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Graphical abstract Abstract

7 This paper addresses the Job Shop Scheduling Problem (JSSP) with
M, 011 021 % 021 dynamic break times, focusing on the impact of worker fatigue and

L : ;: recovery on processing fime. Traditional scheduling models assume
L deterministic processing times, but this research acknowledges the
M, 012 012 variability introduced by human factors, specifically fatigue, which
can lead to musculoskeletal disorders, increased error frequency,

safety issues, and decreased productivity. Rest breaks are identified
M; 031 as an effective strategy to mitigate fatigue, with various
manufacturing environments demonstrating the benefits of
. . : ; incorporating rest breaks into scheduling processes. The paper's
ljl 211 s M main contribution is the development of a Mixed Integer Linear
p—_— 1111 R Programming (MILP) model and an Ant Colony Optimization (ACO)
LLL, Eiaa algorithm to address the JSSP with dynamic break times. The results
TB2.1 RN indicate a significant reduction in makespan when dynamic break
122 fimes are incorporated. The average makespan reduction for
4, G122 0 Ars problem sizes (jobs x machines) was 8.75% for 10 x 5, 13.28% for 15 x
- 5, 66.41% for 10 x 10, 69.18% for 15 x 10, and 74.27% for larger
TB;, . )
Bvanced scheduing models Tat meotparate. human. facior.
P2 Rest break A, support rest breaks in work policies, and help decision-makers
« a3 ) balance productivity with worker fatigue management.
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1.0 INTRODUCTION

Human labour is a vital resource in the production
process, especially in the small manufacturing
enterprise (SME) industry. One of the human factor
constraints in the scheduling model is human fatigue
during activities [1]. Fatigue is an objective condition
or subjective feeling related to fatigue caused by
external stimuli related to work [2]. Caldwell et al.
(2019) describe fatigue as a complex biological
phenomenon that occurs as a function of time. In
mathematical modelling, some researchers describe
workers' fatigue and recovery rates as exponential
functions [4, 5].

Operators who experience fatigue will potentially
cause musculoskeletal disorders [6-8] and increase
the frequency of errors [9], resulting in increased work
safety problems [10], a decrease in productivity [11],
and reduced customer satisfaction [2]. In the case of
fraditional scheduling, the processing time s
deferministic  and calculable. However, when
considering the level of worker fatigue, the processing
fime becomes uncertain. So that the completion time
of a job changes and will affect the completion time
of the entire order. Therefore, it isimportant to consider
the human fatigue factor in the scheduling process to
approach a more redlistic production system situation.

According to some researchers, integrafing rest
breaks into scheduling has been identified as an
effective way to reduce or minimise worker fatigue, as
evidenced by research conducted in various
manufacturing environments such as assembly lines
[13-15], packing systems [4], order picking [16]. single
machine operations [17], flow shops [1, 18], and job
shops [19]. In an assembly line system, Blasche et al.
(2017) examined the effect of work rest on several
workers who perfomed activities to determine their
impact on reducing fafigue and siress level. Tiacci
(2018) determines the rest time for the operator based
on the Occupational Repetitive Action Index (OCRA)
in the assembly line system to minimise ergonomic risks.
Calzavara et al. (2019) developed an analytical
model to determine rest allowance based on fatigue
and recovery levels in the assembly line system and
order picking.

Furthermore, Finco et al. (2020) investigate the
influence of ergonomics on both productivity and
safety in manual assembly lines, with a specific focus
on mixed-model assembly lines. The authors propose
a methodological framework that includes physical
exhaustion and rest allowance as ergonomic factors.
Subsequently, Azwir et al. (2020) conducted a study
and discovered that the implementation of ranked
positional weight (RPW) resulted in enhanced line
efficiency and smoothness index within an industrial
facility assembly line. Zhang et al. (2021) infroduce a
new task scheduling model for Human-Robot
Collaboration Assembly Celss (HRCAC) that balances
job cycle efficiency and human fatigue. The model
also infroduces a human fatigue recovery model and
an exponential recovery model from rest breaks.

