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Currently, the ageing population is getting higher attention in production systems due to the increasing per-
centage of the ageing workforce, which persists longer in the working environment. Older workers are more
vulnerable because of a possible decrease in physical capacities but can have a higher experience level. It is
important to evaluate these factors during production process decisions and adapt the working environment to
such workers. In such a way, production systems performance and workers’ well-being are jointly achieved. In
companies aiming to include these aspects, digitalisation and automation can provide tools that can be used at
tactical, strategic or operational levels. For example, at the operational level, wearable sensors, smart devices or
trackers can be used in analysing the working time, effort and physical fatigue of operators via human-energy
expenditure. These measures can be used to assess the required recovery time. However, the most challenging
step is to include these measures in the decision-making process to organise the working process for operators
according to their profiles and health restrictions. In this paper, we show how fatigue can be incorporated into
operational processes such as scheduling in the context of a Dual-Resource Constrained (DRC) job shop. We
consider several models to integrate rest allowance into the scheduling process and present a heuristic approach
to assign operations to workers and machines. The impact of rest allowance on system performance is measured

and managerial insights are provided.

1. Introduction

The topic of the ageing workforce is currently attracting more evi-
dence in production systems due to the increase in population age
(Calzavara et al., 2020). According to some available estimates, the
European population is projected to grow from 507.2 million in 2013 to
522.8 million in 2060, with the percentage of seniors, over 65 years,
forecasted to grow by 10% (EC, 2017). A similar trend is observed in the
USA (Collins and Casey, 2017) and Japan (Debroux, 2016).

With the ageing population phenomenon, the workforce is also
ageing. In fact, according to the EC 2017, the working-age population is
expected to rise by 9.4% in the following 40 years. Moreover, the
average retirement age in many countries is rising. For example, for
European countries, the retirement age is reaching 64 years (EC 2017).

The ageing workforce phenomenon is causing significant production
system changes (Gonzalez and Morer, 2016). Older workers are more
subjected to musculoskeletal disorders and cognitive decline, but, at the
same time, they have a lower injury rate in comparison to younger
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workers since they are assigned to less dangerous and demanding tasks.
Also, they properly use individual protection tools. They correctly
perform the assigned tasks thanks to their better knowledge of the work
environment (Arezes and Miguel, 2013).

For this reason, both practitioners and academics are evaluating the
ageing aspects to properly include them in production systems design
and development to assure safety and a healthy working environment
for all workers. They are developing new strategies to integrate older
workers into industrial processes and new workplaces, especially
adapted for operators’ needs and capabilities. There is also a technical
committee, the ISO/TC 314, that provides solutions across a wide range
of areas for an ageing population, including ageing workforce trends.
Moreover, they are working on the ISO/DIS 23617 which aims to pro-
vide some useful guidelines for an age-inclusive workforce.

Several studies exist on the development and design of new
manufacturing systems that consider ageing workforce characteristics
(Katiraee et al., 2021). For example, BMW re-designed some assembly
lines to help the ageing workforce execute the most physical tasks by
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improving ergonomics in the assembly line and training workers to
avoid musculoskeletal disorders (De Pommereau, 2012). Linner et al.
(2016) proposed an innovative cloud manufacturing workstation for
elderly workers. Bogataj et al. (2019) demonstrated the benefits of
companies using collaborative robots to help elderly workers during task
execution. However, in all these cases, significant investments are
needed and a long-term period is required first to see the benefits, since
they refer to strategic and tactical decisions.

There is an obvious need to consider ageing aspects in scheduling
decisions, too. New tools and approaches are required to help managers
properly assign tasks to workers considering their physical health and
experience. Sgarbossa et al. (2020) pointed out that even though many
decision-making problems have been studied for years, most of them
have neglected human workers’ specific features with such important
consequences as an unrealistic availability of the workers and a reduc-
tion of the planning outcomes. To close this gap, in this paper, we
investigate the impact of workforce heterogeneity in the production
process where machines and manual workers are jointly employed, the
so-called Dual Resource Constrained (DRC) job-shop problem. Sched-
uling in DRC consists of assigning each task of a job to a machine and a
worker according to their availability. The objective is to optimise the
performance and efficiency of the production process, which depends on
workers’ flexibility and working health conditions. Thus, it is necessary
to consider the characteristics of the ageing workforce in this context.

To the best of our knowledge, in DRC job-shop scheduling problems,
the consideration of human factors has often been limited to learning
and forgetting effects. Only a few works have evaluated ergonomic
factors or physical fatigue in DRC (Jaber and Neumann, 2010; Givi et al.,
2015), and no study has integrated ageing concepts. However, as
demonstrated by Finco et al. (2019), the higher the age, the lower the
maximum physical capacity, and consequently the higher the fatigue
level. Therefore, if the difference of age is not considered in scheduling,
the fact that fatigue is higher for older workers is not considered. In this
study, we propose a new approach that takes these characteristics of
older employees into account and evaluates their impact on DRC’s
efficiency.

There are several novelties in this paper. First, we present an easy-to-
use approach that can be applied in several industrial contexts by
managers and production supervisors. Then, we study several models to
integrate the Rest Allowance (RA) into scheduling decisions. Finally, we
investigate the impacts of several workforce groups that differ in both
age and experience level.

The paper is structured as follows. Section 2 provides an overview of
the relevant literature. Section 3 describes the scheduling problem and
provides its mathematical model. Section 4 presents the heuristic
approach to assign tasks to workers and machines. Section 5 describes
the case study and analyses of the obtained results. Finally, conclusions
and future perspectives are presented in Section 6.

2. Literature review

This section provides an overview of the literature on the DRC job-
shop scheduling problem by focusing on the main aspects that have
been evaluated in previous studies. Moreover, we discuss the main
points from the literature on human factors in production systems and
introduce the RA concept. Finally, we present the main works dealing
with the impact of disruptions on the availability of production re-
sources. The analysis of the existing gap in the literature helps us
highlight our study’s research purpose.

2.1. Dual-Resource Constrained job-shop scheduling problem

Several types of scheduling problems for production systems have
been investigated in the literature (Baker and Trietsch, 2018). According
to Applegate and Cook (1991), one of the most challenging problems for
scheduling is the Job-shop Scheduling Problem (JSP) and its extensions,
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the DRC and DRC flexible (DRCF) Job Shop Scheduling Problems. In
both cases, operators and machines represent the primary resources, and
their availability implies significant constraints for shop capacity (Jia-
nying, 2005). DRC job-shop scheduling problem (DRCJSP) can be
formally defined as follows (Dhiflaoui et al., 2018).

