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Abstract: The production efficiency of an assembly line depends on worker characteristics and
operational constraints in manufacturing systems. In many practical assembly settings, workers are
required to move between stations, making walking times a relevant component of total operational
time. This study investigated assembly lines with walking workers, which were rarely examined
simultaneously in existing studies, considering both walking times between workstations and worker-
dependent task times to analyze their joint impact on line performance. To address this problem,
it was formulated as a mixed-integer linear programming model and supported by a lower bound,
a constructive heuristic, and a hybrid solution strategy integrating a genetic algorithm—based meta-
heuristic to efficiently solve larger instances. Computational experiments were conducted using a
benchmark test instances under different levels of task time variability and walking times between
stations. The results demonstrated the effectiveness of the proposed method in terms of solution quality
and computational efficiency. The hybrid meta-heuristic was able to obtain better-quality solutions
compared with algorithms in the literature. The results also revealed how worker variability and walking
times influenced the overall production rate. Higher variability in worker-dependent task durations can
improve the production rate at a fixed average task time, whereas longer walking times reduce system
efficiency. These findings offered practical implications for the design and balancing of assembly lines
with walking workers.

Keywords: worker-dependent task time; worker qualification; walking worker assembly line;
mixed-integer linear programming; lower bound; constructive heuristic
Mathematics Subject Classification: 90B35, 90C27



https://www.aimspress.com/journal/jimo
https://dx.doi.org/10.3934/jimo.2026058

1572

1. Introduction

Assembly lines (ALs) are among the most effective manufacturing systems for organizing and
optimizing mass production. They structure the manufacturing process into a sequence of interdependent
tasks, enabling a continuous and systematic flow of production, thereby enhancing overall productivity
and reducing costs [1]. Producing high-quality and innovative products is crucial in these industries;
therefore, companies prioritize research and development at the core of their operations [2]. In response
to changing production requirements, companies have increasingly designed assembly lines with
different configurations to improve flexibility and efficiency. While some lines are built for high-volume,
repetitive production, others are designed to accommodate product variety or variable demand. In many
practical assembly systems, workers are allowed to move between stations to perform tasks where they
are the most productive. Such systems, generally referred to as assembly lines with walking workers, are
common in practice and introduce additional challenges for task assignment and line balancing [3-5].
Besides worker mobility, another important practical characteristic of assembly systems is the variability
in task processing times among workers. Differences in experience, skill level, and learning ability
result in heterogeneous task completion times. In traditional assembly line balancing research, it is
usually assumed that all workers perform each task within a fixed and identical duration; however, this
assumption rarely reflects real industrial environments. Consequently, recent studies have started to deal
with worker-dependent task durations, leading to more realistic problem formulations that explicitly
account for individual worker capabilities [6—8].

Assembly line balancing problems (ALBPs) can be defined as the assignment of interdependent
tasks to workers and workstations such that precedence, technological, and cycle-time constraints are
satisfied while maintaining a balanced production flow. A well-balanced assembly line improves system
performance by reducing idle times, minimizing cycle time, and enhancing overall resource utilization.
Therefore, ALBPs play a crucial role in optimizing manufacturing performance and ensuring the efficient
operation of production systems. Classical ALBP studies assume homogeneous worker characteristics;
however, worker heterogeneity has motivated the development of worker-dependent balancing models,
often referred to as assembly line worker assignment and balancing problems (ALWABPs), which
consider differences in worker productivity [6, 8, 9].

Assembly lines with walking workers are typically observed in systems with relatively high cycle
times, where allowing worker movement helps maintain productivity and achieve better workload
balance [3,4, 10-13]. Such mobility increases operational flexibility but also introduces additional
complexity into the balancing process, as walking times and worker replacement must be simultaneously
considered with task and worker assignments. This feature leads to a more realistic representation
of industrial assembly systems, in which worker movements can significantly influence overall line
performance.

Based on the existing literature, two main research streams can be identified: assembly line balancing
problems with walking workers (WW-ALBPs) and ALWABPs. Research addressing walking workers
remains relatively scarce and exhibits considerable variation in terms of station accessibility and
the technical structure of the assembly lines. Accordingly, the literature review is divided into two
subsections: WW-ALBPs and ALWABPs. Table 1 provides a detailed overview of recent studies in
these areas, and the following sections review both research streams separately.
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Table 1. Summary of related studies, ALWABP / WW-ALBP and variants.

Author Problem LT Aim LWT SM TT WT
w F MM H (6] WD WT

Miralles et al. [14] ALWABP SL min C v v v v

Shewchuk [15] WW-ALBP UL min SN v v v

Blum & Miralles [16] ALWABP SL min C v v v v

Moreira et al. [17] ALWABP SL min C v v v

Araujo et al. [18] P/C-ALWABP SL min C v v v v

Mutlu et al. [19] ALWABP SL min C v v v v

Borba & Ritt [20] ALWABP SL min C v v v v

Vila & Pereira [21] ALWABP SL min C, SN v v v

Moreira [7] ALWABP SL min SN v v v v

Moreira [22] ALWIBP SL min SN N v v v

Sungur & Yavuz [6] ALBPHW SL min Cost v v v

Polat et al. [9] ALWABP SL min C v v v

Zacharia & Nearchou [23] ALWABP SL (a) v N Vv

Oksuz et al. [24] ALWABP UL LE v v v v

Moreira et al. [25] ALWIBP SL (b) v Vv Vv Vv

Sikora et al. [4] WW-ALBP SL min C v v v Vv

Deepak et al. [26] WW-ALBP UL min C v v v

Sahin & Kellegoz [3] WW-ALBP MML min SN, WN v v v

Akyol & Baykasoglu [27] Ergo-ALWABP SL () v v v

Janardhanan et al. [28] ALWABP TL min C v v v Vv

Karas & Ozgelik [29] ALWARP SL (d) v v v v

Campana et al. [8] ALBPHW SL min Cost v v v v

Liuetal. [12] WW-ALBP-TW SL (e) v v v v v

Petroodi et al. [30] WW-ALBP MML min Cost v v v

Sahin & Kellegoz [31] WW-ALBP MML min SN, WN v v

Ebrahimi et al. [32] WW-ALBP MML min C v v v v v

Sahin & Kellegoz [33] WW-ALBP MML min SN, WN v v v

Michels & Costa [34] MM-ALWABP SL min C / other v v v v v

Current Study WW-ALBP SL min C v v v v v v

(a) Cycle time and smoothness index are tried to minimize;
(b) The aim is minimizing cycle time, and distributing as evenly as possible the heteregenous workers along the line;

(c) Minimizing the cycle time and ergonomic risk factors;
(d) Minimizing cycle time and the changing assignment to be done after the disruption;
(e) Mininimizing the risk-averse sum of the cycle time and employed temporary workers;
LT = line type (SL = straight assembly line; UL = U-shaped assembly line; TL = two-sided line; MML = multi-manned line);
LWT = line worker type (W = walking worker, F = fixed worker);
SM = solution method (MM = mathematical model, E = exact, H = heuristic, O = other);
Aims (LE = line efficiency; SN = number of workstations; WN = number of workers);
TT = task time attribute (WD = worker-dependent or not);
WT = walking time between stations (considered or not);

WW-ALBP = walking worker assembly line balancing problem; WW-ALBP-TW = WW-ALBP with temporary workers;

ALWABP = assembly line worker assignment and balancing problem; P-ALWABP = parallelization of workers in ALWABP;
C-ALWABP = collaboration of workers in ALWABP; ALWIBP = assembly line worker integration problem;
ALBPHW = Assembly line balancing problem with hierarchical workers; ALWARP = assembly line worker assignment and rebalancing

problem.
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1.1. Studies About WW-ALBPS

Early work on walking-worker lines examined how movement and waiting affect performance.
Lassalle [5] showed that waiting times increase buffers and increase cycle times; Wang et al. [10]
compared fixed-worker with walking-worker settings on straight lines and showed that mobility can
reach target rates with fewer resources. Early investigations mainly examined the impact of worker
movement on system throughput and waiting behavior, rather than integrated balancing decisions
involving worker heterogeneity. In particular, simulation-based analyses by [5] and [10] highlighted
how worker waiting behavior and station occupancy directly affect buffer formation, cycle time, and
achievable production rates in walking worker assembly lines. Later studies considered different layouts
and assignment strategies. On U-shaped lines, Shewchuk [15] focused on worker—machine assignment
(with a mathematical model and a heuristic to avoid overlapping routes) to reduce the number of workers
and improve labor utilization, while Sirovetnukul and Chutima [35] showed that explicitly accounting for
walking times tends to increase required workers and proposed a hierarchical assignment supported by a
mathematical model (MM). Al-Zubheri et al. [36] validated an MM under stochastic task times and later
combined a genetic algorithm (GA) with MM to enhance productivity and ergonomics; Cevikcan [11]
used a hierarchical approach to determine station counts and improve output. Explicitly considering
walking distances and worker—machine interactions has been shown to significantly influence workload
balance and staffing requirements, motivating the development of hierarchical and assignment-based
solution approaches.

