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Abstract

This work focuses on optimizing the scheduling of a multi-product batch process, considering
deterioration effects. These effects compromise the processing time of several operations and

can contribute to delays and waiting times, and larger total running time, among others.

The main goal is to study the effects of deterioration in a job-shop scheduling problem and
raise awareness of this topic within the industry. The primary motivation for this study is the
limited number of articles addressing deterioration in job-shop problems. Most existing
research focuses on less complex configurations and the development of models for solving

these problems.

The method proposed to solve this problem is Biased Random Key Genetic Algorithm. This
algorithm has a problem-independent portion in which encoded solutions are sorted based on
an objective function, and new solutions are generated through crossover and mutation. On the
other hand, the problem-dependent portion decodes the solutions, converting them into
feasible schedules. Additionally, a multi-population strategy is applied, in which multiple
populations evolve in parallel and exchange high-quality chromosomes after a pre-defined
number of generations. The algorithm proved to be efficient in solving traditional job-shop

scheduling problems.

This work considers two types of deterioration: job and machine deterioration. Job
deterioration relates to the processing time dependency on the waiting time between two
operations of the same job, while machine deterioration relates to the dependency on machine
running time. These effects are described by linear, exponential, and a sigmoid function. The

sigmoid function is proposed to model the deterioration-restricted impact on processing time.

The results indicate that optimization considering deterioration improves the makespan in
comparison to considering them only after optimizing. In the case of job deterioration,
optimization manages to mitigate deterioration effects by 60-80 %. However, for machine
deterioration, optimization mitigates about 10 % of the effects. Therefore, maintenance was

introduced to study how it can be used to improve the makespan, in the latter case.

This study highlights the importance of addressing deterioration in industrial processes.
Optimization techniques that account for deterioration can reduce costs, minimize disruptions,
and enhance sustainability in industrial operations. In addition to improving the decoder for
machine deterioration, future research can explore additional complex scenarios and improve

the understanding and application of deterioration effects in real-life production environments.

Keywords:  scheduling, job-shop; deterioration effects; BRKGA; chemical industry.
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Resumo

Este trabalho centra-se na otimizacao do escalonamento de um processo multiproduto batch,
considerando os efeitos de deterioracao. Estes efeitos comprometem o tempo de
processamento das varias operacdes e podem impor atrasos e tempos de espera, aumentar o

tempo total de funcionamento, entre outros.

O principal objetivo é estudar os efeitos de deterioracao num problema de escalonamento job-
shop e sensibilizar a indUstria para esta tematica. A motivacao reside na escassez de
investigacao na literatura sobre a aplicacao de deterioracao em problemas job-shop. A maioria
dos estudos existentes foca-se em configuracoes menos complexas e no desenvolvimento de

modelos para a resolucao destes problemas.

O método proposto para resolver o problema é um Biased Random Key Genetic Algorithm. Este
algoritmo tem uma parte independente do problema em que as solucdes codificadas sao
ordenadas com base numa funcao objetivo, e sao geradas novas solucoes através de operacoes
de cruzamento e mutacao. Por outro lado, a parte dependente do problema descodifica as
solucoes, convertendo-as em escalonamentos viaveis. Além disso, é aplicada uma estratégia de
multi-populacoes, na qual varias populacdes evoluem em paralelo e trocam cromossomas de
elevada qualidade ap6s um nimero pré-definido de geracoes. O algoritmo provou ser eficiente

na resolucao de problemas de escalonamento job-shop tradicionais.

Este trabalho considera dois tipos de deterioracao: deterioracao do tarefa e da maquina. A
deterioracao da tarefa relaciona-se com a dependéncia do tempo de processamento em relacao
ao tempo de espera entre duas operacoes da mesma tarefa, enquanto a deterioracao da
maquina relaciona-se com a dependéncia em relacao ao tempo de funcionamento da maquina.
Estes efeitos sao descritos por funcdes lineares e exponenciais, e € também proposta uma

funcao sigmoide para modelar o impacto restrito da deterioracao no tempo de processamento.

Os resultados indicam que a otimizacao considerando a deterioracao melhora o tempo total de
producao, em comparacao com a consideracao destes efeitos apos a otimizacao. No caso da
deterioracao da tarefa, a otimizacao consegue mitigar os efeitos de deterioracao entre 60 % a
80 %. Para a deterioracao da maquina, a otimizacao apenas consegue mitigar 10 % dos efeitos.
Assim, a manutencao foi introduzida no processo de otimizacao, de modo a estudar o seu

impacto na melhoria do tempo total de operacao.

Este estudo destaca a importancia de abordar a deterioracdo nos processos industriais. A
implementacao de técnicas de otimizacdo que tenham em consideracao a deterioracao pode
contribuir para a reducao de custos, minimizar interrupcoes e melhorar a sustentabilidade nas
operacoes industriais. Além de melhorar o descodificador para a deterioracao das maquinas,
pesquisas futuras devem explorar cenarios mais complexos e aprimorar a compreensao e

aplicacao dos efeitos da deterioracao em ambientes de producao reais.
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1 Introduction

1.1 Framing and presentation of the work

Batch processes play a crucial role in the chemical industry, enabling the production of a wide
range of products. These processes involve scheduling multiple products through different

stages, each with unique processing time and resource requirements.

To enhance productivity, reduce costs, and increase competitiveness, it is vital to optimize the
total time required to complete a set of processes (makespan). By minimizing it, companies
can boost production capacity, meet customer demands, and allocate resources efficiently.
Thus, considering deterioration effects is particularly important when scheduling chemical
processes as it can lead to a more realistic and accurate representation of the scheduling
environment, significantly impacting overall efficiency and profitability. These effects result
from factors such as equipment wear and tear, impurity accumulation, and variations in raw

material quality directly affecting operations’ processing time.

In conversations with several companies, it has become apparent that they are unaware of the
impacts of deterioration effects, as they do not actively seek to identify the causes of failures
during the production process. This lack of awareness results in production disruptions, lower
productivity, and increased waste that, additionally, must be discarded. Consequently,
considering deterioration in chemical processes schedule optimization is crucial for cost
reduction, minimizing production disruptions, and enhancing social and environmental

sustainability. Thus, it represents an immensely significant topic within the chemical industry.

Therefore, the main goal of this work is to study the effect of deterioration in a generic job-
shop problem, which can represent a chemical process and create awareness for the topic

within the industry.

The main motivation for this study is the limited number of articles addressing deterioration in
job-shop scheduling problems. Most existing research has focused on applying deterioration
effects in less complex configurations. Therefore, this thesis also aims to fill the gap in the
literature by proposing a new approach to solve job-shop scheduling problems that incorporate

deterioration effects.

Despite the existence of some articles considering the deterioration effects in the flexible job-
shop scheduling problem (FJSP), there are not many articles that consider them in the job-shop
scheduling problem (JSP). Although the FJSP is an extension of the JSP, where it is possible to
choose which machine performs the operations and thus potentially achieve better results,

studying the effects of deterioration in a JSP is more relevant. This is because the majority of

Introduction 1
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companies are small or medium-sized enterprises, which do not have significant investment

capacity to acquire multiple machines.

1.2 Contribution of the author to the work

My contribution to the work involved implementing the Biased Random Key Genetic Algorithm
developed by Goncalves et al. (2010). | wrote and optimized the necessary code in Python,

including the decoder, and implemented multiprocessing though the joblib library.

To conduct the experiments, | employed the Lawrence (1984) instances, which were obtained

from http://jobshop.jjvh.nl/. Furthermore, to introduce deterioration into the instances, |

designed a function that randomly selected deterioration rates and machines/operations with

deterioration.

1.3 Organization of the dissertation

In addition to Chapter 1, which introduces the research topic, including the motivation for the

study, this dissertation is organized into five additional chapters.

In Chapter 2 - Context and State of Art - the literature related to scheduling problems and job-
shop scheduling problems is reviewed, emphasizing deterioration effects. The efficiency of
genetic algorithms to solve this type of problem is also reviewed, with a specific focus on Biased

Random Key Genetic Algorithms.

In Chapter 3 - Methods and Methodology - the methodology used to conduct the study is
described, including the Biased Random Key Genetic Algorithm solution approach. The detailed
description is provided, including the assumptions made as well as the specific deterioration

functions used.

In Chapter 4 - Results and Discussion - the methodology efficiency is proved, comparing the
computational results with those of other studies in the literature. The computational results

for deterioration are presented, analysed, and their implications are discussed.

In Chapter 5 - Conclusion - the main achievements of the research are summarized, as well as

the limitations of the study and potential lines for future research.

Finally, in Chapter 6 - Assessment of the work done - a small assessment of the present work is

performed.

Introduction 2
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2 Context and State of the art

In this chapter, the literature and state-of-the-art in the field of scheduling problems will be
reviewed, focusing on job-shop problems with deterioration effects, and how genetic

algorithms can help to solve these problems.

2.1 Batch process plants

Batch processes can handle variations in feedstock and product specifications due to their
dynamic nature. This flexibility is essential for multiproduct or multipurpose facilities, making

them well-suited for producing low-volume, high-value products (Mokeddem et al., 2009).

In batch processing, products that require repeated process steps may require less production
equipment compared to continuous operations. This is because, in continuous processing, each
process step typically requires its own set of equipment. In contrast, in batch processing, the

same equipment can be used or employed in multiple processes (Mokeddem et al., 2009).

Batch chemical processing is commonly used and presents certain benefits over continuous
operations in specific situations. These include manufacturing processes requiring flexibility in
the product rate or mix, limited capacity, chemistries incompatible with continuous operations,
or cases in which lot integrity must be held (Korovessi et al., 2006). Industries in which batch
operations are common include pharmaceuticals, specialty chemicals (adhesives, catalysts,
coatings and paints, industrial gases, plastic additives, water management chemicals, and

lubricants), and food.

Thus, batch processes play a crucial role in chemical manufacturing systems, producing large
volumes of chemical products that meet the demands of everyday life. With increasing
globalisation, there is rising global competition in the traditional chemical process industry. To
remain competitive in the global marketplace, companies must optimize their production

management and establish responsive systems to deal with market fluctuation.

2.2 Scheduling problems

Scheduling is the core of production management in a chemical process. It is a decision-making
process that deals with the allocation of resources to tasks over given periods to achieve a
specific objective, such as maximisation of profit or minimisation of makespan (Pinedo, 2012).
Production scheduling, which typically covers a period of a week to a month, provides a short-
term outlook on the requirements for each product to be manufactured, with the time scale

tailored to fit manufacturing needs (Korovessi et al., 2006).

Context and State of the art 3
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When considering the machine scheduling problem, which originally emerged in manufacturing
systems, a job consists of one or more activities, and a machine represents a resource capable
of performing at least one activity at a time (Chen et al., 1998). The total number of jobs is
denoted by J and the total number of machines by M. Generally, the subscript j is used to
denote the job, while the subscript i is assigned to the operation (Pinedo, 2012). Machines’

different configurations are possible.

In a production system, a job can require one or multiple operations, depending on whether
the system is single or multi-stage. Single-stage systems involve one or M machines operating
in parallel. The simplest case is a single machine, which is a special case of more complex

machine environments (Pinedo, 2012; Brucker et al., 2012).

