources to tasks, respecting the
imposed constraints aiming the optimization of one or a combination of performance
measures. In the problem, we must allocate resources, usually limited, to activities
to be carried out. In this way, the best way to process tasks is sought by defining
the start and end time of processing each task. Several definitions for scheduling
can be found in the literature. A widely known definition is given by Pinedo (2012),
“Scheduling concerns the allocation of limited resources to tasks over time. It is a
decision-making process that has as a goal the optimization of one or more objectives.”
According to Leung (2004), resources may be machines in an assembly plant, central
processing unit, memory, and input/output devices in a computer system, runways
at an airport, and mechanics in an automobile repair shop. Activities may be various
operations in a manufacturing process such as the execution of a computer program,
landings and take-offs at an airport, and car repairs in an automobile repair shop.
There are also many different performance measures to optimize. One objective may
be the minimization of the makespan, i.e., time difference between the start and finish
of a sequence of operations, while another objective may be the minimization of the

number of late jobs.

In this chapter, to identify possible problem characteristics that are useful in modeling
the OPS scheduling problem, scheduling components such as machine environment,
constraints, and optimization criteria are addressed in Section 2.1. The OPS manu-
facturing system is described in Section 2.2. The OPS scheduling problem notation
such as constants and sets are introduced in Section 2.2.1. The literature review is
presented in Section 2.2.2 by considering works that deal with formulations and/or
practical applications of the FJS scheduling problem, and the FJS scheduling problem

with sequencing flexibility.
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Table 2.1: Shop models and their symbols classified according to the machine environment
and the flow of jobs on the production floor.

Environment Symbol Interpretation

Single machine 1 There is only one machine. This case is a special case of all
other more complicated machine environments

Parallel machine Pm There are m machines in parallel. Each job requires a single
operation and may be processed on any machine.

Open shop Om Each job needs to be processed exactly once on each of the
m machines. The route, i.e., order in which the operations
are processed, can vary freely.

Flow shop Fm There are m machines linearly ordered and all jobs follow the
same route, i.e., they have to be processed first on machine
1, then on machine 2, and so on.

Flexible flow shop FFc A flexible flow shop is a generalization of the flow shop and
the parallel machine environments. Instead of m machines
in series, there are c stages in series with at each stage a
number of identical machines in parallel. Each job has to
be processed first at stage 1, then at stage 2, and so on.

Job shop Jm Each job has its own predetermined route to follow. It may
visit some of the m machines more than once and it may
not visit some machines at all.

Flexible job shop  FJc Instead of m machines in series, there are ¢ work centers,
where each work center consists of a number of unrelated
machines in parallel. When a job on its route through the
system arrives at a bank of unrelated machines, it may be
processed on any one of the machines, but its processing
time now depends on the machine on which it is processed.

2.1 Scheduling Notation and Classification

Problem classification is an essential prerequisite to the selection of a suitable solution
strategy since information regarding problem complexity and existing algorithms pro-
vide useful points of departure for new algorithm development (T’kindt and Billaut,
2006). Different scheduling notation methods have been proposed; the two most com-
monly used are the one proposed by Conway, Miller, and Maxwell (2003), which is
suitable for basic scheduling problems, and the one proposed by Graham et al. (1979)
being more appropriate for non-basic scheduling problems involving complex job con-
straints. According to Graham et al.’s three field scheduling notation, a scheduling
problem is described by a triplet «|8|y where o denotes the machine environment,
[ denotes the constraints placed on the jobs, and + denotes the scheduling criteria.
Note that multiple symbols may appear in each field, e.g., F'J|chains, r;|Cpax Where
F'J denotes that the problem is a FJS scheduling problem, “chains” implies that the
jobs are linear process plans, i.e., precedence between operations are given by a linear
order, r; implies that job ¢ must start after its release time r;, and Ci,.x implies that

the objective is to minimize the makespan.
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Figure 2.1: The relationships between the different scheduling problems based on machine
environments.

2.1.1 Machine Environment

The first field of Graham et al.’s three field notation denotes the configuration of
primary resources — usually machines — and the flow of jobs on the production floor.
Different flow patterns can be encountered, depending on the number of operations
required to process a job and on the number of available machines per operation.
When a job requires only one operation for its completion, we characterize it as
single-operation; otherwise, we call it multi-operation. In the latter case, the concept
of routing may be introduced based on machines; we have Single Machine (SM), Flow
Shop (FS), JS, and Open Shop (OS) scheduling problems. When processing stages
are considered instead of machines, we have Parallel Machine (PM), Flexible Flow
Shop (FFS), and FJS scheduling problems. In Table 2.1 a description of each shop
model and its a symbol is presented according to Pinedo (2012) and Leung (2004).
When a shop model symbol appears in the « field means that the scheduling problem
being addressed can be modeled as the shop that the symbol represents.

Figure 2.1 illustrates the relationships between scheduling problems based on their
distinct machine environments based on the scheduling problems classification intro-
duced in (Zandieh, Ghomi, and Husseini, 2006). The figure shows that all of the
models can, in fact, be described as either generalization of, or specific instances of

the classical job shop scheduling problem.

The JS scheduling problem can be stated as follows. Consider a set V ={1,2,...,0}
of operations, and a set M = {1,2,...,m} of machines. Each job J;(i = 1,2,...,n)
where J; C V consists of a set of n; operations that must processed by machines in
order to produce a product. A precedence relation saying that an operation ¢ must be
processed before an operation j is represented by an arc (i, j) € A, where A is the set
of precedence relations. In the classical JS scheduling problem, precedence relations
between operations belonging to the same job are denoted in form of chains (sequence),
e.g., given an instance with two jobs J; = {1,2,3,4} and J, = {4,5}, we simply have
that A = {(1,2),(2,3),(3,4),(4,5)}. There is a machine k; € M and a processing

time p; associated with each operation. It implies that operation ¢ must be processed
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for p; time units on machine k;. Thus, considering s; as the starting time of operation
1, we have that the completion time ¢; of operation ¢ is equal to s;+p;, i.e., ¢; = s;+p;.
Moreover, for each (i,j) € A we have that ¢; < s;. No operation may be interrupted
and each machine can process only one operation at a time. The problem consists in
sequencing all operations on their respective machines, i.e, ordering processing of all
operations on all machines to obtain a feasible scheduling solution. The definition of

feasible scheduling solution will be elucidated in Section 2.1.2.

Grobler (2009) indicates that, by comparing, it becomes more evident that all the
models can be described as either a generalization of or specific instances of the JS
scheduling problem. Figure 2.2.a illustrates simple flow patterns of “single resource
per operation” models, such as the SM scheduling problem, the FS scheduling prob-
lem, and the JS scheduling problem. The SM scheduling problem is a simple JS
scheduling problem with only one operation per job. The FS scheduling problem is
restricted to specific applications where identical routings are defined for each of the
jobs. Figure 2.2.b illustrates simple flow patters of “multiple resources per operation”
models, such as the PM scheduling problem, the FFS scheduling problem, and the
FJS scheduling problem. The PM scheduling problem is limited to jobs consisting of
only one operation, which can be performed on any one of a number of resources. The
FFS scheduling problem is a generalization of the F'S scheduling problem, which in
addition to the identical job routes, each stage can be processed by one of the multiple
parallel machines. In contrast to most of the previously mentioned problems, the OS
scheduling problem formulation results from a relaxation of the operation precedence
constraints, i.e., there is no restriction related to the order in which operations of a

job are processed.

The FJS scheduling problem, also known as the JS scheduling problem with duplicate
machines, first introduced by Nuijten and Aarts (1996), is a generalization of the JS
scheduling problem in which it is considered that there may be several machines, not
necessarily identical, capable of processing each operation. Additionally to the set V of
operations, the set A of precedence relations, and the set M of machines, it is also given
a function F' that associates a non-empty subset F'(i) of M with each operation i € V.
The machines in F'(i) are those capable of processing operation i. Moreover, for each
operation ¢ and each machine k € F(i), a positive number p;; is given representing the
processing time of operation ¢ on machine k. The FJS scheduling problem is twofold,
assigning one machine to each operation (routing), and sequencing the operations on
the machines (scheduling). Firstly, routing is concerned with assigning a machine to
each operation of all jobs, i.e., defining the “route” of the jobs through the machines.
A machine assignment is a function x that assigns a machine k(i) € F'(i) with each

operation 7. Given a machine assignment k, consequently, the processing time of
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(b) PM, FFS, and FJS shop scheduling problems.

Figure 2.2: Flow in which jobs can assume in different shop environments.

operation i is equal to p;.;). Secondly, sequencing is concerned with ordering the
processing of the operations to obtain a feasible scheduling solution. Commonly,
the objective is to minimize the makespan, however, not limited to, as explained in
Section 2.1.3.

The JS scheduling problem is known to be NP-hard, being considered by many one
of the most difficult problems in combinatorial optimization (Garey, Johnson, and
Sethi, 1976; Lawler et al., 1993; Nuijten and Aarts, 1996; Jain and Meeran, 1999).
Therefore, the scheduling problem in an FJS is at least as hard as the JS scheduling
problem because it contains an additional problem that is assigning operations to
the machines. The option of alternative resources ensures that the FJS scheduling
problem is useful for scheduling in a wider range of production systems including

FMS and PM shops (Chung et al., 2005).

2.1.2 Job Characteristics

The second field of Graham et al.’s three field scheduling notation denotes the con-
straints being addressed in the scheduling problem. In the classic JS scheduling prob-
lem, once all operations ¢ € V' are sequenced and their starting time s; and completion
time ¢; are determined, a scheduling solution is considered feasible if: operations are
not overlapping on the same machine; operations of the same job are not overlap-

ping. However, there are several JS scheduling problem variants which encapsulate
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Table 2.2: Distinct constraint and their respective symbols which may appear in the S field.

Constraint Symbol Interpretation

Release 7 Job 4 cannot start its processing before r;

Due dates d; Job 7 must finish not later than d;

Recirculation rcre Operations may be processed several times on the same
machine

Preemption prmp Operation’s processing can be interrupted

Fixed operation 5; Operation i must start at a predetermined time point

Batch processing batch Operations are grouped into predefined batches

Overlapping overlap Operations related by precedence constraints may over-
lap in time

Significant machine unavailable periods are present

fixed Unavailable periods start at a predetermined time point

non-fixed Starting time of the unavailable period must be deter-
mined

resumable Processing of an operation can be interrupted by an un-

available period

non-resumable  Processing of an operation cannot be interrupted by an
unavailable period

Precedence relations are considered, and it is described in form of

dag an arbitrary acyclic directed graph

intree a rooted tree with an outdegree for each vertex of at the
most one

outtree a rooted tree with an indegree for each vertex of at the
most one

chains a tree with outdegree and indegree for each vertex is at

the most one

Sequence-dependent setup times are required

845 Setup time between operations ¢ and j (machine inde-
pendent)
Sijk Setup time between operations i and j on machine k

(machine dependent)

additional constraints. In these cases, a schedule is considered feasible if it meets a
number of problem-specific characteristics. Leung (2004), Brucker and Brucker (2007),
Pinedo (2012), and T’kindt and Billaut (2006) identified various types of constraints
on the job characteristics, which, when included, may significantly affect the realism
of the scheduling model. A number of constraints that may appear in a job shop

environment together with its 5 symbol are presented in Table 2.2.

Chaudhry and Khan (2016) presents a survey of various constraints and techniques

that have been employed since 1990 for the FJS scheduling problem. Out of 197
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journal papers, only 70 papers (35.53%) considered additional constraints such as:
sequencing flexibility (Lee et al., 2012a; Birgin et al., 2014; Yu et al., 2017), when an
operation can have more than one predecessor or successor; setup and transportation
times (Zhang, Manier, and Manier, 2012; Rossi, 2014; Karimi et al., 2017), where
machines must be configure to process an operation, and transportation times are
considered between operations of the same job, respectively; preemption (Zhang and
Yang, 2016; Khorasanian and Moslehi, 2017), where processing of operations can
be interrupted and continued at a later stage; batches (Jeong, Park, and Leachman,
1999; Loukil, Teghem, and Fortemps, 2007; Calleja and Pastor, 2014; Ham and Cakici,
2016; Xiong et al., 2017), where processing times are determined by the number of
similar products which are produced simultaneously as a single operation; machine
availability, breakdown, and maintenance (Jensen, 2003; Gholami and Zandieh, 2009;
Wang and Yu, 2010; Al-Hinai and ElMekkawy, 2011; Xiong, Xing, and Chen, 2013),
where machines may be unavailable for some periods of time; overlapping (Leung et
al., 2005; Fattahi, Jolai, and Arkat, 2009; Demir and Isleyen, 2014), where operations
of the same job related by precedence constraints and processed in different machines
may overlap; uncertain processing times (Lei, 2012; Xu et al., 2015), which considers
fuzzy processing times. Dynamic events (Rajabinasab and Mansour, 2011; Nie et al.,
2013; Shen and Yao, 2015), where dynamic events such as stochastic job arrivals are

considered.

Four of the constraints described above warrant further explanation due to their rele-
vance to the problem considered in this work. These constraints include the sequenc-
ing flexibility, overlapping between operations, sequence-dependent setup times, and

machine availability.

2.1.2.1 Sequencing Flexibility

According to Saygin and Kilic, 1999, conventional process plans can be considered
as linear directed graphs, as shown in Figure 2.3.a. In the related literature, they
are also referred to as linear process plans, sequential process plans or even static
process plans. Flexible process plans are net-shaped in nature. They are also called
nonlinear process plans or dynamic process plans. Based on the fact that increased
flexibility will increase the decision domains and provide the potential for improved
performance, Hutchinson and Pflughoeft, 1994 defined three classes of process plan

flexibility:

1. Routing flexibility provides a choice of machine type to perform the operation

rather than dictating a specific machine.
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Figure 2.3: Example of three jobs with different precedence relation types. Nodes represent
operations and arrows represent precedence relations.

Figure 2.4: Example of a job with its precedence relation is given by an acyclic directed
graph. Nodes represent operations and arrows represent precedence relations.

2. Sequencing flexibility occurs when an operation can have more than one prede-

CESSOT Or SUCCESSOr.
3. Process plan flexibility provides alternative paths for the completion of the plan.

Precedence relations between operations indicate that the start of an operation is
conditioned by the end of all the preceding operations, i.e., for all (i,j) € A we have
that s; + pjx;) < s;. The FJS scheduling problem considers linear process plans. For
example, given a job J; = {1, 2,3} we have that operation 1 precedes 2, and operation
2 precedes 3, i.e., (1,2),(2,3) € A. However, as mentioned above, in practice there
can be multiple connections and finish-to-start dependencies among the operations of
each job. Pinedo (2012) categorizes processes plans into chains (linear), intree, and
outree process plan. If each operation has at most one successor, the constraints are
referred to as an intree. If each operation has at most one predecessor the constraints
are referred to as an outtree. Figure 2.3 presents three jobs with chain, intree, and
outtree precedence relations types. Additionally, a job can be categorized as “dag”
when precedence relations are given by an Directed Acyclic Graph (DAG). Figure 2.4

shows an example of a job with DAG precedence relation type.

For a comprehensive review in process planning, see (Isnaini and Shirase, 2014). For
related works involving scheduling with sequencing flexibility, see (Birgin et al., 2014;

Yu et al., 2017; Lunardi, Voos, and Cherri, 2019; Andrade-Pineda et al., 2019).

2.1.2.2 Overlap Between Operations

For any two operations i and j connected by a precedence relation (i, j), we have that

an operation ¢ must be processed before an operation j. Besides that, operations’
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overlap states that ¢; and s; may overlap in time. Note that the overlapping is only
possible when £(7) # k(j). The extent of this overlapping is limited by a fraction that
defines the proportion of operation ¢ that has to be processed before its successor j
can start. Moreover, the precedence implies that j cannot be completed before ¢. For
example, although there is a precedence relationship between a printing and cutting
operation, there is no need to wait until the printing of all sheets is completed to begin
cutting; clearly, it is not possible to complete the cutting operation before printing.
In this work, simmilarly to (Fattahi, Jolai, and Arkat, 2009), each operation i € V
is associated with a quantity 6; € (0, 1] that represents the fraction pj = [0;p;.(;)] of
operation ¢ that must be completed before starting the execution of any operation j

such that (,7) € A, i.e., for all (7,7) € A, we have that s; + p} < s; and ¢; < ¢;.

Related works of scheduling with overlapping constraints can be found in (Wagneur
and Sriskandarajah, 1993; Leung et al., 2005; Fattahi, Jolai, and Arkat, 2009; Demir
and Isleyen, 2014; Zhang and Yang, 2016; Meng, Pan, and Sang, 2018).

2.1.2.3 Sequence-Dependent Setup Times

Setup time is the time taken to clean and configure a machine that is incurred between
the processing of two distinct operations. The integration of setup times into the JS
scheduling problem, dated to the early 1960s (Wilbrecht and Prescott, 1969), has a
significant impact on its applicability and performance for practical manufacturing
systems (Wilbrecht and Prescott, 1969; Krajewski et al., 1987). This additional com-
plexity is particularly useful in modeling situations where cleaning operations and
tool changes play an important role in production (Grobler, 2009). Pinedo (2012)
categorizes setup times into machine-independent, where s;; time units are incurred
between the processing of operation ¢ and j; and machine-dependent, where s;;;, time
units are incurred between the processing of operation ¢ and j on the machine k. The
length of the setup time on the machine depends on the similarities between the two
consecutive orders, e.g., the number of colors in common, the differences in size, and

SO on.

Detailed reviews of scheduling with setup times are presented in (Yang, 1999; Al-
lahverdi, Gupta, and Aldowaisan, 1999; Allahverdi et al., 2008).

2.1.2.4 Machine Availability

The continuous availability of machines during the whole scheduling horizon is an

assumption that might be justified in some cases but cannot apply to all industrial
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settings. Machine unavailable periods might be consequent of pre-scheduling, preven-
tive maintenance, shift pattern, or the overlap of two consecutive time horizons in
the rolling time horizon planning algorithm. According to Gao, Gen, and Sun (2006),

availability constraints are categorized into two types:

e Fized, when the starting time of unavailable periods are predetermined;

e Non-fized, when the starting time unavailable periods must be determined.
Additionally, machine availability constraints are also categorized into:

e Resumable, when the processing of an operation can be interrupted by an un-

available period and resumed afterward;

o Semiresumable, similar to the resumable case with an additional that states that

the operation must be partially restarted;

e Non-resumable, when the processing of an operation cannot be interrupted by

an unavailable period.

Detailed reviews of scheduling problems with machine availability constraints can be

found in (Ma, Chu, and Zuo, 2010; Tamssaouet, Dauzére-Pérés, and Yugma, 2018).

2.1.3 Optimality Criteria

The third and final field of Graham et al.’s three field scheduling notation is related
to the objective function to be minimized. The objective to be minimized is always
a function of the completion times of the operations, which, of course, depend on the
scheduling solution (Pinedo, 2012). The following notations are required to formulate
some of the addressed objective functions. Let C;(i = 1,...,n) be the latest comple-
tion time between all operations of job i, i.e., C; = maxy,cs,{c;}. Let d;(i =1,...,n)
be the due date of job J;. Finally, for each machine k, let By, = {i € V : k(i) = k} be

the set of operations assigned to be processed on machine k.

Given the reviews provided in (Calis and Bulkan, 2015; Chaudhry and Khan, 2016),
the six most-used objective functions in the JS scheduling problem literature are
described and formulated in Table 2.3. In (Chaudhry and Khan, 2016) it is shown
that the makespan is the most used objective function; out of 197 papers, 44.67%
considered the minimization of the makespan, and 23.35% considered the minimization

of the makespan, maximum workload, and total workload.

The description of the third field concludes the analysis of Graham et al.’s three field
scheduling notation. The next section will introduce the OPS manufacturing system
and the OPS scheduling problem in more detail before attempting to contextualize

the problem within the existing literature.
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Table 2.3: Commonly used objective functions in the FJS scheduling problem.

Objective Symbol Formulation Interpretation
Makespan Cax max {C;} The maximal completion time between all
Viel,...,n . .

operations of all jobs

Maximum W  max {Z‘li’i‘ pik}  The machine with most working time; ap-

workload VkEL,...,m propriate to balance the workload among
machines

Total Wr Py Dik(i) Sum of the working time on all machines;

workload appropriate to reduce the total amount
of processing time taken to produce all
operations

Total T max {0,C; —d;}  Positive difference between the completion

tardiness Vi€L,...m time and the due date of all jobs; appro-
priate when early jobs bring no reward

Mean T max {0,C; —d;}  Positive difference between the completion

tardiness Vi€L,..m time and the due date of all jobs; appro-
priate when early jobs bring no reward

Maximum Liax max {C; —d;} Maximal difference between the completion

Viel,...,n . .
lateness time and the due date of all jobs; appro-

priate when there is a positive reward for
completing a job early

2.2  Online Printing Scheduling Problem

The OPS scheduling problem represents a real problem of the nowadays printing
industry. OPSs receive a wide variety of online orders of diverse clients per day. Orders
include the production of books, brochures, calendars, cards (business, Christmas, or
greetings cards), certificates, envelopes, flyers, folded leaflets, as well as beer mats,
paper cups, or napkins, among many others. Naturally, the production of the ordered
items includes a printing operation. Aiming to reduce the production cost, a cutting
stock problem is solved to join the printing operations of different placed orders. These
merged printing operations are known as ganging operations. The production of the
orders whose printing operations were ganged constitutes a single job. Operations of
a job also include cutting, embossing (e.g., varnishing, laminating, hot foil, etc.), and
folding operations. Each operation must be processed on one out of multiple machines
with varying processing times. Due to their nature, the structure of the jobs, i.e., the
number of operations and their precedence relations, as well as the routes of the jobs
through the machines, are completely different. Multiple operations of the same type
may appear in a job structure. For example, in the production of one or several
copies of a book, that could be part of a job, there are commonly required multiple

independent printing operations corresponding to the book cover and the book pages.

Disassembling and assembling operations are also present in a job structure, e.g., at
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some point during the production of a book, cover and pages must be gathered to-
gether. A simple example of a disassembling operation is the cutting of the printed
material of a ganged printing operation. Another example of a disassembling opera-
tion is present in the production of catalogs. Production of catalogs for some franchise
usually presents an elaborate production plan composed of several operations (e.g.,
printing, cutting, folding, embossing, etc.). Once catalogs are produced, the produc-
tion is branched into several independent sequences of operations, i.e., one sequence
for each partner. This is due to the fact that, for each partner and its associated
catalogs, a printing operation must be performed in the catalog cover to denote its
address and other information. Subsequently, each catalog must be delivered to its

respective partner.

Several important factors that have a direct impact on the manufacturing system
and its efficiency must be taken into consideration in the OPS scheduling problem.
Machines are flexible, which means they can perform a wide variety of tasks. To
produce something in a flexible machine requires the machine to be configured. The
configuration or setup time of a machine depends on the current configuration of the
machine and the characteristics of the operation to be processed. A printing operation
has characteristics related to the size of the paper, its weight, the required set of
colors, and the type of varnishing, among others. The more different two consecutive
operations processed on the same machine, the more time consuming the setup. Thus,

setup operations are sequence-dependent.

Working days are divided into three eight-hour shifts, namely, morning, afternoon/evening,
and overnight shift, in which different workers groups perform their duties. However,
the presence of all three shits depends on the working load. When a shift is not
present, the machines are considered unavailable. In addition to shift patterns, other
situations such as machines’ maintenance, pre-scheduling, and overlapping of two
consecutive time planning horizons imply machines’ downtimes. Operations are re-
sumable, in the sense that the processing of an operation can be interrupted by a
period of unavailability of the machine to which the operation has been assigned; the
operation being resumed as soon as the machine returns to be active. On the other
hand, setup operations can not be interrupted; and the end of a setup operation must
be immediately followed by the beginning of its associated regular operation. This is
because a setup operation might include cleaning a machine before the execution of
an operation. If we assume that a period of unavailability of a machine corresponds
to pre-scheduled maintenance, the machine can not be opened and half-cleaned, the
maintenance operation executed, and then the cleaning operation finished after the
interruption. The same situation occurs if the period of unavailability corresponds to

a night shift during which the store is closed. In this case, the half-cleaned opened
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Figure 2.5: Gantt chart of a solution to a simple instance of the considered scheduling
problem containing 9 machines and 7 jobs.

machine could get dirty because of dust or insects during the night.

Operations that compose a job are subject to precedence constraints. The classical
conception of precedence among a pair of operations called predecessor and successor
means that the predecessor must be fully processed before the successor can start to
be processed. However, in the OPS scheduling problem, some operations connected
by a precedence constraint may overlap to a certain predefined extent, e.g., a cutting
operation preceded by a printing operation may overlap its predecessor — If the
printing operation consists in printing a certain number of copies of something, already

printed copies can start to be cut; while some others are still being printed.

Fixed operations (i.e., with starting time and machine established in advance) can also
be present in the OPS. This is because customers may choose to visit the OPS to check
the quality of the outcome product associated with that operation. This is mainly
related to printing quality, so most fixed operations are printing operations. Fixed
operations are also useful to assemble the scheduling being executed of a planning
horizon that is ending with the scheduling of a new planning horizon that must be

computed. In this way, sequence-dependent setup times can be properly considered.

This thesis addresses the problem of minimizing the makespan of an OPS scheduling
problem by considering it as a F.JS scheduling problem with sequencing flexibility and
a wide variety of challenging features, such as non-trivial operations’ precedence re-
lations given by an arbitrary DAG, partial overlapping among operations with prece-
dence constraints, periods of unavailability of the machines, resumable operations,
sequence-dependent setup times, release times, and fixed operations. According Gra-
ham et al.’s three field scheduling notation, the OPS scheduling problem can be de-

noted as F'J|r;, sijk, 5, prmp, overlap, fixed, resumable, dag|Cax.
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(a) Job 1 with 9 operations (b) Job 2 with 7 operations

Figure 2.6: Directed acyclic graph representing precedence constraints between operations
of two different jobs with 9 and 7 operations, respectively.

The OPS scheduling problem is NP-hard since it includes, as a particular case, the
job shop scheduling problems, known to be strongly NP-hard (Garey, Johnson, and
Sethi, 1976). Figure 2.5 presents a Gantt chart of a toy instance of the OPS scheduling
problem. The figure aims to illustrate a small set of diverse jobs in a complicated
system that includes features such as periods of unavailability of the machines, release
times, setup operations, overlapping between operations of a job with precedence

constraints, etc.

2.2.1 Problem Notation

In the OPS scheduling problem, there are n jobs and m machines. Each job i is
decomposed into o; operations with arbitrary precedence constraints represented by
a DAG. For simplicity, it is assumed that operations are numbered consecutively
from 1 to o := )" | 0;; and all n disjoint DAGs are joined together into a single
DAG D(V,A), where V. = {1,2,...,0} and A is the set all arcs of the n individual
DAGs. For each operation i € V, there is a set F'(i) C {1,...,m} of machines by
which the operation can be processed; the processing time of executing operation ¢
on machine k € F(i) being given by p;r. Each operation i has a release time ;.
Figure 2.6 presents directed acyclic graph representing precedence constraints between
operations of two different jobs with 9 and 7 operations, respectively. Nodes represent
operations and arcs, directed from left to right, represent precedence constraints.
Operations are numbered consecutively from 1 to 16. So, V ={1,2,...,16} and A =
{(1,2),(2,3),(2,4),(2,5),(3,6),(5,7),(6,8),(7,9),(10,15), (11,13), (12, 14), (13,15),
(14,15), (15,16)}.

Machines k = 1,...,m have periods of unavailability given by [u}, u%], ..., [g’;k,ﬁ’;k],
where ¢ is the number of unavailability periods of machine k. Although preemp-
tion is not allowed, the execution of an operation can be interrupted by periods of
unavailability of the machine to which it was assigned; i.e., operations are resum-

able. The starting time s; of an operation i assigned to a machine (i) must be



2.2. Online Printing Scheduling Problem 23

S \ I
(a)

f6) ] T <0 T I

k(@) — ] T <0 T ] |

Figure 2.7: Allowed and forbidden relations between the starting time s;, the completion
time ¢; and the periods of unavailability of machine k().

such that s; ¢ [Q’Z(i), ﬂ'g(i)) for all £ =1,...,q.(;). This means that the starting time
may coincide with the end of a period of unavailability (the possible existence of a
non-null setup time is being ignored here), but it can not coincide with its begin-
ning nor to belong to its interior, since these two situations would represent an ahead
fictitious starting time. In an analogous way, the completion time ¢; must be such
that ¢; ¢ (g'g(i),ﬂ'g(i)] for all £ =1,...,qy(), since violating these constraints would
represent to allow a delayed fictitious completion time; it is clear that if operation ¢

is completed at time ¢; and ¢; € (Q’Z(i), a’;(i)] for some ¢ then it is because, in fact,

the operation is completed at instant g'g(i). Figure 2.7 illustrates the allowed and
forbidden relations between the starting time s;, the completion time ¢; and the pe-
riods of unavailability of machine (7). In (a), allowed positions are illustrated. For
further reference, it is worth mentioning that the sum of the sizes of the two periods
of unavailability in between s; and ¢; is named u;; so the relation s; + Dis) T Wi =¢i
holds. The top picture in (b) shows the forbidden situation s; € [g?(i), ﬁ?(i)) for some
£, that corresponds to an ahead ficticius starting time. The valid value for s; that
corresponds to the same situation is illustrated in the bottom picture in (b). The
top picture in (c) shows a forbidden situation in which ¢; € (glz(i),ﬂ?(i)] for some ¢,
that corresponds to a delayed ficticius completion time. The valid value for ¢; that

corresponds to the same situation is illustrated in the bottom picture in (c).

The precedence relations (i,7) € A have a special meaning in the OPS scheduling
problem. Each operation i has a constant 6; € (0, 1] associated with it. On the one
hand, the precedence relation means that operation j can start to be processed after
[0; X pir. | units of time of operation 7 have already been processed, where k € F'(7) is the
machine to which operation ¢ has been assigned. On the other hand, the precedence
relation imposes that operation j can not be completed before the completion of
operation ¢. For a generic operation h assigned to machine x(h), ¢, denotes the
instant at which [65 Xpj, () | units of time of operation h have already been processed.
Note that ¢, could be larger than s, + [0} X ph,,{(hﬂ due to the machines’ periods

of unavailability. Figure 2.8 gives an example of overlapping between operations.
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tion, precedence is given by the graph in the right-hand-side of Figure 2.6.
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Figure 2.9: Illustration of the fact that, differently from the processing of a regular operation,
a setup operation can not be interrupted by periods of unavailability of the machine to which
the operation has been assigned.

According to the DAG in the right-hand-side of Figure 2.6, we have that (10,15),
(13,15), and (14, 15) € A. This means that s\ = max{é1, €13, 14} is a lower bound
for the starting time s15; while cll% = max{cig, 13, c14} is a lower bound for the
completion time ci5. If k(15) = x(13) and operation 15 is sequenced right after
is the

operation 13, then clg—l—’y{?’ 15.x(15) 1S another lower bound for s;, where 7{3 15k

(15) (15)
sequence-dependent setup time corresponding to the processing of operation 13 right

before operation 15 on machine x(15). In addition, s15 must also satisfy sj5 > 715.

Operations have a sequence-dependent setup time associated with them. If the ex-
ecution of operation j on machine k is immediately preceded by the execution of
operation 7, then its associated setup time is given by %.[jk (the supra-index “I” stands
for intermediate or in between); while, if operation j is the first operation to be ex-
ecuted on machine k, the associated setup time is given by yfl; (the supra-index “F”
stands for first). Of course, setup times of the form ’yﬁc are defined if and only if
k € F(j); while setup times of the form 'y{jk, are defined if and only if k € F'(i) N F(j).
Differently from the execution of an operation, the execution of a setup operation
can not be interrupted by periods of unavailability of the corresponding machine, i.e.,
setup operations are not resumable. Moreover, the completion time of the setup op-
eration must coincide with the starting time of the associated operation. Figure 2.9
illustrates the fact that, differently from the processing of a regular operation, a setup
operation can not be interrupted by periods of unavailability of the machine to which
the operation has been assigned. The picture also illustrates that the completion time
of the setup operation must coincide with the starting time of the operation itself.
In the picture, it is assumed that operation i is the first operation to be executed on

machine £(); thus, the duration of its setup operation is given by fyf (i)
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Finally, the OPS scheduling problem may have some operations that were already
assigned to a machine and for which the starting time has already been defined. These
operations are known as fized operations. Note that the setup time of the operations
is sequence-dependent. Then, the setup time of a fixed operation is unknown and it
depends on which operation (if any) will precede its execution in the machine to which
it was assigned. Let T'C V be the set of indices of the fixed operations. Without loss
of generality, we assume that T'= {0+ 1,0+ 2,...,0}, i.e., that operations 1,2,...,0
are the non-fixed operations. So, we assume that for i =0+ 1,...,0, s; is given and
that F'(7) is a singleton, i.e., F(i) = {k;} for some k; € {1,2,...,m}. Since a fixed
operation 7 has already been assigned to a machine k;, its processing time p; = p; g, is
known. Moreover, the instant ¢; that is the instant at which [6; x p;| units of time of
its execution has already been processed, its completion time ¢;, and the value u; such
that s; + u; + p; = ¢; can be easily computed taking into account the given starting

time s; and the periods of unavailability of machine ;.

The problem consists of assigning each operation i € V to a machine k € F(i)
and determining its starting processing time s; to satisfy all the problem constraints.
A machine can not process more than one operation at a time. The processing of
operations can only be interrupted by periods of unavailability of the machine to
which it was assigned. A setup operation can not be interrupted, and its completion
must coincide with the beginning of the associated operation. The objective is to
minimize the makespan. Table 2.4 summarizes the constants and sets that define an

instance of the OPS scheduling problem.

2.2.2 Literature Review

In the classical FJS scheduling problem, each operation can be processed by a subset
of machines, a situation known as routing flexibility. A wide range of techniques
have been presented in the literature to deal with the FJS scheduling problem. A
MILP model for this problem is given by Fattahi, Mehrabad, and Jolai (2007). An
alternative model for the FJS scheduling problem is given in (Ozgiiven, Ozbakir, and
Yavuz, 2010). This model also considers process plan flexibility. A comparison among
MILP models for the FJS scheduling problem is presented in (Demir and Isleyen,
2013). CP formulations for the FJS scheduling problem are presented in (Vilim,
Laborie, and Shaw, 2015) and Laborie, 2018. Numerical results in these works show
that the IBM ILOG CP Optimizer (Laborie et al., 2018) improves best-known results
for several classical FJS scheduling instances, suggesting that this off-the-shelf solver

can compete with or even outperform specialized algorithms.
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Table 2.4: Summary of problem data (constants and sets) that define an instance of the
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problem.
Symbol Interpretation
0 number of operations
m number of machines
V={12,...,0} set of operations
TCV set of fixed operations
F(i) C{1,2,...,m}, set of machines that can process operation i
eV
ACV XV set of operations’ precedence relations
Si,1€T starting time for the fixed operation i
ri, 1€V release time of operation @

plkalev7keF(l)
0i6(0,1],i€‘/

processing time of operation ¢ on machine k

fraction of operation ¢ that must be processed before an opera-
tion j can start to be processed if (i,j) € A
qr, k€ {1,2,...,m} number of periods of unavailability of machine k
uf and uf, £ € {1,...,q1}
Vg G €V, i # 7,
ke F(i)NF(j)
vh i eV, ke F(i)

begin and end of the /th unavailability period of machine k

setup time to process operation j right after operation ¢ on ma-
chine k

setup time to process operation i as the first operation to be
processed on machine k

set of operations that can be processed on machine k (auxiliar
set that simplifies the presentation of some constraints)

B, ={ieV]ke F@i)},
ke{l,2,...,m}

An extensive literature review of formulations and exact and heuristic methods de-
veloped in the last three decades to approach the FJS scheduling problem and some
extensions is presented in (Chaudhry and Khan, 2016). On the other hand, only a
few works, mostly inspired by practical applications from the glass, mold, and print-
ing industries, deal with the FJS scheduling problem with sequencing flexibility. The
literature review below, presented in chronological order, focuses on models and prac-
tical applications of the FJS scheduling problem with sequencing flexibility. It aims
to show that no paper in the literature proposes a model for or describes a practical
application of the FJS scheduling problem with sequencing flexibility encompassing all
the challenging and complicating features of the OPS scheduling problem. Moreover,
up to the author’s acknowledge, no paper in the literature tackles this problem with
constraint programming techniques. Table 2.5 summarizes the main features of the
FJS scheduling problem with sequencing flexibility addressed in each one of the cited

references.