More recent contributions have extended existing solution approaches. Sikora et al. [4] studied
traveling worker assembly line balancing problem with an MM targeting cycle time and walking distance;
Deepak et al. [26] used simulation and showed mobility reduces waiting times and improves production
rates; Sahin and Kellegoz [3] addressed multi-manned ALBP with walking workers, proposing a
mixed integer linear programming (MILP) model and an improved electromagnetic field optimization
algorithm. Liu et al. [12] modeled risk-averse ALWABP with uncertain availability of disabled workers
(two-stage stochastic solved by GA), while Hashemi Petroodi et al. [30] used an MM for reconfigurable
mixed-model lines to reduce total cost. Despite methodological advancements, these studies typically
address either worker mobility or worker heterogeneity, and do not explicitly analyze their combined
impact on cycle time.

Nowadays, Calzavara et al. [37] analyze mixed-model assembly systems that commonly adopt fixed-
worker and walking-worker strategies to enhance flexibility and throughput. Their simulation-based
analyses show that the choice between fixed-worker and walking-worker systems mainly depends on
task-time variability, walking times, and the ratio between the number of workers and workstations,
which jointly influence system throughput and appropriate application conditions. In aircraft assembly
lines, combining walking workers with parallel workstations introduces complex task allocation and
scheduling challenges, which are addressed using constraint programming and validated on industrial
instances [38]. In related line balancing studies, disassembly line balancing problems have also been
addressed in settings involving mobile workers and human-robot collaboration. For instance, Qin et
al. [39] proposed an improved evolutionary algorithm for U-shaped disassembly lines with mobile
workers, while Qin et al. [40] employed a reinforcement learning framework for circular disassembly
lines with human-assisted robotic workstations. These studies further highlight the growing interest in
modeling worker mobility and collaborative environments in line balancing problems.
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Overall, WW-ALBP studies primarily aim to maximize production rate [4,12,26,32] and minimize
the number of workers or stations [3, 11,33, 35]; cost reduction appears as a secondary goal [30]. Most
studies analyze straight or U-shaped lines [4, 10,15,26]; methods are predominantly MMs and heuristics,
with simulation used in a subset [26,32]; exact approaches typically handle smaller instances [4,31].
While significant developments have been achieved, a large portion of WW-ALBP studies focus on
worker mobility under the assumption of homogeneous task processing times, thereby limiting their
applicability to assembly systems with heterogeneous worker capabilities.

1.2. Studies About Assembly Line with Worker-Dependent Task Times

In the problem where worker qualifications are considered (i.e., task durations vary across workers),
it is essential not only to assign tasks to workstations but also to determine which worker performs
each task. Therefore, this problem is known as the ALWABP. Most ALWABP studies focus on straight
assembly lines, while fewer have investigated U-shaped [24,41] and two-sided configurations [28]. The
majority of ALWABP studies emphasize worker heterogeneity in task processing times while assuming
fixed worker locations, thereby abstracting away worker mobility considerations.

The ALWABP was first introduced by Miralles et al. [14], who formulated the problem to minimize
cycle time through simultaneous task—worker assignment. Blum and Miralles [16] expanded this
formulation using a beam search algorithm based on lower bounds. Later studies proposed alternative
models and heuristics. Araujo et al. [18] incorporated worker collaboration and parallelization to
enhance efficiency, while Borba and Ritt [20] developed an MM and a beam search based heuristic with
new reduction rules. Ramezanian and Ezzatpanah [42] presented a dual objective model minimizing
both cycle time and worker-related operating costs, emphasizing skill based variability and multi-
model production. Within this line of research, foundational studies established the importance of
simultaneously assigning tasks and workers in heterogeneous environments but did not consider worker
movement between stations. Further studies extended the ALWABP to various line structures and
objectives. Oksuz et al. [24] modeled the U-shaped ALWABP using a nonlinear formulation solved
by artificial bee colony and GA. Moreira et al. [25] developed heuristics that integrate heterogeneous
workers while maintaining productivity. Janardhanan et al. [28] tackled large-scale traveling ALWABPs
using the migrating birds optimization algorithm. The suggested configurations introduce spatial
aspects, while worker movement is typically constrained by predefined assignments. Subsequent
research introduced ergonomic and resilience-based extensions. Akyol and Baykasoglu [27] proposed
the Ergo-ALWABP, incorporating ergonomic risks through a multi-rule constructive randomized search
heuristic. These extensions improve the realism of ALWABPs but continue to assume stationary workers
throughout the balancing process. Campana et al. [8] proposed a hierarchical worker qualification
framework optimizing both cycle time and cost via mixed-integer programming and meta-heuristics.
Karas and Ozgelik [29] developed a MILP model with an artificial bee colony algorithm to reassign tasks
and workers after disruptions. Michels and Costa [34] examined worker coordination in multi-manned
lines with heterogeneous and homogeneous workers. Overall, most ALWABP studies aim to increase
production rate [14, 16, 18,20,27,28,34,42], while others target different objectives such as minimizing
smoothness index [23], reducing reassignment after disruptions [29], or balancing heterogeneous worker
distribution [25]. Additionally, many studies have focused on minimizing the number of stations [7,22]
or overall costs [6, 8]. In parallel, several ALWABP variants have emerged in the literature to address
different operational considerations. These include the ALWIBP, which integrates disabled workers [25];
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the Ergo-ALWABP, which accounts for ergonomic risk factors [27]; the ALWABP which models worker
collaboration and parallelization (P-/C-ALWABP) [18]; and the hierarchical worker ALBP, which
minimizes cost based on worker qualifications [6]. Building on these developments, Mao et al. [43]
extended the ALWABP to a human-robot collaboration setting and proposed a MILP model along with
an adaptive simulated annealing approach to minimize cycle time under worker heterogeneity. These
extensions illustrate the growing effort to represent realistic workforce diversity in assembly lines.

Based on a review of the existing literature, a wide range of studies has investigated various
configurations of ALWABP by incorporating heterogeneous worker capabilities and optimizing diverse
objectives. However, the specific configuration that simultaneously considers worker-dependent task
processing times within a walking worker assembly line framework has not been sufficiently investigated
in the assembly line balancing literature. Recent studies have increasingly highlighted the importance
of explicitly modeling walking times in assembly systems, demonstrating that worker movement and
walking-related delays can substantially affect line performance, task sequencing, and system design
decisions [32,37,44,45]. In such environments, worker movement between stations constitutes an
inherent part of task execution rather than a secondary effect. Accordingly, walking times are explicitly
incorporated into the proposed formulation as a structural component to ensure feasibility and internal
consistency when worker mobility is allowed. This setting reflects realistic assembly environments
frequently encountered in practice and highlights a clear gap in the existing literature regarding the joint
consideration of worker mobility and heterogeneous task processing times. Motivated by this gap, the
present study develops an integrated assembly line balancing formulation that simultaneously accounts
for worker movement and worker-dependent task completion times. The resulting problem, which also
incorporates walking times between stations with the objective of minimizing cycle time, is denoted as
WW-WALBP-II.