When considering multi-stage systems (shop scheduling problems), there are three primary
types to consider. These systems consist of F stages, each with a distinct function. In a flow-
shop with F stages, every job follows a predetermined sequence, processing through stages 1
to F in a fixed order (Chen et al., 1998; Brucker et al., 2012). In an open shop, each job also
goes through every stage once; however, the routing, i.e., the sequence of steps, can vary
between jobs or is part of the decision-making process (Chen et al., 1998). In a job-shop, each
job has a specified routing through the stages, incorporating specific precedence constraints,
and the routing may differ from one job to another (Chen et al., 1998; Brucker et al., 2012).
Furthermore, there are multiprocessor variations of multi-stage systems where each stage has

several parallel machines, resulting in flexible job-shops and flexible flow-shops (Pinedo, 2012)

In addition, machines may have the capability to process multiple jobs simultaneously. The
reason for grouping jobs into batches is to increase efficiency, as it may be more cost or time-
efficient to process jobs in a batch rather than individually. The literature identifies two types
of batching machines: serial and parallel (Pei et al., 2022). A serial batching machine has a
batch length that equals the sum of the processing times of its job, while a parallel batching

machine has a batch length that equals the largest processing time of its jobs.

Analogous to the JSP, a multi-product batch process in the chemical industry requires the
production of different products (jobs), each with its own recipe and processing requirements,
on a shared set of processing equipment (machines). Thus, adopting the job-shop perspective,

the multi-product batch process can be effectively modelled as a scheduling problem.

2.3 Job-Shop Scheduling Problem

The JSP is an optimization problem in which multiple jobs with different routings are allocated
to machines at a given time while trying to optimize an objective function (Dimopoulos et al.,
2000). It consists of ordering the operations of the J jobs to be processed in M machines, in

which each job involves various machining operations.

Context and State of the art 4
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Due to its great application value, the JSP has always been a concern and has been studied
widely, with applications in semiconductors (Jiang et al., 2023), machine manufacturing (Li et
al., 2020), automobile manufacturing, chemicals and pharmaceuticals (Azzouz et al., 2017),
and food (Bouazza et al., 2017).

The JSP is one of the most complicated and important problems, recognized as non-
deterministic-polynomial-time hard (NP-hard) - the solution time is an exponential function of
its problem size - and a very challenging combinatorial optimization problem since the 1950s
(Calis et al., 2015). The problem complexity arises from the fact that there are many possible
ways to schedule the jobs on the machines, and finding the optimal schedule requires searching
through a vast space of possible schedules (Calis et al., 2015). However, the JSP is an important
practical problem in many manufacturing contexts, as optimizing its solution can significantly

improve production efficiency and reduce costs.

According to Xiong et al. (2022), in the classic model of this type of problem, a set of
assumptions is typically considered: (1) all jobs are released at time zero, cannot be cancelled
during processing, and the number of jobs is predetermined and fixed; (2) all machines are
available at time zero; (3) all jobs have equal weight and no specify due dates; (4) there is no
arbitrary priority among jobs; (5) each operation has a predetermined processing time; (6) each
job follows a fixed processing routing; (7) jobs are independent from each other; (8) each
machine can handle only one operation at a time; (9) waiting between adjacent operations of
the same job is allowed; (10) machines operate independently; (11) operations cannot be
interrupted once stared; (12) pre-emption is not permitted; (13) setup times and transit times
are negligible; (14) machine breakdowns and maintenance are not taken into account; (15) re-
processing and emergency job insertion are not considered; (16) operator constraints are not
considered; (17) buffer, warehouse and container capacities are assumed to be unlimited; (18)

auxiliary tools and appliances are always available.

The relaxation of any of these assumptions can result in variations of the problem, which can
be classified into different groups, as Xiong et al. (2022) explained. For instance, relaxing
assumption 13 means that machine availability (Tamssaouet et al., 2018; Lin et al., 2021)
and/or job transport time (JSP with transportation) are considered (Fontes et al., 2022; Fontes
et al., 2023b), and dismissing assumption 6 allows for considering alternative routings or
machines (Moon et al., 2008; Chaudhry, 2012). If machines are in different locations, transport
times and costs are taken into account (Homayouni et al., 2023), leading to distributed JSP
(Luo et al., 2022). This problem deals with the assignment of jobs to factories geographically
distributed and with determining a good operation schedule of each factory, resulting in a
flexible problem (FJSP). Relaxing the 16" assumption explicitly involves the operator in the

processing resource (Mencia et al., 2015), meaning that both machine and operator must be
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available for the operation to be processed (dual-resource constraints). Besides, there is a class
of JSPs that does not rely on relaxing the previous assumptions. Researchers have recently
started incorporating energy conservation and environmental protection criteria into

scheduling decisions, leading to energy-efficient JSP (Fontes et al., 2023c; Abedi et al., 2020).

The processing time can also be nondeterministic or nonconstant (relaxation of fifth
assumption). This problem can be classified as deterioration effects (Abedi et al., 2020),
controllable processing times (Gao et al., 2022), fuzzy processing times (Bustos-Tellez et al.,
2018), or random distribution processing times (Zhang et al., 2011). Figure 2.1 summarizes the

scheduling problems and JSP types of problems.

Scheduling Problems

|

Deterministic Stochastic

|

Dynamic Static

1 1 ! 1 1
Single machine Parallel machines Job-Shop Open shop Flow-shop
single machine problem multiple machines problem

Classical With dual- Dynamic  Energy-efficient ~ Nondeterministic Machine Distributed Considering Flexible With setup
resource or nonconstant availability batches times
constraints processing time
Deterioration Controllable Fuzzy processing  Random distribution
effects processing times times processing times

Figure 2.1. Scheduling problems classification.

In the basic model of scheduling problems, the processing time of a job is assumed to be
constant. However, processing times change due to several conditions. The case in which the
processing time increases over waiting, start, or release time concerns the deterioration
problem (Renna, 2015). This is the JSP addressed in this work.

2.4 Deterioration effects

One of the main problems most industrial sectors face is the uncertainty of its parameters, such
as processing times. In addition, raw materials waiting in a queue for processing may
deteriorate over time. In some cases, the deterioration results in a complete loss of the raw
materials, while in others, they are salvageable, however requiring additional processing time.
This phenomenon, introduced by Gupta et al. (1988) and Browne et al. (1990), is known as the

“deterioration effect.”
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This effect is observed in a wide range of situations, ranging from production, e.g., steel rolling
mills, to rescue, e.q., fire-fighting response scheduling (Kunnathur et al., 1990; Gupta et al.,
1988; Browne et al., 1990). For instance, the time and effort required to control a fire increases
if the containment process is delayed. Hence, the processing time depends on the starting time
of the job. Similarly, in steel rolling mills, the processing time of an ingot waiting in a queue
between two processes depends on the waiting time, as must be reheated if its temperature

falls below a critical value.

Web of Science™ database was selected as the research resource to identify studies related to
the research topic. Initially, it was necessary to determine the most suitable keywords
commonly employed in the literature to approach this theme. The search was subsequently
restricted to articles incorporating the following combinations of generic keywords within their
title, abstract, or list of keywords: ("scheduling”) AND ("deteriorati* job*" OR "deteriorati*
effect* OR "job* deteriorati*"). In total 542 documents were collected until 2022. After
filtering by articles written in English until 2022, a set of 470 research articles remained. The
findings suggest that research on this type of problem has generated much interest in recent

years. Figure 2.2 shows the number of documents published each year, from 1990 to 2022.
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Figure 2.2. Number of articles concerning scheduling with deterioration until 2022.

Numerous configurations have been investigated, with the single-machine being the most
extensively studied. Nevertheless, as elucidated by Pinedo (2012), scheduling problems in
complex configurations can be decomposed into sub-problems involving single machines.
However, more recently, researchers have increasingly searched for more complex

configurations (Shabtay et al., 2022), which are more common and realistic in the
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manufacturing industry. Nevertheless, research on scheduling problems in more complex

settings is still at an early stage.

Refining the search with generic keywords ("job-shop”™ OR "jobshop” OR "job shop”), 13
articles were presented. Among the articles found, 5 of them considered deterioration in
flexible job-shop problems, and 5 others did not address JSP. In addition, 10 out of the 13
papers presented were published between 2019 and 2022, indicating the recent interest of the
literature in this type of problem. It follows a brief description of the most relevant works

found.

Wu et al. (2020) focused on a multi-objective FJSP considering deterioration effects. The
authors consider machine deterioration and model it as a piecewise linear function. The
deterioration rate of each machine was randomly generated using the uniform distribution
U[0.005,0.150]. In a previously article, Wu et al. (2019) argued that the deterioration effect
has a limited impact on processing time in real-world production. Since, the processing time
cannot be increased indefinitely. Therefore, describing the real processing time using a limited
function would be more rational. In both articles, the authors concluded that consider the
deterioration effects in the optimization model reduces the impact of these effects on the

practical production.

Azzouz et al. (2020) proposed a formulation for the FJSP with sequence-dependent setup and
deterioration effects. The authors modelled the deterioration effect by resorting to a linear

function. However, they do not provide any information regarding the deterioration rate.

Jiang et al. (2022) designed a modified animal migration optimization algorithm to solve an
energy-conscious FJSP with transportation time and deterioration effect simultaneously. To
describe the deterioration effects, the authors proposed a linear function. To analyse the
deterioration effect, the authors considered three scenarios with different levels of
deterioration rates, which were randomly generated following three uniform distributions
U[0.005,0.150], U[0.150,0.250] and U[0.250, 0.400].

Tao et al. (2021) proposed a disruption management method based on cumulative prospect
theory for the urgent with deteriorating effect arrival in FJSP, and an optimized multi-phase
quantum particle swarm algorithm was addressed to select the processing route. A linear
function describes the actual processing time for each job with deterioration. The authors did

not specify the deterioration rate used.

On the other hand, Abedi et al. (2020) studied a multi-objective energy-efficient JSP involving
speed scaling machines affected by cumulative deterioration, in which maintenance activities
are needed. However, the processing time of operations depended on the jobs' sequence, not

the time.
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Likewise, Renna (2015) studied rate-modifying activities in a job-shop manufacturing system.
The study considers that the generic workstation experiences a maximum level of deterioration,
followed by the requirement for maintenance activity. The author proposed an exponential
function to describe the deterioration of each machine. The deterioration rate was assumed to
be 0.1.

Mosheiov (2002) addressed JSP with deteriorating jobs to minimise the makespan, assuming a
simple linear deterioration function. Although, it is stated that the deterioration rate used is
job and machine-dependent, no values are provided. The work mainly focused on analysing the

complexity of shop problems.

In a recent comprehensive review on deteriorating and learning effects, Pei et al. (2022),
reports on works addressing the single and parallel machine and flow shop scheduling problems,
but none on the JSP.

Numerous studies have confirmed that the problem of deterioration is classified as NP-hard
(Renna, 2015; Bachman et al., 2002; Mosheiov, 2002). Since the classical JSP is also NP-hard,
it follows that the JSP with deterioration effects is likewise NP-hard. Given that metaheuristics
have demonstrated their effectiveness solving NP-hard combinatorial problems (Calis et al.,

2015), this work proposes a metaheuristic approach.

2.5 Metaheuristics

Combinatorial optimization models can represent various practical challenges such as routing,
scheduling, inventory control, production, and location. To obtain satisfactory solutions

quickly, heuristics are frequently used in production methods.

While simple heuristics are sufficient for solving simple problems, more complex problems
require more elaborate solution approaches. As a result, many heuristics and metaheuristics

have been developed over the years (Garcia-Martinez et al., 2018).

Metaheuristics are problem-independent and can incorporate or be combine with simple
heuristics. By exploring the problem's search space, they can offer solutions of higher quality
compared to those obtained through simpler optimization algorithms. They are specifically
designed to find satisfactory solutions for complex problems, as is often the case in

combinatorial optimization, with greater efficiency (Garcia-Martinez et al., 2018).

