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Abstract

This paper studies a variant of the flexible Flow Shop Scheduling Problem as
encountered at a large-scale Belgian seafood processing plant. The operations are
conducted in two sequential stages as the seafood products are first filleted or pre-
pared on specialised machines and then packaged through parallel machines. Since
the packaging is product-specific, sequence-dependent setup times should be consid-
ered in the second stage. Improved scheduling of the operations would require fewer
setups and thus efficiently planning the operations on the machines at the packaging
station will be an important objective of this research. Furthermore, since the end
product quality is crucial in the food industry and this is mainly determined by the
speed of processing, the makespan will be minimised in this study. However, we fur-
ther contribute to the existing literature by investigating several objectives that were
relevant to the company’s management. The scheduling problem is solved using
a single- and multi-pass algorithms that can easily be implemented in the seafood
processing plant. Furthermore, a genetic algorithm with a focus on various diver-
sity measures and problem-specific crossover and mutation operators is developed.
Although the genetic algorithm is more difficult to implement, it allowed us to solve
real world cases with over 100 orders daily within a reasonable computational time,
resulting in an improved solution quality.

Keywords Flexible flow shop - Genetic algorithm - Sequence-dependent setup
times - Multiple objectives - Seafood processing

1 Introduction

An important objective of any business is to produce goods and services that sat-
isfy the quality requirements of their customers and deliver these products and ser-
vices on time. In order to satisfy these external goals of the company, the internal
processes need to be optimised such as minimising the throughput time (or makes-
pan) of the production process, minimising the setup times needed to ensure that
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machines function properly and minimising the idle time of these machines. There-
fore, a vast majority of research has been devoted to the development of novel and
improved methods for (optimally) planning the production activities subject to lim-
ited resource (e.g. machine) capacities and their impact on the parallel execution
of tasks. Given that there exists a large variety of production processes in different
industries, many configurations of production scheduling problems have been pre-
sented in the literature. The research presented in this study is based on a case study
at a large Belgian seafood producer where different types of seafood are first pro-
cessed and then packaged. Both operations generate a large part of the revenue for
the company, but are highly vulnerable to increased variability.

This case study is highly interesting and challenging from an academic perspec-
tive due to the combination of several attributes that are frequently analysed inde-
pendently, but are now integrated in a single scheduling problem. The production
process is characterised by a pre-defined set of (alternative) parallel machines in
some or all stages with distinct processing times for each machine. The first worksta-
tion with a focus on seafood processing consists of three machines with unique func-
tions. The second workstation with a focus on packaging consists of seven machines
that have similar characteristics (parallel), but use different moulds, gas composi-
tions and packaging sizes, and thus require sequence-dependent setups. Improved
scheduling of these operations would require fewer setups and thus efficiently plan-
ning these operations on the machines at the packaging station will be an important
objective of this research. Additionally, the company sets forward different objec-
tives for the production planning. In seafood processing, the quality (i.e. freshness)
of the end product is crucial and this is mainly determined by the speed of process-
ing. Hence, the makespan will be minimised in this study, but other objectives are
also investigated such as minimising the idle time and (total or non-idle) setup times
in order to provide managerial insights.

The case study is identified as a flexible Flow Shop Scheduling Problem (FSSP)
in which a group of tasks need to be processed by a predefined set of (alternative)
parallel machines in different sequential stages (by one machine per stage) with dis-
tinct processing times for each machine given that all tasks follow the same order.
We will solve the flexible FSSP using a range of approaches varying from a single-
pass heuristic to a multi-pass heuristic and a metaheuristic framework. This allows
us to compare the current situation in the plant with an improved and best-case solu-
tion without any guarantee of optimality.

The contributions of this study to the existing (food) production scheduling litera-
ture are threefold. First, we investigate a variant of the flexible FSSP with a combi-
nation of serial and parallel machines and sequence-dependent setup times (SDST).
Most research on flexible FSSP is focused on testing algorithms in a theoretical
way using artificial (benchmark) data (Chaudhry and Khan 2016). However, it is
also necessary to validate algorithms through real-world cases (Calleja and Pastor
2014), which is one of the key contributions of this study. Our problem is illustrated
in a seafood processing environment, but can be applied to other production set-
tings inside or outside the food production industry as well. Second, we investigate
the impact of different types of objectives on the resulting production schedules
and operational decisions. Finally, we solve our problem using a range of solution
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methods, which can be installed in the production plant with varying levels of finan-
cial and technological investments (i.e. computational requirements). We aim to
bridge the gap between the theory of production scheduling and its applications in
a seafood processing plant in order to aid future academics in solving similar prob-
lems. Therefore, we show the importance of mapping real world business cases on
theoretical problem formulations (and extensions), emphasise a pragmatic approach
for selecting the objective of the optimisation problem and test different solution
approaches with a varying level of (computational) complexity.

An overview of the paper is given along the following lines. In Sect. 2, we pre-
sent an overview of the different problems classifications and applications that exist
in the production scheduling literature. Section 3 introduces the seafood processing
operations and the specifications of the two workstations in our case study as well as
highlights two main problem characteristics in order to position our problem within
the existing literature. Also, the problem formulation is discussed with a focus on
the four objectives that are considered in this study. In Sect. 4, the three solution
approaches are discussed with a focus on the different strategies for the operators
of the genetic algorithm. Section 5 reports the results of the parameter tuning of the
GA, the analysis of different objective functions, the comparison with benchmarks.
Finally, the overall conclusions, managerial insights and future research directions
are given in Sect. 6.

2 Literature overview

We will discuss the class of production scheduling problems that is tackled in this
study, i.e. the flexible FSSP, in Sect. 2.1. For an overview of different metaheuristic
methods used in the literature to solve the flexible FSSP, we refer the reader to Li
and Gao (2016). In Sect. 2.2, we highlight the research studies that use a GA frame-
work to solve the FSSP, stressing their novelties and main differences. Finally, we
discuss the gap in the literature that presents the foundation of this research study
in Sect. 2.3. An overview table summarising all the acronyms used throughout this
manuscript is presented in Appendix 1.

2.1 Production scheduling

The well-known Job Shop Scheduling Problem (JSSP) consists of a set of
N ={1,2,...,n} jobs to be processed on a finite set of M = {1, 2, ..., m} machines
(Kato et al 2018). Each job must be processed on every machine and consists of
a series of m operations that need to be scheduled in a predetermined job-specific
order. Additionally, each job can be processed on only one machine at a time and
each machine can process only one job at a time. Furthermore, all operations are
assumed non-preemptable and setup times are typically included in the processing
times and are independent of the sequencing decisions (which means that the setups
are ignored). In this study, a special case of the JSSP will be considered, namely
the FSSP. This problem consists of a set of N jobs to be processed on a set of M
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machines with all jobs being processed sequentially on multiple machines. The dif-
ferent operation and machine sequences between jobs mainly differentiates the JSSP
from the FSSP since the FSSP comes down to the JSSP with additional features
of routing flexibility (Saqglain et al 2023). Note that the existing literature mainly
focuses on a reduced version of the general FSSP, the permutation FSSP with
the added assumption that jobs must be processed in the same sequence by each
of the machines. In this study, we deal with the flexible FSSP that considers flow
shops with multiple parallel machines in a multi-stage environment. It is a complex
scheduling problem that is encountered in many real world settings. Jayamohan and
Rajendran (2000) compare two approaches to schedule flexible flow shops. One
approach uses different dispatching rules at the different stages of the flow shop,
while the other approach uses the same dispatching rule at all the stages of the flow
shop. In our study, we will follow the former approach and use different rules at each
stage as motivated later in this study (cf. Sect. 3.1).