The main contribution of this study is to address the WW-WALBP-II, an assembly line balancing
problem that integrates worker-dependent task durations with walking times between workstations
within a unified framework. To model this environment realistically, a MILP formulation has been
proposed. A lower-bound calculation method and a constructive heuristic are also suggested. The
constructive heuristic is then enhanced by a GA and local search mechanisms to efficiently solve larger
instances. The proposed meta-heuristic framework is evaluated against well-known, migrating bird
optimization (MBO), particle swarm optimization (PSO) and simulated annealing (SA) algorithms.
Furthermore, the study examines how key parameters, such as walking times and variability in worker-
dependent task durations, affect the overall production rate. The analysis provides valuable insights into
how operational flexibility and worker heterogeneity influence line efficiency.

The rest of the article is organized as follows. While Section 2 defines the problem in detail, Section 3
presents the suggested MILP. Section 4 discusses lower bound computation methods and Section 5 gives detail
information about the constructive heuristic and GA based meta-heuristic. Section 6 presents experimental
studies and sensitivity analysis. Lastly, Section 7 concludes the paper and discusses future work.

2. Problem Definition
The WW-WALBP-II assigns a set of tasks i € I (where [ is the set of all tasks) to workers k € K (with
K as the set of workers) and workstations j € J (where J is the set of workstations). It schedules these

tasks according to precedence relations (rules dictating the order in which tasks must be performed),

Journal of Industrial and Management Optimization Volume 22, Issue 4, 1571-1608.



1577

cycle-time limits (maximum allowable time per production cycle), and worker-load restrictions (limits
on the workload assigned to each worker). The objective is to minimize the cycle time, consistent with
the Type-II assembly line balancing problem formulation. Cycle time is the time needed to complete
one full production cycle before another begins. It is equal to the maximum total workload among all
workers, where total workload consists of both the time spent processing assigned tasks and the time
spent walking between workstations to perform these tasks. Ultimately, the worker with the highest
combined task and walking time, also called the bottleneck worker, determines the cycle time, making
this metric the critical constraint for line performance.

Each task i has a worker-dependent processing time #;, which varies between workers due to differences
in skill levels and efficiencies. Workers can move between stations but are limited by a maximum station
interval . Walking times between stations influence task start times and, consequently, the total cycle
time. At the beginning of each cycle, each worker starts at their first station. Regardless of their final
station, they must return to their initial station before the next cycle starts. This ensures synchronization of
the production process. The main assumptions of the handled problem are given below:

(1) Each task must be assigned to only one workstation and one worker.

(2) Once a task is started, it cannot be interrupted.

(3) The assembly line has a straight-line structure, and a single model is produced.
(4) Precedence constraints among tasks must be satisfied.

(5) Task durations are deterministic.

(6) At least one task must be assigned to each worker, in line with the cyclic work pattern assumed in
the proposed formulation.

(7) Walking times between adjacent workstations are identical, reflecting a uniform workstation layout
and equal inter-station distances commonly adopted in assembly line modeling. (e.g., walking
time from station 1 to station 2 is the same as from station 2 to station 3).

(8) Walking times between workstations are independent of the worker, as walking paths and inter-
station distances are determined by the physical layout of the line rather than individual worker
characteristics.

(9) Walking times between workstations have a symmetric structure, as workers follow the same
physical path in both directions, resulting in identical travel times between station pairs.

(10) Only one worker can operate on a single semi-product, at any given time.

An illustrative example of the WW-WALBP-II is provided in Figure 1b, based on the precedence
diagram in Figure 1a with 2 workers. In this figure, task 1 and fask 2 at station 1, along with task 7
and task 8 at station 2, are assigned to worker 1. The remaining tasks (3, 4, 5, and 6) are assigned to
worker 2. After worker 1 completes task 1 and task 2 at station 1, worker moves to station 2 to perform
task 7 and task 8. The walking times from station 1 to station 2 are considered as 1 (wt;, = wtpy; = 1).
Once these tasks are completed, worker 1 returns to station 1 to start his first task of the next cycle
before it begins. As illustrated in Figure 1b, task 3 does not start immediately after fask 2 is completed.
The reason is that worker 2, who is responsible for performing task 3, is working on a different task
at station 2 during the time interval 5-6. The walking time from station 2 to station 1 during the time
interval 6-7 also contributes to the delay. After the last task in a cycle is completed, the walking times
to the stations where the workers need to be at the start of the next cycle are added.
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processing time

(2-5) (7-3) (2-3) 3-5) for worker 1

(3-6)

processing time
for worker 2
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I | 1
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(c1) Optimal solution when the workers are not allowed walking between the stations.

| | | : R | | | ]
0 3 5 8 110 2 5 8 11

(c2) Optimal solution when the workers are allowed walking among the work-

stations with neglecting walking times

ENFE EEErE - 8

| | | I I I f t
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| I I
3 5 7 10 12 130 3 6 9

(c3) Optimal solution when the workers are allowed walking among the stations considering

walking time.

[ Processing by worker 1 - Processing by worker 2 [ ] Walking or waiting process

Figure 1. Illustration of the worker-dependent precedence diagram, the optimal WW-WALBP-
IT solution, and optimal solutions under different walking assumptions.
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Since task times differ in ALWABP, assigning tasks to the fastest workers can boost efficiency and
line performance. If workers are not assigned to the same workstation for tasks they can perform quickly,
allowing them to move between stations can further enhance efficiency. However, ignoring walking
times can result in impractical solutions. Figure 1c illustrates the optimal solutions for minimizing cycle
time under three scenarios: (1) workers are not allowed to move between stations (Figure 1 c1); (2)
workers are allowed to move between stations, but walking times are ignored (Figure 1 c2); and (3)
workers are allowed to move between stations, with walking times of one unit considered (Figure 1 ¢3).
These cases, based on the precedence diagram in Figure 1a, demonstrate how worker movement and
walking times can affect production efficiency. Figure 1 shows that when workers are not allowed to
move between stations, the cycle time is 14 units. Allowing worker movement and ignoring walking
times reduces it to 11 units, though this assumption is unrealistic. When walking times of one unit are
included, the cycle time increases to 13 units. Thus, allowing worker transition between workstations
still improves production rate compared to fixed-worker lines.The following section presents the MILP
model of the problem, which is developed under the specified assumptions above.

3. Mathematical Model

The WW-WALBP-II is formulated as a deterministic MILP, where all problem parameters such as
walking times, worker dependent task durations and precedence constraints are assumed to be known
and fixed. The formulation is structured through linear assignment, timing, and sequencing constraints
that jointly ensure the feasibility of task execution and worker movements between stations. Within
this framework, the model simultaneously assigns tasks to stations and workers while considering
worker-dependent processing times and walking times between stations. It also determines the start
times and the cyclic movement of workers. Each worker begins the cycle at the station of their first
assigned task, and the walking time required to return from the last visited station to the start station
is explicitly incorporated. In this formulation, the cyclic work pattern is explicitly represented by
identifying a first and a last task for each worker. To maintain consistency with this modeling choice and
to avoid degenerate cycle definitions, at least one task is assigned to every worker. All sets, parameters
and decision variables used in the formulation are summarized in Table 2.

The objective function of the model is

minimize ¢ (3.1
Subject to

Dxy=1  Viel (3.2)

jeJ
Z wie=1 Viel (3.3)

keK
Z to-wy <ta; Niel (3.4)

keK

0<Il, Viel (3.5)

Journal of Industrial and Management Optimization Volume 22, Issue 4, 1571-1608.



1580

Table 2. Sets, parameters, and decision variables used in the WW-WALBP-II model.