There are two main classes of metaheuristics: single-solution and population-based
metaheuristics (Boussaid et al., 2013). Single-solutions metaheuristics start with a single initial
solution and try to improve on it, typically, by resulting to some sort of local search, while
population-based metaheuristics start with an initial population of solutions and generate new

populations iteratively. Examples of single-solution metaheuristics include simulated
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annealing, tabu search, and greedy randomized adaptive search procedure, while genetic
algorithm (GA), ant colony optimization, and particle swarm optimization are examples of

population-based metaheuristics (Boussaid et al., 2013).
2.5.1 Genetic Algorithms

The main characteristic of a GA is its ability to operate directly on the problem structure
without being restricted by derivative or function continuity limitations. It also has a global
search capability and can adjust search directions and self-adaptation. This algorithm has
proven to be one of the most effective evolutionary techniques for solving JSP and deterioration
problems (Calis et al., 2015).

GAs can be compared to biological evolution, where the genetic code changes in each
generation and evolves along generations. Additionally, the idea of survival of the fittest is
employed in this type of algorithms, to identify an optimal or near-optimal solution (Garcia-
Martinez et al., 2018).

In a GA, an analogy is made between a solution and an individual in a population. Each
individual is represented by a chromosome that encodes the solution. A chromosome consists
of a gene sequence, each representing an allele. Moreover, each chromosome is associated
with a fitness value, which is correlated to the objective function value of the solution it

encodes (Goncalves et al., 2010).

A GA creates a group of individuals, known as a population, which evolves over multiple
generations. In each generation, a new population is formed by combining elements from the
existing population. Moreover, random mutations are introduced to avoid local minima. The
algorithm follows the principle of survival of the fittest when selecting individuals for mating
and producing offspring. While individuals are chosen randomly, those with higher fitness are

prioritized over less suitable individuals (Gongalves et al., 2010; Garcia-Martinez et al., 2018).
2.5.2 Biased Random-Key Genetic Algorithm

The random-key genetic algorithm (RKGA) was introduced by Bean (1994) to address scheduling
and optimization classic problems. The chromosomes in RKGA are represented as a vector of
randomly generated real numbers in the interval [0, 1[. A deterministic algorithm, decoder, is
used to associate these vectors of random numbers with a solution to the problem (Goncalves
et al., 2010).

Biased-random key genetic algorithm (BRKGA) is a variant of RKGA introduced by Goncalves et
al. (2010), in which parents are chosen by combining an element randomly selected from the
elite partition (individuals with the best fitness values) with one selected from the non-elite

partition.
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In a BRKGA, the mutation occurs with a predetermined probability defined in the framework,
similar to what happens in a RKGA. BRKGA additionally enables to define of the offspring’s
probability to inherit specific characteristics from the elite parent by employing parametrized

uniform crossover (Goncgalves et al., 2010).

Through the evolutionary dynamics of the GA, the system acquires knowledge about the
correlation between random key vectors and solutions with good fitness values (Oliveira et al.,
2010). Another advantage of the random key representation is the ability to employ
conventional genetic operators. This characteristic allows the adoption of the GA for other
optimization problems, requiring only minor adjustments to routines associated with the

specific problem (Oliveira et al., 2010).

BRKGA has been used with success on real-world problems, such as packing (Gongalves et al.,
2010), scheduling (Goncalves et al., 2014; Homayouni et al., 2023; Fontes et al., 2023c;
Homayouni et al., 2022), and vehicle routing (Lopes et al., 2016), among others (Goncalves et
al., 2010). There are very few articles in the literature concerning BRKGA to solve deterioration

problems.

Cunha et al. (2018) proposed a BRKGA to minimise the total weighted completion time of the
incidents to be attended, considering fuzzy processing times. The results obtained showed that
the solutions were 2.17 % better than those obtained with constructive heuristics. In their
work, elite population accounted for 27 % of the total population, while the mutant population
represented 17 %. Moreover, the probability of inheriting an allele from the elite parent was
found to be 70 %. The population size was 1000, and the stopping criterion was 1000

generations.

Some authors combined BRKGA with other algorithms. Ma et al. (2018) investigated the problem
of scheduling step-deteriorating jobs with release times on a single parallel-batching machine.
They proposed a hybrid metaheuristic algorithm, combining BRKGA and variable neighbourhood
search. Kong et al. (2020a) introduced a parallel-batching scheduling problem on parallel
machines, where the actual processing time of a job is subject to the phenomena of
deterioration and learning. The researchers proposed a hybrid algorithm, combining BRKGA and
differential evolution, which proved to be efficient. Later, the same authors addressed the
deterioration in the hot rolling mill using BRKGA (Kong et al., 2020b).

None of the articles found concerned the job-shop problem with deterioration. However, there
are some articles concerning job-shop configuration without deterioration. Goncalves et al.
(2014) proposed BRKGA to solve JSP, using a decoder with three phases. The initial phase
produced an active schedule, the second phase attempted to improve it with a local search,
and, in the last phase, the chromosome was adjusted to reflect the solution found by the

previous phases. The results obtained were better by combining the BRKGA with the three

Context and State of the art 1



Scheduling of a multi-product batch process in the chemical industry with deteriorating effects

phases, with the second phase having the most significant contribution. The researchers chose
10 individuals from the total population to include the elite population, as well as the mutant
population. Furthermore, they established a probability of 85 % for inheriting the allele from
the elite parent. The fitness function was the modified makespan (combining the makespan
with a measure of the potential for improvement of the schedule), and the stopping criterion

was 20 generations.

Fontes et al. (2023c) addressed the energy-efficient JSP with transport resources by considering
speed adjustable machines (where jobs are processed) and vehicles (that transport the jobs
around the shop-floor). The goal was to find solutions balancing makespan and total energy
consumption. The computational experiments have shown it to be effective and efficient. The
authors defined the elite population as 20 % of the total population, and the mutant population
as 10 % of the total population and established a probability of 70 % for inheriting the allele

from an elite parent.

Besides that, Won et al. (2018) designed a genetic algorithm based on BRKGA for the JSP with
cutting and parallel operations. The results showed that this algorithm could find an optimal
solution for a small-size problems. The authors used a population of 30 individuals and a limit

of 500 generations.

Finally, Rizzi et al. (2015) proposed a hybrid metaheuristic combining BRKGA and clustering
search to solve JSP instances. The authors defined the population as 1000 individuals, with the
elite population accounting for 10 % and the mutant population for 20 %. The probability of
inheriting the allele from the elite parent was set at 70 %, and each instance was executed 20

times. They used as a stop criterion 400 generations or finding the optimal solution.
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3 Methods and Methodology

3.1 Biased random key genetic algorithm

BRKGA heuristics are based on a general-purpose metaheuristic framework. This framework has
two parts, one problem-dependent and another problem-independent, as can be seen in Figure
3.1 (Goncalves et al., 2010). The latter has no information about the problem being solved.
The only connection to the combinatorial optimization problem under study is the problem-
dependent part of the algorithm. In it, a decoder is employed to generate feasible solutions
from the vectors of random-keys and to calculate the quality of the solutions generated, i.e.,
the solutions’ fitness (Goncalves et al., 2010). Hence, to define a BRKGA heuristic, one must
focus on the abstract solution representation (encoding) and the construction of the solutions

from a given abstract representation (decoding).
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Figure 3.1. Flowchart of a BRKGA. Adapted from Goncalves et al. (2010).
The next subsections explain in detail the problem-independent and dependent parts.
3.1.1 Problem-independent part

The problem-independent part of a BRKGA involves generating and evolving a set of random
keys.
Initial population

The initial population has p vectors of random-keys, with each allele being independently
generated at random within the real interval [0, 1] (Goncgalves et al., 2010). After the decoder

calculates the fitness of each individual, the population is divided into two distinct groups: a
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group of p, elite individuals, consisting of the individuals with the best fitness values, and the
remaining set of p — p, non-elite individuals, in which p, is smaller than p — p, (Goncalves et
al., 2010, 2018a).

New generation

To evolve the population, a new generation of individuals must be produced. The new
generation is obtained by combining of the elite individuals of the current generation, the
offspring generated by reproduction (crossover), and the mutants. The general process is

represented in Figure 3.2.

most fit
—{ Elitist Selection }—‘
AN
select one parent
from elite partition
( Crossover }—'
randomly
generated
mutant
solutions
select one parent
from non-elite partition /
least fit

Figure 3.2. Transition from generation k to generation k + 1 in a BRKGA. Adapted from
Goncgalves et al. (2010).

The algorithm employs an elitist strategy by directly transferring all the elite individuals from
generation k to generation k + 1, without any modifications. This approach effectively
preserves the high-quality solutions found during the iterations of the algorithm, leading to a

consistently improving heuristic (Goncalves et al., 2010).

This algorithm incorporates mutation by introducing mutants into the population. A mutant is
a vector of random keys generated with the method employed to generate the elements of the
initial population. During each generation, a small number p,,, of mutants is introduced into the

population.

To create the next generation, after incorporating the p, elite individuals and the p,, mutants,
an additional p —p, —p,, individuals must be generated to complete the population of
generation k + 1. This is achieved by producing p — p, — p,, offsprings through the mating

process (Goncalves et al., 2018a).

Following on Goncalves et al. (2010), a parent can be selected multiple times for mating. The

probability of selecting a specific elite individual for mating (1/p,.) is greater than that of a
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given non-elite individual (1/(p — p.)), since p, < p — p.. Consequently, elite individuals have
higher likelihood to transmit their characteristics to future generations than non-elite

individuals (Goncalves et al., 2018a).

The mechanism used to implement mating in BRKGA is parametrized uniform crossover
(Goncalves et al., 2010). The crossover probability, denoted as p,, represents the likelihood of
an off-spring inheriting an allele from its elite parent, and is a user-defined parameter. The
offspring’s allele takes on the value of the elite parent with a probability p,., while it assumes
the value of the non-elite parent with probability 1 — p.. Hence, the offspring is more likely to

inherit characteristics of the elite parent than those of the non-elite parent.

Figure 3.3 depicts the crossover process for two-random key vectors, each consisting of five
genes (Goncalves et al., 2010). In this particular example, p, is set to 0.7, indicating that the
offspring inherits the elite parent’s allele with a probability of 0.7. To simulate this, a randomly
generated number within the interval of [0, 1] is used to simulate the outcome of a biased coin
toss. If the resulting number is less than or equal to 0.7, the child inherits the allele of the elite

parent. Otherwise, it inherits the allele of the non-elite parent.

Elite parent 0.1 0.5 0.2 0.4 0.3
Non-elite parent 0.3 0.4 0.1 0.2 0.6
Random number 0.3 0.8 0.2 0.9 0.1

Relation to crossover
probability of 0.7

Offspring chromosome 0.1 0.4 0.2 0.2 0.3

Figure 3.3. Parametrized uniform crossover: mating in BRKGAs.

Once the new generation is completely created, i.e., it has p individuals with fitness values
calculated for all newly created random-key vectors, the population is again divided into elite
and non-elite individuals, and the process restarts. This iterative process continues until a
specific stopping criterion is met. Several stopping criteria can be employed, such as stopping
after a time limit is reached, after a fixed number of generations from the beginning, or after

a solution at least as good as a certain value is found (Goncalves et al., 2010).
Multi-population strategy

This work employs a multi-population strategy, where multiple populations evolve parallel and
exchange high-quality chromosomes after a predefined number of generations. Fontes et al.
(2013) observed that excessive and frequent chromosome exchanges can disrupt the

evolutionary process. Thus, following on Fontes et al. (2023a) a strategy that replaces the worst
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two elite chromosomes from each independent population with the best two chromosomes from
the combined populations after 30 generations was implemented. Algorithm 1 presents the

primary procedures for the proposed multi-population BRKGA.