In (Gan and Lee, 2002), an FJS scheduling problem with sequencing flexibility and
process plan flexibility, is considered. The problem is based on a practical application

in a mold manufacturing shop, and it is tackled with a branch and bound algorithm.



2.2. Online Printing Scheduling Problem 27

n
& 0
2 9
> g 0 E
= 2 =5 | g 3z
£ 4 | 2 E|E »p 2
& O = 2 ®l|l=T =2 = 3 0
S E z|l=Z ¥ 8|8 2 & = =
2 S 9| =2 g + g, c% 2 g w9
2 2 £/ ¢ =gl £ ° B g %
& g 5 o w % | O ) o /] g =
-~ & Z2|® & &4 B35 B w E %
£ E|® % ozl 2 F 2 g @
T 3 <5 2 g2 € 2 €© 8 %
52 o|2 T 2|8 EE 2 OG
A =2 O|lF © Al A B 2 & &
Gan and Lee, 2002 v v v v
Kim, Park, and Ko, 2003 v v oV
Alvarez-Valdés et al., 2005 v v v v v Y
Vilcot and Billaut, 2008 v v v
Lee et al., 2012b v v v v Vv v
Birgin et al., 2014 v v v
Birgin, Ferreira, and Ronconi, 2015 v v v
Lunardi, Voos, and Cherri, 2019 v v v
Rossi and Lanzetta, 2020 v v v V|V
Vital-Soto, Azab, and Baki, 2020 v Vv v v
Cao, Lin, and Zhou, to appear v v v v
Andrade-Pineda et al., to appear v v v v
Current work v v vV Vv v v v v v
Sum 0 6 113 13 4|3 2 2 2 2

Table 2.5: Summary of the literature review considering works that deal with formulations
and/or practical applications of the flexible job shop scheduling problem with sequencing
flexibility.

The simultaneous optimization of the process plan and the scheduling problem is
uncommon in the literature. On the other hand, no model is presented, and none of the
additional features of the OPS scheduling problem appear in the mold manufacturing

shop application.

In (Kim, Park, and Ko, 2003), the integrated problem considered in (Gan and Lee,
2002) is also addressed, and a symbiotic evolutionary algorithm is proposed. In com-
parison to the problem addressed in the present work, the problem appears not to
be directly related to a practical application, no model is proposed, and none of the

additional features of the OPS scheduling problem are considered.

In (Alvarez-Valdés et al., 2005), an FJS scheduling problem with sequencing flexibility
issued from the glass industry, is addressed. A heuristic algorithm combining priority
rules and local search is proposed. The considered problem includes extensions such
as overlapping among operations, operations that can be processed simultaneously,
and fixed intervals of unavailability of the machines. However, the problem does not

include all the OPS scheduling problem’s features, and no model is given.

In (Vilcot and Billaut, 2008), a problem issued from the printing industry, where

some operations can be carried out at the same time, is addressed. In the considered
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problem, operations’ precedence constraints are such that each operation may have
one or more predecessor, but it can not have more than one successor, i.e., ganging
operations like the ones depicted in Figure 2.6a are not considered. A bi-objective
genetic algorithm based on the NSGA II is proposed to tackle the problem. The
problem comes from the printing industry, as the OPS scheduling problem, and, in
consequence, it includes some of the features of the OPS scheduling problem. However,

no model is presented, and a limited type of sequencing flexibility is considered.

In (Lee et al., 2012b), an FJS scheduling problem with AND/OR precedence con-
straints in the operations is considered. Thus, the problem corresponds to an FJS
scheduling problem with sequencing flexibility and process plan flexibility as the one
found in (Kim, Park, and Ko, 2003) and in (Gan and Lee, 2002). A MILP model
and genetic and tabu search algorithms are proposed. Release times for the jobs are
considered, but none of the other additional features of the OPS scheduling problem

are addressed.

In (Birgin et al., 2014), a MILP model for the FJS scheduling problem in which
precedence constraints between operations are described by an arbitrary directed
acyclic graph is introduced, and the model for the FJS scheduling problem introduced
in (Ozgiiven, Ozbakir, and Yavuz, 2010) is extended to include sequencing flexibil-
ity. Heuristic approaches for the FJS scheduling problem with sequencing flexibility
and precedence constraints given by a DAG, proposed in (Birgin et al., 2014), were
presented in (Birgin, Ferreira, and Ronconi, 2015) and (Lunardi, Voos, and Cherri,
2019). In (Birgin, Ferreira, and Ronconi, 2015), a list scheduling algorithm and its
extension to a beam search method were introduced, while. In (Lunardi, Voos, and
Cherri, 2019), a hybrid method that combines an imperialist competitive algorithm
and tabu search was proposed. None of the additional features of the OPS scheduling
problem are considered in (Birgin et al., 2014; Lunardi, Voos, and Cherri, 2019).

In (Rossi and Lanzetta, 2020), an FJS scheduling problem in the context of addi-
tive /subtractive manufacturing, is tackled. Process planning and sequencing flexibil-
ity are simultaneously considered. Both features are modeled through a precedence
graph with conjunctive and disjunctive arcs and nodes. Numerical experiments with
an ant colony optimization procedure aiming to minimize the makespan are presented
to validate the proposed approach. Among the features of the OPS scheduling prob-

lem, only the sequence-dependent setup time is considered.

In (Vital-Soto, Azab, and Baki, 2020), the minimization of the weighted tardiness and
the makespan in an FJS scheduling problem with a sequencing flexibility environment
is addressed. A DAG gives precedences between operations as introduced in (Birgin
et al., 2014). For this problem, the authors propose a biomimicry hybrid bacterial

foraging optimization algorithm hybridized with simulated annealing. The method
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makes use of a local search based on the reallocation of critical operations. Numerical
experiments with classical instances and a case study are presented to illustrate the
performance of the proposed approach. The considered problem does not include any

of the additional characteristics of the OPS scheduling problem.

The FJS scheduling problem with sequencing flexibility in which a DAG gives prece-
dences, and that includes sequence-dependent setup times was also considered in (Cao,
Lin, and Zhou, to appear). For this problem, a knowledge-based cuckoo search al-
gorithm was introduced that exhibits a self-adaptive parameters control based on
reinforcement learning. However, other features such as machines’ downtimes and

resumable operations are absent in the considered problem.

The scheduling of repairing orders and allocation of workers in an automobile colli-
sion repair shop is addressed in (Andrade-Pineda et al., to appear). The underlying
scheduling problem is a dual-resource FJS scheduling problem with sequencing flex-
ibility that aims to minimize a combination of makespan and mean tardiness. The
authors extend the MILP formulation proposed in (Birgin et al., 2014) and propose a

constructive iterated greedy heuristic.

2.3 Summary

The most important contribution of this chapter lies in the identification of a FJS-
based scheduling model that adequately addresses the complex requirements of the
OPS scheduling problem. Now that the problem has been suitably described, the
next step is to select appropriate solution strategies. Commonly used optimization
methods for the FJS scheduling problem must be analyzed to support the choice for
the optimization strategies to be applied to solve the OPS scheduling problem.
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Chapter 3

Optimization Methods for
Scheduling

An optimization problem may be defined by (S, f) where S is the search space (i.e.,
the set of feasible solutions) and f : & — R the objective function (also denoted
as cost function, evaluation function, or fitness function) to optimize. The objective
function assigns to every solution s € S of the search space a real number indicating
its value. A solution s* € S is global optimum if it has a better objective function'
than all solutions of the search space, i.e., Vs € S, f(s*) < f(s). The main goal in

solving an optimization problem is to find a global optimal solution s*.

Yang (2012) elaborates optimization with an example of searching diamonds in a vast
forest (search domain). Looking into the search area, inch-by-inch will consume an
enormous amount of energy and time. In such a scenario, an intelligent optimization
technique can be applied to focus only on the potential spots, increasing the chance to
find diamonds. Sorensen et al., 2012 indicates that every optimization problem comes
with few decision variables (e.g., in which order to visit the forest), a certain objective
function (e.g., searching maximum number of diamonds), and some constraints (e.g.,
searching diamond with less time and effort). In this sense, optimization techniques
are employed to obtain the values of decision variables that optimize the objective

function subject to certain constraints (Hussain et al., 2019).

This chapter presents a summary of the existing optimization strategies for combinato-
rial optimization problems, concentrating on the most used techniques for scheduling
by mainly focusing on the JS scheduling problem and the FJS scheduling problem.
This detailed look into the techniques will support the choice for the optimization

strategies used in this thesis to model and solve the OPS scheduling problem.

"Without loss of generality, a minimization problem. Maximizing an objective function f is
equivalent to minimizing —f.
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Figure 3.1: A classification diagram of optimization methods.
3.1 Classification of Optimization Methods

According to Sorensen (2015), algorithms for optimization can be roughly divided
into two categories: exact algorithms and heuristics. The difference between the two
categories is that exact algorithms are designed in such a way that it is guaranteed
that they will find the optimal solution in a finite amount of time. Heuristics do
not have this guarantee, and therefore generally return solutions that are worse than
optimal. Note that there exists an intermediate category, so-called approximation
algorithms, in which algorithms guarantee that the solution they find is within a
certain percentage of the optimal solution. They can be thought of both as “heuristics

with a guarantee” or “not-quite-exact algorithms.”

Vitaliy (2006) provides a classification where optimization methods are divided into
two broad classes: continuous optimization, where the search area and solutions are
presumed to be situated in a continuous space; and combinatorial optimization, where
a finite number of feasible solutions limits the search area. Vitaliy (2006) subdivided
combinatorial methods into two categories, exact methods, and approximate meth-
ods, where the latter includes constructive heuristics, local search heuristics, and

metaheuristics.

In this thesis, I use terminology comparable to that used in (Sorensen, 2015), in the
sense that whenever I say heuristic methods, I am referring to problem-dependent
methods such as constructive heuristics, local search heuristics, and metaheuristic
methods. This is due to the fact that the term approximate methods may cause
confusion with approzimation algorithms (not-quite-exact algorithms). Figure 3.1
presents — adapted as previously stated — a classification scheme of optimization

methods inspired by the one provided in (Vitaliy, 2006, chap. 1).
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Technique Class # papers Percentage
Hybrid Mix of heuristic methods 69 35.03%
Evolutionary algorithm Population-based 47 23.86%
Constructive algorithm Heuristic methods 19 9.64%
Tabu search Single-solution based 12 6.09%
Integer linear programming Exact Methods 10 5.08%

Table 3.1: Summary of the most widespread techniques applied to solve FJS scheduling
problem.

3.2 History of Optimization Methods for Scheduling

The study of optimization methods for scheduling problems dates back to the 1950s.
During this time, many problems were solved by the application of crude but efficient
heuristics, which formed the basis of the development of classical scheduling the-
ory. During the 1960s, the problems encountered became more sophisticated, and re-
searchers were unable to develop efficient algorithms for them. Most researchers tried
to develop efficient Branch and Bound (BB) methods that are essentially exponential-
time algorithms. Although these strategies are of tremendous theoretical value pro-
viding a significant research accomplishment, as Kan (2012) indicates, “a natural way
to attack scheduling problems is to formulate them as MP models”, the results from
many of these works are incredibly disappointing (Jain and Meeran, 1999). With the
advent of complexity theory, researchers began to realize that many of these prob-
lems may be inherently difficult to solve. In the 1970s, many scheduling problems
were shown to be NP-hard. By the end of the 1980s, the attention was concentrated
on heuristics methods. From then on, problem-specific heuristics and metaheuristics
remain dominant. Nowadays, the most used techniques for optimization of complex
scheduling problems are hybrid strategies combining several distinct heuristic methods
such as construction heuristics, local search heuristics, and metaheuristics (Chaudhry

and Khan, 2016; Amjad et al., 2018).

3.2.1 Flexible Job Shop Scheduling Problem

Chaudhry and Khan (2016) present an extensive review of various techniques that have
been employed since 1990 for the FJS scheduling problem. Results show that state-
of-the-art methods are hybrid methods combining global and local search heuristic
methods, where 59% of the papers proposed hybrid techniques or Evolutionary Al-
gorithms (EAs). Table 3.1 summarizes the findings of (Chaudhry and Khan, 2016)
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by presenting the six most widespread techniques applied to solve the FJS schedul-
ing problem and classifying each method accordingly with the classification scheme

described in Section 3.1 (see Figure 3.1).

3.3 Mathematical Programming

A commonly used model in MP is Linear Programming (LP). In a LP optimiza-
tion problem, the objective function to be optimized, and the constraints are linear
functions. According to Talbi (2009), LP is one of the most satisfactory models of solv-
ing optimization problems. Indeed, for continuous linear optimization problems (i.e.,
problems whereas the decision variables are real values), efficient exact algorithms
such as the simplex-type method or interior-point methods exist. The efficiency of
the algorithms is because the feasible region of the problem is a convex set, and the
objective function is convex. Then, the global optimum solution is necessarily a node

of the polytope representing the feasible region (Talbi, 2009).

Discrete optimization theory in terms of optimization algorithms is less developed than
continuous optimization (Talbi, 2009). However, many real-life applications must
be modeled with discrete variables, e.g., in many practical optimization problems,
the resources are indivisible such as machines and people. In an Integer Program-
ming (IP) optimization model, the decision variables are discrete. When the decision
variables are both discrete and continuous, we are dealing with Mixed Integer Pro-
gramming (MIP). For IP and MIP models, enumerative algorithms such as BB —
addressed in Section 3.5.1 — are commonly used. A more general class of IP prob-
lems is combinatorial optimization problems. This class of problems is characterized
by discrete decision variables and finite search space. However, the objective function

and constraints may take any form.

3.4 Constraint Programming

Another common approach to model decision and optimization problems is CP, a
programming paradigm that integrates more productive modeling tools than the linear
expressions of MIP models. A model is composed of a set of variables. Every variable
has a finite domain of values. In the model, symbolic and mathematical constraints
related to variables may be expressed. Global constraints represent constraints that
refer to a set of variables. Hence, the CP paradigm models the properties of the
desired solution. The declarative models in CP are flexible and, in general, more
compact than in MIP models (Talbi, 2009).
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For example, supose we are dealing with a assignment problem, the goal is to assign
n objects {01, 09, ...,0,} to n locations {l1,ls,...,l,} where each object is placed on

a different location. Using constraint techniques, the model will be the following;:
allDifferent(y1,y2, - .-, Yn)

where y; represent the index of the location to which the object o; is assigned. The
global constraint allDifferent specifies that all variables must be different. If this
problem is modeled using the IP model, one has to introduce the following decision

variables:

1, if object o; is assigned to location [;

Tij =

0, otherwise
Hence, many more variables (n? instead of n) are declared. However, it does not mean
that solving the problem will be more efficient within constraint programming than
using MP. Solving the problem is another story. The efficiency depends mainly on
the structure of the target problem and its associated model, and the solving strategy

(optimization method) used to solve the model.

3.5 Exact Methods

Developing an efficient exact method is a non-trivial task, even for relatively straight-
forward problems. Precisely because of their guarantee to find the optimal solution,
exact algorithms do not only have to locate this solution in the solution space; they
also have to prove that it is optimal. Exact algorithms must exhaustively examine
every single solution in the solution space unless they can explicitly determine that
it does not need to be examined. Although many techniques exist to do this very
efficiently, eliminating large numbers of solutions at each iteration, the fact remains
that exact methods do not easily tackle a lot of interesting real-life combinatorial opti-
mization problems. Enumerative techniques are examples of exact methods commonly
applied to combinatorial problems, which mainly enumerates all the alternatives and
then select the best. The most widely used enumerative strategy is the BB algo-
rithm (Land and Doig, 2010), which was, for many years, the most popular technique
to solve the JS scheduling problem (Jain and Meeran, 1999).

3.5.1 Branch and Bound

The BB algorithm implicitly searches a dynamically constructed tree representing the

solution space of all feasible solutions. This technique formulates procedures and rules
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to allow large portions of the tree to be removed from the search. According to Burke
and Kendall (2014), the rationale behind the BB algorithm is to reduce the number
of alternatives that need to be considered by repeatedly partitioning the problem into
a set of smaller subproblems and using local information in the form of bounds to
eliminate those that can be shown to be sub-optima, i.e., the BB process allows to
prove that some partial solutions cannot lead to optimal solutions and to cut them

and their descendants from the search tree. This process is known as pruning.

Even though several procedures have been developed to exclude large portions of
the tree to speed up the search process, the fact that the size of the tree grows
explosively with problem size is still a problem. For most real-life problems, the
complete enumeration is not possible, e.g., the complete enumeration of all feasible
allocations of n operations to n machines would result in a tree with n! terminal nodes,

ie., ~ 2.4 x 10" terminal nodes for n = 20.

3.6 Heuristic Methods

Because of the impracticality of exhaustive search, however cleverly done, heuristics
have been developed for challenging problems throughout human history, i.e., peo-
ple have always been creating simple mental shortcuts to make decisions. Heuristic
methods usually find reasonably “good” solutions in a reasonable amount of time.
In general, heuristic methods may be classified into two families: problem-specific

heuristics (see Section 3.7), and metaheuristics (Section 3.8).

3.6.1 Heuristic Principles

Early research on heuristics often focused on human intuition as a way of solving
problems. As indicated in (Sorensen, 2015), although slightly optimistic about the
future, Simon and Newell (1958) propose that a theory of heuristic (as opposed to
algorithmic or exact) problem-solving should focus on intuition, insight, and learning.
Many modern heuristic algorithms attempt to gain a deep insight into the structure
of the problem that is to be solved. George Ploya’s influential book “How to Solve
It?” (Ploya, 1945), put forward some heuristic principles which are actively being
used by heuristics researchers today to develop effective algorithms. The principle of
analogy tells the heuristic designer to look for analogous problems for which a solution
technique is known and use this information to help solve the problem at hand. The
principle of induction instructs to solve a problem by deriving a generalization from
some examples. The auxiliary problem idea asks whether a subproblem exists that

can help to solve the overall problem.
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These principles are well-known to a designer of heuristics, who will look for similar
problems in the literature and examine the best-known methods for them (analogy),
who will try to solve some simple examples by hand and derive an intelligent solu-
tion strategy from this (induction), or who will try to decompose the problem into,
e.g., a master problem and a subproblem and develop specialized techniques for both
(auxiliary problem). The use of these techniques forces the heuristic designer to think
about the optimization problem that is being faced and provides guidelines to come

up with the most appropriate strategy.

3.7 Problem-Specific Heuristics

Problem-specific heuristic, as the name suggests, are methods tailored and design
methods to solve a specific problem. Constructive heuristics are a perfect example
of problem-specific heuristic methods. Constructive heuristics refer to the process
of building an initial solution of a specific problem from scratch by joining together
“pieces”, or components, that are added one after the other until a solution is com-
plete (Bianchi et al., 2009). Constructive heuristics are usually thought of as being

fast because they often represent a single-pass approach.

Dispatching rules are examples of the constructive heuristics built to provide reason-
able solutions to complex problems in real-time (Jones, Rabelo, and Sharawi, 2001).
A dispatching rule is a rule that defines a priority to the jobs that are not sequenced.
The dispatching rule inspects the not sequenced jobs and selects the job with the
highest priority. Note that the priority is given by the rule being used. For example,
the Shortest Processing Time First (SPT) dispatching rule prioritizes the job with the

shortest processing time.

3.7.1 Local Search Heuristics

Local search heuristics also refereed to as improvement heuristics, start with a single
solution — called current solution — which is improved at each iteration by modifying
some of its components. These changes are called moves. Depending on the way the
solution is represented, different move types can be defined. Each move type gives rise

to a neighborhood structure.

Given a neighborhood structure, the set of solutions A/(s) that can be obtained by
performing a move to a given solution s is called neighborhood of s. At each iteration
of the local search algorithm, the current solution is replaced by the best neighbor
solution, where the best neighbor is defined according to a rule, called mowve strategy or

search strategy. Let f(s) be the objective function that assess the quality of solution s.
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Algorithm 3.7.1 Local search algorithm

1: function LOCALSEARCH(s) > s is the initial solution
2 while exists a solution s’ € N (s) where f(s') < f(s) do

3: for each s’ € N(s) do

4: s « argmin {f(s), f(s')}

5 return s

Assuming that we are dealing with a minimization problem where the search strategy
is to always move to the neighbor with smaller f, if f(s) < f(s) for all s € N(s),
then s is called local optimum (as opposed to a global optimum, i.e., a best possible
solution to the optimization problem). The local search procedure stops when a local
optimum is found. Algorithm 3.7.1 summarizes the essential steps of a local search

algorithm where the goal is to minimize f(x).

According to Sorensen and Glover (2013), a typical search strategy is the steepest
descent or steepest ascent strategy, in which the best move from the neighborhood
is selected. Methods that use this strategy are often called hill-climbers, e.g., Algo-
rithm 3.7.1. Other move strategies include the mildest ascent/descent, also called
first improving, strategy, in which the first move is selected that improves the cur-
rent solution. Selecting a random improving solution is another commonly used move

strategy.

3.8 Metaheuristics

The change in perception that has put heuristics on equal footing with exact methods
as a field of research coincides in time with the advent of metaheuristics. The term
was first coined in (Glover, 1986), but a concrete definition has been elusive. Sorensen
(2015) defined it as follows:

“A metaheuristic is a high-level problem-independent algorithmic frame-
work that provides a set of guidelines or strategies to develop heuristic
optimization algorithms. The term is also used to refer to a problem-
specific implementation of a heuristic optimization algorithm according to

the guidelines expressed in such a framework.” Sérensen, 2015.

According to Talbi (2009), during the design of a metaheuristic, two contradictory cri-
teria must be taken into account: exploration of the search space (diversification) and
exploitation of the best solutions found (intensification). In intensification, promising
regions are explored more thoroughly in the hope of finding better solutions. In di-

versification, non-explored regions must be visited to be sure that all regions of the
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Figure 3.2: Two conflicting criteria in designing a metaheuristic: exploration (diversifica-
tion) versus exploitation (intensification) (Talbi, 2009).

search space are evenly explored, e.g., random restart is extreme in terms of explo-
ration, while the local search is extreme in terms of exploitation. This situation is
illustrated in Figure 3.2. In general, basic single-solution based metaheuristics are
more exploitation oriented, whereas basic population-based metaheuristics are more

exploration oriented.

3.8.1 Representation

Designing any metaheuristics require an encoding (representation) of a solution. The
representation scheme is a problem-dependent structure that stores all the essential
information (the value of the decision variables) of a solution. The encoding plays a
major role in the efficiency and effectiveness of any metaheuristic. The efficiency of
a representation is also related to the search operators applied on this representatio,
e.g., manipulation of the components of a solution. According to Talbi (2009), one
of the main characteristics of a representation is its completness, i.e., all solutions

associated with the problem must be represented.

Many straightforward linear encodings may be applied for some traditional families

of optimization problems:

e Binary encoding, 0/1 integer programming problem (Puchinger and Raidl, 2005),
knapsak problem (Chu and Beasley, 1998), satisfiability problem (Gu et al.,
1999);

o Vector of discrete values, assignment problem (Salman, Ahmad, and Al-Madani,
2002), facility location problem (Shen, Zhan, and Zhang, 2011), load balancing
problem (Sim and Sun, 2003);

e Vector of real values, continuous optimization (Yang, 2013), parameter identifi-

cation (Wu, Wang, and You, 2010);

e Permutation, sequencing problems (Pezzella, Morganti, and Ciaschetti, 2008),

travelling salesman problem (Larranaga et al., 1999).

An example of problem that can be directly represented by a vector of real values

is given as follows. Consider we are dealing with a continuous optimization problem
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Figure 3.3: Rastrigin function with two dimensions, i.e., x = x1, y = 29, and z = f(z1,z2).

where the goal is to minimize a d-dimensional non-convex function

d
f(z1,me,...,2q) = Ad + Z[xf — Acos 2mx;]
i=1
where A = 10 and z; € [—5.12,5.12]. Note this function is the well-known Rastrigin
function (see Figure 3.3). In this case, it would be enough to say that solutions are

directly represented by a d-dimensional real vector & € R?, where R? is the set of all d-
tuples of real numbers in [—5.12,5.12], i.e.,, ¥ = (x; € [-5.12,5.12] : i € {1,2,...,d}).

3.8.1.1 Indirect Encodings

When using an indirect representation, the encoding is not a complete solution for the
problem. A decoder is required to express the solution given by the encoding. Indirect
encodings are popular in optimization problems dealing with many constraints, such
as scheduling problems. For instance, the constraints associated with the optimization
problem are handled by the decoder and will guarantee the validity of the solution
that is derived.

3.8.1.2 Representation Decoding

The design questions related to the definition of the representation and the objective
function may be related. In some problems, the representation (genotype) is decoded

to generate the best possible solution (phenotype). In this situation, the mapping
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between the representation and the objective function is not straightforward; that is,
a decoder function must be specified to generate from a given representation the best

solution according to the objective function.

3.8.1.3 Representation Definition

In this thesis, an “universal” indirect representation is used, i.e., universal in the sense
it adapts given the bounds of the decision variables associated with the optimization
problem at hand. Let f(z) be a d-dimensional function to be optimized, i.e., z =
(x1,x9,...,24) such that Vi € {1,2,...,d},z; € [a:%b,x;‘b] where a:%b and :c;?b are
respectively the lower and upper bound for x;. The indirect representation is given
by a d-dimensional real vector ¥ € R? where each component is a real number in
[0,1), i.e., T = (x; €[0,1): i€ {1,2,...,d}). Then a decoder is a linear function
d:[0,1) — [z, 2%"] such that d(0) = z® and d(1) = 2®. In this way, to assess

the objective value of ¥ we have to decode it into ¥ first, i.e., given & we have that

37: (y1>y27 s ayd) where Vi € {1’27 cee 7d}7yi = d(xz)

3.8.2 Single-Solution Based Metaheuristics

Despite their similarities with local search heuristics, single-solution metaheuristics
also known as neighborhood metaheuristics, are global optimization algorithms, i.e.,
eventually finds the global optimum if we run it long enough. The global capability
is achieved through a escape strategy that allows exploring neighbor solutions beyond
local optimality. It is this strategy that characterizes a single-solution metaheuristic,
and usually, the name of the metaheuristic is derived from it. Algorithms such as
Simulated Annealing (SA), ILS, TS, and Variable Neighborhood Search (VNS) belong

to this class of metaheuristics.

According to Sorensen and Glover (2013), two simple — but commonly used — escape
strategies are the Random Restart (RR), which restarts the search from a new random
solution (see Section 3.8.1), or the ILS, which applies a large random change (called
perturbation) to the current solution (see Section 3.8.2.2). In contrast with memoryless
designs that implement a form of sampling that heavily rely on semi-random processes
(e.g., RR and ILS), TS uses adaptive memory to explore solution space beyond local

optimality (see Section 3.8.2.3).

3.8.2.1 Random Restart Local Search

According to Lourengo, Martin, and Stiitzle (2003), the most straightforward escape

strategy to improve upon a cost found by a local search is to repeat the search from
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Algorithm 3.8.1 Random-restart local search algorithm

function RANDOMRESTARTLOCALSEARCH
best

1:

2 Initialize s as a randomly constructed solution

3 while stopping criterion is not satisfied do

4: s < a randomly constructed solution

5 Perform local search Algorithm 3.7.1 starting from s to obtain s
6 Pt «— argmin { f(s*Y), f(s')}

7

return sPest

another starting point. Although such a “random restart” approach with independent
samplings is sometimes a useful strategy (in particular when all other options fail), it
breaks down as the instance size grows. Algorithm 3.8.1 presents the essential steps

of a RR local search algorithm, where the goal is to minimize f(x).

3.8.2.2 TIterated Local Search

ILS can be seen as an extension — a more clever version — of RR local search algo-
rithm. Instead of losing all the information obtained so far and restarting the search
procedure to a random solution, ILS uses a perturbation procedure that modifies some
of the components of the current local optimum. The perturbation strength p must
be sufficiently strong to allow the local search to explore new search spaces, but also
weak enough so that not all the good information gained in the previous search is
lost. For example, considering the representation given by a vector of real values
provided in Section 3.8.1.3, one possible perturbation procedure could be defined as
follows. Let the perturbation strength p € {1,2,...,d} denotes the number of com-
ponents of ¥ that are going to be associated with new randomly generated values.
Let S C {1,2,...,d} be the set with the selected indexes of #. Then, for each i € S
we have that x; = r; where r; € [0,1) is a random number generated using uniform

distribution.

In this way, starting with a local optimum as the current solution, a perturbed solution
is created, and local search is performed on it. Greedily, if the new local optimum
is better than the current, then the new local optimum replaces the current local
optimum. Otherwise, the current local optimum is preserved (Lourengo, Martin, and
Stiitzle, 2003). Algorithm 3.8.2 summarizes the essential steps of the ILS algorithm,

where the goal is to minimize f(x).

3.8.2.3 Tabu Search

TS — preceded by GA — is the second most used optimization technique for the FJS
scheduling problem. Introduced by Glover (1986), TS is based on the premise that
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Algorithm 3.8.2 Iterated local search algorithm
1: function ITERATEDLOCALSEARCH(p)
2 Initialize sP** and sP°'* as a randomly constructed solutions
3 while stopping criterion is not satisfied do
4: Perform local search Algorithm 3.7.1 starting from sP'* to obtain s
5
6
7

sPest « argmin {f(sbeSt)’ f(s)}

best

sPert < perturbates s°*' with strength p

return sPest

problem solving, in order to qualify as intelligent, must incorporate adaptive memory
and responsive exploration. The adaptive memory feature of TS allows the imple-
mentation of procedures that are capable of searching the solution space economically
and effectively. Since local choices are guided by information collected during the
search, TS contrasts with memory-less designs that heavily rely on semi-random pro-
cesses that implement a form of sampling. The emphasis on responsive exploration
(and hence purpose) in TS, whether in a deterministic or probabilistic implemen-
tation, derives from the supposition that a wrong strategic choice can often yield
more information than an excellent random choice, and therefore provides a basis for

progressively improved strategies that take advantage of search history.

According to Glover and Laguna (1998), TS permits moves that deteriorate the cur-
rent objective function value and selects the moves from a modified neighborhood
N*(s). The memory structure — so-called tabu list — is responsible for the specific
composition of N*(s). In other words, the modified neighborhood is the result of
maintaining a selective history of the states encountered during the search. In TS,
N*(s) characteristically is a subset of /' (s), and the tabu classification serves to iden-
tify elements of N (s) excluded from N*(s). Characterized in this way, TS may be
viewed as a dynamic neighborhood method. This means that the neighborhood of s
is not a static set, but rather a set that can change according to the history of the
search. Algorithm 3.8.3 summarizes the essential steps of the TS algorithm, where

the goal is to minimize f(x).

3.8.3 Population-Based Metaheuristics

Population-based methods differ from the previous methods in the sense that they keep

a set of solutions — a population — rather than a single solution. From now on, the

notion of population is defined as follows. Let a population P = (!, #2,..., ™) be
a sequence of solutions where Vi € {1,2, ..., nge}, Z* is a solution (see Section 3.8.1.3),

and Vj € {1,2,.. .,d},a’c’j is the j-th component.

A general framework of a population-based metaheuristic is introduced in (Talbi,

2009). First, the population is initialized. The determination of the initial population
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Algorithm 3.8.3 Tabu search algorithm
function TABUSEARCH

best as randomly constructed solutions

1:
2 Initialize solutions s and s
3 Initialize tabu list

4 while stopping criterion is not satisfied do

5: if solution s’ € N'(s) meet aspiration criterion then

6 s «+ s’ and update tabu list

7 else

8 Filter neighbors in A/ (s) based on the the tabu list to obtain N*(s).
9: Let s* be the best neighbor in N*(s)

10: s + s* and update tabu list

11: sPet « argmin { f(s"*Y), f(s)}

12: return sPest

plays a crucial role in its effectiveness and efficiency. In the generation of the initial
population, the main criterion to deal with is diversification. If the initial population
is not well-diversified, a premature convergence can occur. Once the initial population
is initialized, a new population of solutions is generated. Finally, this new population
is integrated into the current one using some selection procedures. The search process
is stopped when a given condition is satisfied. Algorithms such as EA (Béck, Fogel,
and Michalewicz, 1997) and Swarm Intelligence (SI) (Kennedy, 2006, chap. 6) belong
to this class of metaheuristics. EAs are optimization algorithms inspired by the evo-
lutionary metaphor. Algorithms that belongs to the SI class are inspired by the social

behavior of species that compete for foods.

3.8.3.1 Genetic Algorithm

GA Dbelongs to the EAs class, and its development was inspired through the process
of natural genetic evolution (Holland, 1992). Charles Darwin contributed the original
work on natural evolution published on 1859 (Darwin and Bynum, 2009), in which
he claimed that natural populations evolve according to the process of natural selec-
tion based on “survival of the fittest” rule. GA mimics the natural process of genetic
evolution on the principle of survival of the fittest to obtain better solutions to en-
gineering problems. GA usually applies a crossover (recombination) operator to two
solutions, plus a mutation operator that randomly modifies the individual contents to
promote diversity. The replacement (survivor selection) is generational; that is, the
parents are replaced systematically by the offsprings. Fixed probabilities p. (crossover
probability) and p,, (mutation probability) are applied to the crossover and mutation

operators, respectively.

A selection mechanism is used to select the parents for crossover. The main principle

of selection methods is “the better is an individual, the higher is its chance of being
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Parents Offsprings
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(a) 1-point crossover operator
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(b) Uniform crossover operator

Figure 3.4: Crossover operators applied to binary representation.

parent”. Roulette wheel selection is the most common selection strategy. It will
assign to each individual a selection probability that is proportional to its relative
fitness. In the roulette wheel selection, outstanding individuals will introduce bias
at the beginning of the search that may cause a premature convergence and a loss of
diversity. As an alternative to this problem, tournament selection consists in randomly
selecting k individuals, where k is the size of the tournament group. A tournament is
then applied to the k£ members of the group to select the best one. The tournament

procedure is then carried out two times to select two parents.