Notations

Sets and Parameters

Tim
M
Binary variables
Xi j
Wik

Yip

rrip

rrrip

tSin
SWin
SWFip
Dlix
Dfi
Positive variables
C

l;

ta;

Number of total workstations

Number of total tasks

Number of total workers

Set of tasks (1,2,...,n)

Set of workstations (1,2,...,m)

Set of workers (1,2,...,wn)

Set of direct followers of task i

Set of direct predecessors of task i

Set of all followers of task i

Set of all predecessors of task i

Duration time of task i when it is performed by worker &
The required time for walking from workstation j to v
The value of station range a worker can travel

Total duration of maximum times of tasks (maximum times of each worker)
Sufficiently big number

Binary variable with value 1 if task i is assigned to station j

Binary variable with value 1 if task i is assigned to worker k

Binary variable used to model the sequential execution of tasks i and & when both tasks
are assigned to the same worker

Binary variable used to model the sequential execution of tasks i and & when they are
assigned to different workstations but processed by the same worker

Binary variable used to model the sequential execution of tasks i and & when both tasks
are assigned to the same workstation

Binary variable used to model whether task i starts before task &

Binary variable indicating whether tasks i and & are assigned to the same workstation
Binary variable indicating whether tasks i and & are assigned to the same worker
Binary variable with value 1 if task i is performed as a last task by worker k

Binary variable with value 1 if task i is performed as a first task by worker &

Cycle time
Positive variable with the interval 0 and c¢; shows the start time of task i in the worksta-
tion to which it is assigned

Actual processing time of task i computed according to the assigned worker
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li +ta; < c Viel 3.6)
.X,'j‘l‘thSl‘i‘SW,‘h VjEJ, VYiihel, i #h (37)
Dixy= D xS M-(=swy)  Vihel i#h (3.8)
jeJ jeJ
D xy= ) xS M-(l=swy)  Vihel i#h (3.9)
jeJ jeJ
Wik + Wik < 1+ swry, Vke K, Yi,hel, i+h (3.10)
Zk-wik—Zk.whkgwn-(l—swr,,,) Vi,hel i+h (3.11)
keK keK
Zk-whk—Zk-w,-kgwn-(l—swr,-h) Vihel, i#h (3.12)
keK keK
Yixmp< Y j-x;  Viel VheP, (3.13)
jeJ jeJ
Li+tay <L+T™ - (1—swy) Viel, YheP; (3.14)
ta,-Slh—l,'+T$fr’f-(2—swr,~h—rih) Yi,hel i<h (315)
tap < i — 1y + Toy - (1 — swriy, + 1) Yiihel, i<h (3.16)

ta; < Ly—Li—=wtj, + Tom - (4= SWripy— X;j— Xpy + SWip, — ') Yijhel, i<h,Vjveld j#v (3.17)

sum

tap < Li—=l—wt, j+ Ton - (3= SWrip— Xij— Xy + SWip +TT) Yijhel, i<h,Vjveld, j#v (3.18)

sum

ta; < Iy — L+ T - (2 — swy, — rrry,) Yi,hel i<h, VjelJ (3.19)

sum

tay < L= 1, + TS - (1 — swy, + rrryp) Yi,hel, i<h, VjelJ (3.20)

- sum
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D Gaj=xi) <Y+ M-(L=swry)  Vihel

jeJ

D Gymx) SY+M-(L=swry)  Vihel

jeJ

L=l <T™ .ts;  Yi,hel, i+h
Zpl,-kzl Vk e K
Zpﬁkzl Vk e K
pla < ply+ B —ts—wy —wiw)  VkeK, Vihel i#h
P < pfic + (B = tsi — wix — Win) VkeK, Vi,hel, i+h

pl,-kSw,-k VYiel, YVke K

pfia < wi Viel, Vke K

czl,-+tai—TmaX-(4—plik—pfhk—x,-j—xhv)+wtjv Vi,hel, Yjveld, Vk e K

sum

SWin, SWFin, ESin, Fin, TFip, 177y € {0, 1} Yi,hel

Wik, Pli, pfic €10, 1} VYiel, Yke K

x;; € {0, 1} Viel, Vjel

OSli,OStal’ Yiel

(3.21)

(3.22)

(3.23)

(3.24)

(3.25)

(3.26)

(3.27)

(3.28)

(3.29)

(3.30)

(3.31)

(3.32)

(3.33)

(3.34)

(3.35)
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The objective (3.1) of the suggested MILP is to minimize the cycle time. Constraint set (3.2)
assures that each task is assigned to only one workstation. Constraint set (3.3) ensures that exactly
one worker performs each task. The actual processing time of a task cannot be lower than the time
required by the assigned worker to complete it, as enforced by (3.4). According to (3.5), (3.6), the
start and finish times of each task must be within the interval [0, c]. The constraint set (3.7)—(3.9) is
satisfied by appropriate values of swy,. If tasks i and A are assigned to the same workstation, sw;, = 1
by (3.7). Otherwise, when task i is assigned to a workstation with a higher index than task 4, sw;, = 0 to
satisfy (3.8); similarly, if task i is assigned to a workstation with a lower index than task A, sw;, = 0
to ensure (3.9). Constraint sets (3.10)—(3.12) regulate task assignments to workers via swry,. If tasks i
and & are assigned to the same worker, then swry;, = 1 by (3.10). Otherwise, when task i is assigned to a
worker with a higher index than task A, swr;, = 0 to satisfy (3.11), and when it is assigned to a worker
with a lower index, swry, = 0 to satisfy (3.12). Constraint sets (3.13) and (3.14) enforce precedence
relations. Precedence restrictions workstations basis is ensured by (3.13), while precedence for tasks
assigned to the same workstation is ensured by (3.14). Tasks assigned to the same worker must be
executed in sequence, which is guaranteed by (3.15)—(3.16). Thanks to the auxiliary variable r;;,, only
one of these two constraints is active at a time, ensuring that either task 4 or task i starts earlier. If tasks i
and & are assigned to the same worker but different workstations, either (3.17) or (3.18) becomes active.
Accordingly, either the start time of task 4 is computed as the completion of task i plus the walking time
wi;,, or the start time of task i is computed as the completion of task 4 plus the walking time wt, ;. Tasks
assigned to the same workstation must also be executed in sequence, which is imposed by (3.19)—(3.20).
Via the auxiliary variable rrr;,, only one of these constraints is active at a time, ensuring the correct order
between tasks i and /. Constraints (3.21)—(3.22) ensure that the distance (in station indices) between any
two tasks performed by the same worker does not exceed the walking range . Constraint (3.23) assigns
a consistent value to zs;,: if task i starts before task & (i.e., [; < [,,), then ts;, = 1. Since at least one task is
assigned to each worker, there must be exactly one first and one last task per worker, which is confirmed
by (3.24)—(3.25). Constraint (3.26) ensures that the last task of each worker in a cycle has the latest
start time among that worker’s tasks, while (3.27) ensures that the first task has the earliest start time.
According to (3.28)—(3.29), if task i is not assigned to worker k, then pl; and pf; cannot be equal to 1.
When task i at workstation j is the last task of worker k and task % at workstation v is the first task of the
same worker, constraint (3.30) becomes active. This constraint adds the required walking time wt;, to
the completion of the last task, i.e., /; + fa;. Finally, constraints (3.31)—(3.35) impose binary and sign
restrictions. Taken together, constraints (3.1)—(3.35) define the MILP model of the WW-WALBP-II.

4. Lower Bound Calculation

One of the commonly used lower bound (LBC;) is obtained by taking the greater of the average
minimum task time per worker and the maximum value among the minimum task times, as shown
in (4.1) [17].

Tom
LBC, = {max (tﬁf‘r’f, Sumﬂ 4.1)
wn

In Equation (4.1), T denotes the sum of the smallest processing time of each task, wn is the

number of workers, and t7** is the largest value among the minimum task times. LBC, can be tightened
by introducing new approaches suitable for the WW-WALBP-II. The extended lower bound, LBC,, can
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be obtained by using only constraint (3.3) and (4.2) together with the objective function (3.1), besides
the sign restrictions:

Z ti- wyg <LBC, Vkek (4.2)

iel

Although LBC, improves LBCy, it still relies on repeatedly solving an MM, which becomes compu-
tationally infeasible for large-sized instances. An alternative lower-bound calculation method for the
WW-WALBP-II is developed that does not rely on the MM approach. The procedure iteratively tests the
feasibility of candidate lower bound values and increases the bound step by step. The resulting bound,
denoted by LBC;3, together with the associated notation, is summarized in Table 3. In LBC;, feasibility
is checked by verifying whether the minimum total task load, increased by unavoidable required time
(URT), can be processed by the available workforce under the given cycle time. URT captures the
additional processing time arising when tasks cannot be executed at their shortest durations due to
task-station assignment limitations and walking requirements. By incrementally adding URT, the lower
bound becomes tighter for the considered assembly line configuration. Accordingly, ITEJBC3 denotes the
idle time associated with worker k at station j, reflecting the unavoidable workload imbalance in the
lower-bound calculation.

Table 3. Abbreviations and definitions for lower bound computation.

Abbreviation Definition

WMT; Set of tasks completed in the shortest time by worker k.