In the packing environment, Glock ef al. (2019)
propose a work break scheduling model to determine
the optimal box size to minimize the fotal cost by
considering worker fatigue and recovery level. Zhao
et al. (2019) examine the case of an order-picking
system where they develop a work-break scheduling
model fo minimise picking fime and error picking time.
Genetic algorithms are used to solve this multi-purpose
problem. Subsequently, Li et al. (2020) developed a
work break scheduling model to minimise makespan
using a heuristic method. This research infroduces a
work break strategy in single-machine and single-
worker cases and proposes placing break time in real-
fime to increase worker satisfaction and efficiency in
production.

In flow shop scheduling, Du et al. (2021) developed
a hybrid metaheuristic algorithm (HMA) for flexible
flow shop scheduling that considers human fatigue.
The model uses a genetic algorithm and novel
heuristic decoding methods to assign workers to tasks
based on fatigue levels. Liu ef al. (2023) propose a
simulation-based  optimisation  framework  that
minimises makespan and accommodates worker
fatigue and skill levels in hybrid flow shops. Meanwhile,
Hemono et al. (2023) discuss the importance of
optimising rest breaks for human operators in FISP. The
study suggests strategies to reduce strenuousness
during production planning involving cobots,
emphasizing the need to complement human abilities
without replacing human workers.

According to the given description, to the best of
our knowledge, no research has been conducted on
the job shop scheduling problem (JSSP) that considers
the influence of fatigue and recovery on processing
time, which may require workers to take breaks.
Existing research has not considered the level of
fatigue and recovery that will affect processing time
in job shop scheduling. Therefore, the main
confribution of this paper is to study JSSP by
considering dynamic break times due to worker
fatigue and recovery levels. We dynamically adjust
break time by analyzing accumulated operator
fatigue levels to meet each operator's recovery
needs. Simultaneously, the objective function
employed in this study is to reduce makespan.

The Makespan criterion in job shop scheduling
measures the total fime required to complete a series
of jobs from start to finish. Therefore, it is important to
consider fatigue and recovery rates when evaluating
fime constraints in JSSP. This includes integrating
human factors, ensuring ergonomic standards,
optimizing human-robot collaboration, increasing
productivity and safety, complying with labour
regulations, maintaining work quality, and reducing
the risk of fatigue and chronic health problems
associated with overwork [19]. By combining these
factors, scheduling systems can prevent overwork,
improve workplace safety, and ensure long-term
workforce sustainability. Incorporating these factors
infto the makespan criteria in JSSP will ensure a
balanced and sustainable work environment that
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prioritizes human well-being, complies with labour
standards and ultimately leads to increased
productivity and quality of work.

In this paper, we developed and solved this
problem with a mixed integer linear programming
(MILP) mathematical model using Gurobi. Since this is
a complex combinatorial optimization problem, we
designed the ant colony optfimization (ACO)
algorithm to generate near-optimal solutions for larger
problems. We utilise ACO due to its ability to handle
combinatorial opfimization problems effectively [26].
Its flexibility and adaptability make it suitable for a
variety of scheduling scenarios [27]. Additionally, ACO
can handle complex constraints [28], making it
essential in modern manufacturing environments. The
ACO mechanism facilitates faster convergence to the
optimal solution, making it ideal for JSSP scenarios.
Next, we will conduct computational experiments to
compare makespan with and without break time,
evaluate the performance of the MILP and ACO
approaches, and perform sensitivity analysis.

2.0 METHODOLOGY

2.1 Problem Description

Job Shop Scheduling Problem (JSSP) with dynamic
break time is defined as follows: there are several sets
of N jobs J;={J1Js .. Jv}set of machines K, =
{M,M,,...,My}.Each job i has an p operation
{01,042, ...,03,}. Each 0;; must run on a specific M
machine. Workers (W) must operate each M
machine. In this case, the number of machines equals
the number of workers on the machine. For example,
on M, operated by W,;, as well as on M, operated by
W,, and so on. Each worker will experience fatigue
and recovery during the production period. Worker
fatigue will accumulate continuously during work
periods and decrease during break periods. The level
of worker fatigue is in the range of 0 < 2, < 1, and the
recovery rate of workers is in the range of 0 <y, < 1
[29]. Model parameters and decision variables are
shown in Table 1.