We next discuss research studies that address the FSSP with various types of
setup times since this is a major characteristic of the case study at hand. Singh and
Mahapatra (2014) present a particle swarm optimisation (PSO) algorithm to solve
the FSSP with the inclusion of a mutation operator, which is commonly used in GAs
to avoid premature convergence. Defersha (2011) studies the FSSP with attached and
detached setup times, machine release dates and technological time lag constraints,
and develops a MILP formulation as well as a GA. Amirteimoori and Kia (2023)
also propose a MILP model together with a Parallel Hybrid PSO-GA (PPSOGA)
to address the simultaneous scheduling of jobs and automated guided vehicles in a
flexible job shop system. Rossi and Dini (2007) consider transportation times that
overlap with processing times using an ant colony method in order to model a prac-
tical manufacturing environment, while Rossi et al (2014) include transportation
times, varying release dates for each job and overlapping transportation and pro-
cessing times as well. The authors solve the assignment and sequencing subproblem
of the FSSP with related parallel machines and setup times in a single step using
an advanced ant colony algorithm. Zandieh et al (2009) consider the group sched-
uling problem consisting of two levels, namely the scheduling of groups as well
as the jobs within each group, using two new metaheuristics based on a simulated
annealing (SA) and a GA. Their proposed procedure is based on the response sur-
face methodology and considers SDST when minimising the makespan. Li and Gao
(2016) focus on the flexible FSSP without job preemption or transportation times
and sequence-independent setup times that completely overlap with the processing
times. Abdelmaguid (2015) examines structural properties of special cases of the
FSSP with SDST in which relative small setup times in relation to the processing
times are put forward. Ruiz et al (2005) solve the flexible FSSP with SDST con-
sidering machine eligibility and unrelated parallel machines at every stage. Azzouz
et al (2016) solve the FSSP with SDST with a bi-criteria objective function using a
GA.

Finally, several authors focus on shop scheduling problems with multiple con-
flicting objectives. Kurdi (2017) summarises three approaches for solving multi-
objective problems in this setting: a weighting approach, a lexicographical order-
based approach and a Pareto-based approach. Mokhtari et al (2011) consider a
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deterministic FSSP with resource-dependent processing time with the objective of
finding a job sequencing that minimises the makespan as well as the total cost of
resources. The authors develop a hybrid discrete differential evolution algorithm to
solve this problem. Gao et al (2014) present a pareto-based grouping discrete har-
mony search algorithm, while Zhang et al (2017) propose a dynamic game optimisa-
tion model to minimise the makespan, the total workload of machines and the total
energy consumption of the production proces. Gong et al (2018) formulate a sched-
uling model that considers machine flexibility and worker flexibility simultaneously,
and propose a memetic algorithm to minimise the makespan and the total workload
of all machines. Lu et al (2017) formulate a mathematical model with the objectives
of minimising both the makespan and the total additional resource consumption. In
order to solve this problem, they propose a new multi-objective discrete virus opti-
misation algorithm (MODVOA) with a three-part representation for each virus, an
improved method for generating the initial population, various operators to update
each virus and a problem-specific exploitation mechanism. Nouiri et al (2017) con-
sider unexpected disruptions such as machine breakdowns and present a two-stage
PSO to minimise the makespan and stability. Recently, the energy cost-aware FSSP
is solved by addressing the minimisation of both the makespan and energy costs
using a memetic non-dominated sorting GA (NSGA-II) (Burmeister et al 2023).

2.2 Solution approaches

Initially, research studies focussed on simple and generic production scheduling
problems with limited real-world applications (Hopp and Spearman 2011), but this
focus rapidly shifted to a broader spectrum of scheduling problem with a wider vari-
ety of solution methodologies such as exact methods, metaheuristics and matheuris-
tics (i.e. hybrid exact and metaheuristic procedures). Exact methods have a high
computational burden on large instances, while metaheuristics efficiently and effec-
tively explore the search space by balancing two aspects during the search process:
diversification and intensification (Blum and Roli 2003). Diversification explores
all possible neighbourhoods in the solution space, while intensification explores a
narrow solution space in more detail. For an overview of the metaheuristic algo-
rithms that have been proposed in the literature to solve shop scheduling problems,
we refer the reader to Li and Gao (2016) and a non-exhaustive overview is provided
in Table 1. This study aims to approximately solve a complex real-world production
scheduling problem using a carefully selected metaheuristic framework rather than
to set up a comprehensive comparative study of different metaheuristic alternatives.
Given the specific characteristics of the case study, the goal is to present a real-
world application of several optimisation methods ranging from simple heuristics to
more complex variants of a metaheuristic. Based on our literature review, we opted
to develop a GA in this research, but alternatively a PSO algorithm could have been
developed to solve our complex scheduling problem given its its good performance
when balancing different objectives (decreasing the makespan and the setup time
in our case study). However, the disadvantage of PSO is twofold. It is known for its
slow convergence, which could be problematic given the large size of the company’s
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operations, and its smaller degree of customisation since there are only two different
parameters that can be set by the company, which reduces the flexibility of the com-
pany’s operations to guide the search process. Therefore, we opted to develop a GA
framework over a PSO framework. In the remainder of this section, we will provide
a non-exhaustive overview of studies that are used for the development of our GA
procedure.

Reeves (1995a) introduces a good-performing Nawaz-Enscore-Ham (NEH) ini-
tialisation step for the FSSP as well as a fitness rank distribution and uniform distri-
bution-based selection of parent solutions and applies a one-point crossover to these
parents. Furthermore, the generated offsprings do not — by definition — replace their
parents, but rather they replace solutions with a below average fitness value. This
approach was further extended by Reeves and Yamada (1998) as they implement
a hybrid GA with a multi-step crossover fusion operator (MSXF) and performed a
biased local search on one parent using the other parent as a reference point. Murata
et al (1996) propose an elitist strategy for the FSSP together with a two-point cross-
over and shift mutation. Ruiz et al (2005) combine the operation sequence- and
job-based representation with four new crossover operators in order to identify and
create problem-specific building blocks. They use a shift mutation operator and an
adapted version of the NEH heuristic to generate the initial population. Li and Gao
(2016) develop a hybrid GA and Tabu Search metaheuristic, and implement an elit-
ist and tournament selection scheme. They also randomly select between a prece-
dence-operation crossover (POX) and a job-based crossover (JBX) as well as a swap
and neighbourhood mutation, both with an equal probability of selection.

2.3 Gap in the literature

From the above literature review, we can conclude that flexibility is an inherent fea-
ture of many workshop environments and should thus be considered when making
scheduling decisions in order to improve the production efficiency. However, studies
on the flexible FSSP including SDST are more challenging, yet scarcely investigated
in the literature, in comparison to flexible FSSP research without considering SDST.
Therefore, this study introduces an implementation of a GA to solve the flexible
FSSP with SDST that is encountered in a real world manufacturing plant, but can
easily be adapted to scheduling environments in other production settings.

Based on the discussion in Sect. 2.2, we observe that different GA variants have
been studied for the FSSP. However, to the best of our knowledge, most studies do
not deal with flexible machines and/or SDST that are central to our problem for-
mulation. Therefore, we propose a GA framework based on best-known operators
from the literature in order to implement simple, yet effective scheduling strategies
for the proposed case study, considering multiple alternative objectives. The perfor-
mance of the GA will be compared in our computational experiments with a single-
and multi-pass approach, both well-known benchmarks in the production literature
(Geyik and Elibal 2017; Balin 2011; Li et al 2013; Neufeld et al 2016).
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3 Problem description

In this section, we first discuss the data collection process and present the details
of the two key workstations in the case study (Sect. 3.1). Afterwards, we position
our real world problem setting within the existing classifications in the production
literature (see Sect. 2). Section 3.3 details the different objectives of the production
scheduling problem that are investigated in this study. Finally, a mathematical for-
mulation of the flexible FSSP with SDST is presented in Sect. 3.4.

3.1 Case study

This research has been conducted in close collaboration with a large seafood pro-
cessing plant in Belgium. The first step was to analyse the context and specifications
of the plant with regard to the production process, corporate culture and its clients.
Therefore, several interviews were setup with the management of the plant and a
thorough inquiry was needed to collect all necessary data. When we were famil-
iar with the required policies, the production process and the demand distribution,
a lot of decisions were made in close collaboration with management such as the
type of solution approach and the relevant process parameters. Once all these deci-
sions were made, we generated a high-quality production schedule and validated its
robustness. Finally, we sat together with management to ensure that our production
schedules could be implemented on a day-to-day basis.