Once the selection of individuals to form the parents is performed, the role of the
reproduction phase is the application of variation operators such as the crossover and
mutation. The crossover procedure requires two selected individuals. The role of the
crossover operator is to inherit some characteristics of the two parents to generate
the offsprings. Many distinct crossover operators have been proposed. For linear
representations excluding permutations, the well-known crossover operators are the
1-point crossover, its generalization the n-point crossover, and the uniform crossover.
The 1-point crossover, a position in the chromosome, is randomly selected, and two
offsprings are created by interchanging the segments of the parents (see Figure 3.4.a).
In the n-point crossover, the same procedure is performed, but instead of 1, n posi-
tions of the crossover are randomly selected. In the uniform crossover operator, each
component of the offspring is selected randomly from either parent, i.e., each parent
will contribute equally to generate the offsprings. This can be performed by gener-
ating d random numbers, i.e., Vi € {1,2,...,d} we have that r; € [0,1) is a random
number. Then, if r; < 0.5, the i-th offspring’s component is associated with the value

from the i-th component of parent 1, otherwise, it is associated with the value of the
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Algorithm 3.8.4 Genetic Algorithm
1: function GENETICALGORITHM (Nsize, Pes Prut)
2 Let P be the initial population and #P** be a randomly constructed solution
3 while stopping criterion is not satisfied do
4 Let Q < 0 be the population for the next iteration
5: for 1 to nsjze/2 do
6
7
8
9

Select parents # and Z from P with probablhty De
Perform crossover on parents to generate ¥ and Z
Mutate each offspring with probability p,
Q«+ou{zz"}

10: sbest  argmin { f(s>), £(z), f(z") }
11: Let P+ Q
12: return z'Pest

parent 2 (see Figure 3.4.b). Additionally to the 1-point, n-point, uniform crossover,
several crossover operators have been proposed for real-valued representations such as
intermediate crossover, geometrical crossover, unimodal normal distribution crossover,
simplex crossover, simulated binary crossover (Deb and Agrawal, 1995), and parent-

centric crossover.

Unlike crossover operators, mutation operators act on a single individual. Mutations
represent small changes of selected individuals of the population. The probability p.,
defines the probability to mutate each component of the representation. It could also
affect only one gene too. Traditional mutation operators for linear representations
are: the flip operator for binary representations, and swap operators for permutations
representations. For real-valued representations the most common are the uniform,

Gausian, and polynomial mutation (Deb and Deb, 2014).

Algorithm 3.8.4 summarizes the essential steps of the genetic algorithm, where the

goal is to minimize f(z).

3.8.3.2 Differential Evolution

The DE algorithm (Storn and Price, 1997) was developed from the attempts to solve
the Chebychev’s polynomial fitting problems. DE was inspired by the idea of using
vector differences for perturbing the vector population, i.e., it disturbs the current
population members with a scaled difference of indiscriminately preferred and dis-
similar population members. Since 1996, when DE achieved excellent results in an
international optimization contest, it has been applied to a wide variety of problems
showing good results. The success of DE can be mainly attributed to the fact that it
is simple, and at the same time, effective. It can also be easily adapted for running

on a parallel processing system.
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Algorithm 3.8.5 Differential Evolution
function DIFFERENTIALEVOLUTION (nsize, €, Pe)
for 7 < 1 to ngize do
#* < a randomly constructed solution.

1:

2

3

4 while stopping criterion is not satisfied do

5: for i + 1 to ngj,e do

6 Compute random numbers 1 # ro # r3 € {1,2, ..., Nsize } \ {i}-
7 Compute ¥ < max {0, min {:E’” +{(Z™ —27),1 — 10_16}}.
8 Compute a random number R(i) € {1,...,d}.

9 for j «+ 1toddo

10: Compute a random number ~ € [0, 1].
11: if v <p;or j = R(i) then
. =7 =7
12: Uy < U
13: else
. =7 =1
14: Uy < Z;
15: if f(a*) < f(Z") then
16: Tt u’
17: Pt < argmin{ f(zPeY), f(a@?)}
18: return sPest
In the basic variant of the DE, at each iteration, for each solution Z (i = 1,2, ..., Nsize),

a mutant ¥° is generated according to
7= 4 (T - 27 (3.1)

where ( is a parameter in (0,2], usually less than or equal to 1, and rj,re,73 €
{1,2,...,nsize} \ {¢} are random indices. Note that we must have ngy,e > 4, since
r1, 79,3 and ¢ must be mutually different. The parameter ¢ controls the amplifications
of the differential variation. The basic DE variant with the mutation scheme given
by (3.1) is named DE/rand/1. The second most used DE variant, denoted DE /best /1

(see Qin, Huang, and Suganthan, 2008), is also based in (3.1) but

ri = argmin {f(z")},
1=1,...,Nsize
i.e., £ is the individual with the best fitness value in the population, and r9, 73 €

{1,2,...,nsize} \ {#,71} are random indices.

Once the mutant 9% is generated, a trial @’ is formed as follows

j_

21

L Uji if a random value in [0, 1] is less than or equal to p. or if j = R(i),
; otherwise.
where p. € [0,1] is a given parameter and R(i) is a randomly chosen index in

1,2,...,d}, which ensures that at least one element of ¥’ is passed to @*. To decide
9 ) p

whether %* should become a member of the next generation or not, it is compared to



48 Chapter 3. Optimization Methods for Scheduling

#' using a greedy criterion. If f(@?) < f(#?), then @' substitutes #%; otherwise, Z* is
retained. Algorithm 3.8.5 summarizes the essential steps of the DE /rand/1 variant of

the DE algorithm, with the goal to minimize f(x).

3.9 Summary

This chapter provides a summary of the widespread techniques applied to solve FJS
scheduling problem, and the most successful techniques were described. DE, GA,
ILS, and TS were selected as the solution strategies of choice. A brief introduction to
each one of these optimization methods was provided. In the next chapter, the OPS
scheduling problem formulation is presented in a precise and universal language (MILP
formulation). Since the problem is NP-hard, it is well-known that only small-sized
instances can be solved with a certificate of optimality when the MILP formulation is

tackled with an exact commercial solver, a CP formulation is presented.
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Mathematical Programming and

Constraint Programming Models

In this chapter the MILP formulation and CP formulation of the OPS scheduling
problem are presented. Since the OPS scheduling problem is NP-hard, it is well-
known that only small-sized instances can be solved with a certificate of optimality
when the MILP formulation is tackled with an exact commercial solver. Numerical
experiments show that this is exactly the case when the MILP formulation is tackled
with an exact commercial solver (IBM ILOG CPLEX Optimization Studio, 2020).
On the other hand, the commercial solver IBM ILOG CP Optimizer (Laborie et al.,
2018), that applies to CP formulations, is presented in the literature (Vilim, Laborie,
and Shaw, 2015) as a half-heuristic-half-exact method that, when it is not able to
produce a solution with a guarantee of optimality, it produces a good quality solution
in a reasonable amount of time. Experiments are performd to verify the size of the
instances that IBM ILOG CP Optimizer can solve to optimality in comparison to IBM
ILOG CPLEX. As a side effect, both models can be validated and analyzed compar-
atively; and a benchmark set with known optimal solutions can be built. Moreover,
experiments are performed to analyze the capability of IBM ILOG CP Optimizer to
find good quality solutions when applied to large-sized instances that are of the size of
the instances of the OPS scheduling problem that appear in practice. As a whole, this
chapter provide in-depth knowledge of the OPS scheduling problem that leverages the
development of ad-hoc heuristic methods to be applied in practice, e.g., the heuristic

methods proposed in Chapter 5.
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4.1 Mixed Integer Linear Programming Formulation

The FJS scheduling problem with sequencing flexibility considered in (Birgin et al.,
2014) generalizes the classical F.JS scheduling problem in the sense that the linear
order of the operations of a job is replaced by arbitrary precedence constraints given
by a DAG. The OPS scheduling problem considered in the present work generalizes

problem considered in (Birgin et al., 2014) in three relevant ways:

(a) The concept of precedence among operations of a job is redefined allowing some

overlapping;

(b) Operations are resumable since their processing may be interrupted by periods

of unavailability of the machines;
(c) Sequence-dependent setup times must be considered.

Other than that, operations’ release times are considered; and some operations may

have pre-defined machines and starting times for execution.

Note that the concept of “job” is indirectly addressed in the considered problem. It is
assumed that a job is composed of a set of operations and that precedence relations
may exist between operations belonging to the same job; while operations belonging
to different jobs have no precedence relations among them. Once the set of precedence
relations has been defined (as the union of the precedence relations of each individual
job), the number n of jobs plays no explicit role in the problem definition anymore.
The problem description and problem notations used in this chapter are introduced in
the Section 2.2.1. Table 2.4 summarizes the constants and sets that define an instance
of the OPS scheduling problem. Table 4.1 summarizes the variables used in the MILP

formulations presented in this chapter.

Ignoring the three relevant generalizations listed at the beginning of the current section
and named (a), (b), and (c), the OPS scheduling problem can be modeled as a mixed
integer linear programming with minor modifications to the MILP model for the FJS
scheduling problem with sequencing flexibility in (Birgin et al., 2014). The model
considers binary variables z;; (i € V, k € F(i)) to indicate whether operation i is
assigned to machine &k (x;;, = 1) or not (x;;, = 0). It also considers binary variables y;;
(1,7 €V, i#j, F(i)NF(j) # 0) to indicate, whenever two operations are assigned to
the same machine, which one is processed first. If i is processed before j, then y;; = 1
and y;; = 0; while if j is processed before ¢, then y;; = 1 and y;; = 0. Finally, the
model uses real variables s; (i € V) to denote the starting time of operation ¢ and a

variable Ci.x to represent the makespan. With these variables, the modified MILP



4.1. Mixed Integer Linear Programming Formulation o1

Table 4.1: Summary of the MILP model’s variables of the OPS scheduling problem.

Section Symbol Interpretation
§4.1 i €4{0,1}, i€V, 2 = 1 if and only if operation i is assigned to ma-
ke F(i) chine k
yi; €{0,1}, 4,5 €V, yi; = 1 if operations 7 and j are assigned to the same
1£ 3, FO)NFG)#0 machine and i is processed before j
P, i€V processing time of operation ¢ (its value depends on
the machine to which operation ¢ is assigned)
Si, 1€V starting time of operation 4 (it must coincide with §;
ifieT)
Cmax makespan
84.1.1 b, i€V processing time of operation i that must be completed
before an operation j can start to be processed if
(i,7) € A (its value coincides with [0;p;])
§4.1.2 c,1eV completion time of operation 4
Ci, 1€V instant at which p} units of time of operation ¢ has
been processed
Vikes Wike, Wike € {0, 1}, auxiliar variables to model constraints on s;, ¢;, and
1€V, ke F(i), ¢; with respect to the machines’ unavailability peri-
e{l, ... q} ods
u, 1€V amount of time the machine k(7) to which operation
i is assigned is unavailable between s; and ¢;
U, 1€V amount of time the machine k(¢) to which operation
1 is assigned is unavailable between s; and ¢;
84.1.3 yijk € {0,1}, 4,5 € V, yijx = 1 if and only if operations ¢ and j are assigned

i#j, k€ F(@i)NF(Q)
éika gz/mlevakeF(])

@,ieV

to machine k and i is the immediate predecessor of
J (these variables substitute variables y;; from §2)

auxiliar variables to model the sequence-dependent
setup time

sequence-dependent setup time of operation 7

model can be written as follows:

Minimize Cpax

subject to

8i + P < Cmax,

si +p; < s,

Yij + Yji = Tige + 2 — 1,
si+ i — (1= yi)) M < s5,
Si 2 Ti,

Si = Si,

(4.1)
eV, (4.2)
eV, (4.3)
1€V, 4.4
(i,4) € 4, 4.5
i,j €V, i#j, ke F(i)NF(), 4.6

i,j €V, i#j, F(i)nF(j)#0,
1€V,
ieT.
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The objective function (4.1) minimizes the makespan Cpax. Constraints (4.2) say
that each operation must be assigned to exactly one machine; and constraints (4.3)
define p) as the processing time of operation ¢ (that depends on the machine to which
it was assigned.) Constraints (4.4) ensure that every operation is not completed later
than Cpax. Constraints (4.5) represent the classical meaning of a precedence con-
straint, saying that, independently of the machine by which they are being processed,
if operation ¢ precedes operation j, then ¢ must be completed before j can be started.
(The meaning of “precedence” will be redefined in Section 4.1.1.) Constraints (4.6)
and (4.7) deal with pairs of operations i and j that are assigned to the same ma-
chine k. On the one hand, constraints (4.6) say that if i and j were assigned to the
same machine k, then ¢ must be processed before j or j must be processed before 1,
i.e., an order must be established. On the other hand, constraints (4.7) say that if ¢
and j were assigned to the same machine k and ¢ is processed before j, then between
the starting times of ¢ and j there must be enough time to process i. Constraints (4.8)
say that each operation ¢ can not start to be processed before its release time; and
constraints (4.9) fix the start time of the operations whose start times are already

pre-determined at s;.

4.1.1 Modeling Partial Overlap

The simplest feature to be added to model (4.1-4.9) is the redefinition of precedence.
The modification consists in substituting (4.5) by

pi=Y_ wa[ipir], (i,§) € A, (4.10)
kEF ()
si+0; <85, (i,)) € A, (4.11)
and
si+p; <sj+pi, (i,7) € A (4.12)

Constraints (4.10) define new variables p} (i € V) whose values coincide with [6;p!].
Constraints (4.11) say that, if there exists a precedence constraint saying that op-
eration 7 must precede operation j, it means that operation j can not start be-
fore 100% x [6;p;]/p; of operation i is completed; while constraints (4.12) say that

operation j can not be completed before operation 7 is completed as well.

4.1.2 Modeling Machines’ Unavailabilities

Modeling the machines’ unavailability starts by considering real variables ¢; and ¢;

(i € V) and binary variables v;ke, wige, and wige (1 €V, k € F(i), £ =1,...,qx). The
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meaning of variables ¢; and ¢; (i € V') follows:
e Variable ¢; represents the completion time of each operation 3.

e Variable ¢; represents the completion time of the fraction of each operation ¢ that
is required to be completed before the execution of an operation j if there ex-
ists (4,7) € A; i.e., while ¢; represents the completion time of the execution of p/
units of time of operation i, ¢; represents the completion time of the execution

of Pl units of time of operation i.

Variables v;re, w;ke, and w;ge relate s;, ¢;, and ¢; with the periods of unavailability of
the machines, respectively. The relation sought between s; and v;p¢ is “v;pe = 1 if and
only if operation ¢ is assigned to machine k& and the /-th period of unavailability of
machine k is to the left of s;.” The relation sought between ¢; and w;ge is analogous,
namely, “w;ry = 1 if and only if operation i is assigned to machine k and the ¢-th
period of unavailability of machine k is to the left of ¢;”. Finally, the relation sought
between ¢; and w;ge is “w;re = 1 if and only if operation ¢ is assigned to machine k
and the ¢-th period of unavailability of machine & is to the left of ¢;”. These relations

can be modeled as follows:

Vike < T
si < uf — 14 Muge + M(1 — x)
S; > ﬂ? — M(l — ’Uikg) — M(l — xik)
w; < x;
e i€V, ke F(),
¢ < up+ Mwige + M(1— z;) 01 . (4.13)
=1,...,qk.
i > a4+ 1— M1 —wipge) — M(1— zy)
Wike < Tk
& < ub+ Mwpe+ M(1— x4)
G > up+1—M(1—wg) — M(1— zy) )

Note that, in addition, constraints (4.13) avoid starting and completion times of an
operation to belong to the interior of a period of unavailability of the machine to which
the operation was assigned. In fact, constraints (4.13) also avoid a starting time to
coincide with the beginning of a period of unavailability as well as avoid completion

times to coincide with the end of a period of unavailability. As result

Z Z Wike — vige) (U — uf), i€V, (4.14)

kEF (i) £=1
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represents the sum of the unavailabilities between instants s; and ¢; (assuming s; < ¢;)

of the machine that process operation 7; and

Z Z (Wike — vige) (Ty — W) 1€V, (4.15)

kEF(3) £=1

represents the sum of the unavailabilities between instants s; and ¢; (assuming s; < ¢;)

of the machine that process operation 1.

Now, it is easy to see that the relations

s, < ¢ < ¢

Si+pitui=¢ i€V, (4.16)
si+ D+ Ui =6

must hold. The two equality constraints in (4.16) make clear that the new variables ¢;
and ¢; are being included into the model with the only purpose of simplifying the
presentation, since every appearance of ¢; and ¢; could be replaced by the left-hand
side of the respective equality. In fact, the same remark applies to other equality
constraints in the model as, e.g., constraints (4.3) that define p}, constraints (4.10)
that define p}, constraints (4.14) that define u;, and constraints (4.15) that define @;.
With the inclusion of the new variables ¢; and ¢;, constraints (4.4), (4.7), (4.11),

and (4.12) can be restated, respectively, as follows:

¢; < Coaxs, 1€V, (4.17)
ci—(1—yiy)M <55, i,j €V, i#j, F(i)NF() #0, (4.18)
¢ < Sy (7’7.]) € Av (419)
ci < Cj, (2,]) € A. (4.20)

Summing up, with new real variables p, ¢;, and ¢; (i € V) and new binary vari-
ables vk, wike, and Wiy (1 €V, k € F(i), £ =1,...,qx), the model that includes the
machines’ unavailable periods consists in minimizing (4.1) subject to (4.2, 4.3, 4.6,
4.8, 4.9, 4.10, 4.13, 4.14, 4.15, 4.16, 4.17, 4.18, 4.19, 4.20).

4.1.3 Modeling Sequence-Dependent Setup Time

In order to model the setup, binary variables y;; will be replaced by binary variables
Yijk (1,7 € V, i # j, k € F(i) N F(j)). The idea is that y;;z = 1 if and only if

operations ¢ and j are assigned to machine k£ and 4 is the immediate predecessor of j.
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If, for each machine k, the set By = {i € V | k € F(i)} is defined, the required

characterization of variables y;;, can be achieved with the following constraints:

Yijk < Tk k=1,...,m, i,j € By, i # 7, (4.21)
Yijk < Tjk
Z yijkzzﬁfik—l, k=1,...,m, (4.22)
i,j€ B, i#] i€By,
Y k<l k=1,...m ic By, (4.23)
JEBy,j#i
Y wpr <1, k=1,..,m, j€ By (4.24)
1€ B ,i#£]

Constraints (4.21) say that, if operation ¢ or operation j is not assigned to machine k,
then y;; must be equal to zero. For any machine k, ), B, Tik represents the number
of operations assigned to it. Then, constraints (4.22) say that, for every machine, the
number of precedence constraints related to the operations assigned to it must be one
less than the number of operations assigned to it. Finally, constraints (4.23) and (4.24)
say that each operation precedes at most one operation and it is preceded by at most
one operation, respectively. In fact, it is expected each operation to precede and to
be preceded by exactly one operation unless the first and the last operations in the

scheduling of each machine.
The substitution of variables y;; (i,j € V, i # j, F(i) N F(j) # 0) by variables

Yijk (1,5 € V, 1 # j, k € F(i) N F(j)) consists in replacing constraints (4.6) with
constraints (4.21, 4.22, 4.23, 4.24) and replacing constraints (4.18) with

c— (1= Y oy |M<s;, i,5€V, i) FO)NFG) #0.  (4.25)
keF(i)NF(j)

Up to this point, the model is an alternative to the previous one, but more suitable

to include the setup feature.
Now, observe that, if operation j is assigned to machine k and
Z Yijk = 0,

this means that j is the first operation to be processed by machine k. In this case,
the sequence-dependent setup time required to process operation j on machine k is

given by Vij~ On the other hand, if operation j is assigned to machine k£ and

> =1,
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then operation j is preceded by the only operation i such that y;;; = 1. In this case,

the sequence-dependent setup time required to process operation j on machine k is

given by
I
Z YigkVijk-
i€ By 177
Thus, with the definition of
Sr=1 D wipyp |+ (1= D wir| v JEVIEEF(), (4.26)
i€ Byi] i€ Byi]

if operation j is assigned to machine k, then éjk corresponds to the sequence-dependent
setup time required to process operation j on machine k. Note that, if operation j is
not assigned to machine k, by (4.26), then éjk = fyﬁ. So, with the definition of new
real variables ;i (j € V, k € F(j)) and constraints

IN

0 ¢ < Mz,
Sk = Mag }jeV, ke F(5), (4.27)

Ek— M —z) < & < &

if operation j is assigned to machine k, then its sequence-dependent setup time is

given by Ejk; while g’jk = 0 if operation j is not assigned to machine k. Thus,

)

kEF(j
represents the sequence-dependent setup time of operation j.

For including the setup time into the model, it is required to replace constraints (4.25)

with

c— 1= Y oy | M<s;—§, i,jeVii#j F)NF@G) #0, (4.29)
kEF(i)NF(5)

to say that between the end of an operation and the beginning of the next operation
there must be enough time to process the corresponding setup. It remains to say that,
in the OPS scheduling problem, a setup operation can not be interrupted and that
its completion time must coincide with the starting time of the operation itself. This

requirement corresponds to constraints

IN

uf — 1+ Mo + M (1 — 2
’L_l,; —M(l —’U,L'kg) —M(l _xik>

s;i — &

s — & eV, ke F@u), L=1,...,q

A\

(4.30)
plus
s; >&, 1€V. (4.31)
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Note that constraints (4.30), roughly speaking, say that, if s; is in between two un-
availabilities, then s; — &; must be in between the same two unavailabilities. Combin-

ing (4.30) with (4.13) results in

Vike < Tk

si < uf — 14 Muge+ M(1— z)
si—& > ay — M(1—vpe) — M(1— xi,)
we= o i€V, ke F(i),
i < up 4+ Muwpg + M(1— ) P ] (4.32)
=1,...,q%.

¢ > a4+ 1—M(1—wipre) — M(1—xp)

Wike < Tk
&G < uf+ Mg+ M(1— z)
¢ > af+1—= M1 —wpge) = M(1—ay) |

Summing up, with new real variables éjk, Eik (JEV, k€ F(j),and & (j € V) and
new binary variables ;i (i,j € V, i # j, F(i) N F(j) # 0) that substitute the binary
variables y;; (i, j € V'), the updated model that includes the sequence-dependent setup
time consists in minimizing (4.1) subject to (4.2, 4.3, 4.8, 4.9, 4.10, 4.14, 4.15, 4.16,
417, 4.19, 4.20, 4.21, 4.22, 4.23, 4.24, 4.26, 4.27, 4.28, 4.29, 4.31, 4.32). Constraints
(4.27), (4.29), and (4.32) depend on a “sufficiently large” constant M whose value
needs to be defined. In (4.27), a sufficiently large value for M is given by

M = max max { }
JEV, kEF(j) i,j€V, Z#J, ﬁF (45)#0

Gl |-

n (4.29), a sufficiently large value for M is given by any upper bound for the opti-
mal Chax like, e.g.,

Mo — K . j
2= e ad + aez; ker ) {p gk {7”’“’ i IR }}

Note that My is a loose upper bound for the optimal Ci.x. The same value Ms can
be used in the second, the fifth, and the eighth inequalities in (4.32); while, in the
third, the sixth, and the ninth inequalities in (4.32),

Mgz{ max {u

must be used.
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4.2 Constraint Programming Formulation

Constraint Programming (Rossi, Van Beek, and Walsh, 2006) is a powerful paradigm
for solving combinatorial problems; and it is particularly attractive for problems that
do not have a simple formulation in terms of linear constraints, as it is the case of the
OPS scheduling problem being considered in the present work. CP Optimizer (La-
borie et al., 2018) is an optimization engine based on CP that extends classical CP
with a few mathematical concepts that make it easier to model scheduling problems
while providing an interesting problem’s structure to its automatic search algorithm.
The automatic search is an exact algorithm (so it produces optimality proofs) that
internally uses some metaheuristics, mainly the Self-Adapting Large-Neighborhood
Search (Laborie and Godard, 2007), to quickly produce good quality solutions that
help to prune the search space. A formulation of the OPS scheduling problem suit-
able to be solved with CP Optimizer is presented below. The CP Optimizer concepts
will be briefly described as soon as they appear in the formulation. For more details,

please refer to (Laborie et al., 2018) and to the CP Optimizer reference manual.

A formulation using the concepts of CP Optimizer equivalent to the MILP model (4.1

4.9) can be written as follows:

Minimize rinea%}endOf(oi) (4.33)
subject to

endBeforeStart(o;, 05), (i,75) € A, (4.34)

alternative(o;, [aik]rer@)), €V, (4.35)

noOverlap([ai]ievikera)), k=1,...,m, (4.36)

startOf(0;) > 1, i€V, (4.37)

startOf(o;) = 8;, 1 €T, (4.38)

intervalo;, i€V, (4.39)

interval a;;, opt, size =pj, 1€V, k€ F(i). (4.40)

Decision variables of the problem are described in (4.39) and (4.40). In (4.39), an
interval variable o; for each operation 7 is defined. In (4.40), an “optional” interval
variable a;j is being defined for each possible assignment of operation ¢ to a machine
k € F(i). Optional means that the interval variable may exist or not; and the remain-
ing of the constraint says that, in case it exists, its size must be p;;. The objective
function (4.33) is to minimize the makespan, given by the maximum end value of all
the operations represented by the interval variables o;. Precedence constraints be-

tween operations are posted as endBeforeStart constraints between interval variables
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in constraints (4.34). Constraints (4.35) state that each operation ¢ must be allo-
cated to exactly one machine k € F'(i) that is, one and only one interval variable a;
must be present and the selected interval a;; will start and end at the same values as
interval o;. Constraints (4.36) state that, for a machine k, the intervals a;; represent-
ing the assignment of the operations to this machine do not overlap. (It should be
noted that this noOverlap constraints actually create a hidden sequence variable on
the intervals a;;. More details on sequence variables will be given on Section 4.2.3.)
Finally, constraints (4.37) say that each operation ¢ can not start to be processed
before its release time; and constraints (4.38) fix the starting time of the operations

whose starting times are already pre-determined.

The CP Optimizer model (4.33-4.40) can be strengthened by a redundant constraint
stating that, at any moment in time, there are never more than m machines being
used simultaneously. This constraint (that implicitly apply to discrete instants in
time) is given by

Zpulse(oi, 1) <m. (4.41)
eV

4.2.1 Modeling Machines’ Unavailabilities

Since the operations may be suspended by the unavailabilities of the machines, the
definition of the interval variable a;; must be modified by considering as intensity
function a step function Uj that represents the unavailability of machine k. In CP
Optimizer, step functions are constant structures of the model that are represented by
a set of steps associated with a value. The value of the step function Uy, is 0% when ma-
chine k is unavailable, i.e., on time windows [uf, @}], ..., [g’;k,a’;k], and 100% in between
these time windows. So, including the machines’ unavailabilities in model (4.33-4.40)

simply consists in replacing (4.40) with

interval a;, opt, size = p;i, intensity = Uy, i € V,k € F(3). (4.42)

4.2.2 Modeling Partial Overlap

To model partial overlapping between operations subjected to precedence constraints,
each interval variable o; (resp. a;i) is associated with an additional interval variable w;
(resp. o) that represents the proportion of operation i that has to be processed before
any of its successors can start. The size of the optional interval variable «;; is defined
as [0;pir] (see (4.43) and (4.44)); and interval variables a;; and «a;; have the same
presence status (see (4.45)). Interval w; is the alternative between all the interval
variables ayi (see (4.46)); and interval variables o; and w; start at the same time

(see (4.47)). This way, when operation ¢ is allocated to machine k, both interval
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Figure 4.1: Illustration of the overlap relation between two operations ¢ and j subjected to
precedence constraints and the interval variables o;, a;r, and ayg.

variables a;; and oy are present, the size of o, that represents the proportion of
operation ¢ to be executed before any of its successors, is equal to [6;p; |, and interval
variable w; is synchronized with the start and end of «;. Precedence constraints are
posted between w; and its successors in (4.48). Constrains (4.49) say that operation j

can not be completed before the completion of operation i if (7, ) € A.

interval w;, i€V, (4.43)

interval ayk, opt, size = [0;p; |, intensity = Uy, i€ V,k € F(i), (4.44)
presenceOf (a;;) == presenceOf (o), @€ V,k € F(i), (4.45)
alternative(w;, [ik|rer@)), 1€V, (4.46)

start AtStart(w;, 0;), @ €V, (4.47)

endBeforeStart(w;, 05), (i,7) € A, (4.48)

endBeforeEnd(o;, 0;), (i,7) € A. (4.49)

The model that includes the machines unavailabilities as well as the partial overlapping
consists in minimizing (4.33) subject to (4.35-4.39), (4.42), and (4.43-4.49) (that
substitute constraints (4.34)); constraints (4.41) being, as already mentioned, optional.
Figure 4.1 illustrates the relation between the interval variables o;, a;;, and «a;. In the
figure, it is assumed that there is a precedence constraint between operations i and j,
there are two alternative machines k and &’ to process operation i; and operation i
is assigned to machine k’ since the size of w; coincides with the size of ;. The
size of w; corresponds to the proportion of operation ¢ that must be processed before

operation j can start to be processed.

4.2.3 Modeling Sequence-Dependent Setup Time

Another additional feature of the OPS scheduling problem is the notion of setup

time and setup activities between consecutive operations executed on a machine. The
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usual formulation for sequence-dependent setup times in CP Optimizer is to use a
sequence variable that permits to associate an integer type with each interval vari-
able in the sequence and to post a no-overlapping constraint on this sequence with a
transition distance matrix. This is the purpose of the sequence variable SA; defined
in (4.50). This sequence variable is defined on all the interval variables a;; on ma-
chine k (optional interval variables representing the possible execution of operation ¢
on machine k). Each interval a;; is associated with a type i in the sequence variable.
A non-overlapping constraint is posted in (4.51), specifying the transition distance
matrix I'} defined as I'L[i][j] = ’yZI]k These constraints ensure that operations allo-
cated to machine k do not overlap and that a minimal setup time of I'l[i][j] must
elapse between any two consecutive operations 7 and j. The definition of the sequence

variable and the non-overlapping constraints are given by

sequence SAj on [aik]iEV:kEF(i)a types [i]iEV:kEF(z’)v k=1,...,m, (4.50)

noOverlap(SAg, ), k=1,...,m. (4.51)

However, in the OPS scheduling problem, setup activities are also subject to the
unavailability of the machines and, in particular, the setup cannot be interrupted by
an unavailability time window. Because of these complex constraints on the setups,
the setup operations need to be explicitly represented as interval variables in the
model. The explicit representation of the setup operations as interval variables also
allows us to model the setup of the first operation being processed by a machine, a
case that is not covered by (4.50, 4.51).

For each interval a;, it is defined in (4.52) an interval variable s;; that represents the
setup activity just before operation a;; and it is established in (4.59) that the end
of s;;, must coincide with the beginning of a;;. For each interval a;i, it is also defined
in (4.53) an interval variable ¢;;, that covers both s;; and a;; (see (4.55)). Interval
variables a;k, Sik, and ¢;; have the same presence status (see (4.56) and (4.57)). A
sequence variable SCY}, representing the non-overlapping sequence of intervals c¢;; on
machine k is defined in (4.54), the non-overlapping being represented in (4.60). The
size of the setup activity s;; depends both on the type of the previous operation
on sequence SCY and the type of operation i; and its value is given in (4.58) by a
matrix ['y. Matrix I'y is a matrix with row index starting from 0 and defined as the
concatenation of matrices I‘g and I, i.e., I'; consists in Fi with an additional O-th
row given by Ff [i] = ’yf};. By convention, when operation ¢ is assigned to a machine k
and it is the first activity executed by the machine, the type of the previous operation
on sequence SCy, is 0 so that the size of the setup activity s, is T [0][i] = ¥ [i] = v}
Figure 4.2 illustrates the relation between interval variables o;, a;x, and c¢;;. In the

figure, it is shown the explicit inclusion of the setup interval variables s;.. The right
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Figure 4.2: Illustration of the setup time activities for operations ¢ and its respective interval
variables 0;, a;x, and ¢;; in different machines with different precedence relations.

hand side of the graphic shows two alternatives for processing operation ¢ on machine k
or on machine &’. The left hand side illustrates the computation of the sequence-

dependent setup time.

Finally, a set of constraints is added to ensure the behavior of operations and setup
activities with respect to machine unavailable periods. The intensity function Uy used
in the definition of the interval variables representing operations (4.42) states that op-
erations are suspended by unavailabilities. Additionally, constraints (4.61) and (4.62)
establish that operations cannot start or end during an unavailability period; whereas
constraints (4.63) say that setup activities cannot overlap unavailability periods. The

new set of constraints follows:

interval s;;, opt, i€V, ke F(i),
interval ¢;, opt, i€ V,k € F(i),

sequence SCy, on [ciklicviker(i), types [ilieviveru), k=1,...,m
span(cik, [Sik, aik]), © € V. k € F(i),

)
)

presenceOf (a;;) == presenceOf(c;;), i€ V,k € F(i),
)

(4)
(4)
presenceOf(a;;) == presenceOf(s;), i€ V,k € F(i),
sizeOf (s;1,) == Tk [typeOfPrev(SCy, cix)][i], i€ V,k € F(i),
endAtStart(s;x, a;k), @ € V,k € F(1),
noOverlap(SCy), k=1,....,m

forbidStart(a;x, Uk), i€ V,k € F(i),

forbidEnd(a;x, Ug), i€V, ke F(i),

)

forbidExtent(s;x, Ug), i€ V,k € F(i).

Summing up, the full CP Optimizer formulation of the OPS scheduling problem is
given by the minimization of (4.33) subject to constraints (4.35-4.39, 4.42, 4.43-4.49,
4.52-4.63); constraints (4.41) being, as already mentioned, optional. In the same
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sense, constraints (4.50, 4.51), superseded by constraints (4.52—4.63), can be consid-
ered optional. It is expected that keeping them would result in a stronger inference
in the resolution process due to the direct formulation of the minimal distance I‘ﬁ

between consecutive operations on each machine k.

4.3 Analysis of the MILP and CP Models

In this section, the relation between the main components of the MILP and the CP
Optimizer formulations of the OPS scheduling problem are addressed. The main dif-
ference between both formulations is that, in the CP Optimizer model, the number of
explicit variables and constraints is O(om); while, in the MILP formulation, the num-
ber of variables and constraints is, in the worst case, O(0*m+o0Y -, qx), where o is the
number of operations, m is the number of machines, and ¢; is the number of periods of
unavailability of machine k. A tighter bound is given by O(|A|+ 312, (| Bk |*+|Bk|ax)),
where A is the set of precedence relations and, for each machine k, By is the set of
operations that could be processed by it. On the other hand, every constraint in the
MILP model involves a constant number of variables or a number that is, in the worst
case, O(o+ > ;" qx); while, in the CP Optimizer model, each non-overlap constraint

2. So, as

on the sequence SA, (kK = 1,...,m) involves a dense matrix I‘£ of size o
expected, the non-overlapping constraints in the CP Optimizer model involve, as a
whole, dealing with the O(0?m) given setup times. (The same is true, in a similar way,
for the sequence variables SC.) Another difference between the models is that the CP
Optimizer model strongly relies on the integrality of all the constants that define an
instance, i.e., it assumes that the processing times of the operation on the machines,
the fixed starting times, the setup times, the beginning and the end of the machines’
unavailability periods, and the release times are all integer values. If, on the one hand,
this is not a requirement of the MILP formulation; on the other hand, this is a usual
assumption that can be accomplished, in practice, by changing the constants’ unit of
measure. The same is not true in the required interpretation of partial overlapping.
In the considered definition of overlapping, the interpretation of constant 6; is that
if p is the processing time of operation ¢ on the machine to which it was assigned,
then operation ¢ must be processed at least [6;p}]| units of time before any successor
can start to be processed. The fact of using [-] in the interpretation of overlapping is
needed in the CP Optimizer formulation, due to the integrality assumption; while it

is not relevant at all in the MILP formulation.

One of the most relevant components of both models is the one that represents the
“duration” of each operation, where duration stands for its processing time on the

machine to which it was assigned plus the duration of the unavailable periods of such
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machine that interrupt its execution. In the CP Optimizer model, this object is rep-
resented by the interval variables o0;. The equivalent object in the MILP formulation
is given by the starting time s; and the completion time ¢;, that correspond, respec-
tively, to the beginning and the end of the interval variable o; of the CP Optimizer
model. In the MILP model, the time elapsed between s; and ¢; is divided into the
processing time of the operation itself, represented by p;, and the sum of the unavail-
ability windows in between s; and ¢;, represented by u;. In the CP Optimizer model,

this distinction is made with the help of the indicator function Uy.