Each shop is equipped with m machines (Mj, My, ..., My,), where a set
of w available workers (W1, Wy, ..., Wy,) executes a set of j independent
jobs (J1, Ja, ..., J;), following precedence constraints amongst the subset
of operations p (07, O, ..., Op). Hence, DRCJSP deals with three
different sub-problems: operations need to be assigned to an available
machine; one available worker is selected from a list of qualified ones to
operate the selected machine; operations are sequenced in the shop floor
according to the precedence constraints of the job. Two main parameters
constrain the DRC job shop: the number of available machines and the
number of operators involved (Xu et al., 2011). Moreover, when a DRC
problem is considered, there are five dimensions to evaluate: job-release
mechanisms, job dispatching, worker flexibility, worker assignment and
transfer costs. The way all jobs are processed can strongly impact the
final performance (ElMaraghy et al., 1999).

Nelson (1967) is considered one of the first contributors to managing
systems where both machines and the labour workforce are limiting
resources. In his pioneering work, several simulations are conducted
considering fixed and variable factors, such as the number of workers,
the queue disciplines employed and the degree of labour flexibility.
Particular attention is paid to comparing two opposite scenarios: a
completely inflexible one, where workers can work in only one station,
and an extremely flexible one, where each worker can work at every
station. Further studies on DRC systems have been carried forward by
Fryer (1973), who considered both the capacity constraints on the
number of machines and workers in the shop-floor manufacturing
system.

Because of an additional decision level to sequencing, the DRC
problem is considered harder than the original JSP. For this reason,
heuristic and meta-heuristic methods have mostly been developed to get
nearly optimal solutions that satisfy the constraints and provide near-
optimal values for the objective function. An exhaustive state-of-the-
art review for the DRCJSP and DRCFJSP was presented by Dhiflaoui
et al. (2018), who used six comparative criteria, such as the method used
and the optimisation criteria.

In situations where both machines and the workforce represent
constraining resources for the production system’s performance, it be-
comes necessary to define efficient rules to manage workforce allocation
and job priority. In Treleven and Elvers’ (1985) research, one dis-
patching rule and two types of labour assignment rules are proposed to
achieve this aim. Nowadays, these rules are still used to manage task
scheduling, and the literature refers to them as the ‘where’ and ‘when’
rules. In particular, the ‘where’ labour assignment rule determines the
workstation where the worker should be transferred to process the next
job. The ‘when’ labour assignment rule defines when an operator be-
comes eligible to move from one machine to another. Two general rules
deal with this decision: the ‘centralised’ and the ‘decentralised’. While
the ‘centralised’ rule allows an operator to move to another workstation
only after completing each job, the ‘decentralised’ rule enables the
operator to leave the workstation whenever the queue loaded to the
machine becomes empty. Trevelen (1989) review a vast collection of
labour assignment and dispatching rules.

An additional rule, called the ‘who’ labour assignment rule, ad-
dresses the cases where a set of operators is available to be transferred,
defining which one should move to the available workstation. An
interesting analysis of the effects of labour assignment rules on DRC
system performance and human factors is presented by Sammarco et al.
(2014), where a set of a different rules are tested and results are dis-
cussed. They focused their study on the ‘when’ rule choice that can
impact human workers. This specific labour assignment rule manages
the switching rate of workers among workstations. The authors agreed
that excessive displacements could lead to a lower level of workforce
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employment; meanwhile, they might be an important source of rest
allowance, which can help muscular recovery to avoid problems related
to lack of recovery.

Full attention in the literature has already been dedicated to the
flexibility that machines can provide to the production system when
companies cannot duplicate their capacity in response to demand in-
creases. However, workforce status and physical capabilities are often
neglected and omitted during operational decisions, such as scheduling.
Recently, Gong et al. (2018) proposed a DRC scheduling problem where
both machines and workers are flexible, but ergonomics and fatigue are
not considered in their model.

2.2. Human factors in production systems

A recent work by Hashemi-Petroodi et al. (2020), gives an exhaustive
survey of human and machine/robot collaborative systems in
manufacturing. However, operators’ heterogeneity has been considered
only from the system performance viewpoint (i.e., the workforce’s skills
and efficiency that can affect final objective function). According to the
literature review on DRC systems performed by the authors, only a few
studies have included human factors and ergonomic aspects in DRC
systems.

Moreover, despite the importance of considering both machines and
operators’ characteristics to determine the production system perfor-
mance, the focus of the analysis is centred on machines without
considering operators’ safety (Lian et al., 2018). Neumann and Village
(2012) stated how much human factors could affect production per-
formance, demonstrating that they should be taken into account in
production scheduling and operation management activities. Zare et al.
(2016) provided evidence of the link between good ergonomics and
product quality. Recently, Kolus et al. (2018) investigated through a
systematic literature review the effect of several human factors on
product quality. They provided a framework to help practitioners and
academics evaluate human factors impact on the final quality. As sug-
gested by Battini et al. (2011), during tactical (e.g., balancing problem)
and operational decisions (e.g., scheduling or sequencing problems),
both technological and environmental variables should be included to
create a safe, efficient and productive workplace.

Recently, the number of works considering differences among op-
erators, especially in terms of their skills, has substantially increased for
different production systems (Lian et al., 2018). In Thiirer et al. (2019),
worker heterogeneity was analysed either through a flexibility matrix,
which highlights the operator’s capability to work or not in a specific
workstation, or through an efficiency matrix, which states the profi-
ciency of each operator within a particular area. Many studies have
considered the right balance among specialist and cross-trained workers.
In particular, Easton (2011) found that full or partial cross-trained op-
erators dominated one of the dedicated specialists. As an attempt to
exploit workers’ flexibility, the model presented by Mossa et al. (2016)
considered training levels and skills to maximise the production rate.

Learning and forgetting phenomena and other human factors also
affect system performance (Jaber and Neumann, 2010). These aspects
have been widely investigated in the literature to assess how the
learning process is affected by task repetition and how task interruption
can generate modifications of the learning curves (Anzanello and
Fogliatto, 2011). For example, Nembhard and Bentefouet (2012)
considered the human capacity in learning and the tendency to forget
while assigning a set of parallel tasks to operators.

Fry et al. (1995) and Kannan and Jensen (2004) evaluated the
interplay of learning and attrition while assessing the impact of losing a
trained workforce. Kher (2000) evaluated forgetting and attrition rates.
Yue (2005) demonstrated that in the case of fast learning and forgetting,
flexibility may not improve overall performance, since it could require
more learning and, consequently, more forgetting could occur. Zamiska
et al. (2007) investigated the impact of task features on training and
transfer policy using a dual-phase learning and forgetting model. More
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recently, Kim and Nembhard (2010) investigated the effect of hetero-
geneous individual learning and forgetting phenomena in parallel DRC
systems to determine the minimum staffing level.