Based on discussions with management, we found that it was a struggle to come
up with a robust planning for the main workstations at the plant due to the high
demand volatility and the influence of extensive setups in the production process.
The plant receives both fresh seafood (such as salmon) directly from its supplier,
which need to be filleted, as well as semi-processed seafood products that need to be
cut in smaller, processable pieces. There are over 180 seafood products that are pro-
cessed at the plant, which can all be categorised as either filleting of fresh seafood
(with a different category for salmon filleting due to its unique properties) or semi-
finished products:

Filleting This is the most value-adding activity since the fish are filleted manually
by skilled workers. Several different operations per product need to be executed
sequentially. We impose a fixed workforce since these skilled workers have a fixed
contract at the plant.

Salmon All filleting and partitioning operations with regard to the salmon products
are performed separately in order to keep up with high order volumes, avoid
cross-contamination with other fresh fish and meet the high quality requirements
for salmon products. These activities require lower-skilled workers and thus the
company can appeal to temporary workers on a daily basis (i.e. a variable work-
force).

Semi-finished products  There are some products that do not need to be filleted or
partitioned before they can go to the next workstation since they are delivered
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Fig. 1 Shopfloor layout of the case study

at the plant as semi-finished products. Before these products can be packaged as
finished products, workers need to sort the big batches into processable sizes.
Again, the company considers a variable workforce since there is no high-skilled
labour required.

Afterwards, all seafood products (both fresh and semi-processed) need to be pack-
aged for shipment to wholesalers and stores. At the plant, there are seven packaging
machines and each machine can be used for packaging all types of products (fresh
seafood and semi-finished products). All products are packaged using a Modified
Atmosphere Packaging (MAP) approach, which is a technology used for extending
the shelf life of fresh food products, as it substitutes the atmospheric air inside a
package with a gaseous atmosphere. In the remainder of this work, we will there-
fore refer to the first workstation as the pre-MAP workstation and refer to the sec-
ond workstation as the MAP workstation. These two consecutive workstations,
processing and packaging, need to be perfectly coordinated in order to optimise the
throughput of the plant. In case that a machines needs to package a different type of
product, a setup is required that depends on the type of mould, gas or packaging of
the previous and current type of product (i.e. sequence dependency).

As can be seen in Fig. 1, there is a total of 10 different machines in the shop-
floor: three in the pre-MAP station (processing) and seven in the MAP station
(packaging). At the pre-MAP station, every order must be processed on a pre-
defined line'. This workstation cannot be considered a parallel machine sched-
uling problem since the machines are pre-defined rather than interchangeable
and, hence, it should rather be approached as three independent single machine
scheduling problems. As a result, the decision-making in the pre-MAP worksta-
tion is rather straightforward since the arriving products are assigned to their
corresponding lines (pre-defined assignment) and processed according to a first-
in-first-out principle. In contrast, every order at the MAP workstation requires
one operation on an undefined line and thus the seven machines at this worksta-
tion work in parallel. As a result, two interrelated decisions need to be made at

! Note that we sometimes use the terminology lines in the workstations when we refer to machines.
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Table2 Data summary

Entity Instances Additional information

Orders 32,132 average = 100 products per day

Activities 180 average = Two activities per product
Machines 10 Seven identical machines in the MAP station
Configurations 32 Gas, mould & packaging

the MAP workstation: the operations must be sequenced and must be assigned
to the different lines. This complex problem with sequence-dependent setup
times in combination with the different objectives (cf. Sect. 3.3) is solved using
a GA. Although the production process is divided into two separate stations, we
decide to solve the problem in an integrated way in order to provide the com-
pany’s management with a complete plan for the entire production process. From
an academic perspective, the most challenging and interesting scheduling prob-
lem is that of the MAP station with parallel machines and sequence-dependent
set-up times, while the problem in the pre-MAP station is rather straightforward.
However, by extending our problem formulation (Sect. 3.2) and methodologies
(Sect. 4) to incorporate both stations, we aim to present an off the shelf solution
for the company including all specific characteristics derived from their produc-
tion process. However, our solution procedures can, without loss of generality, be
applied to a scheduling problem with solely a MAP station as well.

We discuss the benchmark data of the case study below and present a summary
in Table 2:

Order The company provided us with a sample of all orders for a period of 316
days. We received a total of 32,132 orders and an average of just over 100 orders
per day, with an average order quantity of 59.90 kg per order.

Activity There is only data available on the activities that are related to the MAP
station and the lines related to the pre-MAP station (i.e. filleting, salmon and
semi-finished products), this explicitly defines the scope of our work.

Product There are 180 products in the database, which corresponds with the vast
majority of the products of the seafood company and all products relevant for the
MAP planning are considered.

Configuration  After an analysis of all available data, 32 configurations could be
composed. These configurations link activities to a certain machine or worksta-
tion. It determines the predefined machine assignment in the pre-MAP worksta-
tion and contains information about which mould, gas and packaging is required
in the MAP station.

Machine As discussed before, there are 10 different machines in our database: three
in the pre-MAP station and seven in the MAP station.

Mould/Gas/Packaging  If a change in mould, gas or packaging is required, a setup
time must be taken into account. Changing a mould requires on average twenty
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minutes, changing the gas composition on average five minutes and changing the
packaging only takes two minutes on average.

3.2 Problem classification

Based on the problem formulation presented in Sect. 2.1, our problem should be
classified as a flexible FSSP with SDST as discussed along the following lines.

The shopfloor layout consists of multiple machines in two sequential workstations
where the machines in the MAP workstation are able to execute equivalent opera-
tions, which means that at least a subproblem can be classified as parallel machine
scheduling. In parallel machine scheduling, each job can be processed on any of
the machines and processing times are independent of the machine (i.e. identical
machines). Therefore, our system can be seen as a mix of serial and parallel machine
scheduling, also known as a hybrid shopfloor with K serial workstations and one
or more identical parallel machines at each workstation (Zobolas et al 2008). It is
important to note that our case study can be classified as a flexible FSSP because
there are two or more parallel machines for at least one workstation (Pinedo 2008).
According to Ruiz and Vazquez-Rodriguez (2010), the following properties present
in our case study define a flexible FSSP:

e There are n jobs denoted by j that require a processing time p;, in workstation
[={1,..,m}.

e There are at least two workstations (I > 2).

e There are parallel machines in at least one workstation.

e The jobs should be processed in the same flow in all workstations.

The flexible FSSP is a well-known strongly NP-hard problem, even when it is
restricted to two workstations (Gupta et al 2002). By considering SDST, as dis-
cussed in the following paragraph, the scheduling problem becomes even more com-
plex (Pinedo 2008).

If a change in mould, gas composition or packaging is required in the MAP
machines due to a change in the type of order (filleting, salmon or semi-finished
products), a setup time must be taken into account. These setups cannot be executed
simultaneously, so multiple setups should be cumulated. Since the setup times
depend on the sequence of the orders on the (parallel) machines in the MAP work-
station, we refer to them as sequence-dependent setup times.

A brief overview of the assumptions in our research is presented along the follow-
ing lines. First, there is no data available on the perishability and supply of the products,
and thus all raw materials are assumed to be available at any point in time. Second,
transportation times between workstations typically depend on the product, product
quantity and route, but they are assumed negligible in this study. Finally, a variable
workforce could be set at different lines and machines in the plant. Nevertheless, a fixed
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workforce at the pre-MAP and a fixed number of machines at the MAP workstation are
considered in this research.

3.3 Objectives

After discussions with management, it became apparent that several time-related objec-
tives were highly relevant to their business problem. Four variants of such objectives
are considered in this study and briefly discussed below:

Makespan: When all operations are scheduled, the makespan of the schedule
can be calculated. Therefore, the differences between the completion time of
the last operation and the starting time of the first operation of the same job are
summed over all jobs, which includes any setups done in the MAP workstation.

Setup time: The objective function consists of the project makespan (which
includes setups) extended with the total setup time of all machines in the MAP
workstation. Hence, this objective additionally penalises the number of setups.

