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Abstract: This research introduces a comprehensive multi-objective
mathematical model for the flexible job-shop scheduling problem (FJSP),
designed to optimise human-machine efficiency and worker health. The model
aims to minimise the total production cost while considering the makespan,
delivery delay, labour cost, and ergonomic risks. In particular, the assessment
of ergonomic risk is performed using the OCRA method, ensuring the health
and safety of workers. Due to the nonlinear nature of the model, this study
proposes a custom developed genetic algorithm (GA) and artificial bee colony
algorithm (ABCA) to find solutions. To verify the accuracy of these two
algorithms, we also compared them with an enumeration method in small-scale
production scenarios. Numerical experiments validate the effectiveness of the
model in balancing production efficiency with worker welfare, providing a
holistic and human-centred approach to addressing scheduling challenges in
intelligent manufacturing systems.
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multi-objective optimisation; artificial bee colony algorithm; ABCA; genetic
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Specifically, she works on topics such as production and sales systems centred
on ERP, supply chain management, mathematical models for deadline risk and
multi-period problems, overall optimisation of electricity markets considering
renewable energy, and optimisation of supply-demand balance for relief
supplies based on time series analysis.

Koichi Nakade is a Professor at Nagoya Institute of Technology, specialising in
operations research. His research focuses on modelling and analysing various
systems such as production, logistics, and inventory systems using queuing
theory and stochastic processes. He works on optimising system performance
in terms of waiting times, throughput, and inventory levels. His research also
includes developing algorithms to find near-optimal schedules for issues like
worker assignment and shift scheduling in production lines.

This paper is a revised and expanded version of a paper entitled ‘A
mathematical model of the multi-objective flexible job-shop scheduling
considering human factors’ presented at ACMSA 2023 (The 7th Asian
Conference of Management Science and Applications), Okinawa, Japan,
15-17 December 2023.

1 Introduction

In the context of a highly competitive global business environment, manufacturing
companies face significant challenges in minimising production costs while meeting
delivery deadlines. As product variety increases and product lifecycles shorten, intelligent
production systems must quickly respond to dynamic market demands (Lei et al., 2023),
especially the need for rapid production of diverse, low-volume products (Wang et al.,
2023).

The flexible job-shop scheduling problem (FJSP) is a key research area for optimising
production processes, increasing efficiency, and reducing costs. This topic has received
widespread attention in both academic and industrial circles. With the advancement of
Industry 4.0, FISP research increasingly focuses on scheduling flexibility and response
speed, while integrating multi-objective optimisation, resource integration, and new
technologies to meet rapidly changing production requirements. It is worth noting,
however, that despite significant progress in these areas, research incorporating human
factors into FJSP remains relatively scarce. As the manufacturing industry continues to
prioritise efficiency, worker workloads have increased significantly, leading to frequent
safety issues. Despite this, research on worker safety is still lacking, yet these issues are
critical and cannot be overlooked. Given the potential risks associated with safety
incidents and ergonomic hazards in manufacturing, incorporating ergonomic risk
assessment into the FJSP model has become a pressing need.

In production environments, operators frequently perform repetitive tasks, which can
lead to musculoskeletal disorders (MSDs). MSDs are typically caused by sudden
exertions or prolonged exposure to certain physical factors, such as repetitive motion,
force, vibration, or poor posture (2018). These factors mainly affect the neck, shoulders,
limbs, and lower back. Work-related musculoskeletal disorders (WMSDs) are prevalent
and impose a significant health burden on workers (2018). Furthermore, they indirectly
worsen economic outcomes for employers through absenteeism and compensation
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claims. For instance, Marcum and Adams (2017) observed that in the USA,
compensation for WMSDs accounted for over 40% of all occupational compensation
from 1999 to 2013. Additionally, Koukoulaki (2014) emphasised the ergonomic
challenges in lean production environments, particularly the risks of musculoskeletal and
psychosocial stress.

In order to identify and assess the ergonomic risks in the work environment, this
study adopts the OCRA method. The OCRA method, which is recognised for its
quantitative assessment of musculoskeletal risks in repetitive tasks, considers factors such
as task frequency, intensity, and duration (Occhipinti and Colombini, 2004). This
approach facilitates the achievement of a productive and safe work environment for
employees.

The main content and innovations of this study are as follows:

1 This research extends the traditional FISP by incorporating worker allocation and
constraints, developing a six-dimensional model that encompasses order-item type-
item quantity-operation-machine-worker relationships. The scheduling solution aims
to minimise total production costs by considering makespan, order tardiness
penalties, worker wages, and ergonomic risks.

2 To address ergonomic risks, the study integrates the OCRA method into the FJSP
model, systematically examining the impact of job allocation and scheduling
strategies on worker health. This approach helps identify and mitigate high-risk
tasks, optimising workload distribution and sequencing to enhance worker
well-being.

3 Based on the proposed mathematical model, both a genetic algorithm (GA) and a
Hybrid artificial bee colony algorithm (ABCA) were developed. The performance of
these algorithms was evaluated and compared through numerical experiments.

In Section 2, we conducted a review of the literature related to FISP that is pertinent to
the objectives of this study, with a particular focus on research concerning order delivery
times and human factors. In Section 3, we integrated human factors into the domain of
FISP and developed a multi-objective mathematical model. Section 4 presents a
description of the GA based on the mathematical model. Section 5 provides a detailed
account of the ABCA, which was derived from the same model. In Section 6, numerical
experiments are conducted to compare the proposed ABCA algorithm with the GA. The
results demonstrate that the mathematical model effectively balances productivity and
worker safety while minimising total costs. Section 7 outlines the application process of
the enumeration method. In Section 8, the accuracy of the proposed GA and ABCA
algorithms is validated against the enumeration method in small-scale production
scenarios. Finally, Section 9 provides a comprehensive summary of the study.