When it comes to evaluating physical ergonomic factors, traditional
ergonomic risk indexes are generally used, such as Rapid Upper Limb
Assessment (RULA) method (McAtamney and Corlett, 1993), OCcupa-
tional Repetitive Action (OCRA) method (Occhipinti, 1998), NIOSH
Lifting Equation (Waters et al., 1993), Rapid Entire Body Assessment
(REBA) method (Hignett and McAtamney, 2000), and Ovako working
posture analysis system (OWAS) (Karhu et al., 1977). Recently, Otto and
Battaia (2017) provided a literature review on integrating physical er-
gonomic factors into assembly line design. Muscular and cardiovascular
fatigue has also been investigated. Furthermore, human energy expen-
diture, which represents a general workload measure, has been intro-
duced (Battini et al., 2016). Energy expenditure is a good ergonomic
instrument, especially for evaluating tasks that involve several parts of
the body (Garg et al., 1978). One of ergonomists’ main concern is
ensuring that task requirements do not exceed the workers’ capabilities.
Workers’ fatigue induces negative consequences for both workers and
companies (Kolus et al., 2018). Chaffin et al. (1999) highlighted that
prolonged exertion is closely linked to work-related musculoskeletal
disorders. To avoid fatigue accumulation, the so-called RA concept is
used and can be defined as the time needed for adequate rest after static
or dynamic exertion (Rohmert, 1973). In the literature review provided
by Imbeau (2009), five RA formulations are compared, and the advan-
tages and disadvantages of each are analysed. The majority of them
(Rohmert et al., 1973; Milner et al., 1985; Rose et al., 1992) evaluate the
fatigue level in a non-straightforward way and require many parameters
to calculate the recovery time for each worker.

Moreover, muscular fatigue evaluation data covering Maximum
Voluntary Contraction (MVC) or the Maximum Endurance Time (MET)
are complex to obtain, since ad-hoc tools and expert teams should be
involved in taking measures correctly. Finally, the only model for RA
that might evaluate workers’ fatigue levels in industrial contexts is
proposed by Price (1990). In his model, the metabolic cost of an indi-
vidual, the Maximum Acceptable Energy Expenditure (MAEE), and the
energy expenditure required to perform a task, are used to define the
needed rest for a worker. Energy expenditure can be easily measured
with smart devices and modern digital systems (Maman et al., 2017). For
this reason, in recent works proposed by Battini et al. (2016) and Finco
et al. (2020a, 2020Db), energy expenditure rates have been integrated in
the balancing process for manual assembly systems.

According to Price (1990), it is possible to quantify physical fatigue
and evaluate RA by using the following formulation:

MWR 7MAEE> D)

RA =max| 0;
MAEE — ER
where:

e MWR is the mean working rate, expressed in kcal/min, and is the
ratio between the energy required to execute the activity and its
execution time.

e MAEE is the maximum physical capacity related to 8 h of continuous
work, which assumes a value of 4.3 kcal/min.

e ERis the energy expenditure in rest conditions. It is assumed equal to
1.86 kcal/min if the worker rests in a standing position without
performing any activity.

In Equation (1), RA is defined as a percentage. However, to evaluate
rest time, it is necessary to multiply the RA value by the time required to
execute the activity. Finally, the total time needed to perform the task
can be defined as the sum of execution and rest time.
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2.3. Impact of disruptions in production processes

In scheduling problem, the rest time of a worker corresponds to the
unavailability of a resource. However, most of the works that consider
such constraints in scheduling focus on the availability of machines.

Many existing studies on scheduling consider the dynamic and sto-
chastic nature of the shop floor, where uncertainties like machine
breakdowns or last-minute urgencies have to be accounted for with re-
covery strategies (Raheja and Subramaniam, 2002). In the literature
review provided by Aytug et al. (2005), several disruption events like
machine failures, quality problems and urgent jobs are investigated;
however, no attention is given to workers who are always available.
When random machine breakdowns are considered, such as unpredict-
able events that can affect the expected value of performance, robust
scheduling is adopted to cope with uncertainties (Xiong et al., 2013).
Disruptive events can even be foreseen with models able to anticipate
these occurrences, such as the multi-objective scheduling model pro-
posed by Wang and Liu (2015) that minimises makespan adopting
preventive maintenance activities, since failures and breakdowns ma-
chines can occur. The study of Zandieh et al. (2017) simulated mainte-
nance processes with different time durations in a flexible job shop by
applying an imperialist competitive algorithm.

Product quality is considered another source of uncertainty due to
defective presence and process imperfections. In the work proposed by
Schemeleva et al. (2018), both product defects and random machine
breakdown phenomena are considered to find the optimal sequence of
lots and lot sizes, maximising the probability of satisfying the demand
for the entire lots of production. Machine unavailability in scheduling
decisions can also be considered in advance, placing some pre-
determined unavailable periods in the scheduling for several industrial
reasons, such as preventive maintenance. In the work of Benttaleb et al.
(2019), this assumption is adopted to find the minimum makespan in the
two-machine job-shop scheduling problem.

Preventive maintenance activities can also represent a great oppor-
tunity that is rarely integrated within work-rest scheduling decisions to
cope with the rise of workers’ fatigue (Jamshidi, 2017). In fact, break-
down events and preventive maintenance policies can generate either
random or predictable breaks that can lead to operators’
energy-recovery sources. The main difference with the RA approach is
that workers, especially older ones, need breaks daily according to the
performed tasks. The preventive maintenance activities are usually
planned for longer periods and can often be performed off-line.

2.4. Research objectives

As shown in the literature review, only two studies include human
fatigue in DRC job-shop scheduling. In 2010, Jaber and Neumann
investigated workers’ flexibility by adding fatigue and recovery, and
they proposed a mixed-integer linear programming model to evaluate
the effects on system performances. Then, in 2015, Givi et al. included
learning and forgetting and physical fatigue in a DRC to assess the
impact on final product quality and system performance. However,
these studies do not consider workers’ characteristics, which can
strongly impact fatigue level and are usually known when dealing with a
scheduling problem. To bridge this gap, in this paper, we investigate the
effects of workforce differences from a physical and experience point of
view by including them in the scheduling process in DRC. We propose a
more realistic scheduling approach where fatigue effects and the expe-
rience level of workers are considered.

Moreover, we aim to balance the workload among multi-skilled
workers, since it is desirable from a social, psychological and organ-
isational viewpoint to guarantee well-being and workload equity
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(Kim and Nembhard, 2013). Therefore, a RA is assigned to each worker
according to his/her characteristics and the jobs performed. The prob-
lem formulation is presented in the next section, where we start by
describing the RA calculation.