Since setups are labour-intensive and present a potential risk factor in the pro-
duction process, these alternative production schedules are also requested by
management.

Non-idle setup time: The objective function consists of the project makespan
(which includes setups) extended with the setup times of all machines in the
MAP workstation that cannot be executed during idle times. This objective is
similar to the previous objective, however, only the inefficient setups are addi-
tionally penalised.

Idle time: The objective function consists of the project makespan (which
includes setups) extended with the total setup time and the total idle time
of all machines in the MAP workstation. In this case, the aim is to put more
emphasis on the efficient use of the machines in the production schedules.

3.4 Mathematical model

In this section, we present a mathematical model for the flexible FSSP with SDST in
general. An overview of the indices, parameters and dependent variables can be found
in Table 3. We have derived the model from the work of Hasani et al (2022). The
binary decision variable x;; ; , is equal to 1 when job j is processed directly after job i on
machine k in workstation /, or O otherwise.

Min C,,,, (1)

subject to

Y D xipo=1 GENi#) @

iEN kek
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Table 3 Overview notation of mathematical model

Symbol Explanation
Index
i,j, h Indices for jobs, withi,j,h € N
1 Index for workstation, withl € L
k Index for machine, with k € K
Parameter
Dijy Processing time of job j on machine k in workstation /
Sijkl Sequence-dependent setup time between jobs i

and j on machine k in workstation /
M Large value (big M)
Dependent variable

Cu Completion time of job j in workstation /

Y xiju <1 VieNi#jVkeKNVIEL

jen 3)
in,h,k,l - thli-k,l =0 VYheNh#£i;h#];
ieEN JEN (4)
Vke KVle L
Cio = Xippo X Prjot+Sijro) VKEKNVILjEN#] (5)
Cut Z Xings X Prju+Sije) + VI=1,.,|LIVi,j ENi#j
kek ©

M x (z Xy — D 2 Cy

kek

Cf’l_l +xi’h]k’l X (pk,j,l + Si,f,k,l) S Ci»l Vl = 1, veey |L|,Vk (S K,Vl,J (S N,l ?é.] (7)

Cou+MXA=x;,) 2Cy V=1, |LVk€EKViL,jENi#]  (8)

Cy<CpyW VIELYjEN )

X0 € (0.1}Vi,j ENVk € KVl € L (10)

The objective of the standard problem formulation in this study is to minimise the
makespan C,,,, (Eq. (1)). Equations (2) guarantee that each job j in the first worksta-
tion (i.e. [ = 0) must be assigned to at least one machine k. Equations (3) indicate
that every job i has at most one succeeding job j in each workstation /, while Eqs.
(4) indicate that each job & should be processed precisely once at each workstation
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1. Equations (5) calculate the completion time of jobs in the first workstation (I = 0).
Equations (6) indicate that the completion times C;, and C;, are calculated consecu-
tively if job i is processed immediately before job j on the same machine. Equations
(7) guarantee that the completion time of each job in each workstation / is equal or
greater than its completion time in the previous workstation plus the corresponding
setup and processing time in workstation /. Equations (8) ensure that the process-
ing order of the jobs on the machines is the same for the subsequent workstations.
Equations (9) calculate the maximum completion time of jobs, which is equal to the
makespan C,,,,.. Finally, the decision variables x;;  jare defined by Egs. (10).

4 Methodology

We test three solution approaches to solve the scheduling problem presented in
Sect. 3.3. First, a single-pass algorithm from the literature (Sect. 4.1) is coded in
order to resemble the current scheduling approach at the seafood processing plant.
Second, a more complex multi-pass algorithm is tested that builds upon the knowl-
edge obtained from the single-pass algorithm (Sect. 4.2) and illustrates a relatively
simple improvement of the current scheduling actions at the plant. Finally, we
develop a GA to further improve the solutions and come up with the best found
schedules for the specific setting at the plant (Sect. 4.3), which requires more com-
putational resources and acts as an indicator for the (estimated) long-term improve-
ment potential of the scheduling processes at the plant.

4.1 Single-pass approach

A well-known single-pass algorithm that is widely used in many real-world situ-
ations is applied to solve our flexible FSSP with more than two machine centers.
It combines the Longest Processing Time (LPT) with a search-and-prune approach
to find a (near)optimal makespan (Hong et al 1998). Given a set of n independent
tasks (T, to T,), each with arbitrary execution time (¢, to #,), and a set of m parallel
processors or machines (P, to P,,), the LPT approach first assigns the task with the
longest execution time (among those not yet assigned) to an idle machine whenever
it becomes available. For tied cases, an arbitrary tie-breaking rule is used. Subse-
quently, the search-and-prune approach is used to deal with job sequencing. We will
opt to apply this technique to mimic the current scheduling process in our seafood
processing plant.

4.2 Multi-pass approach

In contrast to single-pass approaches, multi-pass approaches need more computation
time, but they are likely to provide a better solution. We opted for the Logendran
and Nudtasomboon (LN) approach (Logendran and Nudtasomboon 1991) since it
is up to today used in novel metaheuristic frameworks for solving subparts of more
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complex scheduling problems (Huang et al 2006). The steps associated with the LN
heuristic are based on the conversion of an m-machine group scheduling problem
into an equivalent 2-machine problem (Petrov 1966).

First, the processing time matrix is divided in two equal time matrices T (m
is even) and T* (m is odd) and the sum and the difference of the sum of the two
matrices are also given for m being odd and even. When searching for a good job
sequence, the following two heuristic rules are applied and the best sequence is
retained:

Rule 1: For those jobs in which ), T* — )’ T < 0, the job sequence is constructed
based on the ascending order of Y’ T values, while the descending order of ) T*
values is used otherwise.

Rule 2: The job sequence is constructed using the descending order based on the
numerical value of ) 7* — Y' T.

In two special cases, the multi-pass heuristic is reduced to a single-pass heuristic.
First, when all values of ), T* — ) T are exclusively positive or negative since rule
1 will then provide only a single job sequence. Second, when a number of identical
values are present in ). T* — Y T since rule 2 will then also provide only a single
job sequence.

4.3 Geneticalgorithm

A genetic algorithm is an evolutionary metaheuristic approach frequently used
for optimisation problems in general and scheduling problems in particular (see
Sect. 2.2). It searches for improved solutions over several generations by combining
information about existing solutions in the population combining two strategies. On
the one hand, infensification focuses on combining the information of good solu-
tions, called parents, to create even better solutions, called offspring. On the other
hand, diversification avoids that the search process gets stuck in a local optima by
altering some information in the genes in order to investigate different parts of the
search space. The search process of a GA is guided by a combination of operators
such as initialisation, parent selection, crossover and mutation.

As can be seen from Fig. 2, three initial solution generation methods, three par-
ent selection techniques, five crossover operators and two types of mutation will be
tested in our GA. Some of these operators are derived from the existing literature
and their performance is thus validated by other researchers in the past, while we
also include two unique features that distinguish our GA from the traditional GA
framework. First, we initiate the search process partly with solutions obtained for
other instances (different from the instance solved in the current search process).
Second, we test and compare three diversity measures to ensure sufficient diversifi-
cation and avoid over-intensification in the search process.
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Job-based representation
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—( )

Fig.2 Overview of the different variants for the GA operators

In this study, we opted for a genetic algorithm (GA) since Azzouz et al (2016)
have shown that it outperforms several other existing methods. The difference
between the proposed GA and other GAs in the literature is highlighted in Table 4.

4.3.1 Representation

The job-based representation of Ruiz and Maroto (2006) is chosen since their prob-
lem setting is highly similar to our case study. Using this representation, we need
to implement a heuristic rule for the machine assignment that considers the SDST.
Given a predefined job sequence, the following decoding is then applied on all
operations of the current job. First, the orders should be assigned to their prede-
fined machine in the pre-MAP workstation and, subsequently, the orders should be
assigned to the parallel machine in the MAP workstation that completes the opera-
tion the earliest taking into account sequencing constraints between operations of
the same job. If there are no valid gaps in the schedule, the operation is scheduled at
the slot with the earliest possible completion time rather than the earliest start due to
the SDST.