PS’J‘. Tasks assignable to station j among those completed the fastest by worker k, given a lower bound cycle time
and number of stations.

ITkBC3 Total required extra time for the tasks completed in the shortest time by worker k£ when the lower bound
cycle time equals LBCj.

ITE3C3 Total required extra time for the tasks completed in the shortest time by worker & when worker £ is located
at station j and the lower bound cycle time equals LBCj3.

SH’]‘Y Unavoidable extra time for tasks that could be assigned to station / but not to station j, completed by
worker k in the shortest time, when worker £ is located at station j and does not walk to another station.

wt?““ Minimum walking time from any station j to any other station.

URT Unavoidable required time assigned to the minimum total task load.

The general steps of calculating LBC; are outlined in Algorithm 1. This method follows the same
logic as LBC;. Given a lower bound value of the cycle time and a predefined number of stations, it is
not always possible to assign all tasks to the fastest worker. In such cases, an unavoidable required time
is added to the minimum total task load (T™n). Then, it is verified whether the total task load can be
performed with the given number of workers and the considered lower bound of the cycle time. If this
is not possible, the lower bound value is increased by one unit and the procedure is repeated until a
feasible bound is obtained. At the end of this iterative process, a new and tighter lower bound, denoted

as LBC;, is obtained.

URT can be easily calculated once the minimum total required extra time for the tasks completed in
the shortest time by worker k under the lower bound cycle time LBC3;, denoted by ITkBC‘*, is known.
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Algorithm 1 Computing LBC;

Input: LBC,, Tmin IT;BC% wn, problem information

sum?

Output: LBC;
: LBC; « LBC;
URT « >k IT;BC3 computed according to the current LBC;
while (T™" + URT) > (wn - LBC3) do
Increase the lower bound value by one unit: LBC; « LBC; + 1

Update URT « )« IT;BC3 computed according to the current LBC;
end while
Output: the computed LBC;

AN AR >

The value of IT;BC3 can be derived from Equation (4.3) if IT;JBC3 is available:
LBC; _ - LBC
IT," = min (1T, P<) 4.3)

Once the earliest (E;) and latest (L;) station intervals are computed, the set of tasks assignable to station j
with minimum processing time for worker k (PSIJ‘.) can be easily determined, indicating the tasks eligible
for assignment under the current lower bound cycle time.

The algorithm for computing the value of each ITE?C3 is presented Algorithm 2. One of the
assumptions of the considered problem is that each worker performs at least one task. It is evident that
every worker must be located in at least one workstation. When worker k is at station j, there are two
scenarios for the tasks that worker k performs in the shortest time and that are located at station /. In
the first scenario, worker k goes to station /, either directly from station j or via a nearby station, to
perform the required tasks. In the second scenario, worker k stays at station j and cannot complete the
fast tasks assigned to station /. This situation results in an increase in the value of T™ by SH’;.Z. Here,

SHIJ‘., is the unavoidable extra time for tasks that can be assigned to station / but not to station j, which
are completed in the shortest time by worker k (i € PSf \ PS'J‘.). It can be calculated using Equation (4.4).

S 9];1 _ Z (tgznd_min) _ t;nin) (4.4)

i€(PS}\PS)

—min)

7 . . . . . I‘lli . . . . .
Let £/"" be the minimum processing time for task i. tlQ is the minimum time to process task i

without the fastest worker. If at least two workers can finish a task in the shortest time, t;”i” and tﬁznd_mi")
will be the same. The sets PSIJ‘. are updated when the lower bound value is increased. Subsequently,
the list of tasks that can be assigned to station j can be easily determined once the earliest and latest
stations of each task are identified. By considering the minimum processing times of the tasks, the
line can be assumed to have a simple assembly line structure for determining the earliest and latest
station assignments, given a predetermined cycle time. The following Equations (4.5)—(4.6) are used to

compute E; and L; values for each task [46].

t;nin + Z t;lnin
E = heP; ( 4 5)
a LBC, '
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tmin + Z tmin
L N 4.6
i=m+ 1= '
m LBC, (4.6)
LBC;

Algorithm 2 Computing required extra time IT when worker £ is located at station j

kj
Input: &, j, LBC;, WMT,, PS']‘-, and problem information

. 77TLBC3
Output: IT;;

- Tnitialize IT,7< « 0; WMT, — WMT, \ PS%; J;  J\ {j}; Iswalked — false
2: while WMT; # 0 do
3. Update SG’;I for each [ € J; according to the new task allocation

4:  Find station / having the largest SH'J‘-,
5. if S6% > wi"™ then
6: IT, PO IT P + wrmin
7 if S¢%, > wrT™ + wi" then
8: Iswalked < true
9: end if
10: else
1 ITC « IT 7S + S6,
J j j
12 end if

13 WMT; « WMT; \ PS¢

14: Ji <« Ji \ {l}

15: end while

16: if Iswalked = true then

17: IT,EJBC3 — ITE3C3 + th“.li“ // add minimum return walking time to the initial station j
18: end if

19: Output: the computed IT-5<

kj

After computing the values of E; and L; for each task, the set of PS’J‘. can be calculated easily. If a
task i € WMT;, and station j is within the interval [E;, L;], then task i is inserted PSf (i€ PS’;). A task
may belong to more than one possible station assignment set. Therefore, directly summing the values of
SQIJ‘.I for each station when calculating ITt}B © would be misleading. To address this issue, the additional
required time is calculated using a task-based approach. It focuses on the set of tasks completed in the
shortest time by worker kK (WMT)) that are not assignable to worker k’s current station j.

As seen in Algorithm 2 first, the tasks at worker k’s current station are removed from WMTy, as no
extra time is needed for them. Then, the required sets and variables are arranged as shown in line 1 of
Algorithm 2. The algorithm is repeated until WMT}, is empty. As seen in line 3, S@’]‘., foreachl € J; are
recalculated, since changes in WMT; affect these values. Line 4 selects the station / with the largest SH’;,
among the remaining stations. The reason for choosing station / with the highest SQ’]‘.I is as follows. The
set PS} leads to the smallest increase in total workload when deciding if worker k should work at that
station. Specifically, if PS; > PS} and S#, > S¢, then having worker k move to station I instead of
station s minimizes the increase in total task load.
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When walking times are considered, the minimum walking time to the relevant station (wt?“i“) is
considered, and walking times between adjacent stations are assumed to be equal. As shown in line 5,
SQ’;I is compared with we™" to determine whether worker k should move to station I. If worker k’s
walking is sensible, the minimum walking time to station [ is added as ITE3C3 — ITE3C3 + wt?‘i“.
Otherwise, IT;J]?'C3 is updated as IT;JBC3 — IT;?C3 + SQIJ‘.I.

When a worker moves to another station, they must return to their initial station until the new cycle
starts. This requirement ensures the procedure’s consistency. This return process is managed by the
procedure in lines 7-8, where minimum return time is added to IT;].3C3 (see lines 16-17).

In summary, for each worker, tasks already assigned to their current station are removed from
consideration. The unavoidable extra times for remaining tasks are computed iteratively, choosing
stations that minimize total workload increase. Walking times are incorporated when moving between
stations, and return times ensure consistency. This process is repeated until all tasks are accounted for,
resulting in a tightened lower bound LBC;. In the computational experiments, the maximum of LBCj,
LBGC,, and LBGC; is used as the final lower bound to provide a tight reference value and to support the
assessment of solution quality.

5. Solution Methodology

The proposed solution methodology first establishes a feasible solution using a constructive heuristic.
This approach tries to build high-quality solution through a tailored encoding scheme that represents
task—station and worker relations. To enhance search, the constructive procedure is hybridized with
components of a meta-heuristic. GA operators are used to diversify the generated solutions. Compared to
single solution-based meta-heuristics, population-based methods offer enhanced robustness and adaptability
in complex scheduling problems. In particular, GAs have been shown to perform effectively in uncertain
and dynamic scheduling environments due to their population-based search structure [47]. Accordingly,
GAs are frequently adopted in assembly line balancing studies to effectively explore complex and highly
combinatorial solution spaces involving assignment and sequencing decisions [9,48,49]. Moreover, the
population-based structure of GAs allows the seamless integration of problem-specific constructive
heuristics, local search operators, and regeneration mechanisms, which is particularly suitable for the
proposed WW-WALBP-II.