Another object present in both formulations and strongly related to the duration of
an operation is the duration of the fraction of an operation that must be processed
before any successor of it can start to be processed. In the CP Optimizer model, this
role is played by the interval variables w;. In the MILP model, the beginning and the
end of this interval are given by variables s; and ¢;, respectively. Not by coincidence,
there is a constraint in the CP Optimizer model saying that the beginning of 0; and w;
must coincide. (In the MILP model the beginning of these two intervals is represented
by the same variable s;.) Once again, the time elapsed between s; and ¢; is divided
in the MILP model in the actual processing of the operation (represented by p}) and
the aggregated time of the unavailability windows that interrupt the execution of the
operation, represented by u;). The same effect is, once again, obtained in the CP

Optimizer model through the usage of the indicator function Uy.

The assignment of an operation to a machine is modeled in the MILP formulation with
binary variables z;;. Then, with the same variables, the machine-dependent processing
time p; of operation i is established. The same thing is done in the CP Optimizer
formulation with the “alternative” constraint that relates the interval variables o; with
one and only one variable a;; for some k € F (i), whose duration is p;z. Note that,
in the MILP model, the x;; variables also only exist if k& € F(i). Both situations
correspond to the disjunction that is modeled in a classical way in the MILP model;
while it corresponds to a primitive of the CP Optimizer modeling language in the other
case. The non-overlapping between operations being processed by the same machine k
is once again modeled with the help of binary variables y;;; in the MILP model. In
CP Optimizer, the “noOverlap” constraints are posted on a hidden “sequence” variable
that is defined over a set of interval variables, each interval variable in the set being
associated with an integer “type.” The “noOverlap” constraints state that the intervals
of the sequence must be ordered as a set of non-overlapping intervals (that typically
represent the different operations on a machine). The “type” of the types of the
intervals may, for instance, be used to index a setup time matrix that represents a
minimal distance between consecutive intervals in the sequence. In the MILP model,

the setup feature is achieved with the help of the y;;;, variables. All other elements of
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both models also relate similarly.

As it was described, the MILP and the CP Optimizer model represent the OPS
scheduling problem using equivalent structures; the difference lies on the fact that
the CP Optimizer modeling language provides to the CP Optimizer solver a more
compact model and much more structure of the problem than the one that the MILP

model could give to a general-purpose MILP solver.

4.4 Experimental Verification and Analysis

The numerical experiments in the present section have three goals. Experiments with
small-sized instances aim to compare the efficiency and effectiveness of the commercial
solvers IBM ILOG CPLEX and IBM ILOG CP Optimizer (both included in version
12.9). The formulations were implemented using the Python API DOcplex 2.10.155
library. Experiments with medium-sized instances aim to determine the size of the
instances for which optimality can be proved with the commercial solvers IBM ILOG
CP Optimizer. Experiments with large-sized instances, that are of the size of real
instances of the OPS scheduling problem, are also considered. The goal of these
experiments is to evaluate the possibility of using feasible solutions found by the IBM

ILOG CP Optimizer in practice.

The experiments, carried out using the High-Performance Computing (HPC) facilities
of the University of Luxembourg (Varrette et al., 2014), were conducted on an Intel
Xeon E5-2680 v4 2.4 GHz with 4GB memory (per core) running CentOS Linux 7.7

(in 64-bit mode); always using a single physical core.

By default, see (IBM ILOG CPLEX Optimization Studio, 2020, pp. 227-228), a so-
lution to a MILP model is reported by CPLEX when

absolute gap = incumbent solution — best lower bound < €,

or
lati lincumbent solution — best lower bound|
relative gap = €rel,
sap 10710 + |incumbent solution| = el
with €aps = 1076 and €, = 107%. In the considered instances, the objective func-

tion (4.1) assumes integer values at feasible points. Thus, on the one hand, a stopping
criterion based on a relative error less than or equal to € = 107* may have the
undesired effect of stopping the method prematurely; and, on the other hand, an ab-
solute error strictly smaller than 1 is enough to prove the optimality of the incumbent
solution. Therefore, following Birgin, Romao, and Ronconi (2020) and Andrade et al.

(2014), €aps and e, Were set t0 €ups = 1 — 1079 and € = 0. All other parameters
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of CPLEX were kept with their default values. CP Optimizer was run with all its

default parameters. A CPU time limit of two hours per instance was imposed.

Section 4.4.1 describes the generation of instances; while Sections 4.4.2, 4.4.3, and
4.4.4 presents respectively numerical results with small-, medium-, and large-sized
instances. The implementation of the MILP and the CP Optimizer formulations, the
generator of random instances, and all the generated instances are freely available at

https://github.com/willtl/online-printing-shop.

4.4.1 Generation of Instances

Numerical experiments with the introduced models were performed on random in-
stances. All constants that define an instance are numbers randomly chosen with
uniform distribution in a predefined interval. So, from now on, whenever “chosen”,
“random” or “randomly chosen” is written, it should be read “randomly chosen with
uniform distribution”. It should be noted that, although random, instances are gen-
erated in such a way they preserve the characteristics of the real instances of the
OPS scheduling problem. Three different sets with small-, medium-, and large-sized
instances will be generated, the large-sized instances being of the size of the real

instances of the OPS scheduling problem.

The generation of an instance relies on six given integer parameters, namely, the
number of jobs n, the minimum o0,,;;,, and maximum o,,,x number of operations per job,
the minimum mpy;, and the maximum My number of machines, and the maximum
number ¢ of periods of unavailability per machine. Precedence constraints are defined
as follows; starting with A = (). For each job j € {1,...,n}, the generation of its
associated DAG starts by choosing its number of operations 0; € [Omin, Omax); and it
proceeds by layers. Starting by layer Lg, between 1 and 4 operations are chosen to
populate Lg. Additional layers L; are also populated with 1 to 4 operations, until
the number of operations o; is reached. Operations in Ly have no predecessors; while
operations in the last layer have no successors. For every layer L;, unless the last one,
and every v € L;, an operation w € L;;1 is randomly chosen and the arc (v, w) is
added to A. All the other pairs (v, w) with v € L; and w € L;y; are included in A
with probability 0.85. Figure 4.3 shows the random DAG of a job j with o; = 40. The
visual representation of the DAG was drawn by using the network simplex layering
proposed in (Gansner et al., 1993). Note that the total number of operations is defined
as 0 = Z?:l 0j. For each operation i such that an arc of the form (7,-) € A exists,
with probability 0.1, the overlapping coefficient 6; is a real number chosen in [0.5,0.99],

otherwise, 6; is set to 1.
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Figure 4.3: Random DAG representing the precedence constraints of a job with 40 opera-
tions. All arcs are directed from left to right.

The number of machines is given by a random number m € [Myin, Mmax]. For each
operation i, the cardinality of F'(i) is given by a random number in [[0.3m], [0.7m]]
and the elements of F(i) C {1,...,m} are randomly chosen. Then, a machine k € F (i)
and the associated integer processing time p,; € [1,99] are randomly chosen. For all
other machines k € F(i), k # k, py € [D;4>, min{3p,;,99}] is randomly chosen. The
number of periods of unavailability g, of a machine k is chosen at random in [1,q].
Let ¢y, be the mean of the processing times p;; of the operations i such that k € F(i).
Then, it is defined a = 1 + [%] as the distance between consecutive periods of
unavailability. The first period of unavailability is given by [u}, @] = [ag, u} + (%’fﬂ +
1], where R¥ € [2,10] is a random integer number. For £ = 2, ..., gy, the /-th period
of unavailability is given by [uf,u}] = [af | + ay,uf + [;—’721 + 1], where RE € [2,10]
is a random integer number.

Each operation i has three randomly chosen integer values size; € [1,S5], color; €
[1,C), and varnish; € [1,V], with S = 10, C = 4, and V = 6, that stand for the
operation’s size, color, and varnish, respectively. Consider two operations ¢ and j that
are processed consecutively, ¢ before j, on a machine k. If size; < sizej, then st
units of time are required to setup the machine; while st} units of time are required if
size; > sizej. (No setup time is required, regarding the size feature, if size; = size;.) If
color; # colorj, cty, additional units of time are required; and if varnish; # varnish;,
other additional vt; units of time are required. Values st}, st}, cty, and vtj are
(machine dependent) random integer values in [2,6]. The sum of the required values
composes the setup time ’yilj i = 0. The setup time fyf;; for the case in which operation ¢
is assigned to machine k and it is the first operation to be executed on the machine
is given by v} = max{st},st]} + cty + vty. It should be noted that the duration
of a setup operation in between two consecutive operations ¢ and j is not related to
the processing time of the operations. A clear example of this situation corresponds
to the setup operations of a cutting machine. The setup of the machine corresponds
to adjusting the machine from the size of printed sheets and the cutting pattern of
operation ¢ to the size of printed sheets and the cutting pattern of operation j; and
this adjustment is not related to the quantity of pieces that must be cut in the two

operations.
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The release time r; of each operation ¢ is equal to 0 with probability 0.975. When r; is
not zero, it is a random integer number within the interval [1,99]. An operation i with
no predecessors has probability 0.01 of belonging to T'; i.e., having a fixed starting
time 5; at a predefined machine k € F'(i). (At most one fixed operation per machine
is allowed.) If this is the case, p; is redefined as a random number in [1,99], F (i) is
redefined as the singleton F(i) = {k}, and §; is randomly chosen in [vf, u} — pi],
where ’yfb = S + C + V is an upper bound of the setup time of an operation that is
the first operation to be processed by a machine, as it is the case of a fixed operation

generated in this way.

4.4.2 Experiments With Small-Sized Instances

In this section, a set of 30 small-sized instances is considered. The k-th instance was
generated with the following parameters: n = 1+ [% X3], Omin = 2, Omax = 3+ [% x2],
Mpmin = 2, Mmax = 3 + [% x 2], and g = 4. Table 4.2 shows the main characteristics
of each instance; while Table 4.3 shows the value of the solutions found when solving
the MILP and the CP Optimizer formulations with IBM ILOG CPLEX and IBM
ILOG CP Optimizer solvers, respectively. The associated effort measurements are
also shown in the table. Most of the columns in the table are self-explanatory. When
optimality is not proven, column “Makespan” shows the best lower bound, the best
upper bound, and the gap. The precise CP Optimizer model that is being solved and
the meaning of the columns “number of branches in phases 1 and 2” will be elucidated
in the next section. The CPU time is expressed in seconds. Figures in the table
clearly show that the CP Optimizer solver outperformed the MILP solver. In the
ten instances with n = 2, both solvers performed similarly. In the ten instances with
n = 3, the CP Optimizer solver outperformed the MILP solver by one or two orders
of magnitude. In the ten instances with n = 4, the MILP solver was not able to prove
optimality of any of the instances; while the CP Optimizer solver solved all instances
in a few seconds of CPU time. As an illustration, Figure 4.4 shows the solution to
instance 30 found for the MILP and the CP Optimizer formulations by IBM ILOG
CPLEX and IBM ILOG CP Optimizer solvers, respectively, but proven to be optimal

in the latter case only.



Table 4.2: Main features of the considered thirty small-sized instances.

Main instance characteristics

MILP formulation

CP Optimizer formulation

Instance m Shia n 0 |A] |T| f;ggﬁg 7 s;)g;l&lé(s)us # constraints f;;?;ﬁig;g # constraints
1 3 7 2 9 10 1 248 109 889 76 209
2 4 10 2 8 8 1 220 99 784 67 187
3 3 8 2 8 7 1 238 99 843 69 191
4 4 10 2 9 9 1 263 113 928 7 217
) 2 5 2 9 8 2 200 101 752 58 162
6 2 4 2 8 7 1 184 93 685 57 159
7 2 6 2 8 6 0 234 93 832 54 154
8 4 11 2 7 6 0 240 93 836 69 192
9 4 8 2 8 7 1 212 103 766 81 214
10 4 13 2 10 8 0 425 131 1416 104 280
11 4 8 3 14 14 0 549 181 1805 135 372
12 3 9 3 11 8 0 354 131 1225 83 231
13 3 7 3 14 13 0 458 163 1546 100 281
14 3 8 3 13 12 0 514 163 1701 116 323
15 2 4 3 13 12 1 322 145 1169 83 236
16 4 8 3 13 12 0 485 169 1619 121 341
17 2 4 3 14 14 1 301 151 1131 7 224
18 4 7 3 12 11 2 339 151 1182 109 300
19 4 13 3 14 14 1 669 183 2165 134 380
20 4 11 3 12 9 1 466 153 1559 107 300
21 4 10 4 18 16 1 927 237 2936 172 490
22 2 3 4 20 18 0 628 223 2149 126 359
23 3 8 4 18 15 0 895 225 2824 144 419
24 3 6 4 18 14 0 822 227 2596 159 447
25 2 5 4 18 17 2 615 201 2097 114 326
26 2 6 4 19 21 2 622 207 2159 112 321
27 2 2 4 23 26 1 624 249 2217 127 374
28 3 7 4 19 17 1 1027 241 3192 157 459
29 3 10 4 18 18 1 1057 231 3282 153 449
30 4 12 4 19 19 1 1132 255 3516 183 530
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Table 4.3: Description of the solutions found and effort measurements of the IBM ILOG CPLEX and IBM ILOG CP Optimizer applied to the thirty small-sized

instances.
IBM ILOG CPLEX IBM ILOG CP Optimizer
Effort measurement Effort measurement
Makes .
- 4 iterations  # B&B Nodes CPU Helespan # of branches in CPU
phase 1 phase 2
1 274 9286 824 0.5 274 299 21 0.1
2 230 7302 705 0.4 230 215 0.1
3 337 2451 231 0.2 337 66 0.1
4 276 6410 444 0.4 276 179 21 0.1
5 495 6444 763 0.3 495 212 21 0.1
6 271 5645 665 0.3 271 193 62 0.1
7 370 7223 561 0.3 370 203 580 0.1
8 279 3263 114 0.3 279 98 17 0.1
9 274 1261 113 0.1 274 8 19 0.1
10 329 8530 357 0.7 329 1148 30 0.1
11 239 649022 21705 56.6 239 5274 3 0.2
12 273 54160 2870 3.9 273 410 3 0.1
13 266 2464645 79179 176.0 266 14835 10038 1.0
14 518 401863 20863 42.4 518 1669 29 0.1
15 551 1826080 75865 153.8 551 14824 95573 1.2

continues on next page
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Table 4.3 continued

IBM ILOG CPLEX

IBM ILOG CP Optimizer

Effort measurement

Effort measurement

Hekespan 4 iterations 4 B&B Nodes CPU Hkespan # of branches in CPU
phase 1 phase 2

16 278 21274 1340 1.4 278 361 29 0.1
17 540 108667 8321 A 540 14516 3 0.2
18 327 4623 441 0.3 327 12 27 0.1
19 325 248850 11251 16.5 325 1665 990 0.1
20 264 16287 826 1.1 264 1500 179 0.1
21 [263,300] 12.3% 50935466 1465096 7200 300 21643 11865 0.7
22 [204, 671] 69.6% 73458018 1400247 7200 651 920130 3 8.0
23 [406, 467] 13.1% 56974881 1217720 7200 467 19771 3 0.6
24 [336,572] 41.3% 80022693 1673003 7200 571 72971 3 2.6
95 [436,672] 35.1% 62426552 2011692 7200 672 76887 110821 3.0
26 [374, 628] 40.4% 88226422 1926203 7200 627 226752 324106 125
97 [223,719] 69.0% 79180995 1529405 7200 702 498600 927317 63.7
98 [297,493] 39.8% 62733982 707445 7200 437 28733 3 1.4
20 [343,498] 31.1% 55996388 1397887 7200 480 100627 39 4.0
30 417, 420] 0.7% 65757996 1158447 7200 420 8148 10885 0.3
Mean 4052 11.75%  22718889.3 490486.1 92415.44 401.43  0.0% 44398.3 49756.53 3.37
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72 Chapter 4. Mathematical Programming and Constraint Programming Models
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Figure 4.4: Optimal solution to instance 30 of the set of small-sized instances. Operations
with the same color belong to the same job; while setups are represented in blue and machines’
unavailiability periods in red.

4.4.3 Experiments With Medium-Sized Instances

In this section, a set of 20 medium-sized instances is considered. The k-th instance was
generated with the following parameters: n = 4+ [% X6, Omin = 6, Omax = T+ [% x5],
Mmin = 6, Mmax = 7+ [% x 13], and ¢ = 8. Table 4.4 shows the main characteristics

of each instance.

As described at the end of Section 4.2, the CP Optimizer formulation of the OPS
scheduling problem is given by the minimization of (4.33) subject to constraints (4.35—
4.39, 4.42, 4.43-4.49, 4.52-4.63); with constraints (4.41) and (4.50, 4.51) being op-
tional. Therefore, in a first experiment, I aim to evaluate the influence of the optional
constraints by comparing: (i) the plain model (named CP Model 1 from on); (ii)
the plain model plus constraints (4.41) (named CP Model 2 from on); (iii) the plain
model plus constraints (4.50, 4.51) (named CP Model 3 from on); and (iv) the plain
model plus constraints (4.41) and constraints (4.50, 4.51) (named CP Model 4 from
on). Table 4.5 shows the value of the solutions found when solving each of the four
CP Optimizer models with IBM ILOG CP Optimizer solver. The associated effort
measurements are also shown in the table. Figures in the table show that considering
the optional constraints (4.50, 4.51) helps CP Optimizer solver to close the gap and
prove optimality in 12 out of the 20 considered instances when solving CP Models 3
and 4; while, when solving CP Models 1 and 2, that do not consider the optional
constraints (4.50, 4.51), gaps are closed in 10 out of the 20 considered instances. On
the other hand, including or not the optional constraints (4.41) appears to have no
relevant influence on the resolution process of the considered set of instances. Fig-
ure 4.5 shows the average value of the makespan, over the 20 considered instances, as
a function of time, over the resolution of CP Models 1-4. The graphic confirms, as
expected, that, CP Optimizer solver is able to improve the incumbent solution faster

when applied to CP Models 3 and 4 compared to its application to CP Models 1 and 2.



Table 4.4: Main features of the considered twenty medium-sized instances.

Main instance characteristics

MILP formulation

CP Optimizer formulation

Instance m Shiak n 0 |A] |T| # b’mary # COI?tan.OIlS 4L constraints # 1r.1teger # constraints
variables variables variables
1 8 41 5 39 58 0 5987 635 16984 584 1671
2 7 28 ) 36 54 3 4341 559 12398 471 1381
3 8 46 5 43 75 1 7753 717 21670 643 1895
4 7 27 6 43 60 1 6615 693 18246 595 1749
5 6 31 6 45 61 3 6189 659 17641 512 1519
6 7 38 6 46 60 0 7292 715 20646 579 1725
7 8 31 7 64 108 1 12302 1049 33289 929 2731
8 9 51 7 53 76 1 11814 933 32185 860 2524
9 6 25 7 56 90 2 9139 839 25240 677 2011
10 8 31 7 63 110 2 12993 1057 34805 932 2777
11 13 52 8 75 118 0 26493 1615 67250 1693 4962
12 11 56 8 78 142 2 26370 1535 68106 1554 4543
13 16 75 8 68 105 0 30571 1713 77029 1949 5652
14 12 61 9 72 105 0 26915 1533 68895 1610 4685
15 17 73 9 76 107 0 37144 1965 92371 2239 6508
16 15 67 9 89 156 2 42871 2113 106337 2287 6756
17 7 34 10 109 207 1 32729 1723 86417 1460 4362
18 17 72 10 96 164 1 53876 2457 131704 2827 8190
19 14 72 10 92 142 2 44376 2095 110957 2273 6617
20 11 51 10 91 135 0 36772 1843 92819 1850 5439
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Table 4.5: Description of the solutions found and effort measurements of the IBM ILOG CP Optimizer applied to the twenty medium-sized instances.

CP Model 1 CP Model 2 CP Model 3 CP Model 4
Makespan Effort measurement Malkespan Effort measurement Makespan Effort measurement Makespan Effort measurement
# branches  CPU # branches CPU # branches  CPU # branches  CPU
1 344 11819616 599.7 344 4945664 499.0 344 368683 16.1 344 399038 32.5
2 357 129666 12.0 357 112211 11.3 357 35850 3.9 357 34779 3.8
3 404 45163467 4315.8 [361, 409] 11.7% 77088019 7200 [361, 406] 11.1% 88706470 7200 404 18733373 2825.1
4 458 17065512 1081.0 458 7777910 531.7 458 269785 25.4 458 548398 49.5
5 [474, 510] 7.1% 112252005 7200 [474, 515] 8.0% 86834261 7200 506 384590 40.8 506 399229 90.5
6 [329, 454] 27.5% 86652702 7200 [334, 438] 23.7% 84114310 7200 [334, 437] 23.6% 80406442 7200 [335, 442] 24.2% 47105274 7200
7 2429 1262 0.2 2429 1272 0.2 2429 1455 0.2 2429 1488 0.2
8 [360, 456] 21.1% 89059560 7200 [360, 451] 20.2% 64334715 7200 [360, 460] 21.7% 65621010 7200 [360, 452 20.4% 59032373 7200
9 [629, 631] 0.3% 118721872 7200 (629, 636] 1.1% 34808015 7200 [629, 630] 0.2% 94392736 7200 [629, 630] 0.2% 86015687 7200
10 1184 1079 0.1 1184 1052 0.1 1184 1204 0.2 1184 1189 0.3
11 [406, 430] 5.6% 39491824 7200 [406, 431] 5.8% 53721744 7200 [406, 427] 4.9% 48553125 7200 [406, 424] 4.2% 45050481 7200
12 [457, 508] 10.0% 75583273 7200 [457, 510] 10.4% 76775244 7200 [457, 503] 9.1% 57651439 7200 [457, 505] 9.5% 48316050 7200
13 347 148874 26.5 347 144200 15.8 347 64381 7.7 347 29387 6.6
14 [302, 412] 26.7% 43670920 7200 [320, 404] 20.8% 57130518 7200 302, 399] 24.3% 48125327 7200 [320, 403] 20.6% 33552405 7200
15 319 259273 40.6 319 275642 58.8 319 55919 12.4 319 94552 27.6
16 543 138290 18.0 543 1814 0.5 543 1343 0.4 543 1331 0.8
17 [1044, 1053] 0.9% 60769510 7200 [1044, 1059] 1.4% 48747654 7200 1052 12862072 1589.7  [1052, 1055] 0.3% 32700611 7200
18 3184 1968 0.6 3184 1968 0.6 3184 2091 0.8 3184 2091 0.7
19 [1449, 1451] 0.1% 93263868 7200 [1449, 1451] 0.1% 83339741 7200 1451 2305 0.7 1451 2371 0.7
20 [360, 544] 33.8% 71372646 7200 [417, 543] 23.2% 51052068 7200  [360, 532] 32.3% 43254587 7200 [417, 532] 21.6% 41945390 7200
Mean 800.9 6.65% 43278359 3904.72 800.6 6.32% 36560401 4015.9 798.4 6.36% 27038040 2964.91 798.45 5.05% 20698274 3031.91
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Table 4.6: Description of the solutions found and effort measurements of the IBM ILOG CP Optimizer applied to the twenty medium-sized instances of CP

Model 4 without using (already shown in Table 4.5) and using the solution of the Incomplete CP Model as an initial guess.

CP Model 4

Incomplete CP Model + CP Model 4

Effort measurement

Effort measurement

Makespan 2 branches CPU Makespan phase 1 phase 2 Total
# branches CPU # branches CPU CPU
1 344 399038 32.5 344 288898 15.53 280015 15.07 30.6
2 357 34779 3.8 357 22228 1.09 3 0.01 1.1
3 404 18733373 2825.1 404 132017215 4969.69 16246793 611.61 5581.3
4 458 548398 49.5 458 146895 5.59 3 0.01 5.6
5 506 399229 90.5 506 272817 31.26 294203 33.74 65.0
6 [335, 442] 24.2% 47105274 7200 [335, 441] 24.0% 142959186 4800.0 21538650 2400.0 7200
7 2429 1488 0.2 2429 1241 0.08 131 0.02 0.1
8 [360, 452] 20.4% 59032373 7200 [360, 450] 20.0% 129153428 4800.0 19362459 2400.0 7200
9 [629, 630] 0.2% 86015687 7200 629 43101316 1096.49 115 0.01 1096.5
10 1184 1189 0.3 1184 1250 0.09 3 0.01 0.1
11 [406, 424] 4.2% 45050481 7200 [406, 418] 2.9% 123558867 4800.0 18454514 2400.0 7200
12 [457, 505] 9.5% 48316050 7200 [457, 499] 8.4% 128774356 4800.0 17042168 2400.0 7200
13 347 29387 6.6 347 6914 0.39 3 0.01 0.4
14 [320, 403] 20.6% 33552405 7200 [320, 394] 18.8% 109752381 4800.0 13032611 2400.0 7200
15 319 94552 27.6 319 47107 3.19 3 0.01 3.2
16 543 1331 0.8 543 1481 0.29 3 0.01 0.3
17 [1052, 1055] 0.3% 32700611 7200 1052 572991 59.72 455352 47.48 107.2
18 3184 2091 0.7 3184 2063 0.39 3 0.01 0.4
19 1451 2371 0.7 1451 2504 0.36 187 0.04 0.4
20 [417, 532] 21.6% 41945390 7200 [417, 520] 19.8% 106764402 4800.0 12752639 2400.0 7200
Mean 798.45 5.05% 20698274 3031.91 796.45 4.7% 45872377 1749.21 5972992 755.4 2504.61
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Figure 4.5: Evolution over time of the (average of the) incumbent solutions’ makespan of

medium-sized instances along the resolution of CP Models 1-4.
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Figure 4.6: Time comparison between the resolution of the CP Model 4 and its resolution
in two phases considering the solution found to the Incomplete CP Model as an initial guess.

As described in Section 4.2.3, modeling a setup in between consecutive operations is
relatively easy in the CP Optimizer language. However, the simple formulation given
by constraints (4.50, 4.51) does not consider the setup time of the first operation
processed by each machine; as well as it does not consider that setup operations
are not resumable, i.e., they can not be interrupted by periods of unavailability of
the machines. This is why the model that consists in minimizing (4.33) subject to
constraints (4.35-4.39, 4.42, 4.43-4.51) can be considered an incomplete model of the
OPS scheduling problem, and I name it Incomplete CP Model from now on. The
Incomplete CP Model is much simpler that CP Model 4 and, as a resolution strategy,
it can be solved first; and its optimal (or best known feasible) solution used as an
initial guess to the resolution of CP Model 4. This two-phases strategy is based on
the fact that IBM ILOG CP Optimizer solver has the capability of accepting as initial
guess a possible infeasible and incomplete solution. By incomplete I mean that CP
Model 4 has variables that are not present in the Incomplete CP Model; and, by
infeasible, I mean that, with very high probability, a solution to the Incomplete CP
Model has setup operations being interrupted by machines’ unavailabilities, as well
as it does not consider the setup operation of the first operation being processed
by each machine; thus being infeasible to CP Model 4. Nevertheless, IBM ILOG
CP Optimizer solver is able to heuristically transform this infeasible and incomplete

initial guess into a feasible solution that potentially helps to prune the search space
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Figure 4.7: Optimal solution to instance 1 of the set of medium-sized instances. Operations
with the same color belong to the same job; while setups are represented in blue and machines’
unavailiability periods in red.

in the resolution process of CP Model 4. Table 4.6 shows the solutions found by
IBM ILOG CP Optimizer solver when applied to the twenty medium-sized instances
of CP Model 4 without using (already shown in Table 4.5) and using the solution of
the Incomplete CP Model as an initial guess. In the two-phases strategy, 2/3 of the
two hours budget is allocated to the resolution of the Incomplete CP Model; while
the remaining 1/3 is allocated to the resolution of CP Model 4 itself. In the table,
“# branches 1”7 corresponds to the resolution of the Incomplete CP Model; while “#
branches 2” corresponds to the resolution of CP Model 4. The CPU time reported
for “Incomplete CP Model + CP Model 4”7 corresponds to the total CPU time for
solving both models. Figures in the table show that, in instance 3, the two-phases
strategy took longer than the “single-phase strategy” to close the gap. On the other
hand, it closed the gaps of instances 9 and 17 (that were not closed by the single-
phase strategy); and it reduced the gap, by improving the incumbent solution, in the
other six instances in which the single-phase strategy was unable to prove optimality
(namely, instances 6, 8, 11, 12, 14, and 20). Moreover, as depicted in Figure 4.6, the
two-phases strategy was able to prove optimality faster than the single-phase strategy
on 11 out of the 12 instances in which both strategies proved optimality. As a whole,
it can be inferred that the two-phases strategy for solving CP Model 4 is the most
efficient way of solving the CP Optimizer formulation of the OPS scheduling problem.
The figures reported in Table 4.3, where the performances of IBM ILOG CPLEX and
IBM ILOG CP Optimizer solvers are compared when applied to the MILP and the
CP optimizer formulations of the OPS scheduling problem, respectively, correspond
to the two-phases strategy applied to CP Model 4. As an illustration, Figure 4.7
shows the solution to instance 1 of the set of medium-sized instances found by the

two-phases strategy applied to CP Model 4.
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4.4.4 Experiments With Large-Sized Instances

In this section, a set of 50 large-sized instances is considered. Instances are of the
size of the real instances of the OPS scheduling problem. The k-th instance was
generated with the following parameters: n = 11 + “Loo X 189], Omin = D, Omax =
6+ a5 x 147, Mumin = 9+ [ 155 X 207, Mmax = 10+ [15; x 90], and ¢ = 8. Table 4.7
shows the main characteristics of each instance. Note that the last instance in the
set has 55 machines, 250 unavailability periods, 106 jobs, 978 operations, and 1,581
precedence constraints; while its CP formulation has 85,463 integer variables and
251,649 constraints. Table 4.8 shows the solutions found by and the performance of
IBM ILOG CP Optimizer applied to CP Model 4 and to “Incomplete CP Model +
CP Model 4”. In the table, only the number of branches is shown, since in all case
the CPU time limit of two hours was reached. (Recall that, in the case in which the
two phases strategy is considered, 2/3 of the time is devoted to solve the Incomplete
CP Model and the remaining 1/3 of the time is used to solve CP Model 4 using as
starting guess the solution to the Incomplete CP Model.) Figures in the table show
that, as in the case of the medium-sized instances, the two phases strategy is more
effective, in the sense that it is able to found better quality solutions in 41 out of the 50
considered instances. Figures in the table also show that in all cases a feasible solution
is found and that the average gap is around 33%. Table 4.9 shows the solution found
by IBM ILOG CP Optimizer applied to “Incomplete CP Model + CP Model 4” with
a CPU time limit of 5 minutes, 30 minutes, 2 hours, and 10 hours. The table shows
that the average gap for the different CPU time limits is 41%, 34%, 33%, and 31%,
respectively. These figures suggest that “good quality” solutions are found relatively
quickly, that most of the time is used to close the gap, and that, when trying to close
the gap, slightly better solutions might be found. This means that IBM ILOG CP
Optimizer could be used in practice to find feasible solutions to real instances of the
OPS scheduling problem. On the other hand, the non-null gap leaves space for the
development of ad-hoc heuristic methods that, hopefully, would be able to find better

quality solutions.



Table 4.7: Main features of the considered fifty large-sized instances.

Main instance characteristics

CP Optimizer formulation

Instance m oy an n o |A| |T| ?\%a;?;le)?j; # constraints
1 10 56 13 79 95 0 1293 3792
2 10 44 15 98 120 0 1595 4648
3 13 47 17 107 131 0 2359 6888
4 11 69 19 120 150 0 2451 7209
) 10 92 21 128 165 0 2235 6540
6 15 64 23 141 180 0 3820 11235
7 14 71 25 170 229 0 4120 12054
8 13 58 27 193 257 0 4655 13631
9 16 68 29 207 308 1 5592 16522
10 19 81 30 201 266 0 6537 19152
11 14 68 32 240 337 1 5938 17404
12 15 67 34 232 310 0 6124 18115
13 18 82 36 257 350 0 7860 23081
14 13 60 38 259 350 0 5883 17357
15 15 93 40 298 430 1 7708 22820
16 17 88 42 311 429 0 9140 26801
17 22 98 44 341 505 1 12788 37473
18 13 57 46 345 486 1 7853 23212
19 24 108 47 362 524 0 14367 42184
20 28 136 49 383 555 1 17662 52005
21 14 69 o1 386 557 0 9544 28138
22 20 79 53 398 572 0 12750 37494
23 28 129 55 421 638 0 19538 57451
24 15 61 57 437 592 1 11299 33312
25 29 145 59 507 810 1 24190 70876

continues on next page

SIsATeuy, pue UOIJRIYLIDA [BIUOWILIDAXT F'F

6.



Table 4.7 continued

Main instance characteristics

CP Optimizer formulation

Instance m > e Gk n 0 |A| |T| %ai?atgfssr # constraints
26 26 120 61 487 743 0 21193 62377
27 21 93 63 498 746 0 17571 51678
28 20 66 64 533 784 2 17039 50072
29 19 59 66 547 833 0 17555 51928
30 26 130 68 563 831 0 24305 71287
31 37 148 70 601 967 1 35633 105024
32 39 154 72 593 935 0 37521 110493
33 20 90 74 617 931 0 20027 58960
34 35 161 76 656 1011 0 37094 108969
35 17 71 78 675 1049 1 19362 57160
36 19 81 80 700 1127 1 22642 66713
37 43 197 81 789 1290 1 55235 162562
38 43 186 83 706 1143 1 49300 145476
39 32 137 85 765 1242 1 40211 118131
40 26 93 87 812 1305 0 34800 102295
41 27 135 89 834 1383 0 36985 109069
42 38 152 91 821 1282 2 50074 147194
43 26 93 93 904 1424 1 38750 114131
44 18 89 95 921 1564 0 28031 82872
45 34 164 97 965 1628 0 53196 156446
46 28 127 98 868 1367 1 39853 117804
47 19 87 100 961 1609 1 30667 90453
48 593 228 102 942 1540 0 78706 232310
49 23 101 104 959 1513 0 36885 108542
50 55 250 106 978 1581 0 85463 251649
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Table 4.8: Description of the solutions found and effort measurements of the IBM ILOG CP Optimizer applied to the fifty large-sized instances.