2 Literature review

In order to advance FJSP in a more intelligent and systematic direction, current research
has comprehensively addressed various objectives in scheduling systems. In the current
make-to-order production environment, the significance of meeting delivery deadlines
has notably increased (Zhang and Wu, 2011). Despite the critical importance of on-time
delivery for customer service, research focusing on the minimisation of delivery
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deadlines in job shop scheduling remains relatively scarce (Essafi et al., 2008).
Tiirkyllmaz and Bulkan (2014) proposed a hybrid algorithm aimed at addressing the
FJSP, with the primary objective of minimising total tardiness. The algorithm combines a
GA with parallel variable neighbourhood search (VNS). Wang et al. (2023) studied the
distributed heterogeneous unrelated parallel machine scheduling problem (DHUPMSP),
with the objective of minimising total tardiness (TDD) and makespan. To address this
complex combinatorial optimisation problem, the authors proposed a knowledge and
Pareto-based memetic algorithm (KPMA).

Meanwhile, there is a paucity of literature that considers human factors in the FJSP
problem. However, an increasing number of researchers are recognising the impact of
human factors on production systems. In the majority of instances, the FJSP that
incorporates human factors is designated as the dual resource constrained FJSP (Destouet
et al.,, 2023a). While studying the subproblems of FJSP, namely the sequencing of
operations and the assignment of machines to corresponding operations, they have also
considered the assignment of workers to corresponding machines. Among them, some
studies have considered labour costs (Berti et al., 2021; Gong et al., 2018; Luo et al.,
2022). Some studies have indicated that workers may possess varying skillsets, which
can influence their efficiency when operating different machinery. This, in turn, can
impact task processing times and, subsequently, the overall scheduling optimisation and
efficiency (Zheng and Wang, 2016; Tan et al., 2021). In light of the detrimental effects of
worker fatigue on efficiency and scheduling, some studies have also investigated the
impact of worker fatigue and rest periods (Jaber and Neumann, 2010; Sun et al., 2019).
Some papers also point out that workers have varying levels of proficiency with different
machines, and the more time a worker spends on a particular machine, the higher their
skill level becomes. Therefore, the learning rate of workers also affects scheduling (Wu
et al., 2018; Peng et al., 2022).

These studies have incorporated worker factors into FISP, focusing on the synergistic
interaction between machines and workers during machine allocation and scheduling.
While these studies consider worker constraints, they have not yet addressed worker
safety issues. Various risk assessment methods have been proposed to identify and
evaluate ergonomic risks in the work environment. These methods can be classified into
four distinct categories:

1 Methods for assessing the risk of heavy lifting include the job strain index (JSI-L)
(Liles et al., 1984) and the National Institute for occupational safety and health
lifting equation (NIOSH-Eq) (WATERS et al., 1993)

2 Methods for assessing the risk of awkward postures include the Ovako work analysis
system (OWAS) (Karhu et al., 1977), rapid upper limb assessment (RULA)
(McAtamney and Nigel, 1993), and rapid entire body assessment (REBA) (Hignett
and McAtamney, 2000).

3 Repetitive task methods include the occupational repetitive action index (OCRA)
(Occhipinti, 1998) and the European assembly worksheet (EAWS) (Schaub et al.,
2013).

4 Noise assessment methods include the daily noise dose (DND) (Aryanezhad et al.,
2009).



138 M. Zhao et al.

Destouet et al. (2023b) reduced ergonomic risks by minimising the maximum OCRA
value. In contrast, our study assigns costs to different ergonomic risks and incorporates
them into the total production cost, providing a more comprehensive assessment of
overall worker health costs. This approach better balances worker health and production

objectives in scheduling.

From the above literature review, it can be observed that

1  although many current studies on FJSP consider various factors, there is still a lack
of research that incorporates order delay penalties and human factors.

2 While some FJSP-related studies have considered human factors, they primarily

focus on labour constraints, neglecting worker safety issues.

3 With the increasing workload and frequent health issues among workers, researchers
have proposed various risk assessment methods to evaluate ergonomic risks in the
work environment, aiming to prevent risks and ensure worker safety.

Therefore, in this study, we investigate FJSP by incorporating the OCRA method into its
mathematical model to address ergonomic
high-frequency upper limb movements commonly found on manual assembly lines. To
clearly differentiate our research from previous studies, we provide Table 1.

risks,

considering the

low-stress,

Table 1 The differences between the previous studies and our study

Study Human factors Delivery Methods
Zhang and Wu (2011), Essafi x v Annealing algorithm;
et al. (2008), Tiirky1lmaz and genetic algorithm;
Bulkan (2014), Wang et al. genetic algorithm;
(2023) memetic algorithm
Berti et al. (2021), Gong et al. v (labour cost) X Heuristic approach;
(2018), Luo et al. (2022) genetic algorithm;

memetic algorithm
Zheng and Wang (2016), Tan v (Skill) x Fruit fly optimisation
et al. (2021) algorithm; NSGA-II
Jaber and Neumann (2010), Sun v (Rest) X MILP; MOEA
et al. (2019)
Wau et al. (2018), Peng et al. v (Learning rate) X Genetic algorithm;
(2021) HDMICA
Destouet et al. (2023) v (Ergonomic X NSGA-II

risks)

This study v (Ergonomic v Genetic algorithm

risks)

and artificial bee
colony algorithm

3 FJSP model description

This section presents a mathematical model for the FISP that incorporates considerations
related to the workforce. The objective is to develop a model that minimises the total cost
of production, which includes four elements: makespan, total order penalty cost, total
worker wages, and ergonomic risk. The ergonomic risk is evaluated using the OCRA



A study of the multi-objective flexible job-shop scheduling model 139

index method. The objective of this multi-objective model is to optimise both production
efficiency and workplace safety and health.

3.1 Definition and assumptions

3.1.1 Model description

In this research, we address the FISP considering worker flexibility and define it as
follows: There are ODy (k= 1, ..., s), each order OD; consists of Nj products Ji, (n =1,
..., Ny), and the quantity of each product Ji, is Ni,. product Ji, is composed of Oy,
operations Oy, (j = 1, ..., O). There are m machines M;(f= 1, ..., m) and w workers W,
(h =1, ..., w). Each operation Oy,; has attributes like the set of possible processing
machines My,; and worker set W;,;, and the processing time is determined by the
combination of machine and worker.

Figure 1 Schematic diagram of the model (see online version for colours)

Order OD;

Product J;,

Quantity Ny,

Operation Ow: 0

1
\

Machine M,

Worker W,

3.1.2 Sub-problems

The scheduling problem is divided into three sub-problems:
1 sequencing the operations.