5.1. Constructive Heuristic

Integrated encoding structures and priority-based representations have been widely employed in
various optimization and scheduling problems [50-53]. The proposed heuristic constructs a solution
from an integrated encoding scheme that represents both task order and station segmentation. The
encoding structure includes (n + m — 1) integer and (wn) continuous elements within the interval [0, 1].
The first (n + m — 1) integers encode a feasible task sequence, with (—1) marking station boundaries. The
next (wn) continuous elements specify worker priority for assignments. This representation is called the
feasible sequence (FS). It preserves task precedence relations and also embeds station segmentation
information. In an FS given in Figure 2 derived from the suggested precedence diagram (Figure 1a),
task 1 and rask 2 are assigned to station 1, whereas tasks (3—8) are assigned to station 2. Although
this encoding provides precedence feasibility and station grouping, it cannot alone determine worker
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assignments and start time of each task. Therefore, a constructive algorithm is required to decode the
FS and generate a complete feasible configuration.

Station seperator Worker selection priorities
1 2 -1 3 4 5 6 7 8 0.13 0.58
hd
Tasks for station 1 Tasks for station 2

Figure 2. Illustrative example of the encoding scheme.

The developed heuristic converts each FS into a fully defined solution. It assigns tasks to workers
and determines their execution order while minimizing the cycle time. Unlike standard ALBPs, in
WW-WALBP-II, workers are not fixed to a single station. They can operate within a limited range
of stations. Walking between stations introduces additional time and affects start times of tasks. The
procedure must consider precedence, walking limits, walking times, and cycle-time constraints together.

The algorithm sequentially selects tasks from the FS. It identifies feasible worker—station pairs
and schedules them to minimize the cycle time. This continues until all tasks are assigned. Standard
heuristics for ALBPs do not work here. Integrating the FS encoding with the constructive procedure
enables the proposed method to generate high-quality, feasible solutions for the complex WW-WALBP-II
environment. The steps of the procedure are given in Algorithm 3.

In the first step of the algorithm, required sets and parameters are defined, and their values are
determined (/ine 1). Steps in lines 2-33 are repeated until all tasks are assigned to a worker. Their start
and finish times are detected. In the step located in line 3, the value of srt is calculated as the earliest
start time. This is done by taking the minimum of the workers’ availability times (wrt;). If multiple
workers have the same earliest start time (srt), the worker k with the highest worker priority (wpy),
which reflects the preference or suitability for assignment, is chosen to receive the task, as stated in line
4.

Then, the earliest start time (earliesttime) is determined by comparing the et; values of the first task
iineach § ;, where § ; denotes the set of tasks assigned to station j (/ine 5). Only the first tasks at each
station are considered to satisfy precedence relationships, which means that tasks must be started in a
specific order based on defined dependencies between them. By examining the first task at each station
(lines 6-10), the algorithm checks whether there are multiple tasks with the same earliesttime; these
tasks are then added to the first task set (7°S ;), where T'S; contains such earliest-start candidates. Then,
in lines (11-15), it is checked whether the stations to which these tasks are assigned fall within the
selected worker’s walking range, and eligible tasks are included in the final candidate task list (7'S ;).
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Algorithm 3 Building a solution from the encoding schema of the Feasible Sequence (FS)

Input: Problem parameters and an FS

Output: Worker—task assignment (twa;), start times (/;), finish times (f?;), and cycle time (c)

1: Generate required sets S j and WP = {wpy | k € K} from FS; initialize WRT = {wrt;, = 0| k € K},

2: while (there is any task not yet assigned to a worker) do

37:

srt < mingy(wrt))
Select worker k € K such that wrt;, = srt and wp, is maximized.

ET ={et; =0iel}, TS, =0,TS, =0,ES ={es; =0 | ke K}, LS ={lsx, =0 | k € K},
S={csy=0keK},IS ={isy, =0 ke K},and U = K.

Determine the earliest ready time as earliesttime < min e, efg1, where S ; denotes the first task
J

in the ordered set § ;.
for each j € J do
if et; = earliesttime where i is the first element of S ; then
TSl — TS] U {l}
end if
end for
foreachie TS, do
if max(/s;, x;) — min(esy, x;) < ¢ then
TSZ — TSQ U {l}
end if
end for
if TS, = 0 then
U« U\ {k};
if U = ( then
Return infeasible; Break while loop
else
srt < min,y(wrt;); go to line 4
end if
else )
Select task i for assigning to worker k with mindif ference = minjers, (t — ")
i € {h| (tw — 1)) = mindif ference, h € TS}
Select station j fori € §;
end if
if srt = 0 then
[ « 0;is; « j; fli — i+ ty; wrty « fli
else
l; < max(earliesttime, srt + Wiy, ;); ft; < li + ty; wrty < ft;
end if
Update csy < Jj; twa; < k; es; « min(esy, j); Lsp < max(ls, j)
U—K;S;<8§;\{i}
if S; # ( then
ets} = ftl
end if

38: end while
39: Compute ¢ = maxgex(Wrtx + Wi, is,)
40: Output twa;, I;, ft;, and ¢

twa;: index of the worker assigned to task i; ;: start time of task i (0 < I; < ¢); f%;: finish time of task #; wtj;: required walking time from
station j to station I ; wrt,: time when worker k is ready to start walking or performing a task; wpy: priority value of worker k; S ;: set of
tasks assigned to workstation j from FS; ez;: earliest ready time of task i; FS: feasible sequence with separators and worker assignment
priority; is;: first station of worker k; cs;: current station of worker k; es;: earliest station visited by worker k; [s;: latest station visited by
worker k; x;: station index of task i.
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If TS, = 0, no task with the earliest time can be assigned to the worker; therefore, the worker is removed
from the set U to prevent its selection in the next iteration. If the set U becomes empty, no feasible schedule
exists for the given encoding. In this case, the encoding is penalized and the loop is terminated (line 16-19).
Otherwise, the srt value is updated to select a different worker (lines 20-21). If there are tasks in 7'S ,, this
means there are tasks that can be assigned to the selected worker within his/her walking range. The task i with
the lowest mindif ference value is selected (lines 23-26). The mindif ference value represents how much
the selected task’s duration differs from the shortest processing time that could be achieved by this specific
worker. A value of 0 means that the task is performed by the fastest possible worker. The station j, where task
i 1s assigned, is determined, and the next step is proceeded with. It is checked whether the task assigned to the
selected worker is the first task that the worker performs in the cycle (line 28). If so, the worker’s first station
is determined as is; < j, and without considering the walking times, the selected task’s start and finish times
and the selected worker’s ready time are updated (line 29). If not, the walking time from the station where the
worker was previously performing a task to the station j is added to the worker’s ready time. Note that station
J 1s where task i is assigned (lines 31). The start and finish times of task i are determined by considering the
maximum of the task’s ready time and the worker’s ready time. Then, the current station, earliest, and latest
stations for worker k are updated (/ine 33). The set U is reset to K, and task i is removed from S ; (line 34).
The earliest start time of the first task in the set S ; is updated as f7;, if S ; is not empty (lines 35-37). When
the “while loop” ends, all tasks have been assigned to a worker, and their start and finish times have been
determined. However, at the end of each cycle, each worker must walk from the last station to the station
where the first task of the next cycle is performed. This situation is considered in the calculation of the cycle
time, as shown in line 39. Finally, task—worker assignments, start times of the tasks, and the cycle time are
provided as the output.

5.2. GA Components

Constructive heuristic is integrated into a GA framework combined with a local search procedure to
further improve the solution quality and enhance exploration capability. The main steps of the procedure
are given in Algorithm 4.

5.2.1. Initial Population, Selection, Crossover, and Mutation

The initial population is a set of candidate solutions that initiates the GA search, influencing both
the diversity and quality of solutions. Population size, how many candidates are in the set, is one of
the most influential parameters, affecting both exploration and solution quality. In this study, the initial
population is generated randomly using the encoding scheme in S ection 5.1, and its size is determined
by preliminary experiments.