Algorithm 1. Proposed multi-population BRKGA

—_
.o

Initialization of the control parameters for the BRKGA
Generate a random population using a new seed for the random number generator
while stopping criteria is not satisfied, do
for each independent population:

Decode solutions for the current population,

2
3
4
5
6: Evaluate the solutions (compute the makespan),
7 Update the two best solutions,

8 Partition the population into elite and non-elite according to fitness values,
9 Generate offspring by parametrized uniform crossover,

0

10: Generate mutants,

11: Copy the elite group onto the next population,
12: Add mutants and offspring to the new population,
13: If it is time to exchange chromosomes, then:

16: Replace the two worst individuals of the elite group by the two best
individuals among the elite solutions of all populations,

17: end while

18: Terminate the algorithm and print the makespan and time

Parameter setting

The BRKGA has some parameters (which influence its performance) that need to be set: the
population size (p), the number of genes in a chromosome (N), the size of the mutant solution
population (p,,), the size of the elite population (p. ), and the elite allele inheritance probability
(pe). Additionally, for the multi-population strategy, it is necessary to set the number of
parallel populations (m), the frequency of population interchange (k,), and the number of

exchanged solutions (k).

The values recommended by Goncalves et al. (2010, 2018b) are described in Table 3.1. Note

that a is not a parameter, however, it directly influences the population size.

The parameters values’ used in this work, which are based on previous work by Goncalves et
al. (2005), Fontes et al. (2023c), and Rizzi et al. (2015), were empirically selected by testing
them on a subset of benchmark instances. The experiments were conducted using the setup

specified in Table 3.1.
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Table 3.1. Recommended parameter value settings.

Parameter Recommended value Value used in this work

p p=aN,1<a €R min {500, 2N}

De 0.10p < p, < 0.25p 0.2p

Pm 0.10p < p;, < 0.30p 0.1p

De 05<p, <08 0.7

T m€{1,..,5} 3

kp ky € {50, ...,100} 30

km km €{1,2,3} 2

Since metaheuristic algorithms are stochastic, each instance was solved ten times. The stopping
criteria selected include 100 generations without improvement or run 500 generations,

whichever happens first.
3.1.2 Problem-dependent part

One of the features that differentiates conventional GAs is that the algorithm does not directly
handle the problem’s solutions but instead operates on a solution representation known as the
chromosome. The algorithm evolves the population by evolving encoded solutions rather than
“real” solution. The BRKGA encodes a solution through a chromosome with N alleles, where N
is the number of production operations required. Each allele is a real value between [0, 1] and
is initially (first generation) randomly generated. In a JSP, a solution can be encoded as a vector
where 1 to n, refer to operations of job 1, elements n, + 1 to n; + n, the ones of job 2, and so

on, as represented in Figure 3.4 (Homayouni et al., 2023).

Chromosome = ( geney, ..., BeNepny ; BEN€N1+1 5« BENE 1402 s ov » EENEN-141 5 - » EENEY )
1 [ | 1 1

| I'1 ] F
job1 job2 jobJ

Figure 3.4. Chromosome structure for a JSP, with J jobs and N operations.

Thus, to perform a mapping between the space of random keys and the real space of the
problem, a deterministic algorithm called a decoder is used, which is responsible for returning
a feasible solution and its corresponding objective value or fitness from a vector of random
keys (Goncalves et al., 2014).

Decoding procedure

The decoding process is illustrated by resorting the example considered by Gongalves et al.
(2014), which is described in Table 3.2.
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Table 3.2. Example of an instance with 4 jobs and 3 machines (Gongalves et al., 2014).

Job 1 Job 2 Job 3 Job 4
Order | Machine Prgcess Machine Prgcess Machine Prqcess Machine Prgcess
time time time time
1 a 2 B 3 C 5 b 2
2 b 3 C 2 b 2 a 4
3 C 4 A 3 a 3 C 2

A solution to a JSP with four jobs, (e.g., four products), each requiring three production
operations, can be represented (encoded) as given in Figure 3.5a. Elements 1 to n, (3) refer to

the operations of job 1, elements n, + 1 (4) to n, + n, (6) to the ones of job 2, and so on.

0.67 0.78 049 0.07 035 087 017 002 093 0.25 052 042
a) encoded solution

0.02 007 017 0.25 035 042 049 052 067 0.78 0.87 0.93

3 2 3 4 2 4 1 4 1 1 2 )

b) permutation of jobs, with repetition

0]

0 31 932 0933

0] (0] (0] 0] 0] 0 0 o 0]

1,3 Y12 Y23 Y14 Y22 VY24 Y11 Y34 VYo

c) feasible schedule

Figure 3.5. Decoding a chromosome into a list of ordered operations.

The vector is filled with random keys, i.e., a real number in the interval [0, 1], as in Figure
3.5a. The decoding method starts by sorting the vector in ascending order (Figure 3.5b). Then,
it converts the indices of the sorted vector into a sequence of repeated jobs. Subsequently,
this sequence of repeated jobs is translated into a sequence of operations by replacing (from

left to right) the it" appearance of job j by operation 0;;, ensuring, this way, that the solutions

jo
are always feasible (Homayouni et al., 2023), as represented in Figure 3.5c.

Once a list of ordered operations is obtained, a schedule is created by sequentially scheduling
each operation, starting with the first operation, then the second, and so on. To process an
operation, the previous operation of the same job must be completed, unless, it is the first
operation of a job, and the machine it is processed on must be free. Each operation is allocated
to the earliest starting time as long as the two conditions are satisfied (just the latter if it a
job first operation). This process is iterated until all operations have been scheduled. The Gantt
chart corresponding to the chromosome in Figure 3.5a can be found in Figure 3.6. The

scheduling is not optimized, but it is feasible.
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Figure 3.6. The Gantt chart illustrating the example defined in the Table 3.2 and

corresponding to the chromosome depicted in the Figure 3.5a.
Fitness function

The objective of the fithess function is to assess each chromosome's quality, enabling the
evolutionary process to distinguish between different chromosomes and to directs the search
for better solutions (Goncalves et al., 2018a). Depending on the problem, different measures
can be employed, such as makespan (as implemented in this work), the sum of the total

tardiness and earliness, the number of tardy jobs, and mean completion times, among others.

3.2 Deterioration effects

In the chemical industry, the production of certain products may contain components that
deteriorate over time, causing an increase in the processing time. For instance, in the
production of porcelain craftworks, the raw material, made up of clay and special coagulants,
becomes harder over time, which may increase the time required to shape a craftwork. Other
examples can be found in the food industry: powders absorb water when handled in high-
humidity environments. Due to liquid bridges between particles (Teunou et al., 1999), they
become less flowable, and hence, longer times are required to process, transport and store
them. Also, the mixing time is affected by the mixture’s viscosity, which is affected by the
time the mixture spends waiting for the mixing step since it may lead to a decrease in

temperature or solvent evaporation.

Furthermore, production systems often undergo changes in the physical conditions of their
machines as a result of overheat, fouling, impurities, or other phenomena, leading to
degradation. These changes cause a reduction in machine efficiency and an increase in

processing times (Wang et al., 2018). For example, if a reaction must meet a given conversion,
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the presence of fouling on the catalyst will cause an increase in processing time. Also, machine
fouling (for instance, in the of case of powder in the food industry) results in lower production
rates, and hence, it takes longer to produce the required amounts, and/or reduces the heat

transfer.

To study such impacts in production, deterioration effects were considered. The two types of
deterioration mentioned before were studied: (1) job deterioration, in which processing times
depend on the waiting time between two consecutive operations of the same job (components’
degradation); (2) machine deterioration, in which processing times depend on machine’s

running time (loss of machine/system efficiency).

Typically, when machines start to deteriorate, maintenance is necessary to maintain
acceptable production levels (Renna, 2015). Although the study's primary objective is not
maintenance, it was incorporated into the machine deterioration optimization process to

explore its potential impact on improving makespan in the context of machine deterioration.

To study the influence of deterioration, three types of functions to mode the impacts on
processing time were considered, namely: linear, exponential, and sigmoid functions. Note that
deterioration effects considering sigmoid functions are here studied for the first time. However,
sigmoid functions are of particular relevance since in many processes the conditions leading to
processing time’s deterioration tend to approach equilibrium, thereby causing processing times
to approach a limit. For example, when the temperature of an agitator increases, its efficiency
decreases and consequently, the time to reach the same level of mixing increases. However,
the agitator temperature stabilizes after a certain period, and the processing time remains

constant.

Following the work by Wu et al. (2019), it was considered that deterioration has a limited
impact on processing time. The obviously case in real world production systems is the example
of powder flow properties degradation by humidity, described above. The absorbed humidity
reaches an equilibrium, affecting the processing time in a restricted way. For the sigmoid
function, it was considered acceptable to assume that the processing time stabilizes at twice
its processing time. For the exponential function, empirical tests were performed to define the
limit.

The processing times were expressed as a function of the job waiting time (job deterioration)
and the machine running time (machine deterioration). Equations (1) to (3) model the
processing time under job deterioration, and equations (4) to (6) model the processing time
under machine deterioration. In all equations, pj;;; refers to the actual processing time of
operation i of job j, while p;; refers to the reference processing time of the same operation,

i.e., without deterioration.

Methods and Methodology 20



Scheduling of a multi-product batch process in the chemical industry with deteriorating effects

Ppj) = Py + aij(tij — t'a-1);) (1)

pijeaif(tij_t(i—l)j) , if (tij—t'-nj) < I;_‘(J)
p[l]] = ainpij . , pl_] (2)
pije 10 if (tyj —t -1, > 10

2 Xpi]'

Plij) = (3)

1+ e‘“ii(tii‘tfi—l)j)

Plij] = Pij T m Z z Play (4)

de] l€e0g:mg=m;jASq <Sij

(p”eamZdE]ZlEOd:mdl:mij/\Sdl<Sijp[dl] ' if Z Z Pray < %
d€JLEOg :mg=mj ASq; <Sjj
p[l]] = % AmXPij . pij (5)
k pije 10 if Z Z Pray >1—0

deJle0g:mg=mijASq <Sij

2 Xpij

1 + e_amZdE]ZlEOd:mdl=mi]'/\5dl<5i]'p[dl]

plj) = (6)

In equations (1) to (3), the waiting time between two consecutive operations of the same job

is given by the difference between the starting time of operation i of job j (t;;) and the time
at which the operation i — 1 of job j has been completed (t';_qy;). In these equations, «;;

represents the deterioration rate of job j due to the waiting time imposed before starting

operation i, which is machine independent.

In equations (4) to (6), the running time is expressed by the sum of the processing time of the
operations since the machine has started operation. Hence, for each machine the running time
is calculated as the sum of the processing times over all operations it processes and that have

been started on or before ¢;;. In these equations, a,, represents the deterioration rate of each

machine, which is job independent.

Prediction the deterioration rate is very complex in batch processes with multiple products.
Different products require different batch recipes, such as varying raw material ratios,
additives, and operating conditions, resulting in distinct deterioration processes (Wu et al.,
2018). Consequently, predicting the deterioration rate becomes challenging and requires real-
time data. Thus, in this study, the deterioration rates were randomly drawn from the uniform
distribution U[0.005,0.200], as is standard in the literature (Wu et al., 2020; Li et al., 2021).

In an attempt to bring this study closer to reality, deterioration was not considered to affect
machines or all operations. Indeed, it was decided to have a fixed percentage of machines and
of operations to be affected by deterioration. Hence, 25 % of the machines and of the

operations were randomly selected.
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4 Results and discussion

The computational experiments were conducted on the 10 JSP instances proposed by Lawrence
(1984), since they are commonly used in many JSP studies. The configurations of each instance,
i.e., processing times and order of operations, can be found in Annex A, along with the
deterioration rate of operations affected by this effect. Annex B contains the deteriorating
machines and their respective rates for each instance and in Annex C the deterioration

functions addressed are represented.