Below, we show an illustration of the encoding and decoding process.
The illustrative example consists of 10 jobs to be processed through two main
workstations (Pre-MAP and MAP) with three machines in the pre-MAP work-
station (i.e. filleting, salmon and semi-finished products) and three machines
in the MAP workstation, which is a simplification of the actual shopfloor lay-
out. The following notation is used I = {i},i,,...,i;9}, M; = {my,m,, my3} and
M, = {m,,,m,,,my3}. As explained before, the assignment to the first worksta-
tion is predefined, i.e. jobs 2, 6 and 8 should be filleted and jobs 1, 5 and 10
contain salmon products, while jobs 3, 4, 7 and 9 are semi-finished products. In
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Table5 Job processing time M M

on each machine (input) and ! 2

machine allocation (output) my;  my,  myy; A my; my,  my3; A

given a user-specified job

sequence i - 5 - 2 7 8 7 1
iy 2 - - 1 8 9 6 3
i3 - - 3 3 8 7 9 2
iy - - 4 3 6 6 8 3
is - 4 - 2 5 7 9 1
ig 6 - - 1 7 5 6 3
iz - - 3 3 8 9 7 2
ig 5 - - 1 5 6 8 1
iy - - 5 3 9 7 8 2
i10 - 6 - 2 6 7 7 1

The job processing times on the selected machines for the second
workstation are given in bold

Table 5, we indicate the job processing times on the different machines. Given
that the jobs in the pre-MAP workstation are predefined, a processing time is
only provided for those machine and a dash indicates that the other machines can-
not be used. In the MAP workstation, however, each machine corresponds with
different processing times for each job. According to Ruiz and Maroto (2006),
a single job sequence suffices to encode a solution. Given the following job
sequence Iy = {i,, is, iy, i7, Iy, i3, Iy, I10- I3, Ig }» also shown in the top of Fig. 3, the
machine allocation A in both the pre-MAP and MAP workstation can be decoded.
In Table 5, the job processing times on the selected machine is highlighted in
bold and the corresponding Gantt chart is shown in Fig. 3. Notice that no job is

‘ !

3 ‘

1,102

1,3 ‘

1,9

(1,10)

1) | (22

23 “ 3,8) ‘ 3,9)

(3,10)

Machines

M23 ‘ 2 | 4

M22 ‘ 7 |

M21 ‘ 5 | 1
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we| 7 ] 4 | 9 | 3
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w[Z 8 T & ]

o
o

Fig. 3 Gantt chart of solution in Table 5 for job sequence I
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processed on an allocated machine before another job that is positioned later in
the job sequence Iy, both in the pre-MAP and MAP workstation, which indicates
that the user-specified job sequence is satisfied.

In the first workstation, the solution has a relatively long completion time to
make full use of idle machines, while it also schedules short jobs (e.g. job 2 on
machine 1 and job 7 on machine 3) first to trigger an early start of the second
workstation. In this example, the best solution has a makespan equal to 27, which
also corresponds with the optimal solution for this illustrative example.

4.3.2 Initial solutions

The creation of an initial population with good solutions can improve the perfor-
mance of the GA significantly. Therefore, three different approaches are proposed
and tested in this study.

In the first approach, the initial population will be randomly initialised. In the
second approach, part of the individuals will be initialised randomly, while another
part will be initialised with solutions for other instances. In the third approach, a
part of the individuals will be randomly initialised, while another part will be ini-
tialised using the NEH algorithm (Nawaz et al 1983). In the literature, it is shown
that the NEH algorithm performs best in a permutation flowshop sequencing context
(Reeves 1995b). The method was further adjusted by Ruiz et al (2005) in a permuta-
tion FSSP with SDST. In this work, the evaluation of the objective value is slightly
adjusted to incorporate the SDST for a flexible FSSP. The NEH algorithm can be
summarised as follows.

1. Create an original NEH instance according to Reeves (1995b).

(a) Calculate the total processing time for all jobs and sort the jobs in descend-
ing order of processing time.

(b) The first two jobs i = {1, 2} are scheduled in the first and second place and
vice versa. These two possible schedules are then evaluated and the best
schedule in terms of the project makespan is retained.

(c) Foreveryjobi = {3,...,n}, the best schedule is searched by placing job i in
all possible positions in the sequence of jobs that are already scheduled.

2. Create other NEH instances with the two initial jobs being randomly selected and
swapping them with the two jobs in the original NEH instance.

We illustrate the above approach to generate NEH instances based on a problem
with four jobs and five machines obtained from Nawaz et al (1983). In step (a),
the total processing times 7; are calculated for each job i and the results are pre-
sented in the last column of Table 6. Subsequently, we order the jobs according
to descending processing time as follows: 1 — 3 — 2 — 4. In step (b), we pick the
first two jobs (i.e. jobs 1 and 3) and find the optimal partial sequence for these
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Table 6 Processing time of each Jobs

job on each machine (top) and Machines T
makespan for partial sequences 1 2 3 4
(bottom)
1 5 9 8 10 1 33
2 9 3 10 1 8 31
3 9 4 5 8 6 32
4 4 8 8 7 2 29
1 5/5 9/14 8/22 10/32 1/33
3 9/14 4/18 5127 8/40 6/46
3 9/9 4/13 5/18 8/26 6/32
1 5/14 9/23 8/31 10/41 1/42
3 9/9 4/13 5/18 8/26 6/32
1 5/14 9/23 8/31 10/41 1/42
2 9/23 3/26 10/41 1/42 8/50
3 9/9 4/13 5/18 8/26 6/32
2 9/18 3/31 10/31 1/32 8/40
1 523 9/32 8/40 10/50 1/51
2 9/9 3/12 10/22 1/23 8/31
3 9/18 4/22 5127 8/35 6/41
1 523 9/32 8/40 10/50 1/51
3 9/9 4/13 5/18 8/26 6/32
1 5/14 9/23 8/31 10/41 1/42
2 9/23 3/26 10/41 1/42 8/50
4 4/27 8/35 8/49 7/56 2/58
3 9/9 4/13 5/18 8/26 6/32
1 5/14 9/23 8/31 10/41 1/42
4 4/18 8/31 8/39 7/48 2/50
2 9/27 3/34 10/49 1/50 8/58
3 9/9 4/13 5/18 8/26 6/32
4 4/13 8/21 8/29 7/36 2/38
1 5/18 9/30 8/38 10748 1/49
2 9127 3/33 10/48 1/49 8/57
4 4/4 8/12 8/20 7/27 2/29
3 9/13 4/17 5125 8/35 6/41
1 5/18 9/27 8/35 10/45 1/46
2 9127 3/30 10/45 1/46 8/54

The maximum completion time of all jobs on all machines in each
partial sequence is given in bold since this corresponds with the
makespan

two jobs. In Table 6, we show the sequences 1 — 3 and 3 — 1 and it can be seen
that the sequence 3 — 1 is the best (makespan equal to 42). In step (c), we add
job 2 in all possible sequences and we observe that sequence 3 — 1 — 2 is the
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best (makespan equal to 50). Finally, we add job 4 in all possible sequences and
we observe that sequence 4 — 3 — 1 — 2 is the best (makespan equal to 54). It
turns out that this sequence is optimal, which can be proven by solving n! =24
sequences. However, the NEH approach found this sequence by only completing
nine sequences (i.e. four complete and five partial sequences).

4.3.3 Parent selection

In our GA, two different selection operators are analysed. The first operator
selects the individuals, or solutions, for generating offsprings (parent selection)
and the second operator selects the individuals that determine the next generation
given a selection pool of candidates (survivor selection). For both selection oper-
ators, three types are tested: roulette-wheel, rank-based and tournament selection:

Roulette-wheel selection is a mechanism to apply a fitness proportionate selection
that finds potentially useful solutions for recombination.