The assumptions considered in this model are as
follows: All materials are available, all jobs have the
same priority, all jobs and machines are available at
the start of planning, pre-emption cancellation is not
permitted, each machine can only process one at a
time, each worker can only operate one machine at
a time, the machine set-up time and transport time
are ignored, a breakdown machine is not allowed
and the fatigue rate and recovery rate increase
exponentially.

2.2 JSSP Mathematical Model with Dynamic Break
Time

The developed model is a modification of Li et al.
(2020) [17]. In contrast to scheduling on a single
machine, the JSP case has unique characteristics:

scheduling considers machine routing and job
sequences. The following are the equations used in
the model. An illustration of the developed model is
shown in Figure 1.

Table 1 Model notation

No. Notation Description

1 i Index of job numberi =1,2,3,..N

2 h Index of job numbers preceded
by job i

3 j Index of the operation number of
ajob,j=1,23,..p;

4 k Index of machine number, k =
1,2,...M

5 0;; Operation j on job i

6 ] Set of jobs

7 K Set of machines

8 w Set of workers

Parameter

9 N Number of jobs

10 M Number of machines/number of
workers

11 6 Length of break time

12 pi The number of operations of the
job i

13 Ay Duration of first working period on
job i operation j on machine k

14 tijk Processing time 0;; on the
machine k

15 thjk Processing time 0y; on the
machine k

16 A The level of worker fatigue on the
machine k (0 <1, < 1)

17 7 The worker recovery rate on the
machine k (0 < u;, < 1)

18 L Large number

Dependent Variables

19 Sijik Start time of operation 0;; on
machine k

20 Sh.jk Start time of operation 0,,; on
machine k

21 C; Completion time job i

C;j Completion time job i operation j

22 Crnax Maximum completion fime for alll
jobs (makespan)

23 qik The length of time during which
workers experience a decline in
work levels due to fatigue levels
on the job i on machine k

24 NT; Maximum completion time of job
i operation j on machine k

25 NTy j i Maximum completion time of job
h operation j on machine k

26 Al Duration of the second working
period on job i operation j on
machine k

27 Ak Duration of the second working
period on job h operation j on
machine k

28 Eijk The difference between the
maximum completion time and
the total completion time for job i
operation j on machine k

29 Epjk The difference between the

maximum completion time and
the total completion time for job h
operation j on machine k
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No. Notation Description

30 TNk The maximum completion time of

the job i operation j without a

break time on machine k

31 TNy jx The maximum completion time of
the job h operation j without a

break time on machine k

32 TB;jx The maximum completion time of
job i operation j with a break time
on machine k

33 TByjk The maximum completion time of

job h operation j with a break
time on machine k
Decision variable
34 Yink For binary variables, the value is
one if job i precedes h the job on

the machine k, otherwise 0

The duration of the decrease in the work rate of
workers on the machine k is adopted from Li et al.
(2020)[171:
qi,k=(—l—1k)x1n(1—#k.9) keM (1)
The length of time workers work in the second period:
ti,j,,k—Ak+(i)(e’lk'qirk—l)

* —_— ;7 .
Aijk= oAtk 0y 0 Vi,h€];
jEDPskeEM (2)
& ti,j,k+th,j,k—Ak+(i)(e’)‘k"“’k—l) ik
njk = TRty O iLhe];
ke M;h+i (3)
%
M, o11 021 % 021

2
M, 012 ‘ 012

Mj 031

t,11 t211 ,ﬁ, ¢
Ay Ve 111 1 Az
TN1.1 E1ai
TB31,1
11,22

A 91,22 6, .A12

TBy,

W/ Rest break Az

TN3,3
-y

Figure 1 The illustration of the development model

Based on the notatfion defined in Table 1, this
problem’s mathematical model can be described as
follows:

Objective function:

Minimize max(C;;) Vi€],jEp; (4)
Constraint:
Si,j,k + ti,j,k < Sh,j,k + L X (1 - Yi,h,k) Vl,h E] ;j € Di

k €M;h #i (5)
Sh,j,k + th,j,k < Sh,j,k + L X (Yi,h,k) Vl;h E] ;j € Di

k €M;h#i (6)

ifAg > tijx (7)
NTijx =tijr (8)
Eijke=0 (2)
TN = (A = (5) 0 (1= (i X (i + trja) + O @

40)) (10)
TBh,j,k =Art+q t0 +A;1,j,k (11)
NTy, ;e = min (TNp j e TBh ) (12)
Enjx = NTnjk —thjk —tijk (13)

IF £, > Ay (14)

TNyjse = (A = () In (1= (i x (i) + (i x 40)
(15)
TBijx =Ax + Qi +0 +Ajj4 (16)
NTi,j,k = min (TNi,j,k: TBi,j,k) (17)
Eijr=NTyjr—tijk (18)
Sijk Z Si-nk T G-k T Eig-k
VieJ;j=1,...pi_;kEM (19)
Sijk Z Snjk T thjre T Enjx —L-Yink
Viihe€];h+i;keM (20)
Snjk Z Sijettijx+tEjre—L(1—=Yne)
Vihe];h+i;keM (21)
Ci=zSijuttijx+EjVie];j=1,..,ppkeM (22)
Yink €{01} (23)

Where: Equation (4) shows the makespan
objective function. Constraints (5) and (6) to ensure
the processing time of successive operations on the
machine. Equation (7) indicates that the duration of
the first working period must be longer than the
processing time. Equation (8) to determine the
maximum job i completion time on the machine k.
Equations (9), (13) and (18) show excess processing
time due to the effect of accumulated worker fatigue.
Equations (10) and (15) show the maximum job i
completion fime without a break time to machine k.
Equations (11) and (16) lead to the maximum job i
completion time with a break time to machine k.
Equations (12) and (17) show the selection of the
maximum completion time for work. Equations (14)
show that the operating time is greater than the
A, Duration. Constraints (19) to ensure predecessor
operation rules are not violated on the same job.
Constraints (20) and (21) ensure that each machine
cannot perform multiple operations simultaneously.
Constraints (22) to ensure that makespan is the latest
completion time of the entire job. Constraint (23)
defines the binary variable.

2.2 Ant Colony Optimization for JSSP with Dynamic
Break Time

The ant colony optimization (ACO) algorithm adopts
the ant strategy by utilizihg pheromone ftrails as
communication and feedback. ACO generates a
good initial solution quickly, and a pheromone trail is
initialized based on this solution [30]. Next, the artificial
ants iteratively construct the solution by selecting jobs
based on transition rules that depend on pheromone
traces. Solution quality is improved through local
search procedures and pheromone trails. This
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algorithm has proven effective in solving complex
optimization problems and can produce good
solutions [31].

Algorithm 1 ACO algorithm procedure
I Initialize ACO parameters (num_ants, num_iterations,
a B. p. q)
2. Initialize pheromone matrix with initial_pheromone
value
3. Initialize best schedule
4. Initialize best makespan
5 For each iteration from 1 to num_iterations, do:
5.1. Initialize schedule of ants randomly for each ants
5.2. Calculate heuritic information
5.2.1. Foreach operation, do:
5.2.1.1. Calculate next operation
probability (oheromone, B)
5.2.1.2. Next operation=select next
operation (probability)
5.2.2. Makespan of ants=calculate makespan
(schedule of ants)
5.2.3.  If makespan of ants < best makespan,
do:
5.2.3.1. Best schedule=copy
of(schedule of ants)
5.2.3.2. Best makespan=makespan of
ants
5.3. Update the pheromone, best schedule, best
makespan
6. Return best schedule, best makespan
The Function calculates heuristic information
I. Get schedule of ants
2. Heuristic information for each schedule of ants = 1/job
fimes
3. Return heuristic information
The Function calculates the probability for the next operation:
I. Get the pheromone and heuristic information
2. For each operation, do:
2.1. Calculate probability of each operation =
pheromone(operation)® x
heuritic information(operation)?
2.2. Foreach p in probability , do:
2.2.1. Probability = p/ total all the probability of
each operation
2.3. Return probability
The Function select next operation:
1. Select the next operation based on probability
distribution given by probability
2. Return selected operation
The Function update_pheromone:
I. Get pheromone, best schedule, best makespan
2. For each job, do:
2.1. Pheromone
= (1 — p) X pheromone from best shcedule + q/best
makespan