3. Problem description and notation
3.1. Experience level and physical capacity of a heterogeneous workforce

Generally, in production systems, both task time and human energy
vary among workers due to their experience level and physical charac-
teristics (Battini et al., 2015). For example, a younger worker with no
experience requires more time to execute a task than a colleague with
several years of experience.

In Equation (1), MAEE is equal to 4.3 kcal/min since Price assumed
that workers were, on average, 40 years old and in a healthy state (Price,
1990). However, according to available data about the ageing work-
force, this assumption is restrictive nowadays, and represents a limit of
RA formulation. In fact, for cases where the workforce has an average
age higher than 40 years, the RA could be underestimated. On the
contrary, for a younger workforce, RA is overestimated. Hence, workers
could be exposed to risks related to excessive fatigue, and second,
workload among different categories of workers could be unbalanced.

For this reason, Finco et al. (2019) investigated the effects of age and
gender on MAEE. They provided graphs that set the MAEE according to
age and gender on working shift duration, allowing Price’s formulation
to be easily adapted to the working environment and correctly quantify
the recovery time required for each worker.

MAEE varies according to several factors influenced by anthropo-
metric measures (de Silvia et al., 2016). By assuming body weight of 70
kg for each worker in Table 1, the MAEE for different age values is
evaluated.

As we can see in Table 1, the higher the age, the lower the MAEE.
This means that more rest is required for older people. For the same
MWR, RA could be necessary for some age categories and not others. In
the industrial context, some physically intense activities tend to be
assigned to older workers since they are more skilled and their execution
time is lower. Thus, it is necessary to evaluate both MWR and MAEE
each time a task assignment is made to a worker. To illustrate our hy-
pothesis, we provide the following numerical example.

Consider two workers who are 35 (W) and 55 (W) years old,
respectively. They have to perform a task with an MWR of 4.0 kcal/min
for 8 min each. We first assume that the workers are equally skilled, and
we must select the worker who performs the task with a lower total time.
First, we evaluate the RA according to the MAEE of each worker. By
applying (1), we obtain RA1 = 0 for W1 and RA2 = 0.2 for W.. We can
then define the total time required to execute the activity, which is,
respectively, 8 min for W1 and 9.6 min for Wa. Since W+ does not need

Table 1

MAEE values for several ages.
AGE MAEE [kcal/min]
25 4.97
30 4.75
35 4.52
40 4.30
45 4.08
50 3.86
55 3.64
60 3.42
65 3.19
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rest time, s/he is chosen to perform the task.

Now assume that execution time is not the same for workers since W>
has several years of experience, while W1 has no experience with the
task. Thus the task time is equal to 9 min for W1 and 7 min for W. In such
a situation, the total task time is equal, respectively, to 9 min for W1 and
8.4 min for W=. Thus, W2z should be chosen instead of Wi, since s/he has a
lower task time.

In the next subsection, we introduce our approach to integrating RA
and experience level in the DRC scheduling problem.

3.2. The DRC job-shop scheduling problem

The DRC job-shop scheduling problem aims to assign n jobs to m
machines and w workers.

In this problem, there is a set of jobs, J, a set of machines, M, and a set
of workers, W. Each job i requires a sequence of p operations {0; 1, O; 2,
..., Ojp} that need to be completed in a given order. Each operation O;;
can be performed by a subset of machines and workers. The processing
time, Po, x4, of each operation of a job varies according to the worker’s
experience level. For each operation of each job, O;;, we also know the
physical energy expenditure rate ETo,; x , required for executing O;;. The
scheduling objective is to minimise the makespan.

We assume the following rules limit the possible assignments of the
operations:

e Jobs are independent, and no priority is assigned to any job.

e Job pre-emption or cancellation is not allowed.

e All jobs are simultaneously available at time zero.

e Each machine can process only one operation at a time.

e Each worker can operate on only one machine at a time.

e Setup and release times are negligible, while transfer times are
considered.

e Breakdowns are not considered.

e We include each worker’s MAEE in the RA evaluation to avoid under
or overestimation of the RA.

According to Finco et al. (2018), RA provides different values when
evaluated for each task, for a set of tasks, or for all tasks that need to be
executed. For this reason, we consider all possible cases for our problem,
and we propose the following methods to evaluate RA:

1) Workers rest each time an operation is completed. This case defines
the possibility of rest each time the processing of a specific job is
terminated. Idle time in this situation does not impact rest compu-
tation since the peak of energy arises right after the end of the
operation performed and the decision about the amount of rest given
depends only on the energy consumption during travel time and task
processing.

2) Workers rest only when a job is fully completed. The end of a job
represents a checkpoint where the accumulated energy consumption
is calculated for each worker according to the working, transfer and
idle time before the checkpoint. In this case, workers can balance the
workload required from completing different operations since not
every task needs the same amount of effort. The energy spent on
tasks with higher effort can be offset by lighter tasks and even by the
idle time that comes from the schedule.

3) Workers rest when all jobs are completed, and, consequently, RA is
defined only when the last operation has been scheduled. As in case
2, each operator’s idle and transfer time could be useful to recover
from physical effort.

Our mathematical model is based on Scenario 1. We evaluate and
assign rest to workers after the execution of each operation, considering
travel time only when it is necessary.

According to the notation defined in Table 2, the mathematical
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Table 2

Notations, parameters and decision variables for the DRC problem when RA is
evaluated after executing each operation and including transfer time between
machines.

Notation  Description
i, i’ Jobs index
33 Operations index
k k Machines index
Z Worker index
0y jth operation of job i
Set of jobs
M Set of machines
w Set of workers
M;; Set of candidate machines for O;;
Wi Set of candidate workers for machine k
Parameters
N Total number of jobs
M Total number of machines
H Total number of workers
Di Total number of operation for a job i
Pijks Processing time of operation on machine k when worker z is employed
Rijkz Recovery time for operation O;; on machine k when worker z is employed
Tk, K Travel time between machine k and machine k’
U A large number
Decision variables
Sij Starting time of operation O;;
Qk.z Starting time at machine k operated by worker z
Cij Completing time of operation O;;
C; Completing time of job i
Crnax Maximum completing time for all jobs, makespan
Qijkz Binary variable that takes value 1 if machine k and worker z are selected
to process the operation O;j, 0 otherwise
Az iz Binary variable that takes value 1 if worker z is selected for machine k
before k’, 0 otherwise
Bijk-t jx  Binary variable that takes value 1 if Oy, is performed on machine k before
Oy , 0 otherwise
Vi kK 2 Binary variable that takes value 1 if worker z moves from machine k to k’
to perform operation Oy ; , 0 otherwise
model can be defined as follows:
Minimize C,u 3)
Subject to
Ci S Cmm V i € J (4)
Ci>Cp, Viel 5)
W, M
DD ae=1 Vil j=1..p ©)
=1 k=1
Cij=Sij + PijuzQije: Vi€, j=1,..p; ()]
Sij1 = Sij + Pijj®ijr: 8)
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There (3) is the objective function to minimise, in this case, the
makespan. Constraint (4) defines the makespan that is the maximum
completion time between jobs, while (5) sets the completion time of
each job, given by the completion time of its last operation. Constraint
(6) assures that each operation is assigned exactly to only one machine