Instance CP Model 4 Incomplete CP Model + CP Model 4
Makespan gap (%) # branches makespan gap (%) # branches 1 # branches 2
1 [387, 528] 26.7 49798163 [387, 527] 26.6 120241891 14581110
2 [494, 661] 25.3 39711504 [494, 650] 24.0 110885682 13313040
3 [452, 631] 28.4 39468386 [452, 633] 28.6 97607050 11604473
4 [562, 763] 26.3 35944769 [562, 756] 25.7 93096578 9904719
5 [625, 855] 26.9 39251314 [625, 828] 24.5 97073106 10349840
6 [490, 717] 31.7 32448937 [490, 715] 31.5 85024768 9228219
7 [659, 943] 30.1 28100210 [659, 923] 28.6 72857628 7788597
8 [739, 1055] 30.0 23528650 [739, 1039] 28.9 67355598 6681507
9 [654, 983] 33.5 24454758 [654, 980] 33.3 65804340 6537839
10 [547, 827] 33.9 25762983 [547, 790] 30.8 63801015 6740620
11 [857, 1244] 31.1 19205336 [857, 1230] 30.3 57729625 7599655
12 [838, 1225] 31.6 21224292 [838, 1180] 29.0 61503923 6541171
13 [699, 1073] 34.9 20602257 [699, 1011] 30.9 54006978 5190138
14 [1052, 1539] 31.6 18026217 [1052, 1486] 29.2 50939574 4958123
15 [975, 1478] 34.0 16007825 [975, 1445] 32.5 42382885 4677113
16 [924, 1488] 37.9 13721997 [924, 1382] 33.1 38344783 3879028
17 [763, 1150] 33.7 11518247 [763, 1117] 31.7 32621308 2787395
18 [1415, 2040] 30.6 11688840 [1415, 1897] 25.4 36621269 3282986
19 [737, 1107] 33.4 12841773 [737, 1028] 28.3 31061348 3454907
20 [671, 1093] 38.6 7883338 [671, 1053] 36.3 26628577 3368228
21 [1378, 2043] 32.6 9278464 [1378, 1956] 29.6 38050942 3605124
22 [985, 1563] 37.0 11218731 [985, 1496] 34.2 37444198 2991893
23 [762, 1185] 35.7 8102079 [762, 1146] 33.5 29827277 3268703
24 [1377, 2162] 36.3 7139492 [1377, 2010] 31.5 37578271 2841939
25 [892, 1397] 36.1 4160924 [892, 1367] 34.7 20504018 1181601

continues on next page
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Instance CP Model 4 Incomplete CP Model + CP Model 4
Makespan gap (%) # branches makespan gap (%) # branches 1 # branches 2
26 [880, 1463] 39.8 7210391 [880, 1362] 35.4 26867887 1847124
27 [1246, 1856] 32.9 8158263 [1246, 1790] 30.4 29586547 2630271
28 [1396, 2175] 35.8 7900895 [1396, 2089] 33.2 27240976 1642209
29 (1452, 2241] 35.2 4952743 [1452, 2199] 34.0 28329290 1889844
30 [1116, 1692] 34.0 8890534 [1116, 1769] 36.9 21953739 1703439
31 [822, 1284] 36.0 4139996 [822, 1218] 32.5 21050620 1652157
32 [776, 1204] 35.5 3423918 [776, 1151] 32.6 19731639 2487825
33 [1469, 2414] 39.1 4898465 [1469, 2276] 35.5 24557450 2204832
34 [951, 1490] 36.2 5776499 [951, 1483] 35.9 16280020 1379212
35 [1932, 3161] 38.9 5417895 [1932, 3049] 36.6 25096957 1948660
36 [1788, 2876] 37.8 4898721 [1788, 2826] 36.7 23458076 379399
37 [924, 1426] 35.2 2985158 [924, 1468] 37.1 11587937 821564
38 [832, 1281] 35.1 5009442 [832, 1192] 30.2 14892180 1195237
39 [1214, 1895] 35.9 2483387 [1214, 1845] 34.2 16606096 1193648
40 [1552, 2439] 36.4 3344183 [1552, 2439] 36.4 16202692 1411237
41 [1587, 2553] 37.8 3239079 [1587, 2524] 37.1 15517269 873936
42 [1111, 1905] 41.7 1837052 [1111, 1715] 35.2 14722059 1154822
43 [1737, 2779] 37.5 4525245 [1737, 2767] 37.2 16091655 1129221
44 [2587, 4007] 35.4 3260320 [2587, 3908] 33.8 13253041 1121671
45 [1446, 2331] 38.0 5837368 [1446, 2301] 37.2 14297375 1145106
46 [1539, 2432] 36.7 3434877 [1539, 2446] 37.1 15226438 1126198
47 [2518, 3928] 35.9 2421741 [2518, 4040] 37.7 14957027 961575
48 [896, 1368] 34.5 925320 [896, 1473] 39.2 6202106 895555
49 [2108, 3187] 33.9 3352348 [2108, 3233] 34.8 17104498 979735
50 [931, 1487] 37.4 1857144 [931, 1505] 38.1 13503241 927131
Mean 1692.48 34.4 12825409 1654.26 32.8 38666188 3821191
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Table 4.9: Description of the solutions found by the IBM ILOG CP Optimizer applied to the fifty large-sized instances, considering the Incomplete CP Model
+ CP Model 4 strategy, and with increasing CPU time limits.

5 minutes 30 minutes 2 hours 10 hours
Makespan gap (%) Makespan gap (%) Makespan gap (%) Makespan gap (%)
1 387, 53] 28.1 387, 530] 27.0 387, 527] 26.6 387, 521] 25.7
2 [494, 663] 25.5 [494, 654] 24.5 [494, 650] 24.0 [494, 649] 23.9
3 [452, 653] 30.8 [452, 635] 28.8 [452, 633] 28.6 [452, 623] 27.4
4 562, 780 27.9 562, 755] 25.6 562, 756] 25.7 562, 756] 25.7
5 (625, 860] 27.3 625, 837] 25.3 (625, 828] 24.5 625, 825 24.2
6 [490, 724] 32.3 [490, 718] 31.8 [490, 715] 31.5 [490, 698] 29.8
7 659, 964] 31.6 (659, 938] 29.7 659, 923] 28.6 659, 902] 26.9
8 [739, 1091] 32.3 [739, 1044] 29.2 [739, 1039] 28.9 [739, 1022] 27.7
9 654, 1019 35.8 (654, 966] 32.3 654, 980] 33.3 (654, 936] 30.1
10 547, 902] 39.4 [547, 900] 39.2 [547, 790] 30.8 [547, 781] 30.0
11 [857, 1290] 33.6 [857, 1231] 30.4 [857, 1230] 30.3 [857, 1182] 27.5
12 [838, 1257] 33.3 [838, 1223] 31.5 [838, 1180] 29.0 [838, 1178] 28.9
13 [699, 1084] 35.5 [699, 1010] 30.8 [699, 1011] 30.9 [699, 998] 30.0
14 [1052, 1557] 32.4 [1052, 1514] 30.5 [1052, 1436] 29.2 [1052, 1449] 27.4
15 975, 1542] 36.8 975, 1476] 33.9 975, 1445] 32.5 975, 1427] 31.7
16 [924, 1516] 39.1 [924, 1420] 34.9 [924, 1382] 33.1 [924, 1343] 31.2
17 [763, 1131] 32.5 [763, 1080] 29.4 [763, 1117] 31.7 [763, 1037] 26.4
18 [1415, 2014] 29.7 [1415, 1918] 26.2 [1415, 1897] 25.4 [1415, 1898] 25.4
19 [737, 1236] 40.4 [737, 1046] 29.5 737, 1028] 28.3 737, 1008] 26.9
20 [671, 1135] 40.9 [671, 1132] 40.7 [671, 1053] 36.3 [671, 1050] 36.1
21 1378, 2104] 34.5 [1378, 1992] 30.8 [1378, 1956] 29.6 1378, 1939)] 28.9
22 [985, 1639] 39.9 [985, 1642] 40.0 [985, 1496] 34.2 [985, 1573] 37.4
23 [762, 1336] 43.0 [762, 1128] 32.4 [762, 1146] 33.5 [762, 1082] 29.6
24 [1377, 2135] 35.5 [1377, 2073] 33.6 [1377, 2010] 31.5 [1377, 1942] 29.1
25 892, 1524] 415 892, 1442 38.1 892, 1367] 34.7 892, 1241] 28.1

continues on next page
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Table 4.9 continued

78

5 minutes 30 minutes 2 hours 10 hours
Makespan gap (%) Makespan gap (%) Makespan gap (%) Makespan gap (%)
2 880, 1581] 44.3 [880, 1486] 40.8 880, 1362 35.4 [880, 1348] 34.7
27 [1246, 1833] 32.0 [1246, 1791] 30.4 [1246, 1790] 30.4 [1246, 1741] 28.4
28 [1396, 2185] 36.1 [1396, 2171] 35.7 [1396, 2089] 33.2 [1396, 2003] 30.3
29 [1452, 2256] 35.6 [1452, 2298] 36.8 [1452, 2199] 34.0 [1452, 2282] 36.4
30 [1116, 2473] 54.9 [1116, 1590] 29.8 [1116, 1769] 36.9 [1116, 1561] 28.5
31 [822, 1296] 36.6 [822, 1295] 36.5 [822, 1218] 32.5 [822, 1288] 36.2
32 434, 1214] 64.3 [776, 1208 35.8 776, 1151] 32.6 776, 1165 33.4
33 [1469, 2698] 45.6 [1469, 2398] 38.7 [1469, 2276] 35.5 [1469, 2166] 32.2
34 [409, 1545] 73.5 [951, 1604] 40.7 [951, 1483] 35.9 [951, 1403] 32.2
35 1932, 3145| 38.6 [1932, 3099] 37.7 [1932, 3049] 36.6 1932, 2892 33.2
36 [1788, 3167] 43.5 [1788, 2819] 36.6 [1788, 2826] 36.7 [1788, 2691] 33.6
37 (024, 1463] 36.8 024, 1671] 44.7 (024, 1468] 37.1 (024, 1350] 31.6
38 [832, 1264] 34.2 832, 1200] 30.7 832, 1192] 30.2 832, 1144] 27.3
39 452, 1880] 76.0 [1214, 1870] 35.1 [1214, 1845] 34.2 [1214, 1786] 32.0
40 [1552, 2463] 37.0 [1552, 2509] 38.1 [1552, 2439] 36.4 [1552, 2347] 33.9
41 [1587, 2550] 37.8 [1587, 2522] 37.1 [1587, 2524] 37.1 [1587, 2542] 37.6
42 [618, 1732] 64.3 [1111, 1688] 34.2 [1111, 1715] 35.2 [1111, 1598] 30.5
43 [629, 2784] 81.0 [1737, 2779] 37.5 [1737, 2767] 37.2 [1737, 2599] 33.2
44 [2587, 4030] 35.8 [2587, 4063] 36.3 [2587, 3908] 33.8 [2587, 3770] 314
45 [1446, 2378] 39.2 [1446, 2466] 414 [1446, 2301] 37.2 [1446, 2210] 34.6
46 1539, 2439] 36.9 [1539, 2497] 38.4 [1539, 2446] 37.1 1539, 2203] 32.9
47 [2518, 4195] 40.0 [2518, 3757] 33.0 [2518, 4040] 37.7 [2518, 3824] 34.2
48 [544, 1377 60.5 (896, 1506 40.5 (896, 1473 39.2 (896, 1290] 30.5
49 [2108, 4065] 48.1 [2108, 3012] 30.0 [2108, 3233] 34.8 [2108, 2897] 27.2
50 (931, 2244] 58.5 [931, 1570] 40.7 [931, 1505] 38.1 [931, 1478] 37.0
Mean 1779.02 41.0 1683.46 34.1 1654.26 32.8 1594.56 30.6
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4.5. Summary 85

4.5 Summary

In this chapter, MILP and CP formulations of the OPS scheduling problem were
presented and analyzed. The capacity of IBM ILOG CPLEX MILP and IBM ILOG
CP Optimizer solvers for dealing with the proposed formulations was investigated.
While the MILP solver is a general-purpose solver; the CP Optimizer solver was born
as a solver dedicated to scheduling problems, with its own modeling language that
fully explores the structure of the underlying problem. Thus, it is not a surprise
the latter to outperform the former by a large extent in the numerical experiments.
The obtained result is in agreement with a previous comparison of similar nature
presented in (Vilim, Laborie, and Shaw, 2015) and (Laborie, 2018) for the JS and the
FJS scheduling problems.

The OPS scheduling problem is an NP-hard problem and the CP Optimizer mixes
exact and heuristic strategies that were not specifically devised for the problem at
hand. However, numerical experiments in this chapter show that the CP Optimizer is
able to find feasible solution to large-sized instances; thus being an alternative to tackle
the OPS scheduling problem in practice. On the other hand, it is not expected the CP
Optimizer to be competitive with ad-hoc heuristics fully exploiting the specificities of
the problem. These facts suggest that the development of heuristic methods to deal
with the considered problem is a promising alternative; and this will be the subject

of future work.
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Chapter 5

Constructive Heuristic, Local
Search Heuristic, and

Metaheuristics

In this chapter, heuristic methods for the OPS scheduling problem are presented.
First, the LS strategy introduced by Mastrolilli and Gambardella (2000), to deal with
the FJS scheduling problem, is extended. The interpretation of the LS lies on the rep-
resentation of the operations’ precedences as a graph in which the makespan is given
by the longest path from the “source” to the “target” node. The underlying graph is
extended to cope with the sequencing flexibility and, more relevant, with resumable
operations and machines’ downtimes. With the help of the redefined graph, the main
idea in (Mastrolilli and Gambardella, 2000), which consists in defining reduced neigh-
bor sets, is also extended. The reduction of the neighborhood, that greatly speed
up the LS procedure, relies on the fact that the reduction of the makespan of the
current solution requires the reallocation of an operation in a critical path, i.e., a path
that realizes the makespan. With all these ingredients, a LS for the OPS scheduling
problem is proposed. To enhance the probability of finding better quality solutions,
the LS procedure is embedded in metaheuristic frameworks. A relevant ingredient
of the metaheuristic is the representation of a solution with two arrays of real num-
bers of the size of the number of non-fixed operations. One of the arrays represents
the assignment of non-fixed operations to machines; while the other represents the
sequencing of the non-fixed operations within the machines. The considered represen-
tation is an indirect representation, i.e., it does not encode a complete solution. Thus,
another relevant ingredient is the development of a decoder, i.e., a methodology to
construct a feasible solution from the two arrays. One of the challenging tasks of the
decoder is to sequence the fixed operations, besides constructing a feasible semi-active
scheduling. The representation scheme, the decoder, and the LS strategy are evalu-

ated in connection with four metaheuristics. Two of the metaheuristics, GA and DE
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are population-based methods; while the other two, ILS and TS, are trajectory meth-
ods. Since the proposed GA and DE include a LS, they can be considered memetic

algorithms.

The chapter is structured as follows. Section 5.1 introduces the way in which the
two key elements of a solution (assignment of operations to machines and sequencing
within the machines) are represented and how a feasible solution is constructed from
them. Section 5.2 introduces the proposed LS. The considered metaheuristic ap-
proaches are given in Section 5.3. Numerical experiments are presented and analyzed

in Section 5.4. Final remarks and conclusions are given in the last section.

5.1 Representation Scheme and Construction of a Feasi-

ble Solution

In this section, it is described: (a) the way the assignment of non-fixed operations to
machines is represented, (b) the way the sequence of non-fixed operations assigned to
each machine is represented, and (c) the way a feasible solution is constructed from
these two representations. it is assumed that all numbers that define an instance of
the OPS scheduling problem are integer numbers. Namely, it is assumed that the
processing times p;; (i € V, k € F(i)), the release times r; (i € V), the beginning uf
and end a’g of every period of unavailability of every machine (k = 1,...,m, ¢ =
1,...,qx), the setup times 7}2 (j eV, ke F(j)) and %‘Ijk (i, €V, ke Fi)NF(j)),

and the starting times s; of every fixed operation ¢ € T' are integer values.

5.1.1 Representation of the Assignment of Operations to Machines

Let {i1,i2,...,i5r = V\ T, with i1 < is < --- < i5, be the set of non-fixed oper-
ations. For each ij, let K;, = (ki; 1,k 2, .,kij7|F(ij)‘) be a permutation of F'(i;).
Let # = (7;€[0,1):j€{1,...,0}) be an array of real numbers that encodes the

machine k;; », to which each non-fixed operation i; is assigned, where
™ = || F (i) + 1], (5.1)

for j =1,...,0. For example, given F(i;) = {1,4,7}, the permutation K;, = (1,4,7),
and 7; = 0.51, then 7; = [0.51 x 3+ 1| = 2, and, thus, k;; », = ki, 2 = 4; implying
that operation i; is assigned to machine 4. For simplicity, let x(i;) = kj; r,. Then, if
defined k(i) as the only element in the singleton F(7) for the fixed operations i € T,
it becomes clear that the array of real numbers @ = (71,...,75) defines a machine

assignment ¢ — k(i) for i = 1,..., 0, see Figure 5.1.
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j 1 2 3 4 5 6 7 8 9 10 11 12 13 14
i 2 3 4 5 6 7 8 9 10 12 13 14 15 16
(1,2)[3.9]29]29]12]13)][6.9]1.2]6.9]13]L3]12)]29]13)
m; 10.05]0.7910.48 |0.26 | 0.17 | 0.53 | 0.99 | 0.09 | 0.95 | 0.63 | 0.52 | 0.02 | 0.31 | 0.62
T 1 2 1 1 1 2 2 1 2 2 2 1 1 2
Ii(ij) 1 4 2 2 1 3 4 1 4 3 3 1 2 3

Figure 5.1: An arbitrary machine assignment array assuming that operations 1 and 11 are
fixed operations with F'(1) = {3} and F(11) = {2}, so k(1) = 3 and x(11) = 2.

il 123 |4 |56 | 7|89 10|11 |12]13]14
il 23| 4|56 |7 |89 ][10]12|13]14]15] 16
;10.05]0.55 | 0.95 | 0.51 | 0.75 | 0.54 [ 0.00 | 0.99 | 0.15 [ 0.15 | 0.16 | 0.11 | 0.79 | 0.55
oj| 2 1101214135 | 7|36/ 8 /|15]16| 4|9

Figure 5.2: An operations execution order sequence o produced by considering the values
in & and the precedence relations given by the DAG represented in Figure 2.6. Note, once
again, that fixed operations 1 and 11 are unsequenced at this point.

5.1.2 Representation of a Sequencing of Operations

Let 6 = (6; € [0,1) : j € {1,...,0}) be an array of real numbers that encodes the
order of execution of the non-fixed operations that are assigned to the same machine.
Consider two non-fixed operations i, and ¢, such that x(i,) = k(ip), i.e., that were
assigned to the same machine. If 5, < 63 (or 6, = 63 and i, < i) and if there
is no path from 4, to i, in the DAG D(V, A), then operation i, is executed before

operation 7;; otherwise 7; is executed before i,.

Let 0 = (05 : j € {1,...,0}) be a permutation of the set of non-fixed operations
{i1,..., 45} such that, for every pair of non-fixed operations ¢;, and o;, with k(o) =
k(0j,), j1 < jo if and only if o;, is processed before o;,. The permutation o can
be computed from ¢ and the DAG D(V, A) as follows: (i) start with ¢ < 0; (ii)
let R C {i1,42,...,i5} be the set of non-fixed operations i; such that i; # o, for
s = 1,...,¢ and, in addition, for every arc (i,i;) € A it holds that i € V' \ T" and
i =0y forsomet=1,...,0 orie T (iii) take the operation i; € R with smallest 7,
(in case of a tie, select the operation with the smallest index i;), set op1; = 7;, and

¢ < ¢+ 1; and (iv) if £ < o, return back to (ii), see Figure 5.2.

For further reference, for each machine k, let ¢ = (¢k1,..., Pk p,) De the subse-
quence of o composed by the operations oy such that k(oy) = k. Given the machine
assignment 7 as illustrated in Figure 5.1 and the order of execution within each ma-
chine implied by & as illustrated in Figure 5.2, it holds that ¢; = (2,14,6,9), 2 =
(5,15,4),¢3 = (12,13,7,16), and ¢4 = (10,3,8). Please note that fixed operations

are not included. Moreover, let ® = (¢1,. .., dm).
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5.1.3 Construction of a Feasible Solution and Makespan Calculation

Let the machine assignment 7 and the execution order ¢ be given; and let 7, o, &,
and ¢ (K = 1,...,m) be computed from 7 and & as described in Sections 5.1.1
and 5.1.2. Recall that, for all fixed operations ¢ € T, it is assumed that it is known
the starting time s;, the processing time p;, the completion time ¢;, the value wu;
such that s; + u; + p; = ¢;, and the “partial completion time” ¢;, that is the instant
at which [6; X p;] units of time of operation i have already been processed. With
all that said, an algorithm is described to compute s;, ¢;, u;, p;, and ¢; for all ¢ €
V' \ T and to sequence the fixed operations i € T in order to construct a feasible
scheduling. The algorithm also determines for all the operations (fixed and non-fixed)
the corresponding sequence-dependent setup time &; and some additional quantities
(di, sib, and c%b) whose meaning will be elucidated later. The algorithm processes
a non-fixed operation ¢ € V' \ T at a time and schedules it as soon as possible (for
the given 7 and &), constructing a semi-active scheduling. This computation includes

sequencing the fixed operations i € T

Let pos(i) be defined as the position of operation 7 in the sequence ¢y;); i.e., for any
non-fixed operation 4, it holds that 1 < pos(i) < [¢,(;)|. This means that, according
to @ and ¢ and ignoring the fixed operations, for a non-fixed operation i, ant(:) =
®r(),pos(i)—1 18 the operation that is processed immediately before i on machine (i);
and ant(i) = 0 if 7 is the first operation to be processed on the machine. For further
reference, suc(i) = Pr(i),pos(i)+1 15 defined as the immediate successor of operation 7 on
machine «(i), if operation 4 is not the last operation to be processed on the machine;

and suc(i) = o+ 1, otherwise.

For k = 1,...,m, define the (o + 1) x o matrices I'* of setup times, with row index

starting at 0, given by F’gj = yﬁ for j =1,...,0 and Ffj = %.Ijk fori,j =1,...,0.

Then it holds that, according to ¢y (that does not include the fixed operations yet),
k(%)
ant(z),:”

obtained c¢upy(;) + &i as an Lower Bound (LB) for the starting time s; of operation i

the setup time &; of operation i is given by & =T Moreover, if ¢g = 0, it is

on machine k().

The algorithm follows below. In the algorithm, size(-) is a function that, if applied to
an interval [a, b] returns it size given by b—a and, if applied to a set of non-overlapping

intervals, returns the sum of the sizes of the intervals.

Algorithm 5.1.3.1.
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Input: o4, k; (1€ V), ¢ (k=1,...,m), s, us, pi, ¢, ¢c; (i €T).

Output: ¢ (k=1,...,m), s;, uj, pi, ¢, ¢; (1 € V\T), &, d;, s%b, clb (i € V), Cnax-

7

For each £ =1, ..., 0, execute Steps 1 to 6. Then execute Step 7.

Step 1: Set i < oy, k < k(i), pi = pik, Di = [0; X pir ], and delay; <— 0 and compute

b = b
8, = max max Cjit, mip and ¢ = max Cip. 5.2
{{jew(m)eA}{ i} } {jeVI(j,i)eA}{ ) (5:2)
Step 2: Set & = Fl;nt(z‘) ;» define
d; = max {3£b7 Cant (3) + £Z} ) (53)

and compute s; > d; + delay, as the earliest starting time such that the interval

(s; — &, si] does not intersect any period of unavailability of machine k, i.e.,
(e, [uf, wf1) N (si = &ivsi] = 0. (5.4)
Step 3: Compute the completion time ¢; ¢ (glg, ﬂ’ﬂ, for £=1,...,q, such that

size([s;, ¢i]) — wi = pi, (5.5)

where
wq = size([si, ei] N (U [, ))) (5.6)
is the time machine k is unavailable in between s; and ¢;.

Step 4: Let f € T be an operation fixed at machine k such that
Cant(3) <sp<e+ Fff- (57)

If there is none, go to Step 5. If there is more than one, consider the one with
the earliest starting time sy. Insert f in ¢y, in between operations ant(i) and 4

and go to Step 2. (Note that this action automatically redefines ant(i) as f.)

Step 5: If ¢; # cP then set

delay; = size([c;, éib]) — size([¢;, éib] N (Uzkzl[glz, ﬂ?])),
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where
o b, if ¢l ¢ (ug,ue] for £ =1,...,q,
Ci —
ﬂ? +1, ifcbe (glg,ﬂf] for some ¢ € {1,...,qx},

and go to Step 2.

Step 6: Compute the “partial completion time” ¢; ¢ (ue,ue] for £ =1,...,q, such
that

SiZG([Si, Ez]) — U; = Py,
where

a; = size([s;, &) N (U [uf, af))).

Step 7: Compute Cpax = max;ey{c;}. For each unsequenced operation fertT,
sequence it according to its starting time sy, update ¢y, compute st 7 b and c

according to (5.2), & = ) and dy according to (5. 3)

At Step 1, an LB s%b to s; is computed based on the release time r; and the partial
completion times ¢; of the operations j such that (j,i) € A exists. In an analogous
way, an LB cib to ¢; is computed, based on the completion times c; of the operations j

such that (j,7) € A exists.

At Step 2, a tentative s; is computed. At this point, it is assumed that the opera-
tion which is executed immediately before ¢ on machine k(i) is the one that appears
right before it in ¢y (namely ant(i)); and, for this reason, it is considered that the

setup time of operation i is given by & = I'* (This may not be the case if it

ant(4) i’
is decided that a still unsequenced fixed operat(lz)n should be sequenced in between
them.) The computed s; is required by (5.3) to be not smaller than (a) its LB s!® com-
puted at Step 1 and (b) the completion time c,y(;) of operation ant(i) plus the setup
time &;. Note that if operation i is the first operation to be processed on machine x (%)
then ant(i) = 0 and, by definition, c,n;) = co = 0. At this point, it is assumed that
delay, = 0. Its role will be elucidated soon. In addition to satisfying the LBs (a) and
(b), s; is required in (5.4) to be such that (i) it does not coincide with the beginning of
a period of unavailability, (ii) there is enough time right before s; to execute the setup
operation, and (iii) the setup operation is not interrupted by periods of unavailability
of the machine. The required s; is the smallest one that satisfies all the mentioned
constraints. Therefore, it becomes clear that there is only a finite and small number
of possibilities for s; related to the imposed LBs and the periods of unavailability of

the machine.

Once the tentative s; has been computed at Step 2, Step 3 is devoted to the compu-

tation of its companion completion time ¢;. Basically, ignoring the possible existence
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. ant(),?

o _ e ) r ()
s; — I ¢ + qu

Cant (i) S; ci

Figure 5.3: If a fixed operation f on machine (i) exists such that c,,e;) < sp < ¢; + Ff}i),

it means that there is not enough space for operation 4 after ant(i) and before f. Thus, the
unsequenced fixed operations f must be sequenced in between operations ant(i) and i.

of fixed operations on the machine, (5.5) and (5.6) indicate that ¢; is such that be-
tween s; and ¢; the time during which machine k(i) is available is exactly the time
required to process operation 4. In addition, ¢; & (glg, uk], for £ =1,...,qx, says that,
if the duration of the interval yields c; € [gi?, k] for some £ € {1,..., g}, it must be
taken ¢; = g’g, since any other choice would artificially increase the completion time

of the operation.

In Step 4 it is checked whether the selected interval [s;, ¢;] is infeasible due to the
existence of a fixed operation on the machine. If there is not a fixed operation f
satisfying (5.7) then Step 4 is skipped. Note that c,(;) is the completion time of the
last operation scheduled on machine (7). This means that if a fixed operation f exists
such that sy > cang(s), the fixed operation f is still unsequenced. The non-existence
of a fixed operation f satisfying (5.7) is related to exactly one of the following two

cases:

e There are no fixed operations on machine k(i) or all fixed operations on ma-

chine k(i) have already been sequenced;

e The starting time sy of the closest unsequenced fixed operation f on ma-
chine £(1) is such that operation i can be scheduled right after operation ant(7),
starting at s;, being completed at ¢; and, after ¢; and before sy there is enough

time to process the setup operation with duration Ff}i).

Assume now that at least one fixed operation satisfying (5.7) exists and let f be the
one with smallest s¢. This means that scheduling operation ¢ in the interval [s;, ¢;] is
infeasible, see Figure 5.3. Therefore, operation f must be sequenced right after ant(z),
by including it in ¢,y in between ant(i) and i. This operation transforms f in
a sequenced fixed operation that automatically becomes ant(i), i.e., the operation
sequenced on machine k(i) right before operation i. With the redefinition of ant(s),
the task of determining the starting and the completion times of operation ¢ must
be restarted. This task restarts returning to Step 2, where a new setup time for
operation 7 is computed and a new c,pny(;) is considered in (5.3). Since the number of
fixed operations is finite and the number of unsequenced fixed operations is reduced

by one, this iterative process ends in finite time.
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Figure 5.4: Delay computation for the case in which ¢; # cﬁb.

Step 5 is devoted to checking whether the computed completion time ¢; is not smaller
than its LB clP

7 )

computed at Step 1. If this is not the case, the algorithm proceeds
to Step 6. In case ¢; < clib, the starting time of operation ¢ must be delayed. This
is the role of the variable delay, that was initialized with zero. If the extent of the
delay is too short, the situation may repeat. If the extent is too long, the starting of
the operation may be unnecessarily delayed. Figure 5.4 helps to realize that the time
machine (i) is available in between ¢; and ¢’ is the minimum delay that is necessary
to avoid the same situation when a new tentative s; and its associated ¢; are computed.
In case (a), é® = ci® and machine (i) has two units of available time in between ¢;
and cib. Adding this delay to the LB of s; results in the feasible scheduling (of
operation i) depicted in (b). In case (c), ¢l € (y'z(i),ﬁ?(i)] for some £ € {1,...,qu@)}-
Thus, &P = ﬂ'g(i) +1. Machine (i) has one unit of available time in between ¢; and é.°.
Adding this delay to the LB of s; results in the feasible scheduling (of operation )
depicted in (d). Once the delay is computed, a new attempt is done returning to

Step 2; this time with a non-null delay,.

When the algorithm arrives at Step 6, feasible values for s; and ¢; have been computed,
then it is computed the partial completion time ¢; that will be used for computing

the starting and completion times of the forthcoming operations.

While executing Steps 1-6 for ¢ = 1,...,0, i.e., while scheduling the unfixed op-
erations, some fixed operations have to be sequenced as well. However, when the
last unfixed operation is scheduled, it may be the case that some fixed operations,
that were scheduled “far after” the largest completion time of the unfixed operations,
played no role in the scheduling process and thus remain unsequenced, i.e., not in ¢y

for any k. These unsequenced fixed operations are sequenced at Step 7.
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5.2 Local Search

Given an initial solution, a LS procedure is an iterative process that constructs a
sequence of solutions in such a way that each solution in the sequence is in the neigh-
borhood of its predecessor in the sequence. The neighborhood of a solution is given
by all solutions obtained by applying a movement to the solution. A movement is a
simple modification of a solution. In addition, the LS described in the current section
is such that each solution in the sequence improves the objective function value of
its predecessor. In the remaining of the current section, the neighbourhood and the
movement concepts introduced in (Mastrolilli and Gambardella, 2000) for the F.JS are
extended for the OPS scheduling problem.

The definition of the proposed movement is based on the representation of a solution by
a digraph. Let 7, encoding the machine assignment of the non-fixed operations, and &,
encoding the order of execution of the non-fixed operations within each machine,

be given. Moreover, assume that, using Algorithm 5.1.3.1, &, d;, s;, u;, pi, Gi, Ci,

Ib _lb

., ¢, and d; have been computed for all i = 1,...,0. From now on, ¢(7,6) =

1b, Clb)

s
(m,0,m,0,k,®,&,d,s,u,p,¢c,s represents a feasible solution. (Recall that 7
is computed from 7 as defined in (5.1); o and ® are computed from & as described
in Section 5.1.2; and k(i) = kir.) Let suc(i) = @) posii)+1 be the successor of
operation ¢ on machine k(7), if operation i is not the last operation to be processed
on the machine; and suc(i) = o+ 1, otherwise. Recall that it is already defined
ant (i) = @y (i) pos(i)—1, if @ is not the first operation to be processed on machine (),
while ant(i) = 0, otherwise. This means that, for any ¢ € V, i.e., including non-fixed
and fixed operations, ant(i) and suc(i) represent, respectively, the operations that are

processed right before i (antecedent) and right after 7 (sucessor) on machine x(z).

The weighted augmented digraph that represents the feasible solution ¢ is given by
D()=(VU{0,0+1},AUWUU),
where

W ={(¢re—1,00) | k€{1l,...,m} and £ € {2, ..., |¢x|}}

and U is the set of arcs of the form (0,7) for every i € V such that ant(i) = 0 plus
arcs of the form (7,0+ 1) for every ¢ € V such that suc(i) = o+ 1, see Figure 5.5. The

weights of the nodes and arcs of D(<) are defined as follows:
e arcs (j,1) € A have weight ¢; — ¢;;
e arcs (ant(i),i) € W have weight &;

e arcs (0,47) € U have weight max{r;, & };
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Figure 5.5: Directed acyclic graph D(s) = (VU {0,0+ 1}, AU W U U) associated with
the original precedence relations (in solid lines) illustrated in Figure 2.6 plus the precedence
relations implied by the machine assignment 7 in Figure 5.1 and the order of execution within
each machine implied by & in Figure 5.2 (dashed lines). Arcs are directed from left to right.

e arcs (i,0+ 1) € U have null weight;
e cach node ¢ € V has weight s; — d; + u; + p;;
e nodes 0 and o + 1 have null weight.

Weights of nodes and arcs are defined in such a way that, if the weight of a path
i1,%2,...,1%q is defined as the sum of the weights of nodes is,13,...,%, plus the sum
of the weights of arcs (i1,42), ..., (ig—1,%q), then the value of the completion time ¢;
of operation i is given by some longest path from node 0 to node i. (If in between
two nodes a and b there is more than one arc then the arc with the largest weight
must be considered. This avoids naming the arcs explicitly when mentioning a path.)
It follows that the weight of some longest path from 0 to o + 1 equals Ciax and the
nodes on this path are called critical nodes or critical operations. Let t; be denoted
as the weight of a longest path from node ¢ to node o + 1. The value ¢; (so-called
tail time) gives an LB on the time elapsed between ¢; and Cpax. It is worth noticing
that (a) if an operation i is critical then ¢; 4+ t; = Cinax and that (b) if there is a path
from 7 to j then t; > t¢;.

Assume that o'® (“ifo” stands for “including fixed operations”) is a permutation of
{1,2,..., 0} that represents the order in which operations (non-fixed and fixed) where
scheduled by Algorithm 5.1.3.1, i.e., non-fixed operations preserve in o' the same
relative order they have in ¢ and ¢'® corresponds to o with the fixed operations
inserted in the appropriate places. Note that o' can be easily obtained with a simple
modification of Algorithm 5.1.3.1: start with ¢ as an empty list and every time
an operation (non-fixed or fixed) is scheduled, add i to the end of the list. In the
following, a description of a simple way to compute t; for all i € V U {0,0 + 1} is

given. Define ¢,41 = Cpax and t,41 = 0 and for £ = 0,...,1, i.e., in decreasing order,
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fo

define 7 = aig and

t; = max { taue(s) + wlsuc(z)) + w(i, suc(z)), max ti +w(j) +wli,j )

{ i+ lonc(i) + i), _max {15+ ) + (i)} |
(5.8)

where w(-) and w(-,-) represent the weight of a node or an arc, respectively. Finish

defining

ty = max ti+w(g)+w0,7)}. 5.9
0 {jGVKOJ)EU}{J () +w(0,5)} (5.9)

In addition to the tail times, the local search strategy also requires identifying a
longest (critical) path from node 0 to node o + 1, since operations on that path are
the critical operations whose reallocation will be attempted. A critical path can be
obtained as follows. Together with the computation of (5.8), define next(i) as the
index in {suc(i)} U {j | (i,5) € A} such that t; = t,ey(;) + w(next(i)) + w(i, next(i)),
i.e., the one that realises the maximum. Analogously, together with (5.9) define

next(0) = argmaxy;cy|o,)ea} 1t; +w(0,7)}. A longest path is then given by

0, next(0), next(next(0)), next(next(next(0))), ..., o+ 1.

5.2.1 Movement: Reallocating Operations

Let i be a (non-fixed) operation to be removed and reallocated. It can be reallocated in
the same machine (i), but in a different position in the sequence, or in a different ma-
chine k € F'(i), k # x(i). Removing 7 from (i) implies removing arcs (@ (i) pos(i)—1, )
and (4, @ (i) pos(i)+1) from W U U and including the arc (¢ei) pos(i)—15 Pr(i),pos(i)+1)
in W or U. (Whether the arcs to be removed and/or inserted belong to W or U
depends on whether pos(i) —1 = 0, pos(i) +1 = 0+ 1, or none of the cases occur.) In
the same sense, reallocating ¢ implies creating two new arcs and deleting an arc. Let
D(s)~* be the digraph after the removal of the critical operation 4; and let D(s)** be

the digraph after its reallocation.