2.3 Computational Experiments

This experiment's benchmark is based on Lawrence
(1984) and contains the same number of tasks,
operations, and machines as the benchmark. There
are two scenarios with problem sizes of 10 x 5 and 10 x
10 for small-sized problems. Meanwhile, there are two
scenarios with dimensions of 15 x 5 and 15 x 10 for
medium-sized difficulties. Furthermore, for large-sized
use the benchmark from Taillard (1983). In addition,
problem parameters are generated using the

following algorithm. Fatigue rate (1) and recovery
rate (ux) are generated according tfo a uniform
distribution (0.001, 0.003) and uniform distribution
(0.005, 0.01) [32] and shown in Table 2. The break time
(6) duration is 5 minutes. A, is generated uniformly
(100, 120). While the ACO parameters include:
pheromone factor (a) of 2, heuristic factor (B) of 2,
and an evaporate rate (p) of 0.25. The quantity of ants
is proportional to the amount of labour.

Table 2 Parameters used

Parameter

Ay M Ay
M1 1.8e-3 8.8e-3 120
M2 1.6e-3 7.7e-3 100
M3 2.1e-3 9.3e-3 130
M4 1.3e-3 5.5e-3 120
MS 1.5e-3 9.5e-3 110
Mé 1.1e-3 9.5e-3 112
M7 1.7e-3 7.8e-3 125
M8 1.4e-3 6.4e-3 115
M9 1.8e-3 5.5e-3 112
M10 2.1e-3 8.5e-3 125

3.0 RESULTS AND DISCUSSION

3.1 Comparative Study of the Optimal Solutions:
Adding Break Time vs. Without Break Time

A comparative analysis of the impact of incorporating
break time into the opfimization process for various
example problemsis shown in Figure 2. The makespan,
which refers to the overall duration needed to finish
jobs, is being compared among different examples
denoted as LAO1 to LA25, TA21, and TA41. Small-sized
problem instances exhibit a negligible disparity in
makespan between scenarios with and without break
time, indicating that break time has an insignificant
impact on the overall time needed to finish activities.
Nevertheless, there is a consistent pattern between
the inclusion of break time and a decrease in the
makespan, suggesting an enhancement in the
optimization process.

As problem instances increase in size and
complexity, the effect of break time becomes more
noticeable. The graphs illustrate a substantial
difference in makespan, with the time required being
significantly higher when break time is not included.
Specifically, the average makespan reduction for
problem sizes (jobs x machines) of 10x5 is 8.75%, 15x5 is
13.28%, 10x10 is 66.41%, 15x10 is 69.18%, and for the
larger problems, it reaches up to 74.27%. This highlights
the importance of considering break time in the
optimization process for medium and large-size
problems, as it can lead to significant improvement in
the overall efficiency and realism of the solution.
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(c) Larger-sized problem

Figure 2 Comparative of makespan obtained with and
without break time

3.2 Evaluation of the Effectiveness of the MILP Method
and the ACO Algorithm

This study presents the outcomes of solving scheduling
problems using two optimization methods: mixed-
integer linear programming (MILP) and ant colony
opftimization (ACO). The specific result may be found
in Tables 3 through 5 and Figure 3. The table provides
the makespan results, which include the break time.
Although MILP often yields a lower makespan value,
indicating a more efficient solufion, ACO
demonstrates competitiveness in other aspects.