2 assigning machines to corresponding operations.

3 assigning workers to corresponding machines.
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3.1.3 Objective function

The objective of this paper is to minimise the total cost, which is comprised of four
sub-objectives:

1 The maximum completion time (duration) of a machine: makespan (Dinar).

2 Delay penalties for orders not delivered on time: total penalty for orders (CPorder)-
3 Total wages for workers (Ciorer)-
4

Total penalty for ergonomic risk Cgr.

3.1.4 Assumptions

1 Each machine can perform only one operation at a time.
Each worker can operate only one machine at a time.
Each operation can only be performed once on a machine.

2

3

4  Each operation can only be performed once by a worker.

5 No temporary interruptions are permitted after the start of each operation.
6

Each operation shall be performed in accordance with the prescribed sequence of
operations within the item and shall not be started until the preceding operation has
been completed.

7  The processing times corresponding to each operation, machine and worker are
specified in advance.

3.2 Mathematical model
3.2.1 Decision variables

process operation j for the /' item of product z in order k; otherwise, it equals
0.

3.2.2 Objective function
Minimise
Total cost = & - D inai + CPyrger + Cuyorter + Cir (D
where
1 Makespan Djinas

Dﬁnal = mGXDk,n,l,j

2
(Vi,n,l, jsk=1, ..,s; n=1, .. ,Ni; =1, ..uN;j=2,...,04) @
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2 Total penalty for orders CPyyger

CPyraer = Z(max(O,DTk )-(Ci-0.05+CP +(DT; )- Cy - 2x1075) ) ?3)

k=1
where

D];( =maka‘nJ,j—DDLk (Vn,l,], n=1, ...,Nk; l=1, ...,Nkn;j=2, ...,Okn) (4)

3 Total wages for workers Corter

Chorker = Zklz szHZOkﬂzf 12;,1 Xien,d jf b A/fknjfh) )

where
Yimjosh = e g ! Diime (6)
4 Total penalty for Ergonomic risks Cgg

The OCRA index is a method for evaluating and analysing work. It assesses the
occupational risk for MSD induced by repetitive activities of the upper limbs.
According to the recommended zone risk system for the OCRA index (Occhipinti
and Colombini, 2007), we assign the corresponding ergonomic risk unit prices, as
shown in equation (9).

Cen=D. (05-OCR4,) ™

where

©

A T Xpnd, jfoh )

Ni Nin Ok, _m

=

1

1

OCRAy =5 0a ‘in:l f:] ®
Z[HF e djof o tonjof ]
k=1 n=1 [=1 j=1 f=1
oV OCRARL1.5 (Optimal)
¥ 1.5<OCRAh <3.5 (Acceptable)
=10 3.5< OCRAh £ 4.5 (Light) 9)
oY 4.5<OCRAh £9 (Medium)
o OCRAh > 9 (High)
3.2.3 Symbol explanation
s number of orders
Nk number of products in order &

Nin  quantity of product n in order k

O,  number of operations for product # in order &
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Tknjfh

M, kon,j
Wk, nj
DDLy

[25]
Ck
Cri

HF

Dtime

Dignij

Sk,n,l,j

3.2.4

M. Zhao et al.

number of machines
number of workers

time required for worker / to process operation j of product n in order k on
machine f

set of possible machines for operation O,

set of possible workers for machine M,

due date of order k&

a very large positive number

unit cost of processing time

unit cost of OCRA index

total cost of order &

loss due to failure to complete order £ within the deadline

the frequency of actual technical actions (defined as complex movements
involving one or more upper limb joints related to upper limb muscle strength)
(counts per minute)

coefficient of environmental influence factors, which includes posture, force,
repetitiveness, and additional risks associated with the environment

a multiplier used to adjust processing speed

cycle time

end time of the /™ operation for the /" item of product » in order &
start time of the j™ operation for the /" item of product » in order k

Binary variable, taking values of 0 or 1, is used to constrain the sequence of
operations on the same machine, ensuring that each machine can handle only one
operation at any given time

Binary variable, taking values of 0 or 1, is used to constrain the sequence of
operations assigned to the same worker, ensuring that each worker can handle
only one operation at any given time.

Constraints

1 Operation sequencing

Skmt,j 2 Dini,j

|

Yinl,j, folk=1...,s;n=1...,N;l=1,..., Np;
Jof k knj (10)

J=2,..,0m;

Equation (10) ensures the precedence of operations within the same workpiece, i.c.,
the start time of operation j must be greater than the end time of the preceding
operation j—1.
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Start and end time relationship

Dyt,j =Sk + Z Z (tnjorn Xeemtjosn)
=1 k=l (an
(annalajvfah;k = 1,",S;n = 1,7’[,Nk;l = lynnNkn;j

J=Ln,0,; f=L,n,mh=1nw
Equation (11) defines the relationship between the start time Sy »;; and the end time

Dy.n,1; of each operation. The end time is the start time plus the processing time,
determined by the combination of assigned machine f'and worker 4.

Machine availability

(Skwry = Diond, ) Xendojofoh - Xest ot = =M - (1= p)
Yk, k' n,n'1,1',j,j' f,hh"
kk'=1,..,s;n,n'=1,.. ., Ni;LI'=1,..., Ny (13)
Jj' =L...,0m f=1L...omhh'=1,... W
k#zk'vnznvIizIl'vj#j'pe{0,1}

Equations (12) and (13) ensure that each machine f can handle only one operation at
any given time. The formulas achieve this by comparing the start time S ,;; and the

prevent any overlap in time.

Worker availability

(Skont; = Diswnre ) Xt oo Xeswnrs o pon =—M -q
Vi, k' n,n' L1, j, i f, ' h;
kk'=1,..,s;n,n'=1n,Ni;L,['=1,..., Nip; (14)
JoJ' =L O £ f'=1L...omh=1...,w,
kzk'vnzn'vIizIl'vj#jq9€{0,1}

(Skantj = Dicnan ) Xewdjopn - X g 2 =M -(1=q)
Yk, k' nn' L1, j,jL f, f'h;
kk'=1,....s5n,n'=Ln,Ni;LI'=1,..., Niu; 15)
Joi' =L O fo f =1 ,msh=1,...,w;
kzk'vnznvIizl'vj#j5q9€{0,1}
Similar to the machine availability constraints, equations (14) and (15) ensure that
each worker 4 can handle only one operation at any given time. These constraints

compare the operation times assigned to the worker to ensure that there is no overlap
in the timing of operations.
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5 Unique assignment

ijl Z;Vzl Xt g, foh =1

Vil j, fohik =1, sn =L Nesl =1,..., Nen: (16)
J=L..,0m; f=L...omh=1,...,w

Equation (16) ensures that each operation is assigned to exactly one machine and one
worker.