The relevant fact in the reallocation of operation ¢ is avoiding the creation of a cycle
in D(¢)", i.e., the construction of a feasible solution. Thus, for each k € F(i), the

following sets of operations are defined
S = 1b
Rp={je€d|c>s}

and

Lk:{j€¢k\tj+uj+pj>0max—é;‘b}.

where

P — min {s;
7 (i,j)EA{ J}
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is an Upper Bound (UB) for ¢ and, thus, Cpay — ¢iP

1P is an LB for the time between

¢; and Chax. Properties of Ry and Ly follow:

R1 If j € Ry then ¢; > si”. Assume that there is a path from j to i in D(¢)~%. By
the definition of s, cj > sl implies that (j,i) € A. Then, in the path from j
to 7, the immediate predecessor of i must be an operation j* € R and such that
(4',1) € A, i.e., such that ¢;y < si-b. Therefore, it must hold ¢; < sjy < ¢ < si-b.
Thus, if j € Ry then there is no path from j to i in D(g)~".

R2 If j € ¢, \ Ry then s; < ¢ < si® < s; < &. Therefore, there is no path from i to
jin D(g)~"%

L1 If j € Ly then t; +uj + pj > Cmax — E;Ib. If there were a path from ¢ to j in
D(g)*" then ¢; < s; and, therefore, the LB on the distance between ¢; and Chyax,
given by Cpax — E;lb, should be greater than or equal to the LB of the distance
between s; and Cpax, given by t; + u; + p;. Therefore, if j € Ly then there is
no path from i to j in D(¢)~".

L2 If j € ¢y \ Li then Crax — E;lb > tj +uj; +pj. Assume that there is a path from j
to i in D(5)~%. Then, it must hold sj < s; and, since 0; > 0 and, thus, s; < &,
it follows that s; < ¢;. This means that the distance between s; and Cpax is
greater than the distance between ¢; and Chax that, by definition, is bounded
from below by Cax — Efb, e, tj +u; +pj > Cnax — Efb. Thus, if j € ¢ \ Lk
then there is no path from j to 4 in D(s)™".

Properties R1, R2, L1, and L2 imply that if operation 7 is reallocated in the sequence
of a machine k € F(i) in a position such that all operations in Ly \ Ry are to the left
of i and all operations in Ry \ L are to the right of 4, then this insertion defines a

feasible solution, i.e., D(c)™* has no cycles.

5.2.2 Neighborhood

It is well known in the scheduling literature that removing and reallocating a non-
critical operation does not reduce the makespan of the current solution. Therefore,
in the present work, it is defined as neighborhood of a solution ¢ the set of (feasible)
solutions that are obtained when each critical operation ¢ is removed and reallocated
in all possible position of the sequence of every machine k € F(i), as described in
the previous section. This means that, for each critical operation 4, it is proceeded as
follows: (i) operation i is removed from machine (7); (ii) for each k € F(7), (iia) the
sets Ry and Ly are determined and (iib) operation i is reallocated in the sequence of

machine k in every possible position such that all operations in Ly \ Ry are to the left
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of i and all operations in Ry \ Ly are to the right of i. For further reference, the set

of neighbours of ¢ is named N ().

5.2.3 Estimation of the Makespan of Neighbor Solutions

Given the sequences 7 and & of the current solution ¢, computing the sequences 7’
and ¢’ (as well as 7/, o/, and «’) associated with a neighbour solution ¢’ € N(c) is a
trivial task. Computing the makespan (together with the quantities &', s', v/, p’, @, ¢,
slb/, clb/) associated with ¢ is also simple, but it requires executing Algorithm 5.1.3.1,
which might be considered an expensive task in this context. Therefore, the selection
of a neighbor is based on the computation of an estimation of its associated makespan.
In fact, following (Mastrolilli and Gambardella, 2000), what is used as an estimation of
the makespan is an estimation of the length of a longest path from node 0 to node 0+1
in D(¢") containing the operation that was reallocated to construct ¢’ from ¢. The

exact length of this path is an LB on the makespan associated with ¢’.

The estimation of the makespan of a neighbour solution ¢/ € A(s) obtained by
removing and reallocating operation ¢ somewhere in the sequence of machine & is
determined as follows. If L, N R, = ( then the estimation of the makespan is
given by S%b + pir + Cmax — E%‘b. If Ly N Ry # (), consider the elements (oper-
ations) in Ly N Ry sorted in increasing order of their starting times; and let 7 :
{1, [Li N Re|} — Ly N Ry, be such that s.(1) < sr2) < -+ < Sr(|1,nR,|) and, in
consequence, tr(1) > tr2) >+ > tr(|L.nR,|)- Let j be such that j = 0 if operation 4
is being inserted before operation 7(1) and 1 < j < |Ly N Ry| if operation ¢ is being
inserted right after operation 7(j). In this case, the estimation of the makespan is

given by

s+ Pr(1) + Ur(1) + tr1)s if j =0,
Pik + 4 $r(g) T Pr() + Ur() + Pri1) + Ur(rn) TGy, 11 <G < |Le O Ryl

S7(j) T Pr(j) + Ur(j) + Cmax — &, if j =L N Ry.
(5.10)

These estimations follow very closely those introduced by Mastrolilli and Gambardella
(2000) for the FIJS, see (Mastrolilli and Gambardella, 2000, §5) for details.

5.2.4 Local Search Procedure

The LS procedure starts at a given solution. It identifies all critical operations (opera-
tions in the longest path from node 0 to node 0+1) and for each critical operation i and
each k € F (i) it computes the estimation of the makespan associated with removing

and reallocation operation ¢ in every possible position of the sequence of machine &



100 Chapter 5. Constructive Heuristic, Local Search Heuristic, and Metaheuristics

(as described in the previous sections). The neighbor with the smallest estimation
of the makespan is selected and its actual makespan is computed by applying Algo-
rithm 5.1.3.1. In case this neighbor solution improves the makespan of the current
solution, the neighbor solution is accepted as the new current solution and the iterative

process continues. Otherwise, the LS stops.

5.3 Metaheuristics

In this section, the four proposed metaheuristics are described. Two of the meta-
heuristics, namely GA and DE are population-based methods, while the other two,
ILS and TS, are trajectory methods. GA and TS were chosen because they are the
two most popular metaheuristics applied to the FJS scheduling problem (Chaudhry
and Khan, 2016, Table 4). On the other hand, in the last decade DE has been
successfully applied to a wide range of complex real-world problems (Damak et al.,
2009; Wang et al., 2010; Ali, Siarry, and Pant, 2012; Tsai, Fang, and Chou, 2013;
Yuan and Xu, 2013), but its performance while dealing with the FJS scheduling prob-
lem with sequencing flexibility was not tested yet. Another reason that reinforces
the choice of DE is that preliminary experiments involving other well-known meta-
heuristics such as Artificial Bee Colony (ABC) (Karaboga and Akay, 2009), Firefly
Algorithm (FA) (Yang, 2010), Grey Wolf Optimizer (GWO) (Mirjalili, Mirjalili, and
Lewis, 2014), Imperialist Competitive Algorithm (ICA) (Atashpaz-Gargari and Lu-
cas, 2007), Particle Swarm Optimization (PSO) (Kennedy and Eberhart, 1995), and
Whale Optimization Algorithm (WOA) (Mirjalili and Lewis, 2016) showed that DE
achieved outstanding results among the considered methods. Finally, ILS is being
considered due to its simplicity of implementation and usage. All metaheuristics are
based on the same representation scheme (described in Section 5.1) and use the same

definition of the neighborhood (described in Section 5.2).

In the current section, # € R?° is denoted as the concatenation of a machine assign-
ment 7 and an execution order . This means that Z1, ..., Z5 correspond to 71,.. ., 75;
while Z541, ..., %95 correspond to G1,...,05. Given & (and the instance constants s;,
u;, pi, G, and ¢; for i € T), it is easy to compute m;, 0; (i € V\T), k; (i € V), and
¢r (K =1,...,m) as described in Sections 5.1.1 and 5.1.2; and then the associated
makespan Chyax using Algorithm 5.1.3.1. In this section, f(Z) = Chpax is denoted as
the makespan of the associated solution given by Z. Additionally, in the algorithms,
»

the short terms “chosen”, “random” or ‘randomly chosen” should be interpreted as

abbreviations of “randomly chosen with uniform distribution”.

Initial solutions of all methods are constructed in the same way. For each operation ¢ €

V\T, the machine k € F(i) with the lowest processing time is chosen. (For operations
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i € T, the machine that processes operation ¢ is fixed by definition.) Then, a Cost-
based Breadth-First Search (CBFS) algorithm is used to sequence the operations.
The costs of each operation are given by a random number in [0, 1]. At each iteration
of the CBFS algorithm, a set of eligible operations & is defined. Operations in £
are those for which their immediate predecessors have already been sequenced. If
|€] > 1, operations in & are sequenced in increasing order of their costs; if |E] =
1 then the single operation in £ is sequenced. The procedure ends when £ = ()
which implies that all operations have been sequenced. In the following, the main
principles of each adapted metaheuristic framework for the OPS scheduling problem
are schematically describe, see Section 3.8 for a more in-depth description of each

metaheuristic framework.

5.3.1 Differential Evolution

The proposed DE follows very closely the Algorithm 3.8.5. The major difference is that
the proposed DE contains an additional parameter named “variant”, which denotes the
mutation scheme that will be used to generate v;. If parameter variant = DE/rand /1
then the indexes r1 # r9 # 13 are randomly chosen in {1,2, ..., nge}\{i}. If variant =
DE/best/1 then the index 71 is the index of the individual with best fitness value in
the population, while r9 # r3 remain random numbers in {1,2,...,ngze} \ {7,71}.

Algorithm 5.3.1 shows the essential steps of the proposed DE algorithm.

5.3.2 Genetic Algorithm

In the proposed GA, tournament selection is used to select the individuals (solutions)
that are recombined (crossover) to generate the offspring. During tournament se-
lection, two pairs of individuals are randomly chosen from the population and the
fittest individual of each pair takes part of the recombination using uniform crossover.
Preliminary experiments with uniform crossover, two-point crossover and simulated
binary crossover (Deb and Agrawal, 1995), showed that uniform crossover achieves
the best results. Therefore, during uniform crossover of two solutions Z% and %2,
two new solutions #/1 and 772 are generated as follows. For each k € {1,2,...,20},

—19 =11

—=J1 =11 =J2 =12, : —=J1 —J2
and Zj,° < 7,?; otherwise, Tj;" <= 7, and 7} < Z}'.

with probability %, Tj I
Preliminary experiments with uniform mutation, Gaussian mutation and polynomial
mutation (Deb and Agrawal, 1999; Deb and Deb, 2014), showed that uniform muta-
tion achieves the best results. Therefore, following uniform crossover, each offspring
solution Z is mutated with probability pmut € [0,1]. During mutation, a random in-
teger value j € {1,2,...,20} is chosen; and the value Z; is set to a random number

n [0,1). Once the new population is finally built, an elitist strategy is used. If the
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Algorithm 5.3.1 Differential Evolution algorithm

1: Input parameters: ngje, , Pero, variant, and ¢

2: P« @

3: for i <+ 1 to ngje do

4: Compute a random array of costs ¢ € [0, 1]°

5: Using CBFS, construct an initial solution #?

6:  Let P« PU{T%}

7: while time limit ¢ not reached do

8: for i <— 1 to ngize do

9: if variant = DE/rand/1 then

10: Compute random numbers 71 # 19 # 13 € {1,2,...,ngize} \ {7}
11: else if variant = DE/best/1 then

12: Let rq < argming_; {f(@5}
13: Compute random numbers rg # r3 € {1,2,..., ngize } \ {i,71}
14: Compute ¥ < max {O,min {:i"’“ + (@2 — 27,1 — 10*16}}
15: Compute a random number R(i) € {1,...,20}

16: for j < 1 to 20 do
17: Compute a random number v € [0, 1]

18: if v < pero or j = R(i) then

19: i} v
20: else
21: uf < &
22: Perform a local search starting from @’ to obtain @* and compute f(*)
23: if f(0%) < f(#?) then P« P\ {F} U {w*}

24: FPeY « argming.p {f(7)}
25: Return zbest

—best

£best of the new population is less fit than the best individual #

best individual & oy
of the current population, i.e., if f(Z2e%) > f(#Pt) then the worst individual of the

new population is replaced with #P°t. Algorithm 5.3.2 shows the essential steps of

the proposed GA.

5.3.3 Iterated Local Search

The proposed ILS also follows very closely the Algorithm 3.8.2. In the proposed ILS
algorithm, the perturbation of the current solution Z is governed by a perturbation
strength p € {1,2,...,20} that determines how many randomly chosen positions of a
local solution must be perturbed. The perturbation of a position simply consists in
attributing to it a random value in [0, 1). Algorithm 5.3.3 shows the essential steps of

the considered ILS algorithm.
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Algorithm 5.3.2 Genetic Algorithm
1: Input parameters: nsie, Pmut, and t.
2: P« 0.
3: for i < 1 to ngjze do
4: Compute a random array of costs ¢ € [0,1]° and, using CBFS, construct an
initial solution .

5. Let P« PU{F}.

6: while time limit ¢ not reached do

7 Let Q « 0.

8: for 1 to nsize/2 do

9: Compute random numbers 71 # 19 # 13 # r4 € {1,2, ..., Ngize} and

10: let 1 < argmin{f(Z™), f(£™)} and T® « argmin{f(F"), f(Z™)}.

11: for ¢ < 1 to 20 do

12: Compute a random number v € [0 1].

13: if v <1 then xgl — a:gl and 7} + fZQ

14: else 7 xé +— J;f and ) + :E'gl

15: for j € {j1,j2} do

16: Compute a random numbers 7 € [0, 1].

17: if v < pput then

18: Compute random numbers r € {1,2,...,20} and £ € [0,1) and let
3

19: Perform a local search starting from #7 to generate Z'*.

20: Let Q < QU {z¥}.

21: Let P + argmingp {f(Z)} and ZPS + argming o {f(2)}.

22: if f(zbest) > f(xPest) then

23: ENorst «— argmaxzeo { f(Z)} and Q « Q\ {Z}ost} U {abest],

24: Let P« Q.

25: £PY < argmingcp {f(7)}.
26: Return 7Pt

5.3.4 Tabu Search

In the proposed TS, an action is composed of a couple (i, k), where i is an operation
being moved and k is the machine to which ¢ was assigned before the move. Actions
are tracked by means of a matrix T = (T;) with ¢« = 1,...,0 and k = 1,...,m.
In this way, T;; is set to iter + T whenever action (i,k) is performed at iteration
iter, i.e. T;; = iter + 1T whenever a move is performed from the current solution &
to another solution #' € N(Z) by assigning to machine k' an operation 4 currently
assigned to machine k. An action (i, k) is tabu if T;; > iter. The tabu tenure T is
crucial to the success of the tabu search procedure and it is defined as T' = T'(\) =
[Mog,(0)?], where ) is a parameter in [0,2]. During the search, the next solution
is randomly chosen among the two neighbors with the smallest estimated makespan
(see Section 5.2.3) that are non-tabu. Note that the neighborhood is defined as in the
LS described in Section 5.2.2. If all neighbors are tabu, a neighbor whose associated

action (i, k) has the smallest T;; is chosen. With some abuse of notation, “a neighbor
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Algorithm 5.3.3 Iterated local search
1: Input parameters: p and t.
2: Compute a random array of costs ¢ € [0, 1]° and, using CBFS, construct an initial
solution Z.
Let ZPert < 7.
while time limit ¢ not reached do
Perform a local search starting from ZP'! to obtain .
if f(¥) < f(Z) then
T v
Let R C {1,2,...,20} be a a set with p mutually exclusive random numbers
for ¢ < 1 to 20 do
10: if i € R then compute a random number v € [0,1] and let ZP" « v

11: else let fipert — T

12: Return 7.

is a tabu or not” depending on whether the action that transforms the current solution
into the neighbor is tabu or not. Specifically, let iter be the current iteration T be
the current solution. Let N(Z) be its neighborhood and let i € N'(Z) be a neighbor.
Moreover, assume that in & there is an operation ¢ assigned to machine k£ and that
the action that transforms # into ¢ includes to remove i from k and to assign it to
another machine k’. Then, ¥ is considered a tabu neighbor of Z if (i, k) is tabu, i.e., if
T;, > iter. Otherwise, ¢ is a non-tabu neighbor. Algorithm 5.3.4 shows the essential

steps of the considered TS algorithm.

5.4 Experimental Verification and Analysis

In this section, extensive numerical experiments with the proposed metaheuristics for
the OPS scheduling problem are presented. In a first set of experiments, parameters
of the proposed metaheuristics are calibrated with a reduced set of OPS instances. In
a second set of experiments, additionally to the whole set of OPS instances used in
Chapter 4, another 50 even larger OPS instances are generated. The calibrated meth-
ods are compared to each other and against the IBM ILOG Constraint Programming
Optimizer (CPO), also considered in Chapter 4. As a result of the analysis of the per-
formance of the proposed methods, a combined metaheuristic approach is introduced.
In a last set of experiments, the best performing approach is evaluated when applied
to instances of the FJS scheduling problem with sequencing flexibility and instances
of the classical FJS scheduling problems considering well-known benchmark sets from

the literature.

Metaheuristics were implemented in C+-+. Numerical experiments were conducted
using a single physical core on an Intel Xeon E5-2680 v4 2.4 GHz with 4GB mem-
ory (per core) running CentOS Linux 7.7 (in 64-bit mode), at the High-Performance
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Algorithm 5.3.4 Tabu search

1: Input parameters: T'(\) and ¢.

2: iter <~ O0and T, <~ 0 (i =1,...,0, k=1,...,m).
Compute a random array of costs ¢ € [0, 1]° and, using CBFS, construct an initial
solution Z.

w

4: Initialize ZP*t « 7.

5: while time limit ¢ not reached do

6: iter < iter + 1.

7 if there are at least two non-tabu neighbors in NV (Z) then

8: Let ¢, € N(Z) the two non-tabu neighbour solutions with smallest esti-
mated makespan

9: Let ¢ € {¥, W} be randomly chosen. Let (i, k) be the action that transforms
Z into /.

10: else if there is a single non-tabu neighbor in A/ (Z) then

11: Let i € N(Z) be the single non-tabu neighbour and let (i, k) be the action
that transforms Z into ¥.

12: else

13: Let ¥ € N(Z) be a (tabu) neighbour whose associated action (i,k) has

minimum T;g.
14: Let T;. + iter + T()\)
15: Let & < 4.
16: if f(Z) < f(a?'beSt) then 7Pt « 7

17: Return zPest,

Computing (HPC) facilities of the University of Luxembourg (Varrette et al., 2014).

5.4.1 Considered Sets of Instances

As a whole, 20 medium-sized and 100 large-sized instances of the OPS scheduling
problem were considered. The set of medium-sized instances, named MOPS from
now on, corresponds to the instances described in Section 4.4.3 and presented in Ta-
ble 4.4. The set of large-sized instances corresponds to the set with 50 instances
described in Section 4.4.4 and presented in Table 4.7, named LOPS1 from now one,
plus a set with 50 additional even larger instances, named LOPS2 from now on, gen-
erated with the random instances generator procedure described in Section 4.4.1. The
instances generator relies on six integer parameters, namely, the number of jobs n, the
minimum oy, and maximum oy, number of operations per job, the minimum My,
and the maximum m,, number of machines, and the maximum number ¢ of peri-
ods of unavailability per machine. The LOPS2 set contains 50 instances numbered
from 51 to 100, the k-th instance being generated with the following parameters:
n = 11+ [1£5 % 189], Omin = 5, Omax = 6 + [1a5 % 14], mumin = 9 + [155 x 207,
Mmax = 10 + [Wko x 90|, and ¢ = 8. The instances generator and all considered in-
stances are freely available at https://github.com/willtl/online-printing-shop.
Table 5.1 describes the main features of the 50 instances in the set LOPS2. The union
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of LOPS1 and LOPS2 will be named LOPS from now on. It is worth noticing that,
although random, the OPS instances preserve the characteristics of real instances of
the OPS scheduling problem. Moreover, large-sized instances are of the size of the

instances that occur in practice.

In addition to the OPS instances, instances of the FJS scheduling problem with se-
quencing flexibility as proposed in (Birgin et al., 2014) and instances of the FJS
scheduling problem as proposed in (Brandimarte, 1993; Hurink, Jurisch, and Thole,
1994; Barnes and Chambers, 1996; Dauzére-Pérés and Paulli, 1997) were considered.
The instances in (Birgin et al., 2014) are divided into two sets named YFJS and
DAFJS. The first set corresponds to instances with “Y-jobs” while the second set cor-
responds to instances in which the jobs’ precedence constraints are given by certain
types of directed acyclic graphs, see (Birgin et al., 2014) for more details. The sets of
instances of the FJS scheduling problem were named BR, HK, BC, and DP, respec-
tively. The HK set consists of the well-known EData, RData, and Vdata sets, with

varying degrees of routing flexibility.

Table 5.2 shows the main figures of each instance set. The first two columns of
the table (“Set name” and “#inst.”) identify the set and the number of instances in
each set. In the remaining columns, characteristics of the instances in each set are
given. Column m refers to the number of machines, ¢ refers to the number of periods
of unavailability per machine, n is the number of jobs, 6 refers to the number of
operations per job, |V| is the total number of operations (i.e., |V| = o), |A| is the total
number of precedence constraints, |T'| is the number of fixed operations, “#overlap”
is the number of operations whose processing may overlap with the processing of a
successor (i.e., [{i € V | 6; < 1}]), and “#release” is the number of operations with
an actual release time (i.e., [{i € V' | r; > 0}|). For each of these quantities, the table
shows the minimum (min), the average (ave), and the maximum (max), in the form
min|ave|max, over the whole considered set. It is worth noticing that, as a whole, 348

instances of different sources and nature are being considered.



Table 5.1: Main features of the fifty large-sized OPS instances in the LOPS2 set.

Main instance characteristics CP Optimizer formulation
Instance m oy an n o |A| |T| ?\%a;?;le)?j; # constraints
51 49 219 108 1067 1812 1 85148 249492
52 41 170 110 1076 1772 0 71169 209792
53 20 88 112 1105 1807 4 35763 105440
54 54 262 114 1137 1917 0 98745 291090
55 40 203 115 1065 1720 1 67611 199468
56 31 143 117 1098 1745 1 55292 162385
57 46 177 119 1217 2013 2 88912 261270
58 51 233 121 1274 2122 3 103766 304923
59 26 124 123 1271 2181 0 54918 162302
60 48 212 125 1346 2339 0 103373 304605
61 50 228 127 1358 2381 4 106864 314187
62 32 130 129 1290 2133 0 68060 199865
63 41 144 131 1370 2297 1 90142 265633
64 54 257 132 1421 2442 3 122801 361440
65 55 264 134 1427 2384 1 125843 370335
66 63 281 136 1523 2627 0 152642 449811
67 64 304 138 1499 2621 2 153859 452214
68 38 158 140 1579 2750 2 97716 288436
69 40 171 142 1577 2739 1 99887 294099
70 37 147 144 1588 2755 4 95755 281382
71 53 247 146 1590 2734 0 136147 400311
72 70 354 148 1701 2952 4 185238 544518
73 32 132 149 1778 3174 3 92225 271844
74 29 125 151 1726 3000 1 82365 242813
75 33 167 153 1744 3077 0 94906 278965

continues on next page
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Table 4.7 continued

Main instance characteristics

CP Optimizer formulation

Instance m > e Gk n 0 |A| |T| %ai?atgfssr # constraints
76 58 247 155 1757 3054 0 161749 475363
7 71 292 157 1793 3137 1 201915 594077
78 79 367 159 1789 3105 0 223365 655201
79 74 324 161 1798 3121 2 212354 626118
80 80 355 163 1850 3202 1 231248 680674
81 49 207 165 2080 3785 2 164905 485323
82 29 139 166 2063 3763 0 98767 291587
83 49 207 168 2044 3565 2 158986 468564
84 78 357 170 2082 3753 0 256059 753223
85 61 251 172 2047 3700 4 202088 593823
86 67 301 174 2133 3827 6 226909 666635
87 56 273 176 2215 4006 0 198539 584436
88 27 130 178 2141 3953 1 95622 282029
89 45 188 180 2299 4187 3 166199 488842
90 51 255 182 2213 4020 1 181658 534436
91 72 341 183 2340 4276 1 266059 782641
92 56 246 185 2400 4418 0 215525 634439
93 85 374 187 2399 4386 0 320129 941218
94 38 153 189 2447 4431 0 150904 444416
95 73 337 191 2568 4721 1 299347 879356
96 60 310 193 2508 4565 2 237394 698041
97 70 324 195 2443 4530 1 268046 788064
98 32 173 197 2579 4667 2 134682 397669
99 97 433 199 2548 4649 2 390037 1148630
100 58 247 200 2661 5032 3 246960 727868
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Table 5.2: Main features of the considered sets of instances.

Set name #inst. m g n ) V| |A| |T| #overlap #release
MOPS 20 6/10/17 25]48|75 5/8]10 6/9|14 36/67/100  54|106/207 0[13 0[7]16 o[1/6
LOPS 100 10[37197  44/168433  13[106(200  5[10[22  79|11532661 9519855032 0|16 71151270 0]28|79
YFJS 20 7114(26 0 4[10[17 410117 24/115/289  18]105272 0 0 0
DAFJS 30 5/7|10 0 4|7|12 4/9|23 95|71|120  23|66|117 0 0 0

BR 10 4|8|15 0 10[15/20 3915 55/141[240  45[125[220 0 0 0
HK 129 5/8|15 0 6/16/30 5815 36]145[300  30[128]270 0 0 0
BC 21 11]13[18 0 10[13]15  10[11]15 100158225  90|145[210 0 0 0
DP 18 5/7|10 0 10[15]20  15/19]25  196|292|387 186|277|367 0 0 0
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5.4.2 Parameters Tuning

In this section, the performance of the proposed metaheuristics are evaluated under
variations of their parameters. In this way, thirty OPS instances were used to fine-
tune each parameter of each metaheuristic. The set of instances was composed of the
five most difficult instances from the MOPS set according to the numerical results
presented in Table 4.6 plus twenty-five representative instances from the LOPS set,
namely, instances 1,5,9,13,...,97. Since methods whose parameters are being cali-
brated have a random component, for each desired combination of parameters, each
method was applied to each instance ten times. For each run, a CPU time limit of

1200 seconds was imposed.

Assume that the combinations of parameters ci,cs,...,ca for method M applied
to the set of instances {p1,p2,...,pR} are to be evaluated. Let f(M(ca),ps) be the
average makespan over the ten runs of method M with the combination of parameters

o applied to instance pg fora =1,...,Aand 8 =1,...,B. Let

Joest (M, pg) = {a:n;linA} {f(M(ca),pg)}, for s =1,...,B,

fworst(MypB) = HlaXA} {f(M(Ca)7pﬁ)}7 for B = 1a s 7Bv

{a=1,...,

and

RDI(M (ca),pg) = f(M(ca),ps) — foest (M, ps)

= ,fora=1,...,Aand 5 =1,...,B.
fworst(Mapﬁ) - fbest(Mapﬁ)

Thus, for every a and 8, RDI(M(cq), pg) € [0,1] indicates the performance of method
M with the combination of parameters ¢, applied to instance pg with respect to the
performance of the same method with other combinations of parameters. The smaller
the RDI(M(cq),ps), the better the performance. In particular, RDI(M (cq),ps) = 0
if and only if f(M(ca),pg) = foest(M,pg) and RDI(M(cq),ps) = 1 if and only if
f(M(ca),ps) = fworst(M,pg). If defined

B
1
RDI(M (c,)) = 3 > RDI(M(cq),pg), fora=1,..., A,
B=1

then the combination of parameters ¢, with the smallest RDI(M (c,)) is the one for
which method M performed best.
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5.4.2.1 Differential Evolution

In DE there are four parameters to be calibrated, namely, ngize, Pero, ¢, and variant.
Preliminary experiments indicated that varying these parameters within the ranges
Nsize € [4,40], pao € [0,0.01], ¢ € [0,1], and wvariant € {DE/rand/1,DE/best/1}
would provide acceptable results. Since testing all combinations in a grid would
be very time consuming, it was arbitrarily proceeded as follows. First, ngze €
{4,8,12,...,40} was varied with the following parameters set to a fixed value, pero =
0.005, ¢ = 0.5, and variant = DE/rand/1. Figure 5.6a shows the RDI for the differ-
ent values of nge. The figure shows that the method achieved its best performance
at Nsize = 8. In a second experiment, peo € {0,1073,2 x 1073,...,9 x 1073} was
varied with the following fixed parameters, ngj,e = 8, ¢ = 0.5, variant = DE/rand/1.
Figure 5.6b shows that the best performance was obtained with pero = 0. In a third ex-
periment, ¢ € {0.1,0.2,...,1} with the following fixed parameters, ng,e = 8, pero = 0,
variant = DE/rand/1. Figures 5.6c and 5.6d show the results for the five problems
in the MOPS set and the twenty five instances in the LOPS set,; respectively. The
results demonstrate that the best performance is obtained for ( = 0.7 and ¢ = 0.1,
respectively. It is worth noticing that the performance of the method varies smoothly
as a function of its parameters as indicated by Figures 5.6a—5.6d. Finally, Figures 5.7a
and 5.7b show the performance of the algorithm with ngze = 8, Pero = 0, and ¢ = 0.7
applied to the five instances from the MOPS set and with nge = 8, pero = 0, and
¢ = 0.1 applied to the twenty five instances from the LOPS set. In both cases, the fig-
ures compare the performance for variations of variant € {DE/rand/1, DE/best/1}.
The considered mutation variants are the two most widely adopted ones in the lit-
erature. The main difference between both of them is that the former emphasizes
exploration while the latter emphasizes exploitation. In this experiment, the time
limit was extended to 1 hour. Figures 5.7a and 5.7b show the average makespan over
the considered subsets of instances as a function of time. Both graphics show that a

choice of variant = DE/rand/1 is more efficient.

5.4.2.2 Genetic Algorithm

In the proposed GA there are two parameters to be calibrated, namely, ng,e and
Pmut- Preliminary experiments indicated that varying these parameters within the
ranges Nsize € [4,40] and pyye € [0.01,0.5] would provide acceptable results. In a first
experiment, ngie € {4,8,...,40} was varied with fixed pyuy = 0.25. Figure 5.8a shows
that the best performance is obtained with ng,. = 8. In a second experiment, ngj,e = 8
was fixed and ppy¢ € {0.01,0.06,...,0.46} was varied. Figures 5.8b and 5.8c show that
the best performance is obtained with py,t = 0.36 when the method is applied to the
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Figure 5.6: DE performance for different parameters’ settings.
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Figure 5.7: Evolution of the average makespan as a function of time obtained with DE (a)

with ngize = 8, Pero = 0, and ¢ = 0.7 applied to the five selected instances from the MOPS

set and (b) with ngize = 8, pero = 0, and ¢ = 0.1 applied to the twenty five selected instances
from the LOPS set.

five selected instances from the MOPS set; while its best performance is obtained with
Pmut = 0.11 when applied to the twenty five selected instances from the LOPS set. It
can be observed that, as is happened with DE, the best population size is ngj,e = 8 and
it does not depend on the size of the instances. On the other hand, the same behavior
is not observed for the mutation probability parameter py,t. Similar to the parameter
¢ of DE that appears in its mutation scheme, a different behavior is observed when the
method is applied to instances from the MOPS and the LOPS sets. At this point, it is
important to stress that this should not be considered problematic. The main goal is
to develop an efficient and effective method to be applied to practical instances of the
OPS scheduling problem, i.e., to a real-world problem; and these instances are very
similar to the instances in the LOPS set. Numerical experimentation with the MOPS
instances is carried out for assessment purpose, comparing the obtained results with
the ones presented in Chapter 4, which include numerical experiments with instances
of the MOPS set.
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Figure 5.8: Genetic Algorithm performance for different parameters’ settings.

5.4.2.3 Iterated Local Search and Tabu Search

ILS and TS have a single parameter to calibrate, namely p and A, respectively.
Preliminary experiments indicated that varying these parameters within the ranges
p € {1,2,...,10} and X\ € [0.6,1.5] would provide acceptable results. Figures 5.9
and 5.10 show the results varying p € {1,2,...,10} and A € {0.6,0.7,...,1.5}, re-
spectively. They show that ILS performed best with p = 2; while TS obtained the best
results with A = 1.2. It is worth noticing that, in both cases, the performance varies
smoothly as a function of the parameters; thus similar performances are obtained for

small variations of the parameters.

RDI

06 07 08 09 1 11 12 13 14 15

Figure 5.10: Tabu Search performance as a function of its solely parameter .
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5.4.3 Experiments With OPS Instances

This section presents numerical experiments with the four calibrated metaheuristics
DE, GA, ILS, and TS. In addition, the performance of the IBM ILOG CPO (Laborie
et al., 2018), version 12.9, is presented. In this experiments, the two-phases strategy
“Incomplete model + CP Model 4” described in Chapter 4 is considered. This approach
consists of first solving a simplified model and, in a second phase, using the solution
obtained in the first phase as the initial solution to the full and more complex model.
This is the approach that performed best among several alternative CP models and

solution strategies considered in Chapter 4.

Numerical experiments consider the 20 instances in the MOPS set and the 100 in-
stances in the LOPS set. Each metaheuristic was run 50 times in each instance of the
MOPS set and 12 in each instance of the LOPS set. As described in Section 5.4.2,
the average over all runs is considered for comparison purposes. For each run, a CPU
time limit of 2 hours was imposed. The metaheuristics being evaluated start from a
feasible solution and generate a sequence of feasible solutions. Thus, it is possible to
observe the evolution of the makespan over time. This is not the case of the strategy
of the CPO being considered. In the two-phases strategy, 2/3 of the time budget is
allocated to the solution of a relaxed or incomplete OPS formulation in which setup
operations can be preempted and the setup of the first operation to be processed in
each machine is considered to be null; while the remaining 1/3 of the time budget is
allocated to the solution of the actual CP formulation of the OPS scheduling prob-
lem. Due to the two-phases strategy, it is not possible to track the evolution of the
makespan over time, since in the first 2/3 of the time budget the incumbent solution
is, with high probability, infeasible. Therefore, to compare the performance of the
CPO against the proposed methods, CPO was run several times with increasing time

budgets given by 5 minutes, 30 minutes, and 2 hours per instance.

Figure 5.11 shows the evolution of the average makespan (over the 50 runs and over
all instances) when the five methods are applied to the instances in the MOPS set.
Table 5.3 presents the best makespan and Table 5.4 presents average makespan ob-
tained by each metaheuristic method in each instance. The last line named “Mean” in
each table presents the average results. The last line in Table 5.4 exhibits the Pooled
Standard Deviation (PSD). For each instance, figures in bold represent the best re-
sult obtained by the methods under consideration. Average makespans and PSDs are
graphically represented in Figure 5.12. Method T'S+DE that appears in the figures
and the table should be ignored at this time. The motivation for its definition as
well as its presence in the experiments will be elucidated later in the current section.
Table 5.5 shows the results of applying CPO to instances in the MOPS set. In the
table, UB corresponds to the best solution found (UB to the optimal solution); while
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Figure 5.11: Evolution of the average makespan over time of each proposed method and
CPO applied to the MOPS set instances.
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Figure 5.12: Average makespans and pooled standard deviations of applying the proposed
metaheuristic approaches fifty times to instances in the MOPS set with CPU time limits of 5
minutes, 30 minutes, and 2 hours.
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LB corresponds to the computed LB when the CPU time limit is equal to two hours.
A comparison between the lower and the UB shows that the optimal solution was
found for instances 1-5, 7, 9, 10, 13, and 15-19; while a non-null gap is reported for
instances 6, 8, 11, 12, 14, and 20.