International Journal of Production Economics 237 (2021) 108151

and one eligible worker. Equation (7) sets the completion time of each
operation according to the starting and processing time. Constraint (8)
ensures that precedence constraints between operations of the same job
are not violated. Constraint (9) defines the starting time of operation by
considering transfer time or rest allowance. Constraint (10) implies that
each machine cannot process more than one operation at the same time,
while constraint (11) ensures that each operation cannot start until the
immediate precedence operation on the same machine is completed.
Constraint (12) ensures that each worker can operate one machine at a
time at most, while constraint (13) guarantees that each operation
cannot start until the assigned machine and worker are ready. Finally,
constraints (14) and (15) define the type of decision variables.

START

SetJ (1, .. N), M (L, ... M), W (1, ..., H) |
v
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Fig. 1. Heuristic structure to solve DRC problem with RA.
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As we can see through constraint (9), we include the RA in the DRC
scheduling problem. Because of the NP-hard nature of the problem, the
computational burden grows exponentially with the size of the instance. For
this reason, we propose a heuristic to tackle this problem in the next section.

4. Heuristic

Fig. 1 presents the heuristic we developed to solve the DRCJSP
considering experience level and physical fatigue. The approach is
described below. Jobs are simultaneously loaded at a time equal to zero
in the queue to machines. Only the operations of each job that are ready
to be scheduled are considered for the assignment. The machine to be
scheduled first is selected, such as performing the earlier completion
time within the available operations set. Although idle time allows op-
erators’ energy recovery, the objective of makespan minimisation re-
quires avoiding machine idle time, so the schedule is not delayed. In this
way, machines are never intentionally kept idle whenever jobs are
available in their queue, ready to be processed. For example, in the case
of using the SPT dispatching rule, the operation with the shortest pro-
cessing time selected among the available ones in the queue to the
machine might be the one that corresponds to a higher release time in
comparison to the others that are waiting in the queue. Aiming to not let
any machine go idle due to operation release time, another alternative
operation is selected, able to be processed earlier and keep the machine
busy.

For this reason, the SPT or LPT dispatching rule uses a sub-list of
available operations that are ready to start. The starting time of the
operation scheduled on the machine will be affected by the release time
of a skilled operator able to operate the machine or by the operator’s
completing time who previously worked on the same machine for
another job. Once the operation has been scheduled, it is removed from
the list. The set of available operations is updated with the addition of
the next operation of the job if the previous operation was not the last.
The process is iterated until the list of available operations becomes
empty.

The work-rest policy is managed in the heuristic in the following
way: the heuristic can choose to assign RA to each worker after each
operation is performed (RULE 1), after each job is executed (i.e., when
the last operation of a specific job is finished) (RULE 2) or after all jobs
assigned to a specific worker are executed (RULE 3). Also, a distinction
between a homogeneous and heterogenous workforce is made. It is
homogeneous if the staff has an average age with a low standard devi-
ation value, heterogenous otherwise. MAEE is defined differently in this
case for the homogeneous workforce, L,,, and it is equal to the average
value of the MAEE of the workers involved. For the heterogeneous
workforce, MAEE varies among workers, and we consider a singular
MAEE for each worker.

Workers are assigned to machines according to their skills and
availability. The rule used to transfer workers amongst different ma-
chines manages the operators’ movements only when the queue of the
job of the machine the operator was assigned to becomes empty and the
operator has no new operations to perform. Moreover, whenever an
operator has to move from one machine to another, the relative amount
of time reported on the travel matrix is considered when calculating the
worker’s first available time.

The heuristic considers legal breaks as energy-restore opportunities.
In this particular case, we consider the impact of three legal breaks
during task scheduling and their impact on rest allowance computation
for each rule of the heuristic.

Finally, with all scenarios developed, practitioners can choose the
procedure that provides the minimum makespan. In the next section,
several instances are evaluated, aiming to define each rule of heuristic
pros and cons.

The heuristic process is described in Fig. 1 by following this notation:
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rop = the ready time of operation op, which is equal to release time r;

if op is the first operation of job j or the completion time of the

previous operation for its successors.

e Py, = duration of operation op.

K = set of machine able to progress operation op.

Zx = set of worker that has the skill to work on machine k.

kop = machine selected to progress operation op.

zx = worker selected to work on machine k.

Pijx = duration of operation op by considering operators’

experience.

e Ay op = the first time when machine k becomes available to work
operation op.

e A, = the earliest time operator z is available to be transferred to

another machine.

5. Numerical application and discussion
5.1. Case study description

In this section, we analyse through several instances the heuristic
results described in Section 4. Concerning the numerical application
details, one single machine per shop is considered, for 10 shops. More-
over, the number of workers in each team is assumed to be six. Two
different sets of jobs are evaluated: in the first set, the total number of
jobs is equal to 10, while in the second set, the number of jobs is raised to
20.

We conducted several experiments by considering several teams of
workers, categorised by age and level of experience. Aiming to examine
the impact that a scheduled break can have on RA, we assume a working
day of 8 h with three planned breaks: a mid-morning break of 15 min, a
lunch break of 45 min and a mid-afternoon break of 15 min. Finally, we
generate 150 instances by considering 10 and 20 jobs; hence, for in-
stances dealing with 10 jobs, legal breaks might not be involved, while
for 20 jobs, breaks might affect the RA (https://github.com/nbsfo
bxd/Ageing-workforce-effects-in-Dual-Resource-Constrained-Job-Sho
p-Scheduling).

Workers involved in job execution require time and energy expen-
diture that vary according to their experience and physical capacity.
Moreover, some workers are able to process operations on almost all
machines, while others can work only in a few ones. According to Garg
et al. (1978), De la Riva et al. (2016) and Polak-Sopins (2018), we as-
sume that each operation requires an amount of energy that varies from
2.5 kcal/min (very light tasks) to 5 kcal/min (lifting heavy weights). We
randomly generated the value for each operation with a uniform dis-
tribution. Similarly, the processing time of each operation was randomly
generated between 5 and 20 min with a uniform distribution. Finally, we
set the distance between machines, which varies from a minimum of 0.5
min to a maximum of 1.75 min, and we assume a walking energy
expenditure equal to 4 kcal/min (Ralston, 1958).