4 Application of genetic algorithm

Given the nonlinear characteristics of this FJSP model, the GA is deemed an appropriate
solution method. In Section 4, we examine the implementation of the GA, a heuristic
search technique adept at solving complex optimisation challenges, particularly those
associated with the FISP. This algorithm operates by emulating the process of natural
selection, effectively refining solutions through successive generations of genetic
operations. Figure 2 provides a detailed illustration of this implementation process.

Figure 2 Flowchart of the genetic algorithm

[ Parameter Setting ]

< New Population Mutation
Fitness Crossover
Evaluation
- 09
Is termination 0g)=°
criteria satisfied? ] Tournament
arent Selection|  salaction

|

Yes
Optimal
solution

4.1 Chromosome representation

In order to efficiently handle the complexity of scheduling problems, a two-stage
encoding strategy is used. The specifics of the encoding method are as follows:
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4.1.1 First layer coding: machine and worker assignments

machines and workers for each operation. Here, k£ represents the order number, n the
product number, / the workpiece number, j the operation number, f the machine number,
and / the worker number. If worker £ is operating machine fto process operation j for the
This coding approach allows for a clear representation of machine and worker
assignments (WA) for each operation.

4.1.2 Second layer coding: execution sequence of operations

The execution sequence of operations is represented using a multidimensional array,
ProcessingOrders{k}{n}{l}{j}. The values k, n, /, j maintain the same meaning as in the
first layer of coding, with each element of the array indicating the global execution order
of the corresponding operation among all operations. The term ‘all operations’ represents
the total sum of all operations across all orders. This quantity is denoted as

K N
Zk 12 _kl Ok ;X Ny, ;. The execution sequence is determined by a globally unique
= Jj= !

sequence number. Each operation is assigned a number, and the arrangement of these
numbers dictates the execution order of all operations.

To illustrate, if ProcessingOrders{1}{2}{1}{3} is equal to 5, it signifies that the
third operation of the 1-th item of the second product in the first order is to be executed
fifth in the sequence of all operations.

This two-layered coding strategy ensures that during the evolutionary process of the
GA, both the machine-WAs and the order of operations can be flexibly adjusted,
allowing for the discovery of superior solutions to complex scheduling problems.

4.2 Initialisation of population

4.2.1 Creating a global operation list

First, create a global list of operation coordinates that includes all orders, tasks,
workpieces, and operations. Each operation has a unique coordinate to ensure that all
scheduling combinations are covered.

4.2.2 Assigning unique sequence numbers

Generate a globally unique sequence number for each operation and randomly shuffle
these numbers. These numbers are used to represent the operation sequence (OS) for each
individual, ensuring diversity within the population.

4.2.3 Machine and worker selection strategy

When generating the initial population, each operation needs to be assigned an
appropriate machine and worker. The steps for selecting suitable resources are as follows:

1  Filtering available machines and workers: first, retrieve the available machines and
workers for each operation from the data.
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2 Calculating selection probabilities: calculate the selection probability for each
resource based on its current usage. Resources with lower usage frequencies are
given higher selection probabilities to promote fair utilisation and population
diversity.

3 Random selection: randomly select a machine and a worker for the current operation
based on the calculated selection probabilities.

4.3 Parent selection

This section examines the process of parental selection through the tournament selection
mechanism employed within our GA. Tournament selection is a technique that identifies
superior individuals within randomly chosen subgroups of the population. This process is
instrumental in preserving diversity while propelling the genetic inheritance of high-
quality solutions, thus mitigating premature convergence and fostering expansive
exploration of the search space.

4.4 Crossover mechanism

The study employs a uniform crossover (Syswerda, 1989) technique that allows each
gene to independently inherit characteristics from either parent with equal probability.
This approach generates a single offspring from a pair of parents, ensuring a balanced
genetic transfer from the parents and encouraging the combination of new traits, thereby
preserving genetic diversity.

4.5 Mutation mechanism

Mutation serves as a mechanism to introduce variations in the individuals’ operational
assignments and sequences, thereby probing new solutions within the search space.

e  Mutation of operation assignments: this entails selecting a gene location (k, », [, j, f,
h), clearing the current assignment, and then reassigning new machine and worker
combinations from the pool of available resources.

e Mutation of OSs: the sequence numbers of two selected operations are swapped. In
order to maintain the feasibility of the schedule, only the internal sequence within the
related item is readjusted. This process ensures the maintenance of genetic diversity
while guaranteeing the viability of the scheduling solutions.

e Through such mutations, our algorithm sustains a rich genetic pool and enhances the
probability of unearthing viable, high-fitness schedules in the complex landscape of
job-shop scheduling problems.

4.6 Fitness evaluation

In this study, fitness is defined as the total cost, and the objective is to minimise this total
cost. In this process, the start time Sy »; of each operation is determined by comparing the
completion time of the previous operation (unless the current operation is the first
operation of the item), and the last end time of the machine and the worker, based on the
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Dy.nij of each operation is calculated from the start time Sk, ;; and the operation duration
Cknjfh-

The start and end times are then used to evaluate the total cost of the proposed
solution, which includes the makespan, delay costs, worker’s wages, and ergonomic
risks. This evaluation quantifies the fitness value of each chromosome in the GA and
provides a measure of selection for the next generation.

4.7 Next generation selection

In this section, we describe an elite selection strategy for choosing the next generation
within our GA. This method prioritises retaining the highest-performing individuals from
a combined pool of parents and offspring, thereby ensuring the perpetuation of superior
genetic traits into subsequent generations.

4.8 Termination criteria

e This GA’s endpoint: computations cease upon reaching the pre-set maximum
number of generations.