The results presented in Figure 5.11 show that DE outperforms any other method at
any instant in time if the average makespan is considered. Recalling that CPO does
not produce feasible solutions in the first 2/3 of the time budget, the comparison of
DE with CPO requires the analysis of the results in Tables 5.3, 5.4, and 5.5. The
results in the tables show that DE outperforms CPO when the CPU time limit is 5
minutes, 30 minutes, or 2 hours. Results in the tables show that DE outperforms
CPO also when the performance measure is the best makespan instead of the average
makespan. The method that ranks in second place depends on the time limit and the
performance measure (average or best makespan). Depending on the choice, CPO or
ILS achieve second best result. The second place belongs to CPO when the average
makespan is considered or when the CPU time limit is 2 hours. If the performance
measure is the best makespan and the CPU time limit is 5 minutes or 30 minutes, the

second place belongs to ILS. Concerning the best makespan and considering a CPU
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time limit of 2 hours, DE, GA, ILS, TS, and CPO obtained the best makespan 17, 10,
12, 12, and 13 times, respectively. Note that these numbers are slightly influenced by
the presence of the method T'S+DE that should be ignored. This is because TS+DE
was the only method to find the best makespan in instance 6; so this instance is not
computed for TS, that was the only method that found the second-best makespan for
this instance. In any case, considering the average makespan, it is worth noting that,
depending on whether the CPU time limit is 5 minutes, 30 minutes, or 2 hours, the
difference between the methods that rank in first and last places is not larger than

0.8%, 0.7%, or 0.6%, respectively.



Table 5.3: Results of applying the metaheuristic approaches to instances in the MOPS set.

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
1 344 351 346 344 344 344 350 346 344 344 344 350 346 344 344
2 357 358 358 357 357 357 358 357 357 357 357 357 357 357 357
3 405 409 407 409 405 405 409 407 409 404 405 409 405 408 404
4 458 458 458 458 458 458 458 458 458 458 458 458 458 458 458
) 507 516 510 507 507 507 516 510 507 507 507 516 509 507 507
6 435 447 436 437 432 435 446 436 434 432 435 442 436 433 432
7 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429
8 447 459 453 461 448 446 451 453 456 447 445 451 451 456 447
9 629 632 630 633 629 629 631 630 631 629 629 631 629 630 629
10 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184
11 413 427 419 433 414 413 426 414 433 413 413 423 414 430 413
12 491 500 496 511 492 489 492 492 511 489 489 492 492 507 489
13 347 347 347 347 347 347 347 347 347 347 347 347 347 347 347
14 392 404 396 412 389 391 404 393 408 389 389 400 391 408 389
15 320 320 319 319 319 320 319 319 319 319 320 319 319 319 319
16 543 543 543 543 543 543 543 543 543 543 543 543 543 543 543
17 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052
18 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184
19 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451
20 507 519 521 538 511 507 918 514 534 507 507 014 014 934 507
Mean 794.75 799.5 796.95 800.45 794.75 | 794.55 798.4 795.95  799.55 794.25 | 7944 797.6 795.55  799.05 794.25
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Table 5.4: Results of the average makespan applying the metaheuristic approaches to instances in the MOPS set.

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
1 346.25 361.2 349.2 344 344.12 346 361 348 344 344.12 346 360.8 347.6 344 344.12
2 357.75 361.6 361.2 357.25 357.88 | 357.75 360.8 359.2 357 357.88 | 357.75 359 357.4 357 357.88
3 408.25 417.4 408.4 409.5  407.62 407 416 408.4 409 406.5 | 406.25 414.8 407.6 408.25 406.12
4 458 461.6 458 458 458 458 460 458 458 458 458 459 458 458 458
5 511 521.2 511.8 510 509.12 | 509.5 518.6 511.6 508 508.5 508 518.6 510.2 508 508.5
6 436.5 457.2 441.6 438 436.12 | 436.25 449 441 435.5 435.62 | 436.25 447.8 441 433.75 435.62
7 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429 2429
8 451.25 463 459.2 462 452.5 450.5 461 456.2 458.75  451.12 450 460.6 453.6 456.5 450.62
9 630.5 638 630.8 637 630.5 630 632.6 630 633.5 629.88 | 629.75 631.8 629.6 632.25 629.5
10 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184 1184
11 421.5 428.4 421.6 434.25 419.62 420 426.2 416.8 433.5 416.5 420 423.6 416.6 430.75 416
12 495 504.2 501.2 512 496.75 | 494.75 497.6 497.8 511.25  493.5 494 494.6 495.8 508.5 493
13 347 347 347 347 347 347 347 347 347 347 347 347 347 347 347
14 396.5 408.2 401.4 414.25  395.5 | 394.25 404.4 397.6 410.5  393.88 394 400.8 394.8 409 393.12
15 320 320 319.6 319 319.5 320 319.6 319 319 319.5 320 319.2 319 319 319.5
16 543 543 543 543 543 543 543 543 543 543 543 543 543 543 543
17 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052 1052
18 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184 3184
19 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451 1451
20 511.75 523 521.4 540.25  516.75 | 509.25  520.8 519 536.75 512 509.25 518.2 515.4 536 507.88
Mean  796.71 802.75 798.77 801.27 796.7 | 796.16 800.88 797.63 800.24 795.85 | 795.96 799.94 796.83 799.55 795.49
PSD 1.35 5.10 2.77 1.12 1.31 1.09 4.11 2.56 0.92 1.34 1.00 3.88 241 0.87 1.13
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Table 5.5: Results of applying CPO to instances in the MOPS set.

5m 30m 2h 5m 30m 2h 5m 30m 2h 5m 30m 2h
Instance Instance Instance Instance

UB UB LB UB UB UB LB UB UB UB LB UB UB UB LB UB
1 344 344 344 344 6 441 441 335 441 11 418 418 406 418 16 543 543 543 543
2 357 357 357 357 7 2429 2429 2429 2429 12 506 497 457 499 17 1080 1052 1052 1052
3 404 404 404 404 8 456 450 360 450 13 347 347 347 347 18 3184 3184 3184 3184
4 458 458 458 458 9 632 629 629 629 14 402 402 320 394 19 1451 1451 1451 1451
5 506 506 506 506 10 1184 1184 1184 1184 15 319 319 319 319 20 522 522 417 520

Mean 799.1 796.9 796.5
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120 Chapter 5. Constructive Heuristic, Local Search Heuristic, and Metaheuristics
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Figure 5.13: Evolution of the average makespan over time of each proposed method and
CPO applied to the LOPS set instances.
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Figure 5.14: Average makespans and pooled standard deviations of applying the proposed
metaheuristic approaches twelve times to instances in the LOPS set with CPU time limits of
5 minutes, 30 minutes, and 2 hours.

Figure 5.13 shows the evolution of the average makespan (over the 12 runs and over
all instances) when the five methods are applied to the instances in the LOPS set.
Tables 5.6-5.7 present respectively the best makespan and the average makespan
obtained by each metaheuristic method in each instance when the CPU time limit is
5 minutes, 30 minutes, or 2 hours. For each instance, numbers in bold represent the
best results obtained by the methods under consideration. Method TS+DE should
still be ignored. The last line named “Mean” in each table presents the average results.
In Table 5.7, and additional line exhibits the PSD. Average makespans and PSDs are
graphically represented in Figure 5.14. Table 5.8 shows the results of applying CPO
to the instances in the LOPS set. The symbol “ — ” means that CPO was not able
to find a feasible solution within the time budget.

The results in Figure 5.13 show that, differently from the previous experiments with
the medium-sized OPS instances, in the large-sized instances no method obtains the
smallest average makespan regardless of the considered time instant. TS outperforms
all the other methods for any instant ¢ < 650 seconds while DE outperforms all
the other methods for any instant ¢ > 650 seconds. Another difference concerning the

medium-sized instances is that CPO was outperformed by all introduced metaheuristic
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approaches. The numerical values in Tables 5.6 and 5.7 reflect the results already
observed in Figure 5.13. TS found the best results for small-time limits while DE
found the best results for large time limits. The average results show that the methods
rank (a) TS, DE, GA, ILS, and CPO; (b) DE, TS, GA, ILS, and CPO; and (c) DE,
TS, GA, ILS, and CPO, when the CPU time limit is 5 minutes, 30 minutes, and 2
hours, respectively, independent of considering the best or the average makespan as a

performance measure.

The observations described in the paragraph above led us to consider a combined
approach, named TS+DE, that uses TS to construct an initial population for DE.
The combined approach has three phases. In the first phase, TS is used to obtain
a solution. Instead of running the method until it reaches the CPU time limit, the
search is stopped if the incumbent solution is not updated during a period of log;,(0)
seconds o CPU time, recalling that o is the number of operation of an instance. In
the second phase, a population is constructed by running the LS procedure starting
from ngj,e — 1 perturbations of the TS solution. The perturbation procedure is the
one described for the ILS algorithm in Section 5.3. The solution of the TS plus the
Nsize — 1 solutions found with the LS constitute the initial population of DE. Running
DE with this initial population is the third phase of the strategy. The three-phases
strategy is interrupted at any time if the CPU time limit is reached. In this strategy,
parameters of TS, DE, and the perturbation procedure of ILS were set as already

calibrated for each individual method.

Figure 5.11 and Tables 5.3-5.4 show the performance of the combined approach when
applied to the MOPS set, while Figure 5.13 and Tables 5.6-5.7 show the performance
of the combined approach when applied to the LOPS set. Specifically for the instances
in the MOPS set, TS+DE (with a CPU time limit of at least 30 minutes) finds the
optimal solutions in the 14 instances with the known optimal solution and improves
the solutions found by CPO in the 6 instances with a non-null gap. Figures and tables
show that TS+DE is the most successful approach. It always found the lowest average
makespan in the MOPS and LOPS sets independent of the CPU time limit imposed. It
found the lowest best and average makespans and it found the largest number of best
solutions among all considered methods, outperforming CPO to a large extent. It is
worth noting that, in the LOPS set, considering the average makespan, the difference
between the metaheuristics that rank in first and last places is not larger than 7%,
6%, or 5%, depending on whether the CPU time limit is 5 minutes, 30 minutes,
or 2 hours, respectively. This result is not surprising since the four metaheuristic
approaches share the representation scheme and the definition of the neighborhood in
the LS strategy. On the other hand, the difference between TS+DE and CPO, with
a CPU time limit of 2 hours, is 16%.



Table 5.6: Best makespan of applying the metaheuristics to the first-half of the instances in the LOPS set.

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance
DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
1 516 525 516 527 516 516 522 516 526 516 513 520 516 524 514
2 641 655 647 660 642 641 651 647 659 641 638 648 642 658 639
3 620 623 622 644 617 615 622 616 644 614 613 618 612 640 613
4 741 750 736 769 742 736 743 736 767 738 736 741 736 767 737
5 826 836 829 857 824 820 831 821 856 821 820 824 820 854 820
6 689 691 690 726 683 681 683 679 724 678 676 679 674 724 675
7 896 903 896 935 897 890 895 892 935 888 886 894 890 935 886
8 1007 1014 1013 1049 1010 1001 1005 1004 1049 1000 999 1002 999 1049 997
9 919 921 920 969 915 905 914 911 969 906 902 910 906 969 900
10 765 775 768 829 762 748 764 754 829 752 745 755 749 829 744
11 1182 1191 1182 1217 1174 1165 1183 1167 1217 1162 1160 1164 1161 1217 1153
12 1168 1183 1170 1227 1164 1146 1162 1150 1227 1149 1138 1155 1138 1227 1140
13 988 1001 994 1055 990 971 986 976 1055 974 961 980 965 1055 965
14 1443 1450 1443 1498 1436 1430 1443 1428 1498 1427 1421 1431 1419 1498 1419
15 1386 1398 1384 1454 1380 1366 1384 1360 1454 1362 1355 1373 1356 1454 1352
16 1311 1327 1306 1366 1312 1293 1308 1288 1366 1293 1284 1301 1280 1366 1282
17 1041 1061 1041 1085 1045 1028 1046 1030 1085 1029 1019 1030 1016 1085 1021
18 1885 1898 1880 1956 1885 1862 1875 1855 1956 1859 1848 1858 1840 1956 1843
19 990 1007 997 1025 989 978 992 980 1025 974 962 985 964 1025 968
20 965 988 971 1013 967 948 969 952 1013 949 932 955 934 1013 934
21 1879 1894 1881 1948 1878 1852 1866 1853 1948 1854 1837 1850 1834 1948 1835
22 1417 1424 1442 1477 1402 1380 1404 1406 1477 1359 1361 1381 1383 1477 1349
23 1070 1083 1074 1105 1074 1050 1062 1056 1105 1059 1038 1050 1037 1105 1040
24 1914 1935 1921 1974 1919 1884 1905 1894 1974 1882 1859 1887 1870 1974 1857
25 1227 1245 1238 1272 1222 1204 1223 1209 1272 1205 1189 1208 1194 1272 1191

continues on next page
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Table 5.6 continued

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance
DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
26 1281 1306 1293 1309 1279 1256 1284 1259 1309 1261 1237 1264 1238 1309 1243
27 1698 1718 1715 1753 1696 1670 1683 1677 1753 1670 1652 1674 1651 1753 1648
28 1929 1944 1953 1988 1926 1885 1925 1901 1988 1877 1858 1892 1879 1988 1853
29 2011 2072 2097 2098 1977 1950 2017 2009 2098 1943 1909 1986 1958 2098 1905
30 1557 1571 1576 1586 1548 1521 1546 1535 1586 1516 1496 1527 1510 1586 1487
31 1164 1185 1221 1179 1133 1128 1155 1167 1179 1103 1100 1136 1127 1179 1089
32 1062 1079 1094 1086 1058 1050 1062 1057 1086 1043 1034 1053 1039 1086 1030
33 2095 2114 2145 2151 2092 2058 2094 2086 2151 2052 2033 2075 2053 2151 2025
34 1438 1429 1465 1437 1390 1391 1405 1419 1437 1361 1356 1390 1388 1437 1342
35 2772 2835 2877 2895 2795 2732 2789 2795 2895 2740 2689 2754 2726 2895 2694
36 2482 2504 2549 2544 2478 2446 2482 2492 2544 2445 2419 2463 2443 2544 2417
37 1275 1299 1307 1287 1271 1253 1278 1281 1287 1247 1236 1263 1263 1287 1238
38 1159 1164 1182 1169 1145 1145 1142 1154 1169 1135 1125 1134 1133 1169 1119
39 1756 1754 1787 1760 1733 1721 1739 1758 1760 1706 1692 1714 1728 1760 1688
40 2204 2220 2261 2226 2181 2174 2200 2213 2226 2154 2142 2186 2163 2226 2131
41 2316 2344 2345 2304 2251 2268 2307 2281 2304 2229 2231 2275 2246 2304 2194
42 1582 1605 1655 1559 1539 1546 1565 1591 1559 1521 1520 1551 1551 1559 1502
43 2523 2540 2574 2548 2507 2490 2535 2526 2548 2486 2457 2500 2496 2548 2449
44 3678 3776 3839 3695 3638 3645 3715 3771 3695 3571 3578 3663 3702 3695 3516
45 2060 2065 2143 2069 2051 2043 2054 2095 2069 2033 2021 2044 2055 2069 2014
46 2185 2199 2236 2220 2180 2153 2185 2187 2220 2150 2122 2163 2150 2220 2123
47 3413 3539 3689 3438 3363 3356 3491 3602 3438 3330 3297 3454 3515 3438 3273
48 1272 1287 1313 1260 1242 1250 1274 1276 1260 1231 1231 1255 1256 1260 1218
49 2862 2893 2933 2889 2851 2836 2876 2886 2889 2829 2816 2844 2844 2889 2804
50 1374 1382 1403 1369 1347 1349 1369 1380 1369 1333 1331 1356 1359 1369 1321

continues on next page

SISATeUY, pue UOIJRIYLIDA [RIUSWILIOAXE F'C

€cl



Table 5.6 continued

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance
DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
51 1567 1590 1649 1595 1557 1549 1573 1608 1595 1543 1530 1554 1573 1595 1527
52 1956 2034 2099 1952 1913 1920 1984 2040 1952 1888 1886 1952 1985 1952 1868
53 3629 3639 3678 3668 3623 3590 3614 3643 3668 3588 3555 3585 3599 3668 3549
54 1553 1578 1596 1542 1535 1535 1554 1563 1542 1525 1526 1542 1545 1542 1514
55 2001 2021 2082 1998 1986 1975 1999 2036 1998 1970 1953 1984 1993 1998 1944
56 2582 2584 2635 2577 2554 2552 2562 2602 2577 2535 2528 2537 2567 2577 2509
57 1917 1947 1989 1892 1878 1888 1936 1960 1892 1865 1873 1892 1907 1892 1857
58 1814 1841 1890 1807 1779 1790 1822 1853 1807 1764 1769 1795 1802 1807 1739
59 3415 3440 3485 3432 3411 3393 3418 3448 3432 3388 3356 3394 3408 3432 3355
60 1994 2044 2056 2004 1981 1970 2015 2031 2004 1966 1948 1998 2001 2004 1945
61 1988 2049 2127 2014 1980 1950 2034 2078 2014 1953 1930 2003 2032 2014 1934
62 3224 3289 3346 3138 3113 3137 3238 3284 3138 3108 3107 3200 3226 3138 3075
63 2512 2623 2727 2522 2495 2451 2574 2657 2522 2448 2412 2561 2571 2522 2416
64 1875 1933 1973 1911 1866 1858 1914 1948 1911 1857 1842 1897 1915 1911 1844
65 1909 1964 2047 1935 1893 1880 1951 2030 1935 1874 1860 1939 1994 1935 1852
66 1773 1813 1892 1761 1748 1750 1802 1878 1761 1747 1743 1794 1837 1761 1734
67 1687 1734 1755 1678 1671 1670 1714 1741 1678 1666 1658 1682 1712 1678 1653
68 3259 3385 3472 3074 3023 3081 3315 3425 3068 2967 2967 3272 3337 3068 2922
69 3037 3406 3479 2921 2891 2902 3296 3346 2921 2863 2844 3223 3220 2921 2831
70 3240 3269 3508 3161 3123 3121 3248 3461 3161 3053 2997 3227 3376 3161 2973
71 2179 2247 2280 2189 2173 2167 2228 2252 2189 2158 2145 2217 2227 2189 2142
72 1957 2031 2073 1802 1790 1880 1986 2024 1802 1787 1802 1964 1961 1802 1763
73 3967 3992 4086 3940 3915 3907 3981 4062 3940 3902 3867 3964 4013 3940 3869
74 4342 4355 4389 4260 4238 4228 4341 4354 4260 4199 4171 4290 4313 4260 4157
75 3635 3667 3712 3655 3632 3607 3642 3684 3655 3612 3583 3629 3653 3655 3585

continues on next page
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Table 5.6 continued

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance
DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
76 2444 2570 2638 2264 2266 2362 2519 2585 2252 2221 2250 2481 2522 2252 2184
77 1799 1864 1904 1792 1777 1770 1846 1879 1792 1764 1751 1829 1837 1792 1750
78 1671 1694 1748 1669 1659 1650 1685 1716 1669 1650 1634 1671 1686 1669 1634
79 1750 1799 1841 1751 1738 1736 1786 1803 1751 1733 1726 1759 1777 1751 1722
80 1788 1891 1893 1739 1732 1745 1832 1864 1739 1723 1711 1804 1819 1739 1697
81 3253 3260 3375 3145 3140 3171 3189 3354 3145 3122 3140 3171 3327 3145 3086
82 4691 4742 4784 4693 4683 4665 4706 4757 4693 4659 4635 4687 4732 4693 4634
83 3122 3175 3192 3125 3091 3088 3160 3174 3125 3072 3062 3136 3144 3125 3050
84 2020 2056 2121 1960 1951 1961 2026 2076 1960 1942 1940 2008 2042 1960 1931
85 2400 3132 3196 2379 2367 2369 2919 2972 2379 2344 2344 2819 2756 2379 2332
86 2330 2786 2966 2296 2267 2282 2507 2760 2296 2248 2246 2425 2521 2296 2237
87 3230 3315 3455 2962 2938 3137 3243 3390 2962 2909 3055 3203 3311 2962 2876
88 5401 5481 5523 5405 5382 5358 5399 5490 5405 5351 5316 5372 5455 5405 5315
89 3863 3943 3942 3760 3737 3760 3858 3893 3760 3720 3716 3844 3864 3760 3681
90 3350 3438 3491 3328 3310 3344 3389 3476 3328 3280 3308 3380 3439 3328 3257
91 2456 2598 2637 2418 2401 2421 2523 2585 2418 2376 2380 2506 2550 2418 2357
92 3579 3659 3724 3212 3248 3540 3622 3662 3167 3212 3423 3560 3610 3167 3205
93 2194 2260 2372 2144 2127 2155 2213 2311 2144 2116 2137 2201 2263 2144 2111
94 4458 4543 4616 4430 4407 4422 4503 4581 4430 4393 4378 4471 4557 4430 4370
95 2647 2763 2827 2607 2580 2601 2675 2767 2607 2570 2571 2648 2746 2607 2548
96 3437 3588 3622 3112 3120 3384 3533 3600 3112 3087 3296 3505 3559 3112 3046
97 2538 2837 3204 2547 2518 2517 2708 2981 2547 2506 2491 2646 2763 2547 2487
98 5566 5637 5692 5534 5511 5506 5601 5664 5534 5484 5458 5562 5632 5534 5455
99 2146 2236 2227 1972 1989 2105 2192 2196 1972 1983 2065 2169 2179 1972 1969
100 3340 3399 3426 3306 3294 3310 3356 3397 3306 3291 3270 3343 3384 3306 3265
Mean 2151.2 22074 2246.6 2144.4 2111.2 | 21154 2173.4 2205.2 2143.7 2090.4 | 2086.3 2151.1 2166.5 2143.6 2069.5
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Table 5.7: Average makespan of applying the metaheuristics to the first-half of the instances in the LOPS set.

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance

DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
1 519 528.5 520.5 528.5 521 517 524.2 518.8 526.5 518.9 515.8 523.8 518.5 524.8 518.1
2 650 657.2 650.8 661.5 647.6 647.5 653 648 659.5 644 644.2 651.5 644.2 659.2 641.4
3 621 625.8 623.5 647.5 621.2 618 622.8 621.5 645.5 617.6 616.5 620.8 618.5 642.8 615.4
4 743.8 752.2 745.5 771.2 745.6 738 745 741 769.2 741.6 737.5 743 739.8 768.5 739.2
5 827.8 839.5 833.5 861.5 828.2 824.5 832 827.8 857.2 824.6 821.2 828.5 822.8 856.5 822
6 692.8 702.8 695.5 728.8 690.5 683 690 685 726.5 681.4 676.8 685.8 679.5 724.8 677.6
7 897.2 910.8 902 942 898.4 893.2 899.8 895 940.5 892.4 889.5 896 892.8 939.2 888.8
8 1012 1020.2 1019 1052 1013.5 | 1004.8 1008.5 1006.5 1052 1005 999.8 1005.2  1003.2 1052 1000.8
9 922 935 925.2 977.8 921.8 911.2 925.2 912.2 977.8 910.2 905.2 912.5 907.8 977.8 904.9
10 766.8 785.5 773.8 831.5 768.6 751.8 768.2 761 831.5 754.9 746.8 760.5 750.5 831.2 748.6
11 1188.2  1201.8 1190.2 1227.5 1179.1 | 1174.5 11855 1171.8 1227.5 1166.4 | 1163.2 1174.8 1162.5 1227.5 1158.4
12 1172 1191.8 1184 1229 1170.9 | 1156.8 1177.5 1153.8 1228.2 1154.4 | 1146.8 1164.8 1141.5 1228.2 1145
13 997.5 1006.5 1004.8 1064.5 997 976 994 983 1064.5 980.9 967 983 970.8 1064.5 968.4
14 1446.5 1458.8 14475 1504.5 1447.4 | 1433.5 1449.2 1433.8 1504.5 1432.6 | 1426.2 1436.2 1423.8 1504.5 1424.8
15 1394.8  1407.8 1394.8 1468.2 1386.9 | 1370.5 1390.2 1369 1466.2 1367.6 | 1358.5 1376 1359.5 1465.2 1355.2
16 1317.5 1331.5 1320.5 1371 1315.8 | 1296.8 1314 1301.2 1371 1297 1286.8 1305 1286.8 1371 1287.4
17 1047 1067.8 1047 1087.5 1049.5 | 1032.8 1047.2 1034.5 1087.5 1033.8 1024 1032.5 1020 1087.5  1024.2
18 1889.2 1901 1886 1966.2 1892.4 | 1866.2 1878.8 1863 1966.2 1863.4 | 1855.2 1863.2 1844.8 1966.2 1850.4
19 995.2 1010.2  1000.8 1028.2 994.2 981.5 995.8 984.5 1028.2  980.6 970.8 988 970.8 1028.2  970.6
20 977.5 990.5 977.8 1019.5 977.6 955.8 980.5 954.8 1019.5 956.8 941.8 964.8 935.2 1019.5 939.6
21 1889.2  1911.8  1894.5 1957 1888.8 1859 1874.5  1860.2 1957 1858.6 | 1845.8 1859.8 1841.5 1957 1841.8
22 1421.5 1435.5  1469.2  1487.2 1408 1385.2  1410.2 1414 1487.2 1375.6 1364 1393 1392.8 1487.2 1357.9
23 1076.8 1090 1087 1109.5 1081.8 | 1055.5 1076.8 1067 1109.5 1062.1 1043 1061.5 1046.2 1109.5 1048.5
24 1923.8 1946 1938.5 1978 1922.9 | 1889.5 1918 1906 1978 1886.4 | 1870.8 1902 1879.2 1978 1866.2
25 1232.5 1254.2  1244.8 1281 1228.8 | 1208.5 1229.8 1215.5 1281 1208 1193.5 12125 1199.5 1281 1194.1

continues on next page
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Table 5.7 continued

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance

DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
26 1286.8 1310.2 1307.8 1326.2 1287.6 | 1263.8 1292.5 1271.2 1326.2 1270.2 1242 1279.2 1244 1326.2  1249.2
27 1704.5 1727.8 1732.8 1761.8 1705.1 1676 1707.5 1690.8 1761.8 1675.6 | 1653 1686.2 1663.8 1761.8 1654.9
28 1935.2  1956.2 1993 1999.2 1931.9 | 1898.2 1931 1931.5 1999.2 1884.6 | 1872.5  1899.2 1894 1999.2 1861.8
29 2019.5 2075.8 2113.2 2108.2 1999.8 | 1968.8 2032.5 2029.5 2108.2 1953.2 | 1930.2 1989.5 1983 2108.2 1918.4
30 1565 1573.2  1588.5 1595.8 1557.5 | 1529.2 1551.2 1550.5 1595.8 1521.5 | 1503.5 1534 1516 1595.8 1496.8
31 1170 1207 1231.8 1182.8 1141.5 1131 1176 1178.2  1182.8 1111.4 | 11055 1151.5 1137 1182.8 1092.2
32 1074.2 1084 1102.8 1091 1061.4 | 1054.2 1067.5 1066.5 1091 1046.2 | 1039.2 1056.8 1044.5 1091 1034
33 2100.2 2123 2161.2 2164 2099.1 | 2068.8 2101.5 2096 2164 2064.2 | 2036.2 2087 2062.5 2164 2034.5
34 1454.5 1451.5  1493.8 1443.5 1404.4 | 1406.5 1427 1435.5 1443.5 1368.9 | 1369.2 1399 1401 1443.5 1345.2
35 2818.8 2867 2922 2907.2 2816 2744.8 2817.5 2827.8 2907.2 2748.5 | 2700.5 2786.8 2752.8 2907.2  2705.8
36 2494.8  2522.2  2604.8 2548.8 2483.1 | 2456.5 2486.8 2524.2  2548.8 2451 2425 2468.8 2467 2548.8  2420.1
37 1281.8 1304.5 1316.2 1290.8 1274.4 | 1263.2 1287.5 1290.2 1290.8 1256.1 | 1241.2 1270.2 1267 1290.8 1241.1
38 1173.5 1177.8 1192.8 1173.8 1150.4 | 1151.8 1156 1159.8 1173.8 1137.1 | 1131.5 1143.8 1137.2 1173.8 1122.8
39 1768.5  1794.2 1800 1767 1739.1 | 1734.8 1762 1764 1767 1716 1706 1738.8 1736.8 1767 1693.4
40 2217.2 22352 2289.5  2236.2 2189.6 | 2180.8 2210.5 2234.2 2236.2 2162.9 | 2148.8 2192.8 2184.2 2236.2 2135.9
41 2332 2386.5  2355.8 2323 2278.5 | 2278.5 2342.5 2294.8 2323 2247.8 2243 2296.8  2261.2 2323 2209.9
42 1601.2 1618 1668.2  1570.2 1542.9 1559 1585.2  1602.2 1570.2 1527.6 1530 1561.8 1558.2 1570.2 1506.1
43 2530.8  2567.5  2601.8 2552 2522.4 | 2498.8 25455  2557.8 2552 2491.1 | 2460.2 2529.2  2515.2 2552 2458.6
44 3748 3835.2  3886.8 3716 3673.6 | 3680.8 3774.5 3812.5 3716 3614.1 | 3629.5 3746.8 3744.8 3716 3545
45 2082.5 2116 2151.8 2077 2054.1 | 2053.2 2086.8 2100.5 2077 2038 2028 2065.8  2059.2 2077 2020
46 2190.2 2215 2258 2225.5 2186 2160.2 2192 2198.8 22255 2155.6 | 2133.8 2168.8 2154.8 22255 2128.6
47 3434.5 3753.5 3822.2 3461.8 3389.8 3369 3671.5 3720.2 3461.8 3336.8 3313 3586.2 3618.5 3461.8 3285.6
48 1280.8  1293.8 13425 1263.2 1247.9 1259 1285 1296 1263.2 1236.1 1236 1264 1264.8 1263.2 1222.9
49 2885.5 2927 2947.2  2896.8 2864.5 | 2847.8 2898.5 2895.2 2896.8 2838.6 | 2822.8 2866.2 2853.5 2896.8 2811.4
50 1378.5 1389.8 1417.5 1377.8 1353.8 | 1354.2 1373.5 1394.8 1377.8 1339 1335 1360 1366.8 1377.8 1326.1

continues on next page
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Table 5.7 continued

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance

DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
51 1585.8 1611.5 1668.5 1598.2 1564.5 1561 1591.2 1621.8 1598.2 1546.8 | 1539.5 1571 1584.5 1598.2 1530.9
52 1979 2060.2 2159 1964 1920.4 | 1933.8  2007.5 2078 1964 1895.2 | 1896.5 1971 2001.8 1964 1873.9
53 3637.5  3645.8 3683.5 3672 3628.6 | 3598.5 3618 3645 3672 3592.4 | 3563.2 3590 3601 3672 3556.4
54 1566 1578.8 1606 1555.5 1538.4 | 1546.2 1561.2 1575 1555.5 1529.9 | 1530.2 1547.2 1553.5 1555.5 1516.6
55 2009 2058 2096 2013 1993.1 | 1982.8 2022.8 2048.8 2013 1972.4 1962 1997.5  1999.5 2013 1951.2
56 2597 2610.8  2647.8 2586.8 2565.5 | 2563.5 2589 2612 2586.8 2542.6 | 2535.8 2569.2 2574.2 2586.8 2515.9
57 1955.2  1957.2 2055 1906.5 1884.6 | 1928.2  1948.5 1999 1906.5 1872.8 | 1883.5 1920.5 1925.5 1906.5 1859
58 1822.2  1847.5 1897 1812.2 1786.8 1799 1830.2  1858.5 1812.2 1773.5 | 1780.8 1811 1814.5 1812.2 1754.1
59 3429 3454.8  3494.2  3442.2 3416.9 | 3400.2 3430 3459 3442.2 3393.4 | 3365.2 3408 3421.8  3442.2 3363.4
60 1998.8  2050.2 2076 2006.5 1987.9 | 1976.2 2024 2039.8  2006.5 1970.9 | 1953.2 2005 2007.2  2006.5 1953.2
61 2001 2070.5 2139.2 2025.5 1989.8 | 1962.8 2046.5 2081.8 2025.5 1963 1932.2 2014.5 2035.2 2025.5 1937.9
62 3280.5 3350.8  3366.2 3158 3121.2 | 3187.8 3273.5 3311.8 3158 3111.5 | 3116.5 3232.5  3246.8 3158 3104.6
63 2538.5  2648.2 2742.8 2540.8 2506.1 | 2465.5 2605.5 2686.2 2540.8 2459.6 | 2424.8 2569 2596 2540.8 2422.6
64 1883.2 1952.5 2005.5 1914.8 1879.6 1863 1925 1981 1914.8 1860.5 | 1845.8 1903.8 1937 1914.8 1845.1
65 1945.2 1992.5 2100.2 1939.5 1906 1892.2 1976 2049.2  1939.5 1884.2 1866 1957 2003 1939.5 1862.6
66 1791.5 1850.5 1927.8 1767.2 1752.4 | 1755.8 1827.5 1891 1767.2 1749 1746.5 1808 1846 1767.2 1743.8
67 1698 1766.2 1794.2 1685.2 1677.2 | 1678.5 1728.5 1765.2 1685.2 1670.2 | 1662.5 1704 1727.8 1685.2 1658.4
68 3386.5  3444.8  3488.8 3082 3073.4 | 3234 3358 3440.2 3080 2985.2 | 3052.8 3324 3364.5 3080 2930.1
69 3087.5  3443.5 3522 2945.2 2904 2924 3309.5 3388.8 2945.2 2871.9 | 2859 3239.2  3261.8 2945.2 2835.9
70 3246.5  3342.2 3544 3178 3141.5 | 3158.5 3308.5  3474.8 3178 3078.6 | 3069.5 3274 3395.2 3178 2989.8
71 2211.5  2270.2 2315 2196.5 2181.6 | 2179.2 2251 2284.2  2196.5 2166.4 | 2151.2  2229.2 2245 2196.5 2147.5
72 1979.5 2070.5 2094.8 1815.5 1801.1 | 1891.8 2023 2039.5 1815.5 1793 1811.8 1987.8 1970.2 18155 1774.5
73 3982 4048.5 4114.8 3951.5 3925.2 | 3929.5 4006.2 4078.8 3951.5 3911.1 | 3890.2 3983 4033.8 3951.5 3879.8
74 4398 4416.2  4418.8 4286.2 4265.5 | 4291.5 43485 4373.2 4286.2 4232.4 | 4229.8 4306.2 4329.8 4286.2 4176.5
75 3639.5 3688.5 3717.5 3662.2 3635.5 | 3610.8 3663.5 3684.8 3662.2 3615.1 | 3588.2 3642.5 3657.5 3662.2 3589

continues on next page
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Table 5.7 continued

CPU time limit: 5 minutes

CPU time limit: 30 minutes

CPU time limit: 2 hours

Instance
DE GA ILS TS TS+DE DE GA ILS TS TS+DE DE GA ILS TS TS+DE
76 2514.2  2619.2 2664 2267 2343.6 2391 2560 2597.5 2261.2 2280 2300.2 25185  2535.8  2261.2 2221.2
77 1806.2  1889.2 1919.2 1798.2 1781.2 | 1774.8 1854.2 1887.8 1798.2 1770.9 | 1760.2 1834.2 1843.8 1798.2 1760
78 1681.8 1724.5 1773.2 1676.2 1664 1653.8 1699.2 1734 1676.2  1654.8 1636 1685.5  1695.8 1676.2 1636.9
79 1759.8 1829 1844.5 1756.5 1745.6 | 1743.2 1793.8 1811.8 1756.5 1738.6 | 1727.5 1770.5 1781 1756.5 1726.2
80 1801.2 1900 1907.5 1746.2 1741.8 | 1760.2 1842 1875.2  1746.2 1731.6 | 1731.8 1821 1827.8 1746.2 1705.6
81 3260 3309.5 3387.8 3149.5 3144.2 3206 3243 3363 3149.5 3136.8 | 3150.8 3216.8 3330.2 3149.5 3107.5
82 4712.5  4761.8 4797.8 4705 4689.5 | 4682.2 4724.2 4773 4705 4666.6 | 4646.5 4703.2  4749.5 4705 4638.6
83 3141.8  3200.8 3224.5 3134.8 3102.4 | 3097.2 3169 3198.5 3134.8 3081.4 | 3063.2 3151.8 3170.2 3134.8 3056.9
84 2038 2103 2163 1961.2 1960.6 | 1974.5 2067.2 2108.2 1961.2 1951.9 | 1957.8 2041.5 2061.2 1961.2 1937.6
85 2473.8 3222 3236.2  2395.5 2375.5 | 2398.2 3010 3027.2  2395.5 2357.5 | 2359.2 2885 2791.8  2395.5 2340.2
86 2345.8  2875.8 3005.5 2310.8 2282.8 2303 2629 2774 2310.8 2265.2 2258 2530.5  2565.8  2310.8 2242.2
87 3253.8  3375.5 3535 2975.2  2990.2 | 3157.8 3292.5 3424.5 2975.2 2949.8 | 3097.8 3246.8 3330 2975.2  2908.5
88 5413 5495.2  5534.5 5415.5 5395.2 | 5369.8  5432.2 5504 5415.5 5362.2 | 5324.5 5400.2 5464.5 5415.5 5323
89 3884 3998.5 4004.8 3765.8 3748 3818 3917 3951.2 3765.8 3729.5 | 3762.8 3869.5 3906.5 3765.8 3693.4
90 3369.5 3504 3514.5 3334.2 3330.1 3345 3434.2  3490.8 3334.2 3310.4 | 3329.2 3411.8 3455.8 3334.2 3288.5
91 2501.8 2622 2823 2428.2 2408.8 | 2431.2 2559.2  2656.2 2428.2 2388.5 | 2400.8 2526 2590 2428.2 2362
92 3609 3743.2 3776 3224.5 3274.8 | 3559.5 3654 3719.5 3199.8 3237.4 | 3499.5 3603.2 3642.5 3197 3210.1
93 2202.2  2320.5  2422.8 2148 2145.8 | 2168.5 2261.8  2325.5 2148 2138.9 | 2148.5  2227.2  2269.8 2148 2133
94 4474.5  4579.2  4639.5 4441 4427.2 | 4433.2 4525 4597.8 4441 4409.8 | 4389.8 4494.8  4568.8 4441 4380
95 2702.5 2834.8 2872.5 2609.8 2594.1 | 2616.2 2748.2 2806.8 2609.8 2578.9 | 2581.8 2713 2762.2  2609.8 2558.1
96 3487.5 3658.5 3683.8 3123.2 3192.8 | 3418.2 3572 3628.5 3123.2 3153.1 | 3336.2 3529.8 3588.5 3123.2 3108.4
97 2560.8  3185.2  3427.5 2556.8 2532.2 | 2527.8 2776 3197 2556.8 2511.4 | 2496.2 2682 2813 2556.8  2490.5
98 5589 5698.8  5714.5 5548 5516.1 | 5524.8 5631 5682 5548 5496.2 | 5477.5 5584.8  5646.5 5548 5461
99 2157.2  2265.2 2322.5 1986.5 2013.8 | 2114.2 2204 2246 1986.5 2003.4 | 2071.8 2177 2194.2  1986.5 1985.8
100 3349 3434.5  3494.5  3313.5 3309 3317.8  3403.5  3454.2 3313.5 3295.6 | 3281.8 3388.5 3431.5 3313.5 3271.6
Mean 2168.9 2238.6 2274.5 2153.2 2123.1 | 2129.2 2196.3 2225.5 2152.7 2100.5 | 2098.9 2170.6 2180.9 2152.5 2078.3
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Table 5.8: Results of applying CPO to the instances in the LOPS set.