We cluster workers’ teams into five main categories:

1) Category 30: younger workers comprise the workers’ team. They are,
on average, 30 years old. We assume they are not fully skilled; thus,
they require more time to perform operations correctly. For this
reason, the execution time for each operation may be increased by
10%-20%. Also, we assume that some workers cannot execute some
specific tasks since they are not skilled enough to complete them.
Category 40: middle-age workers comprise the workers’ team. They
are on average 40 years old. We assume that they are skilled, but
some may require more time to execute a task correctly than others.
For this scenario, each operation execution time can take a value
equal to the nominal time or increase by 10% at most. Finally, in this
case, we assume that some workers cannot execute some operations,
since they require specific competencies.

Category 50: older workers comprise the workers’ team. They are on
average 50 years old. In this case, operators are highly skilled due to

2
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their experience. Thus, the execution time of each operation is
considered equal to or lower than the nominal time. Such workers
can execute a larger number of different operations in comparison
with the two previous categories.

4) Category Mix 1: The workers’ team comprises younger, middle-aged
and older workers. Older workers are highly skilled, and younger
workers have no experience.

5) Category Mix 2: Like Category Mix 1, we have here a team comprised
of younger, middle-aged and older workers but assume the possi-
bility for older workers to have less experience than others. More-
over, older workers might not be able to perform all tasks. This could
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happen when a more senior worker has to move to a different type of
activity.

We randomly generate scenarios by considering 10 and 20 jobs for
each category, respectively, then evaluate heuristic results obtained by
applying SPT and LPT no-delay rules. We use the three methods to
include rest allowance for both rules: after each operation of each job
(RULE 1), after the conclusion of a single job (RULE 2) and, finally, when
all jobs in the queue are completed (RULE 3).

CASE A: CASE B:
10 jobs (No legal breaks considered) 20 jobs (Legal breaks considered)
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Fig. 2. Boxplots of makespan for each category considering 10 and 20 jobs (blue boxplots refer to RULE 1, orange boxplots refer to RULE 2 and grey boxplots refer to

RULE 3). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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5.2. Comparison of different rules and methods

First, we investigate how the different rules we used to include RA
impact the makespan. For this reason, Fig. 2 reports the boxplots of the
makespan by considering each category of workers, the rules we use for
the rest allowance integration, and the SPT or LPT no-delay rules. The
first pair of columns reports the results obtained with the first set of
instances generated by considering 10 jobs, while the last one reports
the results for the second set of instances with 20 jobs. In this last case,
breaks might significantly impact the rest allowance of each worker.

By comparing each rule including RAs, in all cases we can see that
RULE 1 (blue boxplots) provides for both SPT and LPT rules a higher
value of makespan, since workers require a possible rest after the
execution of each task. On the contrary, with RULE 2 (orange boxplots),
we can smooth the RA, since workers also use their idle time to
compensate for the required rest.

For Category 30, in both CASE A and CASE B, the makespan average
value is slightly lower for SPT in all cases. However, whiskers are close
to the median value for the LPT rule, while a higher value dispersion
exists for SPT and, for CASE A, some outliers exist. Similar conclusions
can be made for Category 40 and Category 50 since the SPT rule pro-
vides, on average, a lower makespan than the LPT rule even if the LPT
rule provides a lower distribution of values. For Category Mix 1, Cate-
gory Mix 2 and CASE A, SPT performs better than LPT when RULE 2 is
used for the RA. According to Fig. 2, we can see that the average value of
makespan is lower when SPT is applied with RULE 2.

Moreover, in these cases, the whiskers are closer to the median value.
However, for CASE B, where planned breaks are considered, we can see
that LPT provides a lower average value of makespan for all RA
assignment rules even if the distribution of values is larger. Finally,
according to Fig. 2, RULE 1 always provides a higher average value of
makespan, and values are more distributed (whiskers are longer than for
other rules).

By considering each category, we can provide the following
conclusions.

Category 30 presents equivalent results on makespan for both SPT
and LPT rules if RULE 2 and RULE 3 are used. In particular, the average
value of makespan for CASE A is equal to 107.41 min for RULE 2 and SPT
(resp. 108.59 min for RULE 2 and LPT), while for RULE 3 it is equal to
107.43 min for SPT (resp. 108.71 min for LPR). If CASE B is considered,
the makespan increases (we have more jobs than in CASE A) for RULE 2,
we obtain a value equal to 249.66 min when we apply the SPT and
254.30 min for the LPT. The same results are obtained for RULE 3.
Finally, with RULE 1, the average value of makespan and the distribu-
tion of values increase. For CASE A, we have an average value of 126.16
min when SPT is applied, while for LPT, it is 129.19 min. On the other
hand, for CASE B, makespan is equal to 264.64 min for SPT and 267.48
for LPT. For this category, RULE 2 and RULE 3 provide similar results,
while SPT performs slightly better.

With Category 40, for both CASE A and CASE B, RULE 1 provides an
average value of makespan that exceeds 20 min beyond the ones ob-
tained with RULE 2 and RULE 3. The comparison between RULE 2 and
RULE 3 shows that RULE 2 always provides a lower average value for
SPT and LPT. However, the difference between the two rules does not
exceed 5 min.

For Category 50, the gap between RULE 1 and RULE 2 and 3 in-
creases for CASE A and CASE B and SPT and LPT. This category of
workers has a reduced MAEE and, consequently, more rest is required
for the same jobs. Moreover, because with RULE 1 we assign rest at the
end of each operation, we cannot balance the energy spent for per-
forming tasks with idle time, and consequently, the rest and makespan
increase. Even if we assume that all workers are skilled in this category,
the RA effect might not be avoided with the reduction in processing
times. Finally, with RULE 2, similar results are obtained for SPT and LPT
in both CASE A and CASE B; the same is valid with RULE 3, even if the
average makespan increases by 10 min.

International Journal of Production Economics 237 (2021) 108151

For Category Mix 1, we assume that older workers have more
experience than younger workers; hence, they can balance the increased
amount of time required for rest with the reduced amount of time they
require to complete operations. In this case, the difference between
RULE 1 and RULE 2 or RULE 3 increases. Moreover, in CASE A, RULE 2
provides better results for SPT since the average value of makespan is
lower than LPT. For CASE B, the results are very close and LPT is better if
the average makespan is considered. In this case, the gap between RULE
2 and RULE 3 increases, and for both cases it differs by about 20 min.