To achieve the goal of favoring high-quality individuals while maintaining sufficient diversity to
avoid premature convergence, this study employs a binary tournament selection mechanism, in which
two individuals are chosen at random and the better one is selected for reproduction. In the proposed
GA framework, crossover is applied with a probability of 1.0, meaning that every selected parent pair
undergoes the crossover operation. Although crossover is always applied, an elitist strategy is employed
to ensure that the best individual is preserved between generations. This elitist strategy prevents the loss
of high-quality solutions and supports steady convergence of the search process.
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Algorithm 4 Genetic Algorithm (GA)

Input: Problem information
Output: Best solution and corresponding cycle time

1: n « 0; Generate initial population (Pop,) randomly; CycleBest <« maxvalue, best solution

2: while (termination criteria is not met) do

3. Generate new population Pop,.; from Pop, by applying selection, crossover, and mutation
operators

4:  Evaluate and find the best chromosome

5. if rnd(0-1) < Pjocar; then

6: Apply local search I to the best chromosome
7. end if

8:  if rnd(0-1) < Pjocar2 then

9: Apply local search II to the best chromosome
10.  end if
11:  if obj(best chromosome) < CycleBest then
12: CycleBest < ob j(best chromosome)
13: Update best solution accordingly
14 end if
15:  if (regeneration condition is satisfied) then
16: Generate population Pop,,; randomly
17:  end if

18: n<n+1
19: end while
20: Output: CycleBest and best solution

The partially matched crossover operator proposed by [54] has been applied in the crossover method
with minor modifications to ensure valid offspring. Figure 3 illustrates the crossover process for the
considered problem. For obtaining offspring 1, a crossover point is selected, genes from position 0
to this point (including worker priority values) are copied from parent 1, and copied genes are then
removed from parent 2 before adding the remaining genes sequentially from it. Therefore, precedence
restrictions are not violated. The same procedure is repeated to obtain offspring 2.

The mutation operator introduces random changes into chromosomes to maintain diversity and
prevent premature convergence. The operator swaps a gene with its immediate neighbor gene if the
mutation rate (P,,.i0n) 18 met. This operation is applied only when no precedence relation exists
between the selected tasks (genes).

5.2.2. Local Search Procedure

Local search is executed in every iteration and is designed to be computationally efficient. Its
effectiveness is ensured by applying two different partial local search procedures to the best chromosome
of the current population, each of which is applied with a certain probability. This approach further
improves the best solution obtained in each generation.
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(crossover point)

ES
Parent 1 1 2 4 -1 3 6 8 5 7 0.06 0.80
*
Parent 2 1 2 -1 3 4 5 6 7 8§ 013 058
Offspring 1 Offspring 2
1 2 4 -1 3 6 ? ? 2 006 0.80 1 2 -1 3 4 5 ? ? ? 013 058
The sequence of remaining genes in parent 2 The sequence of remaining genes in parent 1

e o s T e - sfasoewm 7 2 4 o 5 o 5 N 7 [o0s om0

\_l \_JI_

1 2 4 -1 3 6 5 7 8 006 080 1 2 -1 3 4 5 6 8 7 013 058

Offspring 1 Offspring 2

Figure 3. An illustrative of crossover operator.

5.2.3. Local Search I

One primary cause of high cycle time is task imbalance among stations. The first local search
procedure aims to reduce the workload of the heaviest-loaded station, applied with a probability (Pjocalt).
The station with the highest load is identified in the encoding using ™" values. To reduce its load while
maintaining feasibility, a station boundary separator is swapped with a neighboring task to the left or
right. Consider a chromosome represented as (1,2,-1,3,4,5,6,-1,7,8,0.13,0.58) for a problem with
three stations, two workers, and the precedence diagram in Figure 1a. . The station workloads from 7"
are 5,9, and 6 for stations 1, 2, and 3. Since station 2 (tasks 3, 4, 5, 6) has the highest workload, reducing
it helps achieve a shorter cycle time. Neighbor solutions are generated by swapping fask 3 and —1 or
task 6 and —1. These solutions are then evaluated using the solution construction algorithm to check for
objective function improvement. Although this procedure generates few neighbor solutions each time, it
runs at every GA iteration, providing substantial cuamulative opportunity for solution improvement. The
algorithm steps are given in Algorithm 5.

5.2.4. Local Search II

The main limitation of local search I is its restricted neighborhood size. To overcome this limitation,
local search II is proposed as an alternative. This procedure generates a considerably larger set of
neighbor solutions and is applied to the best chromosome with a certain probability (Pjoca2). Specifically,
in local search II, a pair of adjacent tasks in the encoding is selected, provided there is no precedence
relationship between them. These two tasks are then swapped in their positions within the encoding to
create a neighbor solution. The objective value of this new solution is evaluated using the constructive
heuristic described in Section 5.1. The steps of the proposed procedure are summarized in Algorithm 6.

Swapping the positions of two adjacent tasks, or swapping a task with a separator, directly changes
the order in which tasks are performed. This reordering affects when tasks begin and how workers are
assigned. While this approach may not always yield improvements as significant as those from local
search I, using it alongside the GA increases exploration of possible task orders and helps produce
higher-quality solutions overall.

Journal of Industrial and Management Optimization Volume 22, Issue 4, 1571-1608.



1593

Algorithm 5 Local Search I

Input: Initial solution S, maximum number of consecutive non-improving iterations (N1,,,,), objective
value of S 0bj(S)

Output: Improved solution S *

I S*«S

20 Cpest €~ Ob](S *)

3. counter < (

4. while improvement observed in the last N1, iterations (counter < NI,,,) do

5: S’ « generate a neighbor of S * using a swap move, as described in Section 5.2.3

6: ¢ «—objS")
7. if ¢’ < cpeg then
8
9

S* S’ // accept improving solution
Chest < c // update Chest
10: counter «— 0 // reset the counter of non-improving iterations
11:  else
12: counter « counter + 1 //increase the counter of non-improving iterations
13:  end if

14: end while
15: return S

Algorithm 6 Local Search II

Input: Initial solution S, maximum number of iterations Itery,,x, the number of neighbors to explore in
each iteration Neighbor,ymper, Objective value of S 0bj(S)
Output: Improved solution S *

. §*«<§

20 Chest € Ob](S*)

3: Iter <0

4: while the maximum iterations have not been reached (Iter < Itery,y) do
5. Iter « Iter + 1

6:  counter < 0 // counter for the neighbors explored in this iteration
7. for (counter < Neighborymper) do

8: S’ « generate a neighbor of S using a swap move, as described in Section 5.2.4
9: ¢ —obj(S’)

10: if ¢’ < cpege then

11: ST S’

12: Chest < C’

13: break the for loop

14: end if

15: counter «— counter + 1

16: end for
17: end while
18: return S

5.2.5. Regeneration and Parameter Tuning

Toward the end of a GA, all chromosomes tend to converge and resemble the best chromosome found
so far [55]. To prevent premature convergence, the degree of similarity between the population and the
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best chromosome is periodically measured. If this similarity ratio exceeds a predefined threshold, the
entire population is regenerated randomly. This mechanism effectively maintains population diversity
and ensures exploration of new regions in the search space. The similarity ratio is calculated using
Equation 5.1.

popsize ~(n+m—1)
i=1 by SCij

SR = 100 - = 5.1
popsize-(n+m—1) .1

In this calculation, sc;; is assigned a value of 1 when the j” gene of chromosome i matches the
j™ gene of the best chromosome; otherwise, it is assigned a value of 0. The similarity ratio (SR)
is calculated every 20 iterations by summing sc;; values across the population and dividing by the
total number of genes. If SR exceeds the predetermined threshold value (S Ryyeshola)> the entire current
population is randomly regenerated. Parameter tuning was conducted via preliminary experiments for
the suggested GA and the comparative meta-heuristics considered in this study, which are described in
the following section. The tested and selected parameter values are presented in Table 4.

Table 4. Parameter tuning of the proposed and comparative algorithms.