Rank-based selection orders the individuals according to their fitness value from
1 to n with a higher fitness value corresponding with a higher rank. This is par-
ticularly useful when the individuals in the population have very close fitness
values. In traditional roulette-wheel selection, this would lead to all individuals
having an almost equal chance of being selected, which in turn results in a huge
loss of selection pressure.

Tournament selection randomly selects 7 individuals from the complete popula-
tion with 7 being the tournament size. Out of these T individuals, the best one is
selected for crossover (parent selection) or goes through to the next generation
(survivor selection). A tournament is executed for a number of times equal to the
population size in order to ensure that the number of individuals in the population
remains constant. A low T results in a lower selection pressure and a decreased
runtime, but the chance of losing qualitative genetic material increases.

4.3.4 Crossover

Five different crossover operators are tested in this study (OB2X, SJOX, SJ20X,
SBOX and SB20X) derived from Ruiz et al (2005) and Ruiz and Maroto (2006).
We focus on these operators because the existing literature indicates that these
crossovers have potentially a good performance for our case study. Some crosso-
vers keep the building blocks of the schedule fixed by retaining one or more jobs
in the same position as both parents. We expect that this could be crucial when
solving the flexible FSSP with SDST given the inclusion of setup times and the
importance of machine assignment (Ruiz et al 2005; Ruiz and Maroto 2006).

e OB2X: This operator creates two random crossover points in the parent and
copies the building blocks between them from the first parent to the first off-
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spring. Then, starting from the second crossover point in the second parent,
it copies the remaining unused building blocks from the second parent to the
first child. Subsequently, this process is repeated for the second child with
reversed parent roles.

e SJOX: Both parents are examined on a position-to-position basis and the
building blocks are directly copied to their offspring. Then, a random crosso-
ver point is selected and the part before this point is directly copied to the off-
spring, while the missing elements of each offspring are copied in the relative
order of the other parent.

e SBOX: This operator is similar to SJOX, but the building blocks are considered
to have a minimum length of two jobs.

Further note that SJ20X and SB20OX are highly similar to SJOX and SBOX, respec-
tively. The only difference is that two crossover points are used and the middle part
is directly copied from the parent to the offspring.

4.3.5 Mutation

Two mutation operators are implemented in this study to avoid getting stuck in a
local optima. The first operator is the well-known swap mutation operator. The sec-
ond operator is a shift mutation operator in which a randomly selected job is relo-
cated to another random location, while all the jobs between these two positions are
shifted one position to the left (or right).

4.3.6 Diversity measures

In this study, we opt for a steady state GA since the offsprings replace the worst
individuals in the population with a higher probability. In order to avoid a huge loss
in diversity, however, three diversity measures are implemented:

e Forbid parent if child is selected (FPC) This measure ensures that a parent is
not allowed in the new generation, when its child is already selected.

e Forbid child if parent is selected (FCP) This measure ensures that a child is
not allowed in the new generation, when its parent is already selected.

o Forbid clones (FCL) This measure ensures that individuals with the same
sequencing of jobs (i.e. clones) are not allowed in the new generation.

Based on these three diversity measures, the following four scenarios will be consid-

ered: no diversity measures are activated (NON), only FCL is activated, both FPC
and FCP are activated and all diversity measures are activated (ALL).

4.4 Procedure implementation

As discussed at the start of this section, the single- and multi-pass algorithms are
programmed to mimic the current scheduling approach at the processing plant and
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a relatively simple improvement, respectively. However, these methods are merely
used as theoretical benchmarks and the goal of this study was not to implement them
in practice. We agreed to develop a conceptual design including data preprocessing,
a graphical user interface, a database design and a functional programming design
with model solver (i.e. the GA framework of Section 4.3).

The overall implementation design is presented in Appendix 2 (see Fig. 14).
The customer orders are the main drivers of the production planning for a par-
ticular day and all activities are initialised as work orders for every customer.
Subsequently, the optimiser assigns these workorders to machines and time
slots in some cases accessing a supportive entity where previous schedules were
stored (as discussed in Section 4.3.2). A relational (MySQL) database is used
to store all long-term data, which can be easily linked to the company’s existing
servers. This was considered a main advantage of our implementation design.
The production schedule could then be shown in a Graphical User Interface
(GUI) together with some performance indicators (as discussed in Section 3.3)
to monitor and validate the proposed daily production schedule.

Finally, a general overview of the implemented program can also be found
in Appendix 2 (see Fig. 15. The initialiser is called once to extract information
about the orders, machines and configurations from the database, and generate
the work orders. The workorders allow to store information about the start and
finish times of tasks/orders as well as machine assignments, and they are ini-
tialised using information from the database and the already initialised orders.
Typically, the GA will be run multiple times to allow a comparison in terms of
the different objectives (cf. Section 5.3) or a specific variant can be selected by
management given the objective with the highest priority for that day.

5 Computational results

In Sect. 5.1, we discuss the best set of parameter values for the different GA
operators obtained after parameter tuning. In Sect. 5.2, the performance of the
best GA configuration is compared with the single-pass (see Sect. 4.1) and multi-
pass heuristic (see Sect. 4.2) in case that the objective is to minimise the project
makespan since the single- and multi-pass algorithm were only developed in the
literature for the basic FSSP with this makespan objective. In Sect. 5.3, subse-
quently, three different variants of the problem in terms of the objective function
are analysed. Finally, the performance of our GA framework will be compared
with a random approach and the NEH approach for all objectives (Sect. 5.4). A
set of historic orders for a period of 316 days were used to design, set and tune
the GA. The experiments are conducted on a 2.20GHz Intel Core i7-8750 H lap-
top with 16GB RAM using the Windows 11 Professional operating system. All
algorithms were implemented in the Visual Studio Code environment (version
1.81) using the C++ programming language. The computational times of the
different algorithms tested in this study are reported in Table 7. Since the run
times did not significantly differ between the different variants of the GA, we
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Table 7 Running times of all

X Method CPU time
algorithms (seconds)
Random 752
Single-pass LPT 801
Multi-pass LN-Rule 1 1,341
Multi-pass LN-Rule 2 1,380
GA 1,479
Gurobi 1,800
Tab.le 8 Resu}ts of parameter Component Settings
tuning for various components
Population size 150 250 350
Avg. obj. value 120.14 103.12 97.07
Best. obj. value 107.12 97.22  93.70
Crossover operator OB2X SBOX SB20X SJOX SJ20X
Avg. obj. value 101.52 102.17 102.66 100.87 101.53
Best. obj. value 96.52 9998 97.23 98.57 9742
Crossover probability 0.2 0.5 0.8
Avg. obj. value 121.69 102.63 96.84
Best. obj. value 109.22 97.46  94.01
Tournament size 0.01 0.02 0.05
Avg. obj. values 11295 101.93 96.38
Best. obj. value 11295 9694 93.66

The different parameter settings are given in bold

report the average run time of the GA. We notice that these run times are in line
with run times reported in the literature for problems of a similar complexity.
Given that these algorithms will be used by project managers for making tacti-
cal (rather than operational) decisions, the observed computational run times are
not considered problematic since the maximum run time is less than 25 min.

5.1 Parameter tuning

The main goal of the GA is to find a close-to-optimal and robust solution by select-
ing and recombining good solutions using good operators over different genera-
tions. In order to avoid getting stuck in local optima, diversification and intensifica-
tion need to be balanced in the search process. On the one hand, the GA might be
reduced to a random search if there is too much diversification (inefficient). On the
other hand, the GA might get stuck in a local optimum if there is too much intensifi-
cation (ineffective). In our procedure, diversification is ensured by means of a large
population size and the mutation operator, while intensification is ensured by means
of two selection mechanisms that retain good (or better) solutions. In the remainder
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Fig.4 Impact of the number of generations

of this section, different operator parameters are tested using a Taguchi design-of-
experiments (DoE) (L25 = 5°) of which some key results are shown in Table 8.