5m 30m 2h 5m 30m 2h 5m 30m 2h 5m 30m 2h
Inst. Inst. Inst. Inst.

UB UB LB UB UB UB LB UB UB UB LB UB UB UB LB UB
1 538 530 387 527 26 1581 1486 880 1362 51 2130 1991 521 1734 76 — — 639 2637
2 663 654 494 650 27 1833 1791 1246 1790 52 2540 2236 553 2091 77 — — 604 2010
3 653 635 452 633 28 2185 2171 1396 2089 53 4711 3836 523 3860 78 — — 636 1960
4 780 755 562 756 29 2256 2298 1452 2199 54 3074 2086 533 1661 79 — — 560 2379
5 860 837 625 828 30 2473 1590 1116 1769 55 2416 2386 497 2295 80 — — 654 2392
6 724 718 490 715 31 1296 1295 822 1218 56 2876 2939 510 2706 81 — — 693 3377
7 964 938 659 923 32 1214 1208 776 1151 57 2413 2683 584 2169 82 — 5339 624 5276
8 1091 1044 739 1039 33 2698 2398 1469 2276 58 2520 2045 823 1993 83 — 3346 701 3355
9 1019 966 654 980 34 1545 1604 951 1483 59 3800 3998 511 3764 84 — — 672 2231
10 902 900 547 790 35 3145 3099 1932 3049 60 2375 2236 587 2577 85 — — 818 3786
11 1290 1231 857 1230 36 3167 2819 1788 2826 61 — — 582 2845 86 — — 918 3065
12 1257 1223 838 1180 37 1463 1671 924 1468 62 3845 3352 658 3341 87 — — 696 3388
13 1084 1010 699 1011 38 1264 1200 832 1192 63 3169 2934 1392 2782 88 — 5963 671 5956
14 1557 1514 1052 1486 39 1880 1870 1214 1845 64 2960 2123 914 2104 89 — — 1374 4068
15 1542 1476 975 1445 40 2463 2509 1552 2439 65 — — 584 2061 90 — — 646 3616
16 1516 1420 924 1382 41 2550 2522 1587 2524 66 — — 611 1924 91 — — 728 3449
17 1131 1080 763 1117 42 1732 1688 1111 1715 67 — — 804 1930 92 — — 712 3769
18 2014 1918 1415 1897 43 2784 2779 1737 2767 68 3858 3343 642 3238 93 — — 751 2392
19 1236 1046 737 1028 44 4030 4063 2587 3908 69 3787 3346 615 3518 94 — — 780 4883
20 1135 1132 671 1053 45 2378 2466 1446 2301 70 4037 4340 629 4172 95 — — 726 3051
21 2104 1992 1378 1956 46 2439 2497 1539 2446 71 3771 2417 598 2435 96 — — 1555 3662
22 1639 1642 985 1496 47 4195 3757 2518 4040 72 — — 943 1949 97 — — 1650 3976
23 1336 1128 762 1146 48 1377 1506 896 1473 73 4946 4304 624 4376 98 — — 716 6117
24 2135 2073 1377 2010 49 4065 3012 2108 3233 74 5062 4668 713 4602 99 — — 690 2825
25 1524 1442 892 1367 50 2244 1570 931 1505 75 4185 4177 711 4046 100 — — 682 3717

Mean 2263.4 2195.4 2402.2
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5.4.4 Experiment With the FJS Scheduling Problem and the FJS
Scheduling Problem With Sequencing Flexibility

In this section, with the aim of assessing the performance of the TS+DE method with
respect to the state-of-the-art in the literature, numerical experiments with classical
instances of the FJS and FJS with sequencing flexibility scheduling problems are
conducted. Instances, whose main characteristics are shown in Table 5.2, correspond
to the instances introduced in (Brandimarte, 1993; Hurink, Jurisch, and Thole, 1994;
Barnes and Chambers, 1996; Dauzére-Pérés and Paulli, 1997; Birgin et al., 2014).
TS+DE was run 50 times on the instances in sets YFJS, DAFJS, BR, BC, and DP;
and 12 times in the instances in set HK. A CPU time limit of 2 hours was imposed.
The performances of TS+DE and its competitors are reported in these experiments
through the Relative Error (RE) of the best makespan mks(M, p) that method “M”

found when applied to instance p, with respect to a known LB mksyp(p), given by

mks(M,p) — mksys(p)

RE(M, p) = 100% x
(M, p) 0 oy — o

LBs for instances p in the sets BR, BC, DP, and HK were taken from (Mastrolilli
and Gambardella, 1999) and (IBM ILOG CP Optimizer Developers, 2020). LBs for
instances p in the sets YFJS and DAFJS were computed running CPO with a CPU
time limit of 2 hours. TS+DE was compared with seven different methods from
the literature that reported results in at least one of the considered sets, namely:
(HA) hybrid GA and TS proposed in (Li and Gao, 2016); (HDE) hybrid DE with LS
proposed in (Yuan and Xu, 2013); (HGTS) hybrid GA and TS proposed in (Palacios
et al., 2015); (HGVNA) hybrid GA and VNS proposed in (Gao, Sun, and Gen, 2008);
(BS) Beam Search (BS) algorithm introduced in (Birgin, Ferreira, and Ronconi, 2015);
(KCSA) Knowledge-based Cuckoo Search (CS) Algorithm proposed in (Cao, Lin, and
Zhou, to appear); and (ICATS) hybrid ICA and TS introduced in (Lunardi, Voos,
and Cherri, 2019). The used LBs and the best solutions obtained by T'S+DE and its
ten competitors were gathered in tables and can be found in the appendix or in the
supplementary material to this work (Lunardi et al., 2020) (accessible through https:
//orbilu.uni.lu/handle/10993/43275). Tables 5.9 and 5.10 show the results. In

the tables, it is reported for each method M and each instances’ set S

‘; S RE(M,p).

pES

Besides, the tables also report how often each method found the best solution (among
the solutions found by all the methods). The numerical values in both tables show

that TS+DE, although proposed/developed to address the OPS scheduling problem,


https://orbilu.uni.lu/handle/10993/43275
https://orbilu.uni.lu/handle/10993/43275
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achieves the best performance in all sets. It is worth noticing that the goal of this
comparison is to analyse the effectiveness of the proposed approach. Efficiency is
being neglected in the comparison, since methods being compared were run under

different environments and with different stopping criteria.

Table 5.9: Comparison of TS+DE against other methods from the literature on classical
instances of the FJS scheduling problem.

Set HA HDE HGTS HGVNA TS+DE
RE  +#best RE  #best RE #best RE  +#best RE  #best

BR 1.454 10 1.509 9 1.509 9 1.630 9 1.454 10
BC 0.052 15 0.054 14 0.056 14 0.247 9 0.000 21
DP 1.723 6 — — 1.631 5 2.023 0 1.494 13
HK (E) 0.230 34 — — — — — — 0.093 43
HK (R) 0.621 27 — — — — — — 0.542 42
HK (V) 0.073 34 — — — — — — 0.022 43

Table 5.10: Comparison of TS+DE against other methods from the literature on instances
of the FJS scheduling problem with sequencing flexibility.

ot CPO BS KCSA ICATS TS+DE
RE +#best RE  #best RE  #best RE #best
YFIJS 0.000 20 12.300 0 16.939 0 0.107 18 0.000 20

DAFJS 30.348 12 38.997 2 49.681 1 34.047 ) 29.378 30

5.5 Summary

In this chapter, heuristic methods for the OPS scheduling problem were proposed.
All proposed methods rely on a common representation scheme and a neighborhood
adapted from the classical LS introduced in (Mastrolilli and Gambardella, 2000) for
the FJS scheduling problem. While considering the sequencing flexibility in the LS is
somehow immediate, this is definitely not the case of considering fixed operations, ma-
chines’ downtimes, and resumable operations. Two population-based metaheuristics
and two single-solution metaheuristics were considered and, at the end, a combined
approach was the one that presented the best performance. The resulting method
outperformed results obtained with CP Optimizer. When applied to instances of the
FJS scheduling problem and instances of the FJS scheduling problem with sequencing

flexibility, the introduced approach exhibited a competitive performance.
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Chapter 6

Findings, Conclusions, and Future
Outlook

The motivation and objectives of this study are outlined in Chapter 1. Several research
questions to obtain the objectives of this study are answered throughout Chapters 2-5.
This chapter is structured as follows. The main findings are summarised in Section 6.1.
Conclusions are drawn in Section 6.2. Potential areas for future research outlook are

discussed in Section 6.3.

6.1 Findings

The motivation of this study is to improve the production effectiveness of OPSs by
planning a production schedule. The main objectives are to define the OPS schedul-
ing problem and develop exact and heuristic optimization methods to minimize the
amount of time required to manufacture a set of client’s orders. The optimization
methods must be suitable to be used in practice, in the sense that they must be able
to fit with the requirements of the OPSs by being capable of effectively dealing with
a large number of operations to be scheduled on several flexible machines. The main
findings in this study are structured around the contributions that answer research

questions mentioned in Chapter 1.

Several meetings with the industrial partner and the review of the literature study
answer the question of “through collaboration with an industrial partner, how to de-
fine and formulate a realistic yet tractable model of the OPS manufacturing system?”.
Collaboration with the industrial partner was essential to identify the OPS manufac-
turing system’s critical functionalities that needed to be considered in the scheduling
problem. Concerning the review of related works, it turns out that most of the re-
lated works address the distinct features of the OPS scheduling problem in an isolated

manner. Even though this helps in the understanding of each feature individually, the
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applicability of their methods for the OPS scheduling problem is not possible due to
the absence of the other constraints. It worth stating that the combination of the dis-
tinct constraints of the OPS scheduling problem generates highly complex constraints.
Besides, the review of the works of literature related to optimization techniques for
the FJS scheduling problem answers the question of “how to solve the problem given
the fact that the model presents several complex constraints and that size of instances
in practice is substantial?”. It turns out that the state-of-the-art optimization meth-
ods for the FJS scheduling problem capable of solving large-sized instances are hybrid
methods combining local search heuristic and metaheuristics. Although few, most
of the works in which a practical scheduling problem related to the OPS scheduling

problem are tackled, hybrid methods are commonly proposed to solve the problem.

To answer the question “how to precisely formulate the OPS scheduling problem by
means of MP and CP?”. An extensive review of the literature considering MILP and
CP formulations for the FJS scheduling problem allowed to accurately describe and
formulate the OPS scheduling problem with both modeling paradigms. The proposal
of the MILP and the CP formulations enable the verification of the correctness of
both formulations concerning the real problem. Numerical experiments which assess
the capacity of IBM ILOG CPLEX MILP and IBM ILOG CP Optimizer solvers for
dealing with the proposed formulations answers the research question “what is the
effectiveness and limitations of the MP and CP formulations with the commercial
solvers IBM ILOG CPLEX and IBM ILOG CP Optimizer?”. It turns out that only
small-sized instances can be solved with a certificate of optimality when the MILP
formulation is tackled with an exact commercial solver. While the MILP solver is a
general-purpose solver, the CP Optimizer solver was born as a solver dedicated to
scheduling problems, with its own modeling language that fully explores the structure
of the underlying problem. Thus, it is not an astonishment the latter to outperform
the former to a large extent in the numerical experiments with the OPS scheduling
problem. The obtained result is in agreement with a previous comparison of similar
nature presented in (Vilim, Laborie, and Shaw, 2015) and (Laborie, 2018) for the JS
and the FJS scheduling problems.

Numerical experiments involving the CP formulation and large-sized instances in
which characteristics such as the number of machines and operations are similar to
the instances that appear in practice answer the research question “what is the size
of the instances for which optimality can be proved, and how good is the incumbent
solution when it cannot?”. It turns out that the CP Optimizer solver can deliver fea-
sible solutions for large-sized instances, thus being an alternative to tackle the OPS

scheduling problem in practice.

To answer the question “how to encode and decode OPS scheduling solutions?” related
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works were analyzed, and it turns out that traditional representation schemes used
for the FJS scheduling problem can not be directly used for the OPS scheduling
problem due to the presence of the sequencing flexibility. An indirect representation
scheme composed of two real vectors coupled with a simple algorithm allows the
generation of feasible the machine assignment and a feasible operations sequencing
for the OPS scheduling problem. Then, a constructive heuristic was proposed to
answer the research question “how to construct feasible OPS scheduling solutions”.
Given the machine assignment and the permutation of the non-fixed operations, the
constructive heuristic builds a feasible semi-active schedule by adding operation by
operation following the topological order given by the permutation. By creating a

feasible solution, the makespan can be evaluated.

It has been found that a classical and very efficient definition of the neighborhood for
the FJS problem could be used as a base foundation for the definition neighborhood of
an OPS scheduling solution. While the definition of the neighborhood by considering
the sequencing flexibility is somehow immediate, this is definitely not the case of
considering fixed operations, machines’ downtimes, and resumable operations. In this
way, the proposal of the neighborhood answer the research question “how to define a
set of neighbor solutions of an OPS scheduling solution to allow the applicability of LS

heuristics or neighborhood-based methods?”.

To answer the research question, “which metaheuristic frameworks are the most suit-
able for the OPS scheduling problem?” an exhaustive analysis and customization of
state-of-the-art methods for the FJS scheduling problem and metaheuristic frame-
works have occurred. Achievements accomplished in the course of this work by means
of many accepted publications in the area of combinatorial optimization and meta-
heuristics validate it. Two populational and two trajectory metaheuristics frameworks
were considered and adapted to the OPS scheduling problem; in the end, a combined
approach was introduced. It turns out that the combined approach achieved the best
performance among the considered metaheuristics, outperforming the results obtained

with CP Optimizer.

Experiments with classical instances of the FJS scheduling problem and instances
of the FJS scheduling problem with sequencing flexibility show that the proposed
combined approach presents competitive results when compared to other state-of-the-
art methods, answering research question “how the best performing method behaves

when applied to particularizations of the OPS scheduling problem?”.
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6.2 Conclusions

The purpose of this dissertation was to present a unique real-world scheduling problem,
the OPS scheduling problem, and to investigate optimization techniques to plan a
production schedule so that the production effectiveness of OPSs could be improved.
The close collaboration with an industrial partner conceded a sharp perception of the
current printing industry’s scenario, allowing the identification of the critical features
of the OPSs’ manufacturing system. An investigation of the variations on the classical
FJS scheduling problem resulted in the OPS scheduling problem being modeled as a
FJS scheduling problem with sequencing flexibility, machine availability, sequence-
dependent setup times, overlapping between operations with precedence constraints,

release times, and fixed operations.

The problem was presented in a precise and universal language through a MILP
formulation. The problem was also formulated using a modern CP-based scheduling
language, which allows the usage of a solver dedicated to scheduling problems. Both
models are validated and analyzed comparatively. While the MILP solver is a general-
purpose solver, the CP Optimizer solver was born as a solver dedicated to scheduling
problems, with its own modeling language that fully explores the structure of the
underlying problem. Numerical experiments show that the latter to outperform the
former to a large extent. The practical applicability of the CP solver was examined,
taking into account that the CP solver is somehow exact and that the size of the
problem instances in practice is often substantial. Numerical experiments show that
the CP Optimizer was able to find a feasible solution to large-sized instances, thus
being an alternative to tackle the OPS scheduling problem in practice. Nevertheless,
accessing the quality of the solutions found by the solver was not possible due to the
lack of ad-hoc heuristics for the problem. Furthermore, it was expected that ad-hoc
methods that exploit the structure of the problem would prove to be more effective

than the CP solver.

Alternative problem representations were considered, and a novel representation scheme
composed of two real vectors was introduced. A decoding procedure was proposed
allowing that, given the two real vectors denoting the machine assignment and se-
quencing of the operations, a feasible OPS scheduling solution can be constructed and
its makespan evaluated. A classical FJS scheduling problem neighborhood function
was extended to operate with the specificities of the OPS scheduling problem. Conse-
quently, a local search procedure was proposed. Two population-based metaheuristics
and two single-solution metaheuristics were considered, and, in the end, a combined
approach was the one that presented the best performance. The resulting method

outperformed results obtained with CP Optimizer. When applied to instances of the
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FJS scheduling problem and instances of the FJS scheduling problem with sequencing

flexibility, the introduced approach exhibited a competitive performance.

6.3 Future Outlook

Several exciting areas and directions for future research can be extended and recom-
mended based on the research presented in this thesis. The following research topics

can be pursued to bridge current gaps in the literature.

I. Increase the flexibility of the OPS scheduling problem by considering process plan

flexibility can provide the potential for improved performance.

II. Transportation times among machines in the shop floor and production facilities
can be included in the OPS scheduling problem. Moreover, the scheduling of
transportation robots may provide significant performance improvement due to
the broad adoption of AGVs in the OPSs.

III. Industry 4.0 and digital twin technologies can implement comprehensive control
and monitoring of the manufacturing lifecycle in the plants. Therefore, a dy-
namic version of the OPS scheduling problem can be examined to consider real-
time dynamic events such as job cancellations/arrivals, machine breakdowns,

and processing delays.

IV. Verify the performance of alternative representation schemes and neighborhood

functions for the OPS scheduling problem.
V. Consider Pareto optimization techniques for the OPS scheduling problem.

VI. Development of machine learning strategies to tune metaheuristics parameters.
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The used LBs and the best makespan values obtained by TS+DE and its ten com-
petitors were gathered in tables below. LBs for instances in sets BR, BC, DP, and HK
were taken from (Mastrolilli and Gambardella, 1999) and (IBM ILOG CP Optimizer
Developers, 2020). LBs for instances in sets YFJS and DAFJS were computed running
CPO with a CPU time limit of 2 hours. The state-of-the-art methods reported are:
hybrid GA and TS proposed in (Li and Gao, 2016), and named here as HGA; hybrid
DE and LS proposed in (Yuan and Xu, 2013), and named HDE; hybrid GA and TS
proposed in (Palacios et al., 2015), and named here as HGTS; hybrid GA and VNS
proposed in (Gao, Sun, and Gen, 2008), and named here as HGVNA; BS algorithm
introduced in (Birgin, Ferreira, and Ronconi, 2015); Knowledge-based Cuckoo Search
Algorithm (KCSA) proposed in (Cao, Lin, and Zhou, to appear); and hybrid ICA and
TS introduced in (Lunardi, Voos, and Cherri, 2019), named here as (ICATS). Addi-
tionally, tables also present results related to the GA and GWO proposed in (Lunardi,
Voos, and Cherri, 2019), which were not considered in the experiments presented in
Section 5.4.4 due to the fact that ICATS (proposed in the same work) outperforms
both. In the tables, TS+DE} denotes the best makespan and TS+DE,, the mean
makespan obtained with the proposed combined metaheuristic method, i.e., TS+DE,
over the respective set being presented.

Table A.1: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Brandimarte (1993) instances.

Instance LB UB HGA HDE HGTS HGVNA TS+DE, TS+DE,
MkO1 40 40 40 40 40 40 40 40
Mk02 26 26 26 26 26 26 26 26
Mk03 204 204 204 204 204 204 204 204
Mk04 60 60 60 60 60 60 60 60
MkO05 168 172 172 172 172 172 172 172.12
MkO06 o7 o7 o7 o7 o7 98 o7 97.75
Mk07 133 139 139 139 139 139 139 139
Mk08 523 523 523 523 523 523 523 523
Mk09 307 307 307 307 307 307 307 307

Mk10 183 195 197 198 198 197 197 198.38
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Table A.2: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Barnes and Chambers (1996) instances.

Instance LB UB HGA HDE HGTS HGVNA TS+DE;, TS+DE,,
mt10cl 927 927 927 927 927 927 927 927
mt10cc 908 908 908 908 908 910 908 908
mt10x 918 918 918 918 918 918 918 918
mt10xx 918 918 918 918 918 918 918 918
mt10xxx 918 918 918 918 918 918 918 918
mt10xy 905 905 905 905 905 905 905 905
mt10xyz 847 847 847 847 847 849 847 847
setb4c9 914 914 914 914 914 914 914 914
setbdcc 907 907 907 907 907 914 907 907
setb4x 925 925 925 925 925 925 925 925
setbdxx 925 925 925 925 925 925 925 925
setbdxxx 925 925 925 925 925 925 925 925
setbdxy 910 910 910 910 910 916 910 910
setbdxyz 902 902 905 903 905 905 902 902
setidcl2 1169 1169 1170 1171 1170 1175 1169 1169
setibce 1135 1135 1136 1136 1136 1138 1135 1135
setibx 1198 1198 1198 1200 1199 1204 1198 1198
setibxx 1194 1194 1197 1197 1197 1202 1194 1194
setibxxx 1194 1194 1197 1197 1197 1204 1194 1194
setibxy 1135 1135 1136 1136 1136 1136 1135 1135
setibxyz 1125 1125 1125 1125 1125 1126 1125 1125

Table A.3: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Dauzére-Pérés and Paulli (1997) instances.

Instance LB UB HGA HGTS HGVNA TS+DE, TS+DE,
Ola 2505 2505 2505 2505 2518 2505 2505
02a 2228 2231 2230 2230 2231 2228 2232.44
03a 2228 2228 2229 2228 2229 2228 2229.25
04a 2503 2503 2503 2503 2515 2506 2519.5
05a 2189 2213 2212 2214 2217 2212 2218.78
06a 2162 2185 2197 2193 2196 2187 2193.12
07a 2206 2277 2279 2270 2307 2276 2301
08a 2061 2064 2067 2070 2073 2071 2074
09a 2061 2061 2065 2067 2066 2063 2064.75
10a 2197 2263 2287 2247 2315 2287 2306.67
11a 2017 2053 2060 2064 2071 2061 2065
12a 1969 2013 2027 2027 2030 2008 2012.5
13a 2161 2257 2248 2250 2257 2245 2254
14a 2161 2163 2167 2170 2167 2166 2167.62
15a 2161 2162 2163 2168 2165 2163 2163.62
16a 2148 2240 2249 2246 2256 2240 2257.44
17a 2088 2129 2140 2142 2140 2132 2134.12

18a 2057 2105 2132 2129 2127 2097 2101.75
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Table A.4: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Hurink, Jurisch, and Thole (1994) EData instances.

Instance LB UB HGA TS+DEy, TS+DE,,
mt06 55 55 55 55 55
mt10 871 871 871 871 871
mt20 1088 1088 1088 1088 1088
lal 609 609 609 609 609
la2 655 655 655 655 655
la3 550 550 550 550 550
la4 568 568 568 568 568
lab 503 503 503 503 503
la6 833 833 833 833 833
la7 762 762 762 762 762
la8 845 845 845 845 845
1a9 878 878 878 878 878
lal0 866 866 866 866 866
lall 1103 1103 1103 1103 1103
lal2 960 960 960 960 960
lal3 1053 1053 1053 1053 1053
lal4 1123 1123 1123 1123 1123
lalb 1111 1111 1111 1111 1111
lal6 892 892 892 892 892
lal7 707 707 707 707 707
lal8 842 842 842 842 842
lal9 796 796 796 796 796
1a20 857 857 857 857 857
la21 1009 1009 1014 1009 1009
1a22 880 880 880 880 880
la23 950 950 950 950 950
la24 908 908 909 908 908
la25 936 936 941 936 936
la26 1106 1106 1123 1106 1111.25
la27 1181 1181 1184 1181 1181
la28 1142 1142 1147 1142 1142
1a29 1107 1107 1115 1107 1107
1a30 1148 1188 1204 1194 1197
la31 1532 1532 1541 1532 1538.75
1a32 1698 1698 1698 1698 1698
1a33 1547 1547 1547 1547 1547
la34 1599 1599 1599 1599 1599
la35 1736 1736 1736 1736 1736
la36 1160 1160 1160 1160 1160
1a37 1397 1397 1397 1397 1397
la38 1141 1141 1143 1141 1141
1a39 1184 1184 1184 1184 1184

la40 1144 1144 1146 1144 1144
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Table A.5: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Hurink, Jurisch, and Thole (1994) RData instances.

Instance LB UB HGA TS+DEy, TS+DE,,
mt06 47 47 47 47 47
mt10 686 686 686 686 686
mt20 1022 1022 1022 1022 1022
la01 570 570 570 570 570.75
1a02 529 529 530 529 529
1a03 477 477 477 477 477
la04 502 502 502 502 502
1a05 457 457 457 457 457
1a06 799 799 799 799 799
1a07 749 749 749 749 749
1a08 765 765 765 765 765
1a09 853 853 853 853 853
lal0 804 804 804 804 804
lall 1071 1071 1071 1071 1071
lal2 936 936 936 936 936
lal3 1038 1038 1038 1038 1038
lal4 1070 1070 1070 1070 1070
lalb 1089 1089 1090 1089 1089
lal6 717 17 717 717 717
lal7 646 646 646 646 646
lal8 666 666 666 666 666
lal9 700 700 700 700 700
1a20 756 756 756 756 756
la21 808 833 835 833 836.75
1a22 737 757 760 760 764.38
1a23 816 832 840 839 842
la24 775 801 806 801 805
la25 752 785 789 785 789.75
la26 1056 1061 1061 1060 1061.75
1a27 1085 1090 1089 1090 1090.88
1a28 1075 1077 1079 1078 1078.75
1a29 993 996 997 996 996.62
1a30 1068 1078 1078 1078 1079.12
la31 1520 1520 1521 1520 1520
la32 1657 1658 1659 1658 1658
1a33 1497 1498 1499 1498 1498
la34 1535 1535 1536 1535 1535.25
la35 1549 1549 1550 1549 1549.75
la36 1023 1023 1028 1028 1028.5
1a37 1062 1062 1074 1067 1073.88
1a38 954 954 960 960 963
1a39 1011 1011 1024 1024 1024.12

la40 955 955 970 966 971.5




Appendix A. Supplementary Material

143

Table A.6: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Hurink, Jurisch, and Thole (1994) VData instances.

Instance LB UB HGA TS+DEy, TS+DE,,
mt06 47 47 47 47 47
mt10 655 655 655 655 655
mt20 1022 1022 1022 1022 1022
la01 570 570 570 570 570
1a02 529 529 529 529 529
1a03 477 477 477 477 477
la04 502 502 502 502 502
1a05 457 457 457 457 457
1a06 799 799 799 799 799
1a07 749 749 749 749 749
1a08 765 765 765 765 765
1a09 853 853 853 853 853
lal0 804 804 804 804 804
lall 1071 1071 1071 1071 1071
lal2 936 936 936 936 936
lal3 1038 1038 1038 1038 1038
lal4 1070 1070 1070 1070 1070
lalb 1089 1089 1089 1089 1089
lal6 717 717 717 717 717
lal7 646 646 646 646 646
lal8 663 663 663 663 663
lal9 617 617 617 617 617
1a20 756 756 756 756 756
la21 800 801 804 802 803.12
1a22 733 734 738 734 734.75
la23 809 810 813 810 811
la24 773 e T 774 775.12
la25 751 753 754 752 753.62
la26 1052 1052 1053 1052 1052.5
1a27 1084 1084 1085 1084 1084
1a28 1069 1069 1070 1069 1069
1a29 993 993 994 994 994
1a30 1068 1069 1069 1069 1069
la31 1520 1520 1520 1520 1520
1a32 1657 1657 1658 1657 1657.75
1a33 1497 1497 1497 1497 1497.5
la34 1535 1535 1535 1535 1535
la35 1549 1549 1549 1549 1549
la36 948 948 948 948 948
la37 986 986 986 986 986
1a38 943 943 943 943 943
1a39 922 922 922 922 922
la40 955 955 955 955 955
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Table A.7: The best makespan and the average makespan obtained with the proposed

combined metaheuristic method over the Birgin et al. (2014) YFJS instances.

5 o

a a

by by
Instance __ 0O BS GA GWO KCSA ICA ICATS 2 2

LB UB

YFJSOL 773 773 825 773 773 7192 773 773 73 73
YFJS02 825 825 876 848 843 832 843 825 825 825
YFJS03 347 347 372 356 348 362 347 347 347 347
YFJSO4 390 390 458 390 390 401 390 390 390 390
YFJS05 445 445 486 452 452 495 452 445 445 445
YFJS06 446 446 493 450 450 497 447 446 446 446
YFJSO7T 444 444 48T 480 455 792 455 444 444 444
YFJS0S 353 353 372 353 353 387 353 353 353 353
YFJS09 242 242 283 242 242 295 242 242 942 942
YFJSI0 399 399 418 399 399 415 399 399 399 399
YFJSI1 526 526 590 520 520 612 529 526 526 526
YFJSI2 512 512 561 540 517 606 517 512 512 512
YFJS13 405 405 455 409 409 488 405 405 405 105
YFJS14 1317 1317 1380 1317 1317 1397 1317 1317 1317 1317
YFJS15 1230 1239 1310 1269 1270 1308 1270 1239 1239 1239
YFJS16 1222 1222 1387 1301 1301 1324 1254 1222 1222 1222
YFJSI7 1133 1133 1304 1204 1204 1295 1167 1133 1133 1133
YRJSIS 1220 1220 1364 1283 1283 1503 1221 1220 1220 1220
YFIS19 926 926 1256 1080 1153 1350 1080 941 926 926
YFJS20 968 968 1271 1204 1204 1290 1079 973 968 968
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Table A.8: The best makespan and the average makespan obtained with the proposed
combined metaheuristic method over the Birgin et al. (2014) DAFJS instances.

S &

a a

-
Istance PO BS  GA GWO KCSA ICA ICATS a 2

LB UB

DAFJSOL 257 257 277 257 257 264 257 257 257 257
DAFJS02 289 289 306 289 280 201 280 9289 280 9289
DAFJS03 576 576 576 576 576 592 576 576 576 576
DAFJSO4 606 606 606 606 606 606G 606 606 606  G6OG
DAFJS05 384 384 425 421 421 395 424 389 384 384
DAFJSO6 404 404 434 414 414 449 423 412 404 404.08
DAFJS07 505 505 542 583 583 566 610 512 505 505
DAFJS08 628 628 632 655 655 631 642 628 628 628
DAFJS09 324 461 482 474 483 490 466 464 460 460.04
DAFJSI0 337 522 540 537 537 555 533 533 51T 517
DAFJSI1 658 658 675 732 732 701 750 659 658 658
DAFJSI2 530 600 643 731 731 720 698 645 591 59121
DAFJSI3 306 636 670 655 655 707 653 653 633 633.54
DAFJS14 367 708 755 737 737 818 735 726 708 708
DAFJSI5 512 640 705 736 747 818 74T 671 631 632.25
DAFJSI6 641 644 700 778 780 798 768 679 643 643
DAFJSI7 309 777 824 806 812 904 800 78T 772 772.29
DAFJSIS 328 778 817 790 799 892 790 789 768 768.04
DAFJS19 512 512 545 540 546 585 540 524 512 512
DAFJS20 434 666 711 700 700 810 696 696 662 663.96
DAFJS21 504 771 839 810 810 959 803 803 757 759.04
DAFJS22 464 672 735 722 722 851 697 697 661 663.54
DAFJS23 450 467 490 515 515 537 519 476 460 460.58
DAFJS24 476 543 595 634 635 648 635 564 537 537
DAFJS25 584 699 774 810 810 879 783 752 696 696
DAFJS26 565 697 783 790 806 898 765 745 684 684.96
DAFJS27 503 784 856 876 876 981 842 831 773 773
DAFJS28 535 535 565 620 623 584 594 543 535 535
DAFJS29 609 630 663 744 748 710 725 G54 615 G18.46
DAFJS30 467 531 572 604 609 637 595 555 523 523.38
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