This criterion ensures that the algorithm terminates its search within a reasonable
timeframe, allowing for the evaluation of the best solution achieved within the specified
generational limit.

5 Description of the artificial bee colony algorithm

This section proposes an ABCA based on the model presented in Section 3. The ABCA
(Karaboga and Akay, 2009) is a distinctive metaheuristic method specifically devised to
address intricate multi-objective scheduling issues. The algorithm emulates the
collaborative foraging behaviour observed in bees in their natural habitat. The
optimisation process of ABCA is divided into four core phases: initialisation, employed
bees, onlooker bees, and scout bees. The flow of the algorithm is shown in Figure 3.

5.1 Coding and decoding

In this algorithm, we have developed a three-layer chromosome coding method that
includes OS information, machine selection (MS) information, and worker selection
(WS) information. Figure 4 illustrates how this coding method works and shows, for
example, that Operator 1 performs operation O1111 on machine 3.

1 OS: represents the execution order of operations for each job.
2 machine assignment (MA): indicates which machine is assigned to each operation.
3 WA: specifies which worker is assigned to each operation.

During the encoding process, the OS chromosome is generated first. Then, for each
operation, the corresponding MA and WA chromosomes are determined based on the OS
chromosome.
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Figure 3 Flowchart of the ABCA algorithm
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5.2 Crossover operations

We divide the crossover operation into two parts:

5.2.1 Operation sequence crossover

1 First, we determine which positions need to undergo crossover based on a predefined
crossover probability.
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2 For these selected positions, the algorithm randomly selects a set of operations from
the OS of the two parent solutions.

3 Then, we generate two offspring chromosomes: Offspring 1 replicates the selected
operations from Parent 1 in the same order while filling in the remaining operations
from Parent 2; Offspring 2 does the reverse, replicating the selected operations from
Parent 2 and filling in the remaining operations from Parent 1.

5.2.2 Machine assignment and worker assignment crossover

1 A randomly generated set of binary numbers determines which positions in the MA
and WA will be exchanged.

2 For the selected positions, the corresponding machine and WAs of the two parent
solutions are swapped. This operation produces new combinations, thereby exploring
a broader solution space.

5.3 Mutation operations

The purpose of the mutation operation is to introduce new gene combinations, thereby
exploring more of the solution space and avoiding the algorithm getting stuck in local
optima. The specific implementation of the mutation operation is as follows:

5.3.1 Operation sequence mutation
1 A mutation probability is set to determine whether the OS should undergo mutation.

2 If mutation is required, it is implemented by swapping two randomly selected
positions in the OS chromosome. This method can change the order in which jobs
are processed, thereby generating a new solution.

5.3.2 Machine assignment mutation
1  First, a random position is selected where the MA mutation will be performed.

2 For the selected operation, a different machine is randomly chosen from the list of
candidate machines, and the chromosome’s MA information is updated accordingly.

5.3.3 Worker assignment mutation
1 Similarly, a random position is chosen for the WA mutation.

2 For the selected operation and machine, a different worker is randomly chosen from
the list of candidate workers, and the chromosome’s WA information is updated
accordingly.

5.4 Onlooker bee selection

The fitness values of all individuals in the current population are calculated, and a
roulette wheel selection strategy is applied to choose individuals with higher fitness. The
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selected individuals form a new onlooker bee population, replacing the original
population with these chosen individuals.

5.5 Scout bee operation

Periodically, a portion of the worst-performing individuals in the population is selected,
and these individuals are replaced by randomly generated ones. This step is akin to
reintroducing randomness into the population to maintain diversity and prevent the
algorithm from getting stuck in local optima.

5.6 Updating the global best solution and termination condition

In each generation, the best individual’s fitness value in the current population is
recorded. If this value is better than the previously recorded global best solution, the
global best solution is updated.

The algorithm stops after a predefined maximum number of iterations. At this point,
the retained global best solution represents the optimal solution to the problem.

6 Experiments and results

6.1 Experimental setup

In this experiment, solutions were determined using the ABCA proposed in Section 5 and
compared with the GA proposed in Section 4. The experiment was conducted on a
Windows 10 personal computer (PC) equipped with an Intel i7-9750H (6 cores, 12
threads) and 17 GB of random-access memory (RAM). Based on the combination
results obtained by Gong et al. (2019) using the Taguchi method (DOE), we have
set the population size, crossover rate, and mutation rate as follows: population size
(pop_size = 150), crossover probability (crossover rate = 0.7), mutation probability
(mutation_rate = 0.15) and tournament size (tournament size = 3), number of selected
individuals (num_selected = 2). Additionally, the parameters were set as follows: the
number of orders k£ = 4, the number of types of workpieces is [2, 3, 3, 2], the number of
machines m = 5, and the number of workers w = 5. The quantity for each type is as
follows: [3, 2], [1, 3, 2], [2, 2, 1], [2, 2]. The number of operations for each type is: [2, 4],
[2, 1, 3], [3, 2, 5], [4, 3]. The delivery deadlines (DDLy) are [700, 900, 1,000, 800], the
order amounts (Cy) are [150, 100, 150, 150], and the penalty fees for delays (CPy) are
[30, 20, 30, 30].as = 1, and ", &?, oV, 4V, &, were set to 1, 2, 3, 5, 10,

respectively.

First, the cycle time (T) was set to 15, the frequency of actual technical actions (4) to
30, and the coefficient of environmental influence factors (HF) to 18. Holding other
variables constant, the actual processing speed was adjusted using a Dyne ranging from
0.2 to 5 in order to investigate the effect of the production speed on the total cost. The
experimental results are shown in Figure 5.
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Figure 5 Relationship between total cost and Drme (see online version for colours)
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Figure 5 illustrates that the optimal total cost is achieved when D, = 2. Figure 6 depicts
the Gantt chart of the production schedule at this point.