5.1.1 Generations

When the average objective value in the current generation lies sufficiently close to
the objective value of the best performing individual over all generations, conver-
gence is obtained (i.e. the convergence gap is sufficiently low). This means that the
intensification effects are leveled out and there is not enough diversity left within
the search process to get improved individuals in reasonable computational time. In
preliminary experiments, we test the average number of generations after which a
sufficiently low convergence gap is obtained. In the upper part of Fig. 4, the average
objective value of the population is plotted in black and the best objective value of
the current generation in dark grey, both with their standard deviation presented as
a dotted line (below and above the average values). We observe that convergence is
typically reached after 500 generations, yet most of the diversity is worked out after
300 generations. Therefore, a GA with 500 generations will be used for our final
experiments.

5.1.2 Population size

The population size is a key factor to ensure diversity within a GA with larger popu-
lations resulting in a larger diversity. Other research studies on the FSSP usually use
a population size between 50 and 100. Since our problem is more complex than the
basic FSSP due to a number of extensions, however, it requires more diversity and
thus a larger population. Based on our parameter tuning, we observe that a popula-
tion size of 350 results in a slightly better objective value than a population size of
250, but twice as much computational time would be needed to reach convergence.
Therefore, we decide that a population size of 250 presents a perfect balance in the
trade-off between solution quality and computational time.

2 One exception has been allowed in the DoE as the mutation probability was fixed to zero in order to
observe a clear impact of the crossover operators.
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5.1.3 Initial population

As explained in Sect. 4.3, our population is partially initialised with random solu-
tions and solutions obtained from other instances in the training set. More spe-
cifically, we have tested four settings of initialisation with, respectively, 0%, 10%,
25% and 40% of the initial solution being obtained from other instances, while the
remaining solutions were generated randomly. The results in the middle part of
Fig. 5 show the two extreme situations where 60% (a) and 100% (b) random solu-
tions were used in the initialisation phase. However, the best setting is observed in
an intermediate situation where 90% of the population is randomly initialised and
10% of the population is initialised with solutions of other instances. This setting
positively influences the convergence time, but leaves room for exploring new areas
in the solution space.

5.1.4 Selection mechanism and crossover operator/probability

The parameter tuning shows that tournament selection outperforms roulette-wheel
and rank-based selection as the survivor selection method. Furthermore, we observe
that different levels of selection pressure (0.01;0.02;0.05) have no significant effect
on the solution quality and, hence, the lowest selection pressure (0.01) is preferred
since it requires the lowest computational time. With respect to the crossover
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operators, the SJOX and SBOX seem to have a lower performance compared to
the other three operators. This suggests that using a one-point crossover that keeps
building blocks in solutions over multiple generations hinders the search process in
a large solution space. Furthermore, one would expect SJ20X and SB20X to out-
perform the benchmark OB2X operator, however, the computational results show
otherwise. This again validates our assumption that keeping building blocks fixed in
solutions over multiple generations is a too restrictive strategy in our problem con-
text. Hence, our GA will be run with the OB2X crossover operator at a 50% crosso-
ver probability. Using a lower probability results in a lower performance of the GA,
while a higher probability results in more or less the same solution quality, but it
requires more computational time.

5.1.5 Mutation operator/probability

The shift mutation outperforms the swap mutation operator by a large margin
given a similar computational time. Note that compared to the swap operator, the
shift operator only adjusts the individuals in a very incremental way, which keeps
some information of the individuals over different generations. This emphasises the
importance of fixing some building blocks in the solutions, which is an observa-
tion that contradicts the insights obtained when tuning the crossover parameters. In
Fig. 6, four levels of the mutation probability are tested: 0%, 25%, 45% and 50%.
Since a probability of 0% results in significantly worse results than the other prob-
abilities, the added value of the mutation operator is clearly shown. In general, the
mutation rates in this study are set higher than in other works dealing with similar
problems. The reason is twofold. On the one hand, the selection mechanism focuses
mainly on intensification and thus this should be balanced with sufficient diversifica-
tion. On the other hand, the specific context of our case study with setup times in a
flexible environment implies a large solution space that requires a sufficient degree
of diversification.

5.1.6 Diversity measures

The impact of the five scenarios with respect to the diversity measures discussed
in Sect. 4.3 is shown in Fig. 7. We observe a faster convergence when the diversity
measures are not activated (NON), but a better solution quality when all measures
are activated (ALL). FCL slows down the convergence since a good chromosome
can only be selected for crossover and mutation once. Since FCP and FPC exclude
even more similar individuals than FCL, the results of FCP and FPC are not better
than the results of FCL.

5.2 Benchmarking
Using the best combination of parameter settings for the GA discussed in Sect. 5.1,

we compare this metaheuristic framework with the single- and multi-pass heuristic
as well as a random benchmark. The random solution can be considered a worst-case
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solution for the actual production schedule, while the single-pass LPT approach is
used as a proxy for the fast and easy scheduling approach currently used at the plant.
By comparing the random and single-pass heuristic, we can show the added value
of a pragmatic generation of production schedules. In contrast, the multi-pass heu-
ristic corresponds with an improved solution or production schedule, which is the
next step in the company’s scheduling efforts. Fortunately, the increased complex-
ity compared to the single-pass heuristic is rather limited since the multi-pass LN
method only requires the construction of multiple schedules in contrast to a single
schedule. Finally, the GA presents another ambitious next step in terms of methodo-

logical complexity for the company.
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Fig. 8 Comparison of performance of GA with single- and multi-pass algorithm on the historic company

data

The results are summarised in Fig. 8°. We observe that the makespan is signifi-
cantly reduced when the LN heuristic is used compared to the random and single-pass

3 Remark that we need to investigate two variants of the LN heuristic since this multi-pass heuristic is
reduced to a single-pass heuristic in two special cases (see Sect. 4.2), which have a negative impact on
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heuristic, which clearly presents an incentive to the company for investing in computa-
tional resources on the short- to mid-term. Moreover, we notice that the performance can
be further improved by implementing a GA framework, which can be interpreted in two
ways. On the one hand, the results further incentivise the company to invest in a state-of-
the-art scheduling and decision-support tool on the long-term. Although the GA is rather
complex compared to the single- and multi-pass heuristics and hence would require a sig-
nificant investment of the company in better (algorithms) software, its overall complex-
ity is kept limited in order to facilitate an easy implementation in the plant. On the other
hand, the results of the multi-pass heuristic (attainable on the short- to mid-term) are rela-
tively good compared to the best-found solutions of the GA. Hence, management could
decide that this gap in performance is acceptable on the short- to mid-term, especially
considering the improvements compared to the random (worst-case) and the single-pass
(current) solution. Finally, we also solve the mathematical model presented in Sect. 3.4
using Gurobi to obtain a good benchmark for the (meta)heuristics as shown by the dotted
horizontal line in Fig. 8. Due to the size of the case study, no optimal solution could be
obtained within a feasible time limit using the mathematical solver. The time limit was
set based on the computational run times observed for the other approaches and slightly
exceeded the maximum run time required by the GA as shown in Table 7, namely a stop-
ping criteria equal to 1,800 s. The results show that our GA can find slightly better solu-
tions than the mathematical solver within similar time limits, which again highlights the
complexity of the case study and the relative solution quality of our GA framework. An
additional advantage of the GA is the robustness of this framework for changing objec-
tives, where the single- and multi-pass heuristics from the literature have been developed
with a sole objective (i.e. makespan minimisation) in mind. Therefore, we will investigate
the performance of this framework for three different objectives in the next section.

5.3 Different objectives

Initially, the basic problem formulation of Sect. 3.2 is solved with the standard
makespan objective, labelled GA1, and the results are shown in Fig. 9. This objec-
tive has always been the research focus of many scheduling problems in the produc-
tion literature (Li and Gao 2016) and can also serve as a surrogate for the minimised
cost objective (Blackstone et al 1982). In the following experiments, however, dif-
ferent bi-objective variants of the flexible FSSP will be investigated by modelling
penalties for non-idle setup times (GA2), total & non-idle setups (GA3) and idle
times (GA4), and these results will be compared with the basic makespan objec-
tive. Based on preliminary experiments and after consultation with management,
we opted to penalise the iddle time with a factor equal to 1 such that it is weighed
equally compared to the makespan objective, and penalise the setup times with a
factor equal to 5.