The tests were conducted on a computer with an Intel(R) Core(TM) i5-2400 Processor (3.10 GHz)
running on the Windows 10 operating system, and the algorithm was implemented in Python®
3.11.

4.1 BRKGA efficiency

To demonstrate the effectiveness of the BRKGA to solve JSP, instances from Lawrence (1984)
were solved. Table 4.1 shows the instances’ settings, as well as the optimal total production
time (makespan) from literature (Opt.), the best solution found, the percent optimality gap
(GAP), the percentage of makespan deviation (o = (average — best)/average x 100) and the
CPU time needed to find the best solution.

Table 4.1. Lawrence (1984) instances and computational results for BRKGA.

Characteristics BRKGA

Instance M-J-0 Opt. Best GAP ol% t/s
la04 5-10-50 590 597 1.2 3.3 17
la08 5-15-75 863 863 0.0 0.1 11
la12 5-20-100 1039 1039 0.0 0.0 6
la16 10-10-100 945 946 0.1 5.2 29
la17 10-10-100 784 796 1.5 3.6 30
la22 10-15-150 927 989 6.7 3.5 50
la23 10-15-150 1032 1045 1.3 3.0 84
la28 10-20-200 1216 1269 4.4 4.5 157
la31 10-30-300 1784 1784 0.0 0.2 95
la36 15-15-225 1268 1340 5.7 4.1 159
Mean 1044.8 1066.8 2.1 2.7 64

Overall, the BRKGA performs well in these instances, with the mean best solution of 1066.8,

which is only 2.1 % away from the mean optimal solution. The algorithm also has a relatively
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low standard deviation, indicating consistent performance, i.e., robustness. The CPU time
required to find the optimal solution varies depending on the instance's configuration, as
instances with a higher number of operations take longer. Nevertheless, its average value is

only 64 seconds.

Then, the multi-population was implemented (BRKGA+MP), and the results obtained compared
to those of i) Rizzi et al. (2015) that employed clustering search in BRKGA (BRKGA+CS), and
those of ii) Goncalves et al. (2005) that purposed a hybrid genetic algorithm with local search
(HGA+LS). The results are summarized in Table 4.2. It is important to take into account that
the literature values were obtained from different computers in different years, which may

influence on the reported resolution times.

Table 4.2. Computational results for BRKGA+MP and comparation with literature values.

BRKGA+MP BRKGA+CS HGA+LS

Instance Best GAP o/% t/s Best GAP o/% t/s Best GAP t/s

la04 590 0.0 1.9 36 590 0.0 7.8 14 590 0.0 42

la08 863 0.0 0.0 8 863 0.0 54 6 863 0.0 99

la12 1039 0.0 0.0 7 1039 0.0 6.1 6 1039 0.0 201

la16 946 0.1 4.8 49 946 0.1 10.8 22 945 0.0 232
la17 785 0.1 1.7 50 784 0.0 8.8 47 784 0.0 216
la22 954 2.9 33 74 942 1.6 12.0 25 950 2.5 629
la23 1032 0.0 2.3 93 1032 0.0 8.1 53 1032 0.0 594
la28 1241 2.1 45 152 1258 3.5 10.9 11 1250 2.8 1267
la31 1784 0.0 0.2 101 1784 0.0 4.5 67 1784 0.0 3745
la36 1315 3.7 3.5 85 1315 3.7 103 75 1303 2.8 1826

Mean 1054.9 0.9 2.2 66 1055.3 0.9 8.5 33 1054.0 0.8 885

The results show that BRKGA and BRKGA+MP performed well, but the BRKGA+MP consistently
provided better solutions. This variant obtained solutions that were either optimal or very close
to optimality. Additionally, it is very robust since as the standard deviation values are quite
small. It is important to note that the best solution obtained for the [a28 instance by BRKGA+MP
is better than the best one found by both the BRKGA+CS and the HGA+LS.

In comparison, the BRKGA+CS variant performed worse than BRKGA+MP, with a little higher

mean best solution and a significantly higher standard deviation (about four times larger).
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Nevertheless, it required less time than the BRKGA+MP variant (about half). On the other hand,
HGA+LS found slightly better solutions in most cases, with lower relative gaps compared to the
other algorithms. However, this algorithm took significantly more time to find these solutions
in all cases (about 14 larger than that of the BRKGA+MP). For example, for the instance with
the highest number of operations (la31) it took over 1 hour. Additionally, nothing can be said

about method robustness since no standard deviations are reported.

The computational time required by BRKGA and its variants was generally moderate, with most
instances solved within a few minutes or less. However, the time necessary to find the best
solution was higher for BRKGA+MP, which was expected since this variant involves multiple
populations. Based on the results obtained, BRKGA+MP was chosen to tackle the JSP with

deterioration effects.

4.2 Job deterioration

To analyse the impact of deterioration effects, the following two strategies were used to
calculate the makespan. Firstly, for the best solutions found by BRKGA+MP, i.e., disregarding
the deterioration, the makespan was recalculated by considering the deterioration afterward,
that is, without optimizing the “real” processing time (w/out opt.). Then, the instances were
solved again, considering processing times that incorporate the deterioration (w/ opt.). The
results of both cases are provided in Table 4.3, as well as the computational time required for
the optimization, the makespan improvement percentage (I), and the standard deviation

percentage. Figure 4.3 depicts the solutions obtained (Gantt chart), for both cases.

As it can be seen from Table 4.3, for all instances, the deterioration optimized solution is
better. The largest improvement can be observed in the presence of the exponential
deterioration; the makespan values are, on average, 38 % lower. Indeed, the deterioration
effects are almost nullified as the optimized makespan is, on average, just 9 % above the

makespan disregarding deterioration.

In the linear case, the improved solutions have makespans that are, on average, 4.7 % lower.
Although this number seems to be small, it is indeed quite large as the deterioration impacts
on makespan are only about 6 %. Hence, the optimization was able to eliminate almost 80 % of

the imposed increase, as shown in Figure 4.3a.

Regarding the exponential function, an average improvement of about 38 % was obtained. In
this case, by optimizing considering the deterioration effects, about 70 % of the imposed
increase on the makespan is recovered (Figure 4.3b). The improvement is as high as 68.6 %, for
instance la22. This case proves the extreme importance of taking deterioration into account in
industrial processes since an uncontrolled schedule can lead to a significant loss of productivity

and a large increase of operational costs.
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Table 4.3. Computational results for linear, exponential, and sigmoid job deterioration.

Linear Exponential Sigmoid

W/outopt. W/opt. t/s 1/% o/% W/outopt. W/opt. t/s 1/% of/% W/outopt. W/ opt. t/s I/% of%

la04 621.7 600.2 17 3.6 3.8 752.8 667.8 31 12.7 5.8 728.8 663.0 25 9.9 25
(a08 959.3 865.0 118 10.9 1.4 1790.1 1256.3 82 42,5 1.5 1245.9 985.9 131 26.4 4.4
la12 1145.9 1043.1 69 99 0.8 1759.0 1122.4 68 56.7 1.5 1338.9 1137.0 112 17.8 2.1
la16 1014.7 966.6 175 5.0 3.0 1259.5 1024.0 30 23.0 3.7 1173.0 1024.0 57 145 2.8
la17 799.2 788.0 61 1.4 2.2 1064.0 819.0 81 29.9 3.1 1010.7 802.3 8 26.0 5.4
la22 986.9 959.4 149 29 3.4 1749.6 1037.5 152 68.6 3.8 1283.4 1030.0 192 24.6 5.2
la23 1066.2 1033.5 206 3.2 1.7 1621.3 1088.2 60 49.0 4.1 1233.5 1083.6 142 13.8 5.2
la28 1292.7 12911 217 0.1 4.2 2074.3 1384.6 179 49.8 6.6 1654.8 1406.7 216 17.6 3.3
la31 1940.1 1792.0 275 8.3 2.2 2605.7 1912.6 261 36.2 2.8 2255.5 1928.6 293 16.9 3.5
la36 1365.3 1335.1 222 2.3 3.9 1558.0 1386.7 247 12.4 3.9 1539.2 1412.3 190 9.0 2.2
Mean 1119.2 1067.4 151 4.7 2.7 1623.4 1169.9 119 38.1 3.7 1346.4 1147.3 144 17.7 3.7
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Figure 4.1 and Figure 4.2 depict the Gantt charts for the la22 instance without optimizing and

optimizing the deterioration effects, respectively. By analysing these figures, is clear that the

makespan can be greatly reduced, which is accomplished by reducing the machines’ idle time.
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Figure 4.1. Instance la22 schedule considering exponential job deterioration without

optimization.
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Figure 4.2. Instance la22 schedule considering exponential job deterioration with

optimization.

In the sigmoid case, the average improvement amounts to 17.7 %. This type of deterioration

function is the harder to compensate. Nevertheless, most of the deterioration impacts have

been mitigated since about 64 % of the deterioration impacts can be avoided (Figure 4.3c).
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Figure 4.3. Normalized makespan for each instance with and without optimization for job

deterioration.

Furthermore, for all functions, both CPU time and standard deviation increased compared to
those obtained for BRKGA+MP in Section 4.1. This is due to the increased complexity of the

problem when deterioration is considered.

From Figure 4.3, it can be observed that the impact of deterioration is not too much related to
the total number of operations in the instances but mainly depends on the reference processing

time and the deterioration rate, as explained in Annex C.

Overall, when job deterioration is considered in JSP, it allows for a more realistic modelling of
the actual production process since deterioration is a common occurrence in many industries.

By accounting for job deterioration, the scheduling algorithm can assign jobs more efficiently,
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resulting in a shorter makespan compared to cases where deterioration is not considered but

still occurs.

4.3 Machine deterioration

The same procedure was applied for machine deterioration. The results are summarized in
Table 4.4, which reports the computational time required for the optimization, the makespan

improvement percentage, and the standard deviation percentage.

In the case of machine deterioration, the mitigation of the deterioration effects is not as

effective as that of job deterioration; nevertheless, they are still partially mitigated.

Unlike job deterioration, where the reordering of certain tasks facilitates the reduction or even
elimination of waiting times between consecutive operations within the same job, machine
deterioration, despite operational reorganization, maintains a fixed reference processing time,

i.e., the machines take longer to process the operations regardless of the operations sequence.

In this case, the only way of recovering machine efficiency is performing machine maintenance.
Hence, maintenance activities were introduced. Whenever the machine processing time is
twice the reference processing time, the machine is subject to maintenance (w/ maint.). For
each machine, the maintenance time was determined as the average of the reference
processing times associated with that particular machine. The results are summarized in Table
4.5. Figure 4.4 shows the normalised makespan for the three cases, namely: without optimizing
the deterioration effects, optimizing the deterioration effects by just considering operation

sequence, and optimizing the deterioration effects by also performing maintenance.

Regardless of the deterioration function under consideration, optimization addressing
deterioration proved to be better than considering it after solving the problem. The
optimization proved to be more efficient in the linear case, in which the makespan improved,
on average, about 23 %. In this case, the deterioration had the highest impact on makespan,
increasing by 234 %. Hence, the optimization eliminated about 10 % of the imposed increase,
see Figure 4.4a. The improvement in the linear deterioration is as high as 92.8 %, for instance
la31, which experienced the highest increase in the makespan. This case proves, again, the

extreme importance of taking deterioration into account in industrial processes.