Figure 6 Gantt chart of production schedule at minimum total cost at Dyme = 2 (see online version
for colours)
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A comparison was conducted between the data presented in Figure 5 and the results
obtained using the GA, under identical conditions, as illustrated in Table 2. The

convergence curves of both the GA and ABCA algorithms were plotted for each case of
Diime, as illustrated in Figure 7.
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Table 2 Comparison of results between different Diime
Dirime Total cost Dfinat CPorder Chorker CEr Time(s)
0.4 1,085.94 437.50 598.32 46.80 3.33 143.01
0.4 1,167.70 500.00 613.46 50.60 3.64 63.63
0.6 862.83 275.00 504.51 77.70 5.63 144.07
0.6 985.25 375.00 533.10 72.00 5.15 61.66
0.8 715.73 231.25 377.55 98.40 8.54 143.90
0.8 834.91 262.50 466.19 97.60 8.63 63.29
1 511.98 170.00 213.36 113.50 15.12 146.36
1 672.52 225.00 301.91 127.00 18.62 62.74
3 387.63 86.67 0.00 244.50 56.47 145.94
3 532.61 96.67 0.00 327.00 108.95 61.41
5 616.90 52.00 0.00 407.50 157.41 143.65
5 731.95 69.00 0.00 485.00 177.96 62.61

Notes: The gray background colour is indicative of the results yielded by ABCA, whereas
the colourless background represents the results obtained by GA.

Figure 7 Convergence curves of GA and ABCA algorithms (a) Dsime = 0.4 (b) Drime = 0.6
(¢) Dtime = 0.8 (d) Drime =1 (€) Dtime = 3 (f) Drime = 5 (see online version for colours)

ABCA
1600 ~— TT====s GA 1300 ABCA ------- GA
1500
® o 1200
= 1400 =
> < 1100
@ 1300 »
[} (%]
£ 1200 g 1000
w b T i
1100 900
1000 800
TINOMNMOONWO—FNOMO
OANOUTTNTOOMOOWN TITNOMOOANWO—-—FTNO MO
Generations Generations
(a) (b)
ABCA ---=---- A
1100 ¢ e 1100
1050 1000
g1000 2 900
g 90 < 500
@ 900 ;
2 850 o 700
[ 800 ic 600
750 500
700 400




A study of the multi-objective flexible job-shop scheduling model 153

Figure 7 Convergence curves of GA and ABCA algorithms (a) Diime = 0.4 (b) Diime = 0.6
(¢) Diime = 0.8 (d) Diime =1 (€) Diime = 3 (f) Diime = 5 (continued) (see online version
for colours)
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Figure 8 Relationship between change in frequency of actual technical actions (a) and total cost
due to Drime. (see online version for colours)
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As illustrated in Figure 5, an increase in Dy is associated with a decline in total cost,
followed by an uptick. Table 2 indicates that as Dyne increases from 0.2 to 2, the
production rate, the makespan Dyyq, and total penalty for orders CP, .- decrease, while
the total wages for workers Cyomer and total penalty for ergonomic risks Cgr increases.
Nevertheless, starting from Dy =2, the decline in production cycle and total order
penalties is less pronounced than the growth in total worker wages and ergonomic risk
penalties. This phenomenon is particularly evident as processing speed increases,
resulting in a notable rise in the workload for workers, which in turn gives rise to a
pronounced surge in health risks and ergonomic risk penalties. As illustrated in Table 2
and Figure 7, the GA exhibits a markedly shorter runtime, approximately half that of the
ABCA, under identical conditions. Nevertheless, the ABCA can attain superior solutions
with a more rapid convergence rate in comparison to the GA.
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In the following section, the range of A was set between 10 and 90 for the experiment
with HF = 18, and the results were obtained as shown in Figure 8.

As shown in Figure 8, as the actual frequency of action (4) increases, the workload
on workers intensifies, leading to an increase in ergonomic risks and related costs, which,
in turn, raises the total cost. However, the optimal solution is achieved at the same
processing rate, specifically when Dyjme = 2.

Subsequently, the range of the environmental influence factors (HF) was set between
4 and 30, with a value of the frequency of actual technical actions (4) set to 30, for the
experiment. The resulting outcomes are presented in Figure 9.

Figure 9 Relationship between change in environmental influence factors (HF) and total cost due
to Dyime (see online version for colours)
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As shown in Figure 9, with the increase in HF, the reduction in ergonomic risks and
related costs leads to a decrease in total costs. Additionally, as HF increases from 4 to 30,
the rate of total cost reduction gradually diminishes. This suggests that after the
environmental factor reaches a more desirable range, the influence of human factors on
the total cost becomes lower and inhibits the increase of the total cost. In contrast, as
environmental factors become poor, they cause human factor costs to rise sharply, along
with a sharp increase in total costs.

Figures 8 and 9 demonstrate that both technical movement frequency and
environmental factors have a significant impact on human factors costs as well as total
costs. For companies, there are two potential avenues for reducing human factors costs:
firstly, by controlling posture, strength, repetition, and additional risks associated with the
environment; and secondly, by selecting the appropriate frequency of technical
movements, thus controlling the costs associated with human factors. This approach
allows companies to obtain the best solution to minimise the total cost of ownership.
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7 Application of enumeration method

In order to validate the effectiveness of the GA and ABCA, we apply the enumeration
method for smaller-scale processing scenarios. This enables a direct comparative analysis
with the GA, helping to highlight its advantages and applicability in different settings.

7.1 Description of enumeration method

The Enumerative Algorithm is designed to identify the lowest-cost solution by
systematically generating all possible sequences of operations and assigning all possible
machines and workers to each operation. This exhaustive approach guarantees the
discovery of the globally optimal solution, thereby highlighting its major advantage in
terms of solution accuracy. However, the primary drawback of this method is its
extremely high time complexity. As the problem size increases, the computational time
required grows exponentially, rendering this algorithm impractical for problems of a
larger scale.

7.2 Steps of enumeration method

1 Initialisation: create an empty set of solutions.
2 Generating OSs: generate all possible permutations of OSs.

3 Resource allocation: for each permutation, enumerate all possible allocations of
machines and workers.

4  Validation and storage: check if each allocation satisfies all constraints regarding the
sequence of operations and resource allocation for every workpiece. If satisfied, store
it as a valid solution.

5 Solution evaluation: the cost of each valid solution is calculated, and the one with the
lowest cost is selected as the final solution.

8 Comparison of the algorithms with the enumeration method

In order to ascertain the veracity of the proposed GA and ABCA, a comparison will be
made with the enumeration method introduced in Section 7, which was developed for use
in small-scale production scenarios. The results of a series of experiments conducted
using the example in Figure 10 are shown in Table 3.