Table 3 Computational results on the small-sized problem

Problem Size MILP ACO
(n,m)

CP Chax OP CP Crnax  Gap
LAO1 10,5 16.1 6948 449 7132 184
LAO2 10,5 1.9 670.1 63.7 731.1 61,0
LAO3 10,5 9.7 637.6 67.1 727.6  90.0
LAO4 10,5 42 6291 50.2 6328 3.7
LAOS 10,5 23.1 5626 66.5 756.9 1943

1129 969.7 1.1
153.6 8154 21.6
11563 9223 1.6

LAT6 10,10 59 968.6
LA17 10,10 5.8 7938
LA18 10,10 12,6 920.7
LAT9 10,10 9.3 908.4 131.6 921.2 128
LA20 10,10 4.1 901.1 137.1 9482 47.1

[eNeololoNoNoNoNoNoNa]

CP: CPU duration (seconds); OP: optimality gaps (%)

Table 4 Computational results on the medium-sized problem

Problem Size MILP ACO Gap
(hm) Cpnoy OP CP Cinax

LAO6 155 1073.6 269 1333 1198.5 1249
LAO7 15,5 966.4 15.3 1543 1099.9 1335
LAO8 15,5 9783 27.7 1551  981.1 2.8
LAO9 15,5 956.2 485 129.1 12419 2857
LA10 15,5 992.7 3.04 128.9 13625 369.8
LA21 15,10 1185.9 21.1  331.1 1461.0  275.1
LA22 15,10 10653 10.6 384.4 12828 217.5
LA23 15,10 1122.1  7.14  273.1 1413.8 291.7

LA24 15,10 1007.4 289 2545 1420.7 4133
LA25 1510 1059.9 0 323.7 1390.3 330.4

CPU duration (seconds) MILP=3600; OP: optimality gaps (%)

Table 5§ Computational results on the large-sized problem

Problem Size MILP ACO Gap

(n'm) Cmax OP CP Cmax

LA26 20,10 1448,9 9.9 460.5  2117.6 668.7
LA31 30,10 1827 183  841.2 3239.9 1412.9

TA21 20,20 1880.8 0 459.6 2226.4 345.6
TA41 30,20 26727 144 465.1 2327.7 -345
TA61 50,20 - - 529.2 5926.1 -5926.1
TA71 100,20 - - 1952.3  12147.8 -1952.3

CPU duration (seconds) MILP=3600; OP: optimality gaps (%)

According to the computational results shown in
Tables 3 to 5 and Figure 3, the opfimality gap of the
MILP issue increases as the problem size grows,
suggesting that it becomes more difficult fo discover
the optimal solution within a certain time restriction.
The Ant Colony Optimization (ACO) algorithm has
superior scalability in terms of CPU duration. However,
this advantage comes at the cost of higher makespan
values. To summarize, MILP is more effective at finding
optimal solutions for small problems. Nevertheless,
when the problem size increases, MILP sfruggles to
discover an optimal solution within a reasonable
timeframe. While ACO may not be the most ideal
solution, it provides better scalability when considering
the size of the problem. Moreover, based on the
experimental results, ACO discovered an improved
solution within an acceptable timeframe for a large-
sized problem with dimensions of 30x20, 50x20, and
100x20. This finding is depicted in Figure 3c.
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namely the fatigue rate (1), recovery rate (i), and the H
duration of the first working period (4,) on makespan 2800
with break time. We perform a 33 factorial design to 1150
identify the significant parameters. The values of input
parameters are shown in Table 6. We have selected e
Three |eve|S of f(]ﬁgue Ond recovery (IOW, medium, 0.00250 0.00275 0.00300 O.DDFSath’ue':)a.geﬂii::rmm%ﬁa0'375 0.00400 0.00425 0.00450
and high)[32]. To evaluate the influence of each
pOrOmeTer on The M“_P meThOd problems LA.I 6 LA2.| —8— 1=0.005;Ak=45  —%- u=0005:Ak=100 --&- p=0.01:Ak=60 —¥- (1=0.02Ak=45 —4 [i=0.02;Ak=100
’ ’ -m- u=0.005Ak=60 -¢- u=0.01;Ak=45 —o— u=0.01;Ak=100 > U=0.02;Ak=60
and TA41 are selected for sensitivity analysis. Figures 4, (c) Instance TA41 (large-sized problem)
5, and é display the outcomes of the sensitivity
analysis. Figure 4 Sensitivity analysis for parameter fatigue rate (1)