In the presence of an exponential deterioration, an improvement of about 7 %, on average, was
obtained. In this case, by optimizing considering the deterioration effects, about 10 % of the
imposed increase on the makespan was reduced (Figure 4.4b). In the sigmoid case, the average
improvement amounts to 9 %. Still, it was able to mitigate the deterioration effects since about
13 % of the deterioration impact can be avoided (Figure 4.4c). However, this case was the case

where deterioration caused a lower increase in makespan, only increasing by about 65 %.
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Table 4.4. Computational results for linear, exponential, and sigmoid machine deterioration.

Linear Exponential Sigmoid

V\g/p‘;‘ft W/opt. t/s 1/% of% “(’J/p‘;”t 3’;{ t/s 1/%  of% V\gp‘;”t W/opt. t/s  1/% of%
a04 719.9 6582 17 9.4 1.0 7835 7485 3 47 0.0 1043.3 10083 5 35 0.0
a08 871.4  83.0 14 1.0 0.0  879.5 83.0 16 1.9 0.0 14442  1405.6 24 2.7 0.0
la12 4407.6  3438.8 69 282 0.4  2699.0 24819 1 87 0.0 2051.9  1989.0 0 32 0.0
la16 1116.6  1060.3 108 53 1.6  1339.0 1156.2 20 15.8 0.2 1357.5  1186.0 24 145 2.8
la17 13146 11977 73 9.8 0.4 13623 1269.3 17 7.3 0.0 1221.0  1128.0 27 82 0.4
la22 2346.8 18441 72 27.3 3.4 15469 15419 6 0.3 0.0 1708.6 15011 52 13.8 0.0
la23 2643.3  2191.8 136 20.6 1.0 23134 21624 7 7.0 0.0 17140  1567.0 35 9.4 0.0
la28 31740 27725 115 145 0.6  2089.8 20153 43 3.7 0.0 2225.8  2099.8 120 6.0 0.1
la31 16774.9  8699.1 235 92.8 2.0 34729 3187.1 11 9.0 0.0 2865.8 27170 70 55 0.0
la36 1817.7 15148 194 200 2.4  1547.3 1386.0 232 11.6 3.9 1855.0  1556.7 204 19.2 3.2
Mean 3518.7 24241 103 22.9 1.2  1803.4 16812 36 7.0 0.4 1748.7 16159 56 8.6 0.7
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Table 4.5. Computational results for linear, exponential, and sigmoid machine deterioration with maintenance activities.

Linear Exponential Sigmoid

V\g/p‘;‘ft W/opt. t/s 1/% of% “(’J/p‘;”t 3’;{ t/s 1/%  of% V\gp‘;”t W/opt. t/s  1/% of%
a04 719.9  643.0 10 120 0.5  783.5 7485 6 47 0.0 10433 9733 5 7.2 0.0
a08 871.4  83.0 13 1.0 02 8795 83.0 0 1.9 0.0 14442  1405.6 38 2.7 0.0
la12 4407.6  1459.0 72 2021 0.2  2699.0 1857.9 16 453 0.3 2051.9  1850.0 52 10.9 0.0
la16 1116.6 10142 24 104 1.3 1339.0 1097.6 1 22.0 0.0 1357.5  1186.0 32 145 0.8
la17 1314.6 9261 46  42.0 0.6  1362.3 10255 40 32.8 2.3 1221.0  1100.0 25 11.0 0.8
la22 2346.8  1076.8 93 117.9 1.6  1546.9 12549 31 233 1.1 1708.6  1501.4 99  13.8 0.0
la23 2643.3  1205.4 45 119.3 1.9 23134 14603 3 58.4 0.0 17140  1458.0 36 17.6 0.4
la28 31740 1490.4 103 113.0 1.5  2089.8 1889.0 2 10.6 0.0 2225.8  2006.7 106 10.9 0.6
la31 16774.9 19831 238 745.9 1.0 34729 2563.5 0 355 0.0 2865.8  2548.9 217 124 0.8
la36 1817.7  1368.0 151 32.9 4.4  1547.3 1402.6 274 10.3 1.6 1855.0 15441 202 201 3.7
Mean 3518.7 12029 79 139.6 1.3 1803.4 14163 37 245 0.5 1748.7 15574 81 121 0.7
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Figure 4.4. Makespan normalized for each instance with and without optimization and with

maintenance.

Figure 4.5 and Figure 4.6 depict the Gantt charts for linear deterioration of instance la31
without and with optimization, respectively. It is worth noting that, contrary to the non-
optimized scenario where operations on machines 9 and 10 (machines with deterioration) start
at time 0, such is not the case in the optimized scenario for machine 10. This suggests that
despite the "lost” time during which the machine is not operating, it subsequently enables an
enormous reduction in makespan. In addition, there is also a rearrangement in the order of

operations on machine 9 and 10, which likely contributed to the decrease in operation time.

The instance la31 improvement for linear deterioration was already significant; however, with

maintenance, this instance exhibits a remarkable improvement of 746 % compared to the case
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without optimization, as clearly depicted in Figure 4.4. This value reinforces the importance of

considering maintenance in optimizing scheduling problems rather than solely performing

maintenance after the end of production, as commonly practiced in many industries. As can be

easily observed in Figure 4.7 (Gantt chart for this instance with maintenance), maintenance

has dramatically reduced the operation time, making it almost imperceptible which machines

are experiencing deterioration. The blank spaces on machines 9 and 10 correspond to

maintenance periods, except for the blank space between the operation of job 30 and job 5,

on machine 9.
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Figure 4.7. Instance la31 schedule considering linear machine deterioration with

optimization and maintenance.

For machine deterioration, the standard deviation and computational time values are low
compared to the results obtained in previous sections, with the computational time reaching 0
for instance la12 in the case of the sigmoid function (the makespan value was obtained from
the initial population for seven out of the 10 runs and in the other three it required two

generations).

In order to better analyse the behaviour, the Gantt charts of three solutions of instance la12
were drawn, see Figure 4.8, Figure 4.9, and Figure 4.10. Although these solutions are different
and have different corresponding chromosomes, the makespan is the same. Despite the
algorithm generating other different sequences, they consistently result in the same makespan,

hence this is not due to excessive convergence; it is likely that the makespan found is optimal.

These three sequences share a common factor. The first two operations performed by the
deteriorating machine (machine 2) correspond to jobs 6 and 13, respectively. The same pattern
was observed in the remaining seven found solutions. Nevertheless, upon examining Figure
4.11, which represents the non-optimized schedule, it can be observed that the deteriorating
machine does not start with these jobs. This suggests that, for this particular instance, initiating
with jobs 6 and 13 could correspond to the optimal solution, regardless of the remaining

sequence.

Despite these results, a modification to the alleles of instance la12 chromosome, was
introduced to assess whether such a change would impact the makespan. Specifically, alleles
with values lower than 0.5 were multiplied by 2, while alleles with values greater than 0.5 were

divided by 2. Despite this abrupt alteration, the obtained results remained unchanged, and jobs
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6 and 13 remained as the first ones to be processed by machine 2, suggesting that the obtained

value may represent the global minimum.
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Regarding maintenance, once again the solutions could be improved. The solution for instance
la12 (with sigmoidal deterioration) is represented in Figure 4.12. The blank spaces of machine
2 correspond to maintenance time. In this solution, the first operation of machine 2 remained
as operation 1 of job 6; however, the subsequent sequence is different, which resulted ina 7.5
% reduction of the makespan. This finding confirms the importance of maintenance in

optimizing scheduling problems, highlighting its role in improving operational efficiency.
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optimization and maintenance.

The case in which maintenance demonstrated the greatest impact was in the linear case,
exhibiting a removal rate of approximately 60 % of the deterioration effects, as easily observed
in Figure 4.4. For the other cases, the removal percentage was not as high; the mitigation of
the deterioration effects is around 19 % and 35 % for the sigmoid and exponential functions,

respectively.

In conclusion, the results prove that optimizing machine deterioration can improve production
time across all instances. However, incorporating maintenance into scheduling further reduces
production time, which is the ultimate objective. Future research should focus on enhancing
the integration of maintenance and exploring alternative decoders to improve the algorithm's

efficiency and the quality of the obtained solutions.
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5 Conclusion

The conclusions drawn from this dissertation highlight the effectiveness of the proposed BRKGA
in solving the JSP. By considering instances from the literature and comparing the results with
those obtained by other algorithms, it was clearly shown that the BRKGA performs well in these
instances. Implementing the multi-population approach further enhances the algorithm's
performance, providing better solutions with smaller optimality gaps and standard deviations.
The latter characteristics is very important in practice as it ensures robustness, i.e., that any

found solution is never to far from the best found one; hence ensuring its reliability.

Moreover, considering deterioration effects in the scheduling process has proven crucial for
achieving realistic and efficient solutions. The optimization approach, which accounts for job
and machine deterioration, outperforms the approach that considers deterioration after solving
the problem. It leads to significant improvements in the makespan, almost eliminating the

negative impact of deterioration on productivity.

For the linear, exponential, and sigmoid job deterioration cases, the optimization approach
significantly improves the makespan, reducing it by an average of 4.7 % for linear deterioration,
38.1 % for exponential deterioration, and 17.7 % for sigmoid deterioration. Similarly, the
optimization approach effectively reduces the makespan by an average of 22.9 % for linear
machine deterioration. These results highlight the importance of addressing deterioration in
scheduling problems and emphasize the necessity of realistic modelling by incorporating
deterioration effects. Doing so leads to more efficient job assignments and shorter makespans

compared to scenarios where deterioration is not considered.

The importance of considering deterioration in industrial processes cannot be overstated.
Uncontrolled schedules that do not account for deterioration can result in a significant loss of
productivity and increased operating costs as well as worsening customer relations and
increased waste disposal. By incorporating deterioration into the scheduling algorithm, jobs
can be assigned more efficiently, resulting in shorter makespans compared to scenarios where

deterioration is not considered.

Furthermore, maintenance should also be considered in the scheduling optimization process for
machines subject to deterioration. The experiments have shown that by doing so, the makespan
can be improved, highlighting the importance of scheduling periodic maintenance instead of

random or end-of-production maintenance without optimization.

These findings contribute to the body of knowledge in the field of JSP and provide valuable

insights for industrial applications. Realistic scheduling that considers deterioration effects can
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lead to improved productivity and cost-efficiency as well as improve customer relations, and

reduce waste.

In conclusion, this dissertation has demonstrated the effectiveness of the BRKGA and its multi-
population variant in solving the JSP. The inclusion of deterioration effects in the optimization
process has shown significant improvements in the makespan, emphasizing the importance of
considering deterioration in real-world production processes. The findings contribute to the
field of scheduling algorithms and provide valuable insights for industries seeking more efficient

and robust scheduling solutions.
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6 Assessment of the work done

6.1 Objectives Achieved

The main goal of this work was to study the effect of deterioration in a generic job-shop

problem and create awareness for the topic within the industry.

In fact, this dissertation has successfully demonstrated that the inclusion of deterioration
effects in the optimization process promotes significant improvements in the makespan,
emphasizing the importance of considering deterioration in real-world production processes.
The findings contribute to the field of scheduling algorithms and provide valuable managerial

insights.

6.2 Final Assessment

This dissertation has successfully achieved its goals of investigating and improving scheduling
optimization in the presence of deterioration. The results obtained indicate that the
implemented approaches outperformed the non-optimized scenarios, demonstrating the

significance of considering deterioration effects in scheduling decisions.