After comparing the results in Table 3, it was found that the optimal solutions
obtained by the ABCA and GA were consistent with those obtained by the enumeration
method, validating the accuracy of both algorithms. Additionally, the GA demonstrated a
significant advantage in speed, finding the optimal solution in just 1.50 seconds. This
indicates that the GA is more efficient in providing solutions of comparable quality,
making it particularly suitable for solving small-scale problems and scenarios where time
is limited.
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Figure 10 An example of model description (see online version for colours)

Order OD;

Product J.,

Quantity N,

Operation Oy,,;

Machine M,

Worker W,

Note: smaller-scale processing scenarios.

Table 3 Performance comparison of genetic algorithm, artificial bee colony algorithm, and
enumeration method

Ex.ecutlon Generation Total Diinar CPorder  Cworker CEer
time (s) cost
Genetic algorithm 1.50 3 4475 20.00 0 13.50 11.25
Artificial bee 3.51 3 44.75 20.00 0 13.50 11.25
colony algorithm
Enumeration 17.23 5760 44.75 20.00 0 13.50 11.25
method

9 Conclusions

This study proposes a multi-objective FJSP model that considers human factors and
optimises productivity and total cost while emphasising the importance of worker health
and safety. To address the complexity of this problem, this study employed both GA and
ABCA and validated the effectiveness of these algorithms through enumeration.

The use of the OCRA index as a criterion for evaluating workers’ ergonomic risk
ensures workers’ health and safety while optimising production scheduling. Based on the
results of numerical experiments, the following noteworthy results were obtained:
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1 For this model, the ABCA algorithm tends to achieve better solutions and is more
suitable for large-scale production scenarios, while the GA algorithm has shorter
running times, making it more appropriate for small-scale production scenarios.

2 Experimental validation indicates that the optimal balance between productivity and
worker safety can be achieved by controlling the production speed. This balance is
crucial for improving the overall performance and sustainability of the production
system.

3 The experiments provide multiple solutions for the manufacturing industry to control
total costs, especially those related to human factors.

These solutions include improving environmental factors related to posture, strength,
repetition, and additional risk, or controlling the frequency of workers’ skilled
movements, as well as controlling the processing rate.

These findings highlight the importance of considering worker health and safety in
production planning decisions and offer a new perspective for the manufacturing
industry. While striving for improved productivity and cost-effectiveness, it is imperative
to prioritise the well-being of workers, thereby promoting the evolution of manufacturing
toward a more humane and sustainable path.

In the future, we will focus on developing and applying multi-objective optimisation
algorithms to address the multi-objective FJSP problem that includes human factors.
Currently, the ABCA and GA algorithms we employ are single-objective optimisers, and
while they have demonstrated certain advantages in handling individual objectives, their
capability may be limited when dealing with more complex, multi-objective scenarios.
Therefore, future research will aim to introduce and optimise multi-objective algorithms
to tackle larger-scale and more complex production scheduling problems. Additionally,
future studies will involve the use of larger and more complex problem sets to validate
and compare the effectiveness of different algorithms.

References

Aryanezhad, M.B., Kheirkhah, A.S., Deljoo, V. and Mirzapour Al-e-hashem, S. (2009) ‘Designing
safe job rotation schedules based upon workers’ skills’, The International Journal of
Advanced Manufacturing Technology, Vol. 41, No. 1, pp.193-199.

Berti, N., Finco, S., Battaia, O. and Delorme, X. (2021) ‘Ageing workforce effects in dual-resource
constrained job-shop scheduling’, International Journal of Production Economics, Vol. 237,
p-108151, https://doi.org/10.1016/j.ijpe.2021.108151.

Centers for Disease Control and Prevention (2018) Musculoskeletal Disorders [online]
http://www.cdc.gov/niosh/topics/ergonomics/ (accessed 16 July 2023).

Collaborators, G. (2018) ‘Global, regional, and national comparative risk assessment of 84
behavioural, environmental and occupational, and metabolic risks or clusters of risks for 195
countries and territories, 1990-2017: a systematic analysis for the Global Burden of Discase
Study 2017°, The Lancet, Vol. 392, No. 10159, pp.1923-1994.

Destouet, C., Tlahig, H., Bettayeb, B. and Mazari, B. (2023a) ‘Flexible job shop scheduling
problem under Industry 5.0: a survey on human reintegration, environmental consideration

and resilience improvement’, Journal of Manufacturing Systems, Vol. 67, pp.155-173,
https://doi.org/10.1016/j.jmsy.2023.01.004.



158 M. Zhao et al.

Destouet, C., Tlahig, H., Bettayeb, B. and Mazari, B. (2023b) ‘NSGA-II for solving a multi-
objective, sustainable and flexible job shop scheduling problem’, in APMS 2023: Production
Management Systems for Responsible Manufacturing, Service, and Logistics Futures, IFIP
Working Group 5.7 on Advances in Production Management Systems, September, Trondheim,
Norway, pp.548-562.

Essafi, 1., Mati, Y. and Dauzére-Péres, S. (2008) ‘A genetic local search algorithm for minimizing
total weighted tardiness in the job-shop scheduling problem’, Computers and Operations
Research, Vol. 35, No. 8, pp.2599-2616.

Gong, G., Chiong, R., Deng, Q. and Gong, X. (2019) ‘A hybrid artificial bee colony algorithm for
flexible job shop scheduling with worker flexibility’, International Journal of Production
Research, Vol. 58, No. 14, pp.4406—4420.

Gong, G., Deng, Q., Gong, X., Liu, W. and Ren, Q. (2018) ‘A new double flexible job-shop
scheduling problem integrating processing time, green production, and human factor
indicators’, Journal of Cleaner Production, Vol. 174, pp.560-576, https://doi.org/10.1016/
j-jclepro.2017.10.188.

Hignett, S. and McAtamney, L. (2000) ‘Rapid entire body assessment (REBA)’, Applied
Ergonomics, Vol. 31, No. 2, pp.201-205.

Jaber, M.Y. and Neumann, W.P. (2010) ‘Modelling worker fatigue and recovery in dual-resource
constrained systems’, Computers and Industrial Engineering, Vol. 59, No. 1, pp.75-84.