Finally, for Category Mix 2, we assume that older workers can have
no experience, and consequently, the time required for processing tasks
increases as well as their rest. In this case, the differences between CASE
A and CASE B are more evident as well as between SPT and LPT.
Moreover, for CASE B, the LPT always performs better than the SPT,
while for CASE A, the SPT provides the lower makespan. Finally, RULE 2
provides the lowest makespan.

In conclusion, from a managerial point of view, we can conclude that
LPT and SPT rules provide analogous results if the workers’ team is
homogeneous in terms of age. On the contrary, when workers have
different ages, SPT is better when breaks are not considered, while LPT
performs better when breaks are planned. Finally, with RULE 2, a lower
makespan is always obtained, since we assign rest to each worker after
the execution of the whole job and, consequently, we can balance higher
energy expenditure rates with idle times.

Finally, among different categories, there is not a significant differ-
ence of makespan with the only exception of Category Mix 2, which
presents for both CASE A and CASE B a slightly higher value of make-
span, and is on average 10 s higher. This result is very promising since
we can balance the higher rest that older workers can require with their
high level of experience. Since for Category Mix 2 we assume that older
workers may also not have enough experience, the makespan increases
since they require more time for executing tasks and additional rest.

In conclusion, we are now able to say that RULE 2 outperforms the
other rules in every category of operators considered in this work. It
allows to overcome the RULE 1, which is too precautionary and it does
not allow to consider subsequent activities scheduled on the same
operator, which can be even lighter, in terms of energy expenditure, or
the possible presence of idle time. On the other hand, RULE 3 can be too
optimistic, both in terms of final performance but also for workforce’s
health conditions, especially for older employees, because it relies only
on the presence of legal breaks or idle time to restore operators’ energy
until the execution of the last job. This condition makes this rule blind
until the end of job scheduling activity where rest calculation can
remarkably penalize the makespan of the operator which has suffered
most from the strain of scheduled activities.

5.3. Impact of rest allowance and idle time on the makespan

The aim of this subsection is to investigate how the rest allowance
impacts working time. For this reason, Table 3 and Fig. 3 can help us in
evaluating this impact.

As can be seen in Table 3, RULE 1 always provides a higher value of
rest allowance that increases with the age category. For younger teams,
the rest allowance is not significant, and according to Fig. 3, it represents
only a small percentage of the working time, lower than 1%, for both
CASE A and CASE B. In this way, according to the energy expenditure
range we use, younger workers could work with only a small rest
allowance time since the fatigue they have is always lower or very close
to their maximum energy expenditure. However, according to Fig. 3, we
can note that by increasing the working team’s age, the rest allowance
has higher values and can represent a higher percentage of the working
time. For example, rest allowance value for Category 50 represents
11.51% of the working time.

For this reason, applying rest allowances after each operation cannot
be considered a good strategy from a managerial point of view. Finally,
for Category Mix 1 and 2 and RULE 1, we obtain a rest allowance
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Table 3
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Average value of Rest Allowance obtained for each category of workers for CASE A and CASE B by applying the SPT or LPT rule and rest allowance assignment rules.

Each value is expressed in minutes.

SPT LPT
RULE 1 RULE 2 RULE 3 RULE 1 RULE 2 RULE 3
Category 30 CASE A 0.57(+0.64) 0.25(+0.41) 0.23(+0.52) 0.56(+0.62) 0.22(+0.43) 0.1(+0.26)
CASE B 1.49(+1.55) 0.02(£0.08) 0.00(+0.00) 1.38(£1.07) 0.00(+0.02) 0.00(+0.00)
Category 40 CASE A 4.78(+2.48) 1.94(+1.23) 1.95(+1.93) 4.88(+2.34) 1.70(x1.51) 1.76(+2.16)
CASE B 12.76(+7.44) 2.71(£2.98) 1.94(x3.19) 13.69(+7.62) 2.82(+2.82) 2.69(+3.52)
Category 50 CASE A 11.16(+5.35) 5.61(£3.77) 6.86(+5.06) 10.94(+5.26) 4.68(+2.82) 6.43(+5.27)
CASE B 28.96(+13.04) 9.68(£7.99) 9.99(+10.27) 29.64(+11.10) 10.99(+6.89) 8.69(+8.17)
Category Mix 1 CASE A 10.19(+3.76) 4.43(£2.41) 7.90(+5.00) 10.9 (+3.65) 4.28(+3.00) 7.56(+4.50)
CASE B 23.51(+9.46) 7.93(+5.64) 8.91(+7.38) 22.05(+7.66) 6.89(+5.63) 7.89(£7.95)
Category Mix 2 CASE A 11.35(+5.18) 4.68(+2.47) 8.28(+5.39) 12.26(45.03) 4.51(+2.03) 8.84(+5.77)
CASE B 24.27(+10.67) 8.57(£6.71) 10.01(£10.14) 24.10(+11.41) 7.89 (£7.95) 8.95(+9.85)
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Fig. 3. Average percentage values of working time (WT) used respectively as RA and idle time for instances generated in CASE A and CASE B.

representing 8.50% (resp. 9%) of the makespan for CASE A (resp. CASE
B). In those cases, the percentage of time required as rest is lower than
Category 50 since some workers may not need rest.

However, rest allowance is not the only no value-added activity we
have, since idle time must be considered. For this reason, according to
Fig. 3, we need to find the best trade-off between rest allowance and idle
time. With RULE 1, we are not able to smooth the time spent in rest or
being idle. Hence, from a managerial point of view, assigning rest
allowance after each operation is not the best strategy, since produc-
tivity levels might not be reached.

10

By applying RULE 2, we achieve minimum values of rest allowance
for almost all categories analysed here. Moreover, by applying this rule,
we can balance rest and idle time, and consequently achieve a lower
makespan since for some workers the idle time can be used as rest
allowance. Finally, the time that each worker spends resting is always
lower than 8% of the working time since in some cases the idle time they
have is not enough to reduce the total amount of fatigue or they need a
rest after executing operations that require higher physical effort.

Finally, with RULE 3, we obtain, on average, higher values of rest
allowance in comparison with RULE 2. However, in this case, the idle
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Table 4
Idle time and rest allowance for workers in Category Mix considering the indi-
vidual MAEE (expressed in minutes).

WORKER CASE A CASE B
SPT & RULE 2 LPT & RULE 2
[minutes] [minutes]
Worker 1 (31 years) Idle time 0 5.16
RA 0 0
Worker 2 (28 years) Idle time 0 1.87
RA 0 0
Worker 3 (56 years) Idle time 10.53 18.54
RA 3.74 18.54
Worker 4 (49 years) Idle time 0 14.30
RA 0 0
Worker 5 (62 years) Idle time 2.86 27.84
RA 2.86 27.84
Worker 6 (39 years) Idle time 0 9.07
RA 0 2.35

time is lower since we can find a trade-off and the makespan can be
closer to that obtained by RULE 2.