However, it is important to note that while the dissertation's objectives were fully
accomplished, there is still room for further improvement in predicting and managing machine
deterioration. One potential avenue for enhancing the results lies in exploring maintenance
and alternative algorithm decoders. Future research should also focus on investigating more
complex scenarios, aiming to enhance the understanding and application of deterioration

effects in real-life production environments.
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Annex A - Instance configurations and job
deterioration rates
Table A.1. La04 instance settings and job deterioration rate.
la04 Operation
Job 1 2 3 4 5
I M1 (12) M3 (94) M4 (92) M5 (91; 0.151) M2 (7)
J2 M2 (19) M4 (11) M5 (66) M3 (21) M1 (87)
J3 M2 (14) M1 (75) M4 (13; 0.093) M5 (16) M3 (20)
J4 M3 (95) M5 (66; 0.198) M1 (7) M4 (7) M2 (77; 0.085)
J5 M2 (45) M4 (6) M5 (89) M1 (15) M3 (34)
J6 M4 (77) M3 (20) M1 (76) M5 (88) M2 (53)
J7 M3 (74;0.097) M2 (88; 0.108) M1 (52) M4 (27) M5 (9;0.016)
J8 M2 (88) M4 (69; 0.019) M1 (62; 0.088) M5 (98) M3 (52)
J9 M3 (61;0.143) M5 (9) M1 (62) M2 (52; 0.195) M4 (90; 0.193)
J10 M3 (54) M5 (5) M4 (59) M2 (15) M1 (88)
Table A.2. La08 instance settings and job deterioration rate.
(a08 Operation
Job 1 2 3 4 5
J1 M4 (92; 0.186) M3 (94) M1 (12) M5 (91; 0.146) M2 (7)
J2 M3 (21) M2 (19) M1 (87; 0.176) M4 (11) M5 (66)
J3 M2 (14) M4 (13; 0.023) M1 (75; 0.052) M5 (16) M3 (20)
J4 M3 (95) M5 (66; 0.125) M1 (7) M2 (77) M4 (7)
J5 M3 (34) M5 (89) M4 (6) M2 (45) M1 (15)
Jé6 M5 (88) M4 (77; 0.044) M3 (20) M2 (53) M1 (76)
J7 M5 (9) M4 (27) M1 (52) M2 (88) M3 (74; 0.105)
J8 M4 (69; 0.092) M3 (52) M1 (62) M2 (88) 5 (98)
J9 M4 (90; 0.183) M1 (62) M5 (9) M3 (61) M2 (52)
J10 M5 (5) 3 (54) M4 (59) M1 (88) (15)
J11 M1 (41) 2 (50) M5 (78; 0.137) M4 (53) 3(23)
J12 M1 (38) 5 (72) M3 (91; 0.146) M4 (68) M2 (71; 0.115)
J13 M1 (45;0.086) M4 (95, 0.011) M5 (52) M3 (25; 0.158) M2 (6)
J14 M4 (30) 2 (66) M1 (23) M5 (36) M3 (17; 0.054)
J15 M3 (95) 1(71) M4 (76; 0.136) M2 (8) M5 (88)
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Table A.3. La12 instance settings and job deterioration rate.

la12 Operation
Job 1 2 3 4 5
J1 M2 (23) M1 (82) M5 (84; 0.108) M3 (45; 0.120) M4 (38)
J2 M4 (50; 0.091) M5 (41) M2 (29) M1 (18) M3 (21)
J3 M5 (16) M4 (54) M2 (52) M3 (38; 0.051) M1 (52)
J4 M2 (62) M4 (57) M5 (37) M3 (74) M1 (54)
J5 M4 (68) M2 (61) M3 (30) M1 (81) M5 (57)
J6 M2 (89; 0.059) M3 (89; 0.177) M4 (11) M1 (79) M5 (81; 0.100)
J7 M2 (66) M1 (91) M4 (33) M5 (20; 0.036) M3 (20)
J8 M4 (8; 0.069) M5 (24) M3 (55) M1 (32) M2 (84)
J9 M1 (7) M3 (64) M2 (39) M5 (56) M4 (54)
J10 M1 (19; 0.152) M5 (40) M4 (7) M3 (8; 0.056) M2 (83)
J11 M1 (63) M3 (64) M4 (91) M5 (40) M2 (6)
J12 M2 (42; 0.190) M4 (61) M5 (15) M3 (98) M1 (74)
J13 M2 (80) M1 (26) M4 (75) M5 (6) M3 (87)
J14 M3 (39) M5 (22; 0.005) M1 (75) M4 (24) M2 (44)
J15 M2 (15) M4 (79) M5 (8) M1 (12; 0.048) M3 (20)
J16 M4 (26) M3 (43; 0.134) M1 (80) M5 (22) M2 (61)
J17 M3 (62) M2 (36; 0.173) M1 (63) M4 (96; 0.041) M5 (40)
J18 M2 (33) M4 (18) M1 (22; 0.103) M5(5) M3 (10)
J19 M3 (64; 0.056) M5 (64; 0.11) M1 (89; 0.096) M2 (96; 0.196) M4 (95; 0.197)
J20 M3 (18) M5 (23) M4 (15) M2 (38; 0.196) M1 (8; 0.170)
Table A.4. La16 instance settings and job deterioration rate.
la16 Operation
Job 1 2 3 4 5 6 7 8 9 10
M2 M7 M10 M8
J1 21) (71; (16; M9 (52) (26) M3 (34) M1 (53) M5 (21) M4 (55) Mé (95)
0.090) 0.083)
M3 M10
M5 M1 M8 (66; M4 (39;
J2 (31; M6 (98)  (79; M2 (42) M9 (77) M7 (77)
(55 137 0413 (12 0.126) 0.014)
M4 M10 .
3 (34 (’é\j’) M9 (62) M2 (19) (@25) (79;  M8(43) M7(54) %10(7833)’ M6(37)
0.086) 0.186) )
M2 M4 M9 M10 Mé (77;
J4 87) 69) M3 (87) M8 (38) 24)  (83) 7 (41) M1 (93) 0.052) M5 (60)
M3 M1 Mé (25; M8 M10 M9 (79;
B 98) @4y 0.456) W73 43y M2 MS(6) g9 MA(7) 5 53
M5
M3 M4 M10 M7 (9 M2 (7;
J6 (35) (76) Mé (28) (10) 5?)1;) 0.072) 1(95) M9 (35) 0.034) M8 (95)
M4 M3 M10 M7 (52; M5 (28;
J7 (16) (59) M1 (46) M2 (91) 43) M9 (50) 0.033) Mé (59) 0.067) M8 (27)
M2 M1 w7 M0
J8 M4(41) M5 (20) (43; 9 (14) M6 (9) M3 (39) M8(71)
(45) (87) (54)
0.037)
M3 M10
M5 ) M4 M8 (8; M2 (28; M7 (89; y
J9 (37; M9 (66) M6 (33) (42; M1 (78)
(33) 0.105) (26) 0.066) 0.120)  0.009) 0.135)
M9 M10 M3 (94; M4 M1 (69;
J10 69) 1) 0.047) M5 (96) 27)  0.19) 8 (45) M7 (78) M2 (74) M6 (84)
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Table A.5. La17 instance settings and job deterioration rate.

la17 Operation
Job 1 2 3 4 5 6 7 8 9 10
M8 M10
M5 (18; , ) M3 MO M6 M7 (29; M2 (23;
J Q1 (41; M4 (38) M1 (82)
0.04) (25 Gh @) (50)  (84) 0.106) 0.178)
M6 M8
M3(38; M4 M7 MIO
2 MIG7) (16, M2(52) (74; M5 (54) M1 (52)
o 130) oren 0061 G4 €@  (7)
M5
, M2 MO(11; M7 M8 M10(81;
3 M3(30) ngé) MA6B) n lonry (89 (o) MIED 'Gois M6 (s7)
MO (8; M4 (33 M8 M3 M5 M2 (66;  M10
JMOD 5145) 0.126)  (55) MO0 99y 32y MTBY 7)) (24
M10 M3 M6 M2 (39;
Bty MIO) MS(9) MOT) W@ Ga e MeGH MB®) oo
M10
M3 M6 (40; M M5 M9 :
B omaon gn (O  MOB SR M6 W@ o(:)gb)
M7
M2 (80; M8 M4 M (26 M10
7 ey ey M@y SE o s s me e ofggé) Doty MIET) oy
M8 M1 M M4 MO
BomMas) e oweo [ owes g S0 B Me® M5
M7
M3 (62; M4 M10 M8 MO (18 M2 (36
Poote) o WE s MED GRG0 000 o1egy M
M1 M& MO M8 M9 M7 (38;
N0 MZOO) o MEGH  on Gy (m (s M364 S M5 @)
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Table A.6. La22 instance settings and job deterioration rate.

la22 Operation
Job 1 2 3 4 5 6 7 8 9 10
M10 M4
(66, M6 (91) (Aé‘?) M3 (94) ’3%‘;;; 92; M2 (7) (’1’\;) M9 (11) ("1";)
0.108) : 0.017)
W3 (20: MIO M M6
nomaay (CEN Ms@) M4 66 05 MW7) (16 MBOS) M9 (7)
: 0.152)  0.162) 0.175)
, M3 M6 M5
5 Worey MEQO) (4 MI(15) (gl (8% MT(53) Ma(©) M2(5) (76
: 0.137) 0.083) 0.106)
M7 M9 M10 M2
JA M4Q7) M3 (74) M5 (62) M8 (52) (69; M6 (9) M1 (52)
(88) 06 (98) (88)
M7 (15 M2 M1 M4 (90;  MI0
5oMsE8) o my, M6 MEGH GO M99 me© PN N
M6
M1 (41; M5 M9 COM3I(@23; M0
s M7 e e maGn) mMeen  Fo M2 (50 O(ggé)) O1om (12)
MO M7 M1 (45; M9 M3 M2 (6;
MDD 36 66 MOG2) pos0) o) M2 g5y MBUT) 4056
_ Mo M7 M4
8 ’351(1615)’ g\zﬂ(z;) 85; M1 (71) M8 (65) (28; M6 (88)  (76; 2’;172 (';\g)
: : 0.199) 0.122) 0.120)
M10 M5 M1 M6
B Gy M2GD G0 MAGY) MI@B6) MIO) M7(5) i MBS g0
M7
MO M1 M5 (46; M6 M9
J0 M4 (39) M3 (15) Ofg:gé) w MeE) o e be o mes g
M2 (72; M1 M7 M8(39; MO M6 (95 M4
I o451y MIE8) g7y M3I(66) MIOG) 54 0037) (35) 0.145)  (60)
M8
2 m2@6) Ma00 Mo m3zen MO a7 Mgy M M7 MO
(97) (46) (59) (55)
0.023)
M5
M6 (23; M7 M2 (24 M8 M9 (28;  MI0 _
N3 0118 M@ 78y 0195y M8 g3 184y (5 M3(73) o(ﬁé)
M1 (53; M8 M6 MIO M9 M3
na meen ‘e B msee marn G0 Y 5y Wes G
M7
M3 M8 (65  M10 M1
N5 M5(90) MO (17) o M4(83) M2 (40) oﬁ??) boe) (M) g
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Table A.7. La23 instance settings and job deterioration rate.