Karaboga, D. and Akay, B. (2009) ‘A comparative study of artificial bee colony algorithm’,
Applied Mathematics and Computation, Vol. 214, No. 1, pp.108-132.

Karhu, O., Kansi, P. and Kuorinka, 1. (1977) ‘Correcting working postures in industry: a practical
method for analysis’, Applied Ergonomics, Vol. 8, No. 4, pp.199-201.

Koukoulaki, T. (2014) ‘The impact of lean production on musculoskeletal and psychosocial risks:
an examination of sociotechnical trends over 20 years’, Applied Ergonomics, Vol. 45, No. 2,
pp-198-212.

Lei, J., Hui, J., Chang, F., Dassari, S. and Ding, K. (2023) ‘Reinforcement learning-based dynamic
production-logistics-integrated tasks allocation in smart factories’, International Journal of
Production Research, Vol. 61, No. 13, pp.4419-4436.

Liles, D.H., Deivanayagam, S., Ayoub, M. and Mahajan, P. (1984) ‘A job severity index for the
evaluation and control of lifting injury’, Human Factors: The Journal of the Human Factors
and Ergonomics Society, Vol. 26, No. 6, pp.683—693.

Luo, Q., Deng, Q., Gong, G., Guo, X. and Liu, X. (2022) ‘A distributed flexible job shop
scheduling problem considering worker arrangement using an improved memetic algorithm’,
Expert Systems with Applications, Vol. 207, p.117984, https://doi.org/10.1016/j.eswa.2022.
117984.

Marcum, J. and Adams, D. (2017) ‘Work-related musculoskeletal disorder surveillance using the
Washington state workers’ compensation system: recent declines and patterns by industry,
1999-2013°, American Journal of Industrial Medicine, Vol. 60, No. 5, pp.457—471.

McAtamney, L. and Nigel Corlett, E. (1993) ‘RULA: a survey method for the investigation of
work-related upper limb disorders’, Applied Ergonomics, Vol. 24, No. 2, pp.91-99.

Occhipinti, E. (1998) ‘OCRA: a concise index for the assessment of exposure to repetitive
movements of the upper limbs’, Ergonomics, Vol. 41, No. 9, pp.1290-1311.

Occhipinti, E. and Colombini, D. (2007) ‘Updating reference values and predictive models of the
OCRA method in the risk assessment of work-related musculoskeletal disorders of the upper
limbs’, Ergonomics, Vol. 50, No. 11, pp.1727-1739.

Occhipinti, E., and Colombini, D. (2004) ‘The occupational repetitive action (OCRA) methods:
OCRA index and OCRA checklist’, in Stanton, N. et al (Eds.): Handbook of Human Factors
and Ergonomics Methods, p.17, 1st Edition, CRC Press, Boca Raton.

Peng, Z., Zhang, H., Tang, H. and others (2022) ‘Research on flexible job-shop scheduling problem
in green sustainable manufacturing based on learning effect’, Journal of Intelligent
Manufacturing, Vol. 33, No. 6, pp.1725-1746, https://doi.org/10.1007/s10845-020-01713-8.



A study of the multi-objective flexible job-shop scheduling model 159

Schaub, K., Caragnano, G., Britzke, B. and Bruder, R. (2013) ‘The European assembly worksheet’,
Theoretical Issues in Ergonomics Science, Vol. 14, No. 6, pp.616—639.

Sun, X., Guo, S., Guo, J. and Du, B. (2019) ‘A hybrid multi-objective evolutionary algorithm with
heuristic adjustment strategies and variable neighborhood search for flexible job-shop
scheduling problem considering flexible rest time’, IEEE Access, Vol. 7, pp.157003-157018,
https://doi.org/10.1109/ACCESS.2019.2948057.

Syswerda, G. (1989) ‘Uniform crossover in genetic algorithms’, Proceedings of the 3rd
International Conference on Genetic Algorithms, George Mason University, San Mateo, CA,
pp-2-9.

Tan, W., Yuan, X., Wang, J. and Zhang, X. (2021) ‘A fatigue-conscious dual resource constrained
flexible job shop scheduling problem by enhanced NSGA-II: an application from casting
workshop’, Computers and Industrial Engineering, Vol. 160, p.107557, https://doi.org/
10.1016/j.cie.2021.107557.

Tiirkyilmaz, A. and Bulkan, S. (2014) ‘A hybrid algorithm for total tardiness minimisation in
flexible job shop: genetic algorithm with parallel VNS execution’, International Journal of
Production Research, Vol. 53, No. 6, pp.1832—-1848.

Wang, H., Li, R. and Gong, W. (2023) ‘Minimizing tardiness and makespan for distributed
heterogeneous unrelated parallel machine scheduling by knowledge and Pareto-based memetic
algorithm’, Egyptian Informatics Journal, Vol. 24, No. 3, p.100383, https://doi.org/
10.1016/j.€ij.2023.05.008.

Wang, H., Yan, Q. and Wang, J. (2023) ‘Blockchain-secured multi-factory production with
collaborative maintenance using Q learning-based optimisation approach’, International
Journal of Production Research, Vol. 61, No. 11, pp.3685-3702.

Waters, T.R., Putz-Anderson, V., Garg, A. and Fine, L.J. (1993) ‘Revised NIOSH equation for the
design and evaluation of manual lifting tasks’, Ergonomics, Vol. 36, No. 7, pp.749-776.

Wu, R., Li, Y., Guo, S. and Xu, W. (2018) ‘Solving the dual-resource constrained flexible job shop
scheduling problem with learning effect by a hybrid genetic algorithm’, Advances in
Mechanical Engineering, Vol. 10, No. 10, pp. 1687814018804096, https://doi.org/10.1177/
1687814018804096.

Zhang, R. and Wu, C. (2011) ‘A simulated annealing algorithm based on block properties for the
job shop scheduling problem with total weighted tardiness objective’, Computers and
Operations Research, Vol. 38, No. 5, pp.854-867.

Zheng, X.L. and Wang, L. (2016) ‘A knowledge-guided fruit fly optimization algorithm for dual
resource constrained flexible job-shop scheduling problem’, International Journal of
Production Research, Vol. 54, No. 18, pp.5554-5566, https://doi.org/10.1080/00207543.2016.
1170226.