Footnote 3 (continued)

the overall performance of the LN heuristic. We observe that these special cases only occur in 4% of all
cases, but we still opt to show the results without excluding these special cases (Multi-pass (a) in Fig. 8)
and with the exclusion of these special cases (Multi-pass (b) in Fig. 8).
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Fig. 9 Performance of GA1 Values for different objectives — GA1
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5.3.1 Non-idle setups (GA2)

We test the effect of using a penalty for the non-idle setup times besides the tra-
ditional makespan objective, labelled GA2. Considering these setup times should
decrease the makespan by decreasing the waiting time to start the production pro-
cess. Also, the more setups are allocated to idle time, the better the utilisation rate
of the machines. The results for GA2 are presented in Fig. 10 and should be com-
pared with GA1. The results show that the decrease in setup time (the dotted dark
grey line) is somewhat faster in GA2, while the idle times (dotted black line) do not
increase as much in GA2. However, the rather limited decrease in setup time implies
that GA1 is able to decrease the non-idle setup times in a satisfiable way even with-
out using a dedicated penalty function.

5.3.2 Total & non-idle setups (GA3)

Decreasing the total setup time is possible by rescheduling different operations with
the same or similar configuration on the same machine such that less changes in
moulds, gas composition and packaging are required. We include these setups in the
objective function besides the traditional makespan objective, labelled GA3. These
results for GA3 are shown in Fig. 11 and should be compared with solely focus-
ing on the non-idle setups (GA2). In GA3, the overall setup time is significantly
decreased compared to only penalising the non-idle setup time (GA2) or not using
a penalty at all (GA1). It is shown that taking into account both makespan and total
setup time leads to slower convergence, but drastically improves the overall solu-
tion quality. As a result, GA3 is preferred over GA2 since the idle time and the total
setup time are lower for similar makespan values.

5.3.3 Idle time (GA4)
In the last experiment, we aim to decrease the total setup time without drastically

increasing the idle times by penalising these idle times in combination with a tradi-
tional makespan objective, labelled GA4. The results for GA4 are shown in Fig. 12.
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Fig. 10 Performance of GA2 Values for different objectives — GA2
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Since inventory is not taken into account in our case study, idle times are less
prominent. However, the consideration of idle times would become more important
in case that the unavailability of some raw product in inventory could incur waiting
times. We observe that both the idle times as well as the total and non-idle setup
times significantly decrease compared to GA1, yet they are slightly higher compared
to GA3. The main drawback of GA4 is the increase in makespan (almost 7%), which
implies that decreasing the idle time comes at a cost. Hence, there is a clear trade-off
between balancing the idle time and the makespan that is more prominent than the
trade-off between minimising the makespan and the total setup time. In Table 9, we
present the average objective values after 500 generations of GA1, GA3 and GA4.*
The bold values highlight the best variant of GA for each objective. Three main
observations can be made.

e The more performance measures (total and non-idle setup times as well as idle
time) are included in the objective, the higher the makespan.

e Penalising the total setup time allows us to significantly decrease the overall setup
time, while only a slightly higher makespan and non-idle setup time is observed.

e Penalising the total setup time and idle time allows us to significantly decrease
both, however, resulting in a significantly increased makespan and non-idle setup
time.

4 Since GA2 and GA1 were not significantly different, GA2 is not included in this analysis.
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Fig. 12 Performance of GA4 Values for different objectives — GA4
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The best values for the different objectives are given in bold with
lower values being preferred

5.4 Evaluating performance

The performance of the four variants of GA discussed in the previous section is also
compared with two benchmarks considering three different objectives: makespan,
total setup time and idle time. The first benchmark considers the average perfor-
mance of randomly generated solutions, while the second benchmark uses the aver-
age performance of NEH solutions. The results are presented in Fig. 13.
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Fig. 13 Comparing the performance of GA1, GA3 and GA4 with two benchmarks (Random and NEH)
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Comparing the two benchmarks, it can be seen that NEH outperforms the ran-
dom solutions in terms of makespan and total setup time, however, the idle times
are slightly higher. Furthermore, we observe that GA1 outperforms NEH when we
only consider the makespan objective. In case that both the makespan and total setup
time are considered simultaneously, GA3 outperforms both benchmarks as well as
GAl. However, this comes at the cost of a higher idle time in both GA1 and GA3
compared to the random and NEH benchmarks.

Finally, we make two observations about the behaviour of the variants of the GA for
different instance sizes based on the number of orders and the order sizes. First, larger
instances have larger setup times and exponentially larger idle times when GA1 is used.
Second, there is no significant effect of the instance size on the total setup and idle time
when GA4 is used. In summary, we argue that including the penalised total setup time
and idle time in the objective function results in a good trade-off between the different
objectives for real world production settings of various sizes.

6 Conclusions and future research

Three approaches to solve the complex flexible flow shop scheduling problem (FSSP)
have been developed to solve a real world case in a large Belgian seafood processing
plant. The operations in this plant are conducted on two sequential workstations. The
first workstation consists of three uniquely distinct lines (with specialised machines): a
filleting line, a salmon line and a semi-finished products line. In the second workstation,
seven similar machines for packaging the products from the first workstation are used in
parallel. If a change in mould, gas or packaging is required, a sequence-dependent setup
time (SDST) must be taken into account. A worst-case and current (easy and fast sin-
gle-pass heuristic) solution applied in the plant are compared with an improved solution
(without the need for large investments) and a best-case solution (requiring an invest-
ment in new algorithms/software). Different variants of a genetic algorithm (GA) that
is adapted to the specifications of the seafood processing plant was developed to obtain
high-quality solutions and provide management with insights on the impact of various
objective functions on the operations’ key performance indicators. The makespan is
considered as a quality objective for perishable goods, while both setup times and idle
times are included as operational efficiency objectives. These different variants of the
GA were compared with two benchmarks to validate the good performance of the GA
in terms of all three objectives. It was shown that GA3 and GA4 clearly outperformed
the NEH and GAL.

There are two research directions that could be investigated further in the near
future. First, a comparative study between different methodologies, such as Particle
Swarm optimisation (PSO) or a hybridisation of PSO and GA, could be conducted
on more and different real world cases. Also, the performance of a job-based opera-
tion sequence representation and restart mechanism in these metaheuristic frame-
works could be considered. Second, some extensions of the flexible FSSP with
SDST could be investigated. For example, the impact of the variable workforce lev-
els in the filleting and semi-finished products lines or the impact of dynamic order
arrivals.
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Appendix
Appendix 1: List of acronyms

Below, we have provided an overview table with all the acronyms used through-
out our research study (Table 10) :

Table 10 Acronym table

Acronym Meaning

Problem

FSSP Flowshop scheduling problem

JSSP Jobshop scheduling problem

SDST Sequence-dependent setup times

Methods

GA Genetic algorithm

GAl Genetic algorithm with makespan objective
GA2 Genetic algorithm with penalty for non-idle setup times
GA3 Genetic algorithm with penalty for total and non-idle setups
GA4 Genetic algorithm with penalty for idle times
(P)PSO (Parallel) Particle swarm optimisation

SA Simulated annealing

MODVOA Multi-objective discrete virus optimisation algorithm
NEH Nawaz-Enscore-Ham

LN Logendran and Nudtasomboon

Operators

MSXF Multi-step crossover fusion operator

POX Precedence-operation crossover

OB2X Order-based two-point crossover

SJOX Similar job order crossover

SJ20X Similar job two-point order crossover

SBOX Similar block order crossover

SB20X Similar block two-point order crossover

JBX Job-based crossover

Operational

MAP Modified Atmosphere Packaging

LPT Longest processing time

FPC Forbid parent if child is selected

FCP Forbid child if parent is selected

FCL Forbid clones

NON No diversity measures activated

ALL(-) All diversity measures activated (except FCL)
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Fig. 15 Overview of implemented program at the company

Appendix 2: Implementation procedure details

Below, we have provided an overview figure of the implementation design as well as
the structure of the implemented program (GA) at the company.
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