la23 Operation
Job 1 2 3 4 5 6 7 8 9 10
M6 (58, M9 M3 M5 M (5; M0 M1 (9
N M@ goa8)y 77y @4 ©97) WG g1y MG8) 96y 0.128)
M2 (87; M5 M6 M3 M4 (85; MIO M
20 M@ 5049y (15)  (39) (81) 0.024) MBGBD MIGT) g3y (77
3 M1 (40) M6 (71) (A;‘Z) ?’;12(; (’;‘g) M7 (22) M5 (10) M8 (80) M3 (48) (ﬁg)
M10
M7 M5 : M1
Momes) mian mao) B D mee2) Mo @) 0%2%) G
M10 M7 M8 M M4 (75; M2
5o Msan S @l msea mas) meso o\t oo
M8
M2 M9 M5 (58 MIO (7; M4
% MT(93) M6 (93) O(gga) g oren MiG2 M3 ol G
M1 (95 M9 M5 M3 M10 M6 (6:
TOMBOO o038 ) @) g2 MO @ MED MWDoy
M9
MIO M2 (8; M3 (36; M8
8 M4 (76) M6 (15) (41; M5 (30) M7 (84) M1 (36)
78)  0.095) (g 0.099) (76)
M3
M8 (13; MO M5 M7 (82 MIO M4
9 MEG3) 5 040) of?;é) 29)  (54) 0.035 MO(B8) MZ(78) 4 (43
M9
M8 M7 M5 M (52; M10 _
N0 MI6) M2(O) 33 wm s oois M6 M) (g oﬁjé)
a1 M6 s o7 MO (221- M8 Maer) MB35 g 77y MO (g\;-
0.132) G2 5 (©) 0.047) 0.164) o013,
2 m3e) MO (Afls\;- M2 &?3- M7 (63) M4 (11) M8 (82) MBS N5 (7
0 9479y (72 g.077) 0.117)
M4
MIO M8 M7 M M2 (66 ,
nowsee 0 G ey e MO M@ Thgl M) os
M4 M1
M3 (14; M7 M5 M0 M2(7;
N4 01200 MG 5y (62 o%é) 66) MB(69) 155y MO(47) ngg)
M4
M8 M7 M0 M3 (41 M6 (53; M1
N5 M2(18) MY(93)  5g) 47 0(83’1) 57)  0.110) 0.049) M) (44
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Table A.8. La28 instance settings and job deterioration rate.

la28 Operation
Job 1 2 3 4 5 6 7 8 9 10
M9 M3
M5 MIO M4
nGn M2 @) M8 (40) M1 (6) M6 (19) 40; M7 (9)
0.137 (53) @) G o407
M8
M3 , M2 MIO M1 M6 M7
2o e Mas9) oﬁ;é) M5(64) e MO e o ws (1
M7 M1
M8 M4 M3 M10 M6
J3 M5 (89) M2 (44) M9 (31) (83; (40;
(84) (24) (85) @) G 6 oo
M2 M9
M5 M7 M8 MI0
J4 M6 (59) M1 (8) M3 (30) M4 (38)  (80; (97;
(80) (77) 0.131) 00 @) 4 o5g)
M10 M4 M5
M7 M M8 (7; : M6 M2 ,
J5 M3 (71) (59; M9 (80)  (50; (88;
(40) A1) 0.197) 4 046) 0.030) ©® 7)oz
oo o MW wees N o M G
(36) o421y ) 0.016) (54 129 0118 @) 0.156)
M7
_ M4 MI(28; M2 M6  MI0 M3 M8
77 o(?gé MI(B6)  92) 0.056) (98) MU0 g7y 96 73 @)
M6
M2 , M1 M7 M9 MO M8
B g5 M4E5) Oﬁgé) M5(52) o MIGD @l o By (o2
M8 (69; M5 M6 MO M4 MO M3
9 M2T) To46ay  93) W@D 5 MG 45 o) @49 (12)
M9 M5
M8  Me(26; M2 M7(82; M4 M1 MIO _
N0 33y M3(61) ofgg’n 0.048)  (84)  0.029) (68) (1)  (71) Of?‘;g)
M5 M7 M3
1 (ﬁ\;’) M1 (72)  (30; M6 (98) :";15(; M2 (26) M8 (8)  (74; (”1’\;") (38;
0.056) 0.134) 0.183)
M7 MO M2 (85;  M10 M1 M6 M4
2 L e ™) o e M5 (39) M8 (9) IR
M9 _ M3 M5(7; MO M M7
M3 (77 MB(46) ofggé) MEO3) 61)  0.032) (42 of?gé) (55) (57
e M o MO Mees; M8 Maos M3 M w M2
(99) O 11y 0.08) (43) 0.066) (72) ofo9i) 60)  (68)
M8
MIO M1 (43; M4 M2 M3 M5 ,
5 69)  0.193) 12y MU0 5q) WA 55 MET) (3 of?g’z)
M10
M8 M5 M1 ) w2 M9
N6 g9 MAQT) o M6(T2) M3() M7(45) of?é’z) ) (60
M9 M10
M1 M3 M8 (50; , ) m M7 M5 (8;
N7 75y MA7) 91y 0.185) ofggb) M6 (37) of?)gé) 90)  (71)  0.167)
M10 M5
: M4 M7 (49; M3 M8 M M6 ,
M8 (72, M2(9) M9 (62) (38;
Cad o wm - o om
N9 35 M3(63) %5(; 0.108) (1) M8 (5 (Azj\g) (A3A;) (74)
M3 ) Mo (52, M1 G5 M4 _ M
J20 gy MO (24) 0??3’7) 0.181) 0.041) MW 20 50 ofg;é) ofggé (53)
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Table A.9. La31 instance settings and job deterioration rate.

la31 Operation
Job 1 2 3 4 5 6 7 g 9 10
M10 MO (52; M6 (95 M7 (71, M2 (21, MI (53
UM @21) MB(26)  qq)  MIGA) MAGS) 55307 0.193)  0.085) 0.015)  0.111)
M9 (77; M6 (98; M3 (31; MIO M5 (55;
2 0428)  0.013) MZ(42) MB(66) 4 y5ey MA(B9) M7(77)  39) 0057y M1(12)
B M3 (64) ’3?1(3932); M4 (34) %?0999); MO (62) M7 (54) M8 (43) M1 (83) ?’;19(; M6 (37)
JOMIO3) MOQ4) MA(69) 'O M () M3(87) M5 (60) M7(41) M2@B7) gy
MIO M1 (44; M5 (96; M9 (79; M3 (98; M6 (25; M8 (43;
B7n 00e0) 0.017) 0.102) M) g053) 0133 M7 g7y M2(49)
J6 MA4(76) M3(35) M6 (28) M1 (95 M8 (95) M5(61) M9 (35) M2(7) M7(9) MIO(10)
M8 (27: M9 (50; M10
7 meen (G T M6 M5 @8) M6 (59) M7 (52) MI@6) M3(9) (g
M10 M5 (20;
JBMZ@5) MB(TI) M3(39) MIE7) MO(14) MT(4) ME@) g Mo o
19 M3(37) M4(26) M5(33) 2212(; M1 (78) M7 (89) g‘%g; MO (66) ’3?0(6298); M6 (33)
JO M2 (74) M1 (69) M6 (84) M4 (27) N(‘igm; M8 (45) M9 (69) M3 (94) M7 (78) M5 (96)
M10(25; M2 (31;
S M6 (76) M8(32) M7(18) M1(0) M4@e7) M3(7) '(OUN msa TN moen
M10(97; M2 (72; M7 (76; M5 (45;
sz MO mo00) me@s) me@e) Mi(se) (0N M3@3) N maew) D
MI0 M6 (27; M9 (27;
N3 U oos M6T) MB(E2) M5(98) Mi(2) M2ue) '¢\DN Mg M3 (17)
M10 M6 (28; M7 (63; M1 (80; M3 (50;
na gy maa9) CUS M2 msoe (00 meos moso TLON BOD
M2 (41; M9 (79; MI0 M8 (18; M7 (37;
s m3s0) PN s en (Co measy TN IEES mass) (TS mas)
MI0 M6 (57; M8 (65; Md (96: M1 (47;
N6y o M55 M3ay (CEN TR w2 (TS Mo o) w7 60)
M7 MA(2) M3 (69) M5 (44) ’3?1(43;); ?’;11‘; M1 (33) M7 (34) M6 (58) M8 (47) M9 (58)
M10(38; M7 (15;
N8 M9 (66) MB(40) M3(17) Mi(2) oo me® TN ma@o) mzea wso7)
M4 (50; M9 (32; M10(87: M2 (39;
19 Wonsy M8 W71 M5E3) M (57) 0N mMeoy WS wisn) POY
M5 (20; M2 (85; M3 (90; M4 (61;  M10
0 P wren) AT ) MB0) Mie4) MO0y Mese) oGl
M7 (29; M5 (18; M8 (21; M10
a1 TS wen RO mece (OGN Moso M2 Moy mies)
22 M4 (54) 2’;72 M7 (62) M6 (16) M1 (52) MO (57) “3?0‘2504); %?1(739%; M8 (74) M2 (52)
M8 (89; M10(81;

23 M5 (79) M261) Moy mi@n 0N M7 Me(s7) Maes) g0l M3 G0)
M10(24; M2 (66; M5 (32; M7 (84; M8 (55;
2470104y 0.079) o0.126) M433) MI@) M3IQ20) 5040 MION g gyy M6(20)
125 M4 (54) M3 (64) M7 (83) 2210? 3“12‘3) g“oﬁ) M5 (19) M6 (56) M2 (39) M9 (7)
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Table A.10. La36 instance settings and job deterioration rate.
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Annex B - Machine deterioration rates

Table B. 1. Machine deterioration rates for all instances.

Instances

Machine a04 (a08 la12 la16 la17 la22 la23 228 la31 la36

1 0.051 0 0 0 0 0.023 0 0 0 0
2 0 0 0.142 0 0 0 0 0 0 0
3 0 0.013 0 0 0 0 0 0.096 0 0
4 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 0 0 0.168 0 0 0
6 0.094 0.151 0 0.146 0.062 0 0
7 0 0.129 0 0 0 0 0.027
8 0 0 0 0 0 0 0.089
9 0 0 0.129 0 0 0.116 0.055
10 0.015 0 0 0 0 0.136 0
11 0
12 0
13 0
14 0
15 0
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Annex C - Deterioration functions

The functions employed to study deterioration were represented to understand each function's
impact on the processing time of various operations. The reference processing times of these
operations range from 5 to 99, thus cases were considered where this parameter takes on the
values of 10, 50, and 100. Regarding the deterioration rate, extreme values of 0.005 and 0.200
were analyzed, along with an intermediate case of 0.103.

For job deterioration, the independent variable is the waiting time between two consecutive
operations and for the machine deterioration, it is the previous total machine processing time.
In Figure C.1, the functions describing deterioration for the different considered parameters
are depicted. Regarding job deterioration, the impact on the processing time is represented by
the left hand-side of the graphs, since usually small times values are observed. Note that since
the makespan is minimised, the job waiting times tend to be small. On the other hand, total
machine processing times are only small for the first operations they process.

Regarding small deterioration rates, i.e., 0.005, the linear and the exponential functions do
not appear to have a significant impact on the actually processing time; not even if the
waiting/processing time is large. On the other hand, the sigmoid function, despite leading to a
much larger processing times, never reaches double the imposed threshold value, i.e., the
double of the reference processing time.

For intermediate deterioration rates, i.e., 0.103, the behavior of the various functions varies
depending on the reference processing time: for low values, the exponential function has no
significant impact (Figure C.1b). However, for intermediate and large reference processing
times, both the exponential and sigmoid functions lead a rapid increase of the processing time.
The most impactful being the exponential in the presence of a large reference processing time.
Finally, for large deterioration rates, i.e., 0.200, the linear function has the largest impact in
the presence of small reference processing times (the exponential having the smallest), the
exponential has the largest impact in the presence of intermediate and larger reference
processing times; the latter leading to extremely large processing times even in the presence
of very small waiting/processing times.

Therefore, the intermediate case (Figure C.1e) is the one in which the three functions exhibit
the most similar behaviours. This scenario is the most common, as the parameters of this case

correspond to the average cases.
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b. pij = 10, aij = 0.103
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Figure C.1. Deterioration associated with time: impact on the actual processing time considering three different reference processing times

(i.e., 10, 50, and 100-time units) and three different deterioration rates (i.e., 0.005, 0.103, and 0.200).
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