Table 6 Input data

Figure 4 examines the relationship between
makespan and fatigue rate for issues of varying sizes,
A (per minute) 2.5e-3 3.5e-3 4.5e-3 including small, medium, and large-sized problems.

. The graphs illustrate the relationship between the
# (per minute) 0.005 0.01 0.02 fatigue rate and makespan. Each line on the graphs
A, (minute) 45 60 100 represents a distinct combination of the recovery rate
and the duration of the first working period. The

Low (1) Medium (2) High (3)
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makespan for small-sized problems varies between
1025 and 1055 minutes, but for medium-sized
problems, it ranges from 1240 to 1320 minutes. The
effect of different combinations of 4 and A, on the
makespan is more noticeable, with certain lines
exhibiting a more rapid increase as the fatigue rate
increases. For large-sized problems, the makespan
ranges widely from 2700 fo 3100 minutes, and the lines
are widely spaced, indicating a high sensitivity of the
makespan to changes in the fatigue rate. The
makespan’s response to varying fafigue rates is
significantly affected by the different combinations of
1 and A;. These analyses provide valuable insights for
decision-makers in  optimizing schedules and
workloads to manage the effects of fatigue on overall
productivity, especially in contexts where the
makespan is a critical performance metric.

Furthermore, Figure 5 shows the relatfionship
between recovery rate and makespan with break
fime for various combinations of parameters A and A.
The data demonstrates that as the rate of recovery
improves, the makespan typically lowers, indicating
that a faster recovery rate can result in a shorter total
fime for completing tasks. A higher fatigue rate leads
to a higher makespan, as workers become fatigued
more quickly, necessitating longer recovery times and
thus extending the overall makespan.

1055

1050 -

1045

1040

1035

Makespan (minutes)

1030

1025 4

0.006 0.008 0.010 0.012 0.014 0.016 0.018 0.020
Recovery Rate (per minute)

—o— A=0.0025:Ak=45 —%- A=0.0025:Ak=100 & A=0.0035:Ak=60
-m- A=0.0025:Ak=60  -4- A=0.0035:Ak=45 2=0.0035;Ak=100

(a) Problem LATé

-¥- A=0.0045Ak=45 —& A=0.0045Ak=1(
A=0.0045;Ak=60

1320

1300 4

inutes)

(mi

1280

Makespan

1260

1240

0.006 0.008 0.010 0012 0.014 0.016 0.018 0,020
Recovery Rate (per minute)

—8— 1=0.0025:Ak=45  —%- A=0.0025:Ak=100 --&- A=0.0035:Ak=60
—®- A=0.0025Ak=60 —#- A=0.0035:Ak=45 A=0.0035:Ak=100

(b) Problem LA21

-¥- A=0.0045Ak=45 —< A=0.0045:Ak=1
A=0.0045:Ak=60

Figure 5 Sensitivity analysis for parameter recovery rate (u)

3100

3050

3000

2950

minutes)

= 2900
c

2850

Makespa

2800

2750

2700

0.006 0.008 0.010 0.012 0.014 0.016 0.018 0.020
Recovery Rate (per minute)

—— 1=00025Ak=45 —%- 1=0.0025Ak=100 & A=0.0035Ak=60
-m- 1=0.0025Ak=60  -4- A=0.0035;Ak=45 A=0.0035;Ak=100

(c) Problem TA41

=¥~ A=0.0045Ak=45 —a~ A=0.0045;Ak=100
2=0.0045;Ak=60

Figure 5 Sensitivity analysis for parameter recovery rate (i)