5.4. Distribution of idle time and rest allowance among workers

Aiming to illustrate the effects of a heterogeneous workforce, like
Category Mix 1 or Category Mix 2, we now evaluate, for one instance,
the effects of idle time and rest allowance. In line with previous con-
clusions, we evaluate only RULE 2, and we take the SPT rule to analyse
CASE A and the LPT for CASE B, since they provide a lower makespan.
Finally, we compare our results with a case where MAEE is the same for
all workers, as suggested by Price (1990).

Table 4 reports the results. As we can see for both CASE A and CASE
B, the younger workers do not require any rest. Moreover, in this case,
Worker 4 does not require rest since the operations he performs do not
require much physical effort. However, Worker 3 and Worker 5 require
rest that could be obtained during idle time.

Finally, for the same instance we assign to all workers the same value
of MAEE equal to 4.3 kcal/min as for a homogenous workforce with an
average age of 40 years. In Table 5, idle time and RA are provided. As we

Table 5
Idle time and rest allowance for workers in Category Mix considering a MAEE
equal to 4.3 kcal/min (expressed in minutes).

WORKER CASE A CASE B
SPT & RULE 2 LPT & RULE 2
[minutes] [minutes]
Worker 1 (31 years) Idle time 1.26 7.16
RA 0.89 3.84
Worker 2 (28 years) Idle time 1.45 2.24
RA 1.45 0.74
Worker 3 (56 years) Idle time 11.97 12.54
RA 4.97 10.54
Worker 4 (49 years) Idle time 4.45 10.30
RA 4.45 5.45
Worker 5 (62 years) Idle time 4.84 24.74
RA 1.84 24.74
Worker 6 (39 years) Idle time 6.45 8.45
RA 3.45 3.91

Table 6
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can see, in this case, older people do not require rest allowance, while in
some cases, younger people rest. This means that, by applying the same
value of MAEE to all workers, the RA might be underestimated for older
people, and the opposite can be true for younger people. Moreover, by
assuming the same MAEE for each worker, idle time also increases and
its increment is not justified by the necessity to rest.

5.5. Comparison with conventional scheduling in the DRC job shop

We compare the results obtained by applying RULE 2 and the SPT
rule for CASE A (resp. RULE 2 and LPT for CASE B) with those obtained
with the conventional scheduling approach without consideration of
physical capacity (see Table 6). In this last case, at first, we assign op-
erations to machines and workers, and then we include the RA of each
worker according to his/her physical characteristics. In Table 6, the
percentage of differences in makespan, idle time and rest allowance are
provided.

As we can see, we achieve a reduction in both the makespan and rest
allowance. On the contrary, idle time is generally higher. However, even
if the idle time increases with our approach, workers can use it to take
their rest. Consequently, even if it represents no value-added activity, it
might be useful for workers to avoid excessive fatigue levels.

6. Conclusions

The percentage of older workers is increasing in all countries. For
this reason, practitioners and academics are proposing several strategies
and approaches to assure safe and comfortable workplaces. In some
cases, it is possible to use specific tools or automatise solutions to pro-
vide a better workplace. Thus, it is necessary to deal with strategic and
tactical decisions that refer to long- and medium-term periods. In such
contexts, investments, as well as a re-design of the whole production
process, are required. However, it is necessary to focus on operational
decisions in the short term and suggest new strategies that can provide
good results by integrating both human factors (e.g., fatigue) and pro-
ductivity aspects.

This paper investigates the impact of the ageing workforce on
operational decisions in DRC job-shop scheduling. In particular, we have
focused the research on how age can affect both physical fatigue and
experience levels. Physical fatigue has been evaluated through the RA
formulation suggested by Price (1990), where we have included the
MAEE of each worker as suggested by Finco et al. (2019). Due to the
NP-hard nature of the DRC job-shop scheduling problem and the
objective to provide an easy-to-use tool to managers and practitioners,
we have proposed three heuristics that integrate physical fatigue and
experience in three different manners. We have applied them with SPT
and LPT no-delay rules.

The obtained results provide the following guidelines:

e The SPT rule provides lower makespan values if there are no
scheduled breaks, while LPT performs better for scheduled breaks.

e In all cases, RULE 1 provides worse results, both in terms of make-
span and rest allowance. This rule allows workers to have a rest,
whether they need to recover the energy spent, after the execution of
each operation they progress. As a consequence, by following this
rule it is not possible to have a balance between higher-intensity

Differences between scheduling with RA integration at the end of each job and scheduling that includes RA after the scheduling process.

Category Makespan difference Idle Time difference RA difference

CASE A CASE B CASE A CASE B CASE A CASE B
Category 30 —0.08% -0.12% 0.15% 1.12% —0.25% —0.08%
Category 40 —8.06% —5.74% 8.46% 6.45% —5.36% —6.42%
Category 50 —12.44% —9.45% 15.96% 12.81% —25.07% -17.81%
Category Mix 1 —9.67% —6.85% 14.74% 9.80% —32.36% —12.34%
Category Mix 2 —8.63% —7.23% 16.14% 13.21% —26.91% —18.45%
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tasks with idle times or lighter tasks, which can prevent the need of a
rest after the execution of each operation.

The rest allowance can be smoothed with idle time, especially for
older workers’ teams.

If we jointly evaluate experience and MAEE, we can balance youn-
gers’ higher processing time with the higher rest of older workers.
For heterogeneous worker teams, the individual evaluation of their
MAEE leads to a better fit between jobs and workers.

The presence of a higher number of rest-breaks during the working
day, as a consequence of the adoption of the first rule we introduced
(RULE 1), could be a strategy to immediately reduce the amount of
rest allowance to assign to each worker, according to their physical
characteristics. According to the results we have obtained, when rest-
breaks are not considered at the end of the execution of each task, the
amount of fatigue can be totally or partially compensated by the
presence of legal breaks. This strategy might be more beneficial for
younger employees, since they have higher maximum energy
threshold and they can better sustain this work plan, in comparison
to senior workers who might require more frequent rest-breaks.
The impact of rest-allowance on operators’ performance is often
undertaken, especially when workers are heterogeneous and present
different physical characteristics. It is paramount to include rest
allowance in the scheduling process; otherwise, a critical decrease in
performance may affect system efficiency.

In future studies, we plan to consider other recovery models in
various production systems. Moreover, additional anthropometric data
and learning and forgetting effects, not considered here, might be
investigated and included in the scheduling process. Finally, another
interesting future step can consider senior workers such as mentors for
younger or unskilled colleagues. In this case, work-sharing mechanisms
should be studied and integrated into the scheduling process.
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