The study examines the relationship between
makespan and the duration of the first working period
(Ay). as the period depicted in Figure 6. The results
show that longer 4, before taking a break canreduce
the total fime required to complete the job. The
decrease in makespan depends on the specific
fatigue rate and recovery rate, where higher values
will result in higher makespan. The sensitivity of time
limits fo changes in the first term of employment is
influenced by a combination of these factors. The
study also identifies the optimal working period that
minimizes the time limit for a given set of 1 and u
values. A comparative investigation indicates that
makespan is highly responsive to variations in these
characteristics. This analysis can assist in determining
the most efficient work rest plan to minimise the overall
time required to complete jobs while considering the
influence of fatigue and recovery on worker
productivity.

1055

1050

1045

1040

Makespan (minutes)

1035

1030

1025

50 50 70 80 20 100
Duration of first working period, Ak (minutes)

-8~ 1=0.0025:1=0.005  —3%- 1=0.0025;u=0.02
-m- 1=0.0025:u=0.01 =4~ 1=0.0035:4=0.005

(a) Problem LA16

k- A=0.00354=0.01 -¥- A=0.00454=0.005 —&— A=0.0045;4=0.02
1=0.0035:4=0.02 1=0.0045,=0.01

Figure é Sensitivity analysis for parameter duration of first
working period (Ay)
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1320

1300

1280

Makespan (minutes)

1260

1240

50 60 70 80 90 100
Duration of first working period, Ak (minutes)

—8— 1=0.0025u=0.005 —%- A=0.0025:u=0.02 -k A=0.0035=0.01 -%- A=0.0045=0.005 —4 A=0.0045.u=0.

-m- 1=0.0025;u=0.01 ~4- A=0.0035;4=0.005 1=0.0035;4=0.02 2=0.0045;4=0.01

(b) Problem LA21

3100

3050

3000

2950 4

2900 4

Makespan (minutes|
5
@
3

2800 4

2750 4

2700 4

50 60 70 80 90 100
Duration of first working period, Ak (minutes)

—8— A=0.00254=0.005 —%- A=0.0025u=0.02 &~ A=0.0035u=0.01 —¥- A=0.0045=0.005 —¢ A=0.0045.u=0.

-®- 1=0.0025:u=0.01 ~#- A=0.0035=0.005 2=0.0035;4=0.02 2=0.0045:u=0.01

(c) Problem TA41

Figure & Sensitivity analysis for parameter duration of first
working period (4;) (Continued)

4.0 CONCLUSION

This research discusses the issue of the job shop
scheduling problem (JSSP) with dynamic break time,
considering the effects of worker fatigue and
recovery. The research infegrates human factors, such
as fatigue and recovery rate, into the JSSP, providing
a more realistic representation of the production
environment. Rest breaks are confimed as an
effective strategy to mitigate fatigue effects, leading
to areduction in makespan. The study employs mixed
integer linear programming (MILP) and ant colony
opftimization (ACO) to solve the JSSP. Computational
investigations demonstrate that the influence of break
fime on makespan is particularly noticeable in
medium and large-sized problems. This suggests that
taking the break periods into account can enhance
efficiency and realism in complex and larger
scheduling challenges. The sensitivity  analysis
highlights the significant influence of fatigue rate,
recovery rate, and the duration of the first working
period on makespan, providing insights into how these
parameters interact and affect overall scheduling
performance.

This study has implications for both theoretical and
practical aspects. It suggests the need for advanced

scheduling models that incorporate human factors,
promoting more effective and humane practices. This
research also supports rest breaks in work policies and
workplace design, enhancing productivity while
ensuring worker health and safety. The MILP and ACO
methods are valuable methods for decision-makers in
manufacturing, evaluating scheduling scenarios and
developing strategies to balance productivity with
worker fafigue management. In addition, future
research could explore other human factors affecting
scheduling, machine learning techniques for fatigue
prediction, and real-time scheduling systems. The
findings have direct applications in industries where
manual labour is prevalent, enabling more resilient
and adaptive scheduling system:s.
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