Parameter Algorithm Tested values Selected value
ps GA, PSO n; 2n; 3n; 4n 3n
S Rinreshold GA 75; 80; 85; 90 80
Potation GA 0.02; 0.05; 0.08; 0.10 0.05
Piocant GA, PSO 0.70; 0.90; 1.00 0.90
Piocarn GA, PSO 0.70; 0.90; 1.00 0.90
A GA, PSO 0.25wn; 0.5wn; wn wn
Iter ., GA, PSO 3n; 5n; Tn S5n
Neighbor,mper GA, PSO nyn/2;n/3; n/4 n/3
B MBO 11;15;19; 23 15
H MBO 6; 10; 14; 18 10
q MBO 6; 10; 14 10
X MBO 2;4;6 6
Cooling,q. SA 0.85; 0.90; 0.95; 0.98 0.95
Tempin, SA 5000; 10000; 15000; 20000 10000
NN ach temp SA n; 2n; 4n; 6n 4n

ps: population 8ize; S Ryneshola: Similarity threshold for regeneration; Ppyaion: Mutation rate; Piocai and Pocan: probabilities of applying
Local Search 1 and 2; Itery,,: maximum number of iteration for the local search; Neighbor,,mpe:: number of neighbor solutions per local
search; NNeach emp: Number of neighbor solutions per temperature level in SA; B: total number of birds (solutions) in the population;
H: number of improvement steps applied to the leader bird and its following birds during each iteration of the MBO; ¢g: number of
neighboring birds generated in an iteration around the leader bird; x: number of the best remaining neighboring solutions shared with
other birds. Cooling,,.: cooling rate in SA; Tempy,;: initial temperature;

5.2.6. General Information About Comparative Algorithms

To evaluate the effectiveness of the proposed GA, its performance is compared with well-known
meta-heuristic approaches frequently used in assembly line balancing problems, namely SA, PSO,
and MBO. The considered problem includes characteristics that are not directly addressed by existing
algorithms in the literature. Therefore, the PSO algorithm originally developed for the ALBP by [56] is
adapted to the present problem by incorporating the proposed solution construction scheme and the local
search procedures developed in this study. To ensure methodological consistency, the same solution
construction framework is employed across all comparative algorithms. The SA algorithm proposed
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by [55] is similarly adapted for comparative purposes. The MBO algorithm proposed by [57] is included
as a comparative approach due to its competitive performance in assembly line balancing problems and
its inherent improvement mechanism embedded within the search process. For detailed information
about the comparative algorithms SA, PSO, and MBO, the reader is referred to, [55-57].

6. Experimental Study

The effectiveness of the proposed solution methods and the impact of key parameters, such as
walking times and task variability, are evaluated using a benchmark dataset created in this study. The
following subsection provides information about the dataset.

6.1. Dataset

A dataset of 99 test instances was generated by modifying 11 well-known precedence diagrams.
These diagrams are commonly used in ALBP studies and most of them are publicly available at
https://assembly-line-balancing.de/. Only precedence diagrams of Instances 13, 15, and
17 were specifically generated within the scope of this study, in order to examine how the MMs
perform at these problem sizes. The number of tasks ranges from 8 to 58. Two main parameters
directly influence solution quality: (i) variations in task processing times among workers can affect task
allocation efficiency, and (ii) walking times between stations may increase overall completion times and
disrupt workflow. Accordingly, three test scenarios were generated by varying the degree of task-time
variation across workers. This design enables a direct assessment of the impact of worker-dependent
task times on task assignments. In addition, three further scenarios were created by varying walking
times between stations. These scenarios allow an evaluation of how worker mobility influences overall
system performance. Table 5 summarizes the parameters used to characterize the test problems.

The first column of the table presents the average task processing times t;77 . It is calculated as
the mean of all task completion times by all workers (tyif.. = % Yier ). Here, t; denotes the average

processing time of task i across all workers.

Table 5. Characteristics of the generated test instances.

Precedence 1D n # overage o o, o3 wty wt, wt;
Bowman 1 8 9 {9.44, 9.06, 8.81} 0.80 1.50 2.04 1.00 2.00 4.00
Mansoor 2 11 9 {12.05, 12.05, 12.14} 1.10 1.48 2.38 1.00 2.20 3.20
Jackson 3 11 9 {4.41, 4.00, 4.05} 0.45 0.64 0.96 1.00 2.00 3.00

Instancel3 4 13 9 {9.62,9.62, 9.62} 1.52 1.74 2.39 1.00 2.00 3.00

Instancel5 5 15 9 {13.71,13.71, 13.71} 3.08 4.61 5.36 1.33 2.33 3.67

Instancel7 6 17 9 {12.59, 12.75, 12.75} 2.67 3.08 3.78 1.33 2.33 3.67
Roszieg 7 25 9 {5.55, 6.06, 6.99} 1.68 3.21 4.50 3.00 4.35 5.25

Buxey 8 29 9 {10.81, 10.91, 10.73} 1.08 2.31 4.31 2.10 3.00 7.00
Gunther 9 35 9 {13.46, 13.31, 13.43} 1.41 2.53 5.76 3.00 4.35 5.25
Kilbrid 10 45 9 {11.93, 11.79, 12.00} 1.35 2.60 5.75 247 3.67 5.30
Warnecke 11 58 9 {26.84, 27.19, 27.84} 3.38 4.96 5.71 3.14 4.33 5.93

tnean . mean of task durations for all workers; o-1—o3: standard deviations for three task—time variation levels; wt;—wt;: average walking

average*

times for three configurations.

The second parameter measures the degree of variation in task processing times among workers.
It indicates the extent to which the processing time of each task deviates from its average value. The
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standard deviation for each task i is computed using Equation (6.1):

o = /ZkK(ltTkl‘t)z 6.1

In Equation 6.1, t; represents the processing time of task i by worker k, t; is the mean processing time
of task i, and |K] is the total number of workers. Another important parameter is the average walking
time among workstations, and this value can be computed using Equation 6.2

1
WthveeL;rLll e = Wtjl (62)
O H-d-1 (j’,;j#

Three different values were considered for the average walking time between stations. In the first
case, walking times are low. In the second case, they are at a medium level. In the third case, walking
times are high. Table 5 shows that the first precedence diagram (Bowman) includes eight tasks. Three
different examples were created by varying the task durations. For these examples, the average task
time ranges between 8.81 and 9.44. The average standard deviations of the task times are 0.80, 1.50,
and 2.04. The average walking times are 1, 2, and 4, respectively. By combining the three levels of task
times and walking times (3 - 3 = 9), nine test cases were made for each precedence diagram.

6.2. Time Complexity and Convergence Behavior

The computational runtime of the proposed GA depends on the population size as well as the number
of tasks, workers, and stations. Therefore, the convergence behavior should be examined in relation to
the algorithm’s computational complexity, since both are affected by problem parameters such as the
number of tasks, workers, and stations. Each fitness evaluation focuses on the solution construction
phase, during which tasks are assigned to workers and stations through iterative decision-making
and feasibility checks subject to task precedence relations, station capacities, and worker-specific
parameters. The computational effort of a single evaluation scales linearly with the number of tasks
and workers. Since each evaluation is performed once for every solution in the population at each
generation, the overall time complexity of the algorithm per run can be expressed, in asymptotic terms,
as O(g - ps - f(n)), where g denotes the number of generations, ps is the population size, and f(n)
represents the computational cost of a single solution evaluation as a function of the problem size.

Figure 4 depicts the convergence behavior of the examined algorithms. The problems are based on
the Gunther and Buxey precedence diagrams with varying the values of o. Specifically, Gunther(5)(1)(1)
represents a five-station problem (see Table 5) with low task-time variability (o = 1.41) and low mean
walking time (wrziZn ., = 3), while Gunther(5)(3)(1) corresponds to a high-variability case (o~ = 5.76).
The same notation and interpretation are adopted for the Buxey instances.

As shown in Figure 4, the GA, MBO, PSO, and SA algorithms quickly attain high-quality solutions
during the initial stages of the search, followed by a more gradual refinement phase. This behavior
indicates that the algorithms are able to efficiently exploit promising regions of the solution space early
in the search. This early stabilization suggests strong computational efficiency and fast convergence in
practice, even though each iteration may involve relatively high computational effort for GA.

Journal of Industrial and Management Optimization Volume 22, Issue 4, 1571-1608.



1597

125 125
120 Gunther (5)(1)(1) 120 Gunther (5)(2)(1)
° GA —#-PSO —4—SA —%-MBO ° GA —B-PSO —4—SA —%-MBO
= 115 = 115
- -
g 110 o 110
S g
2 105 £ 105
= =
o =)
100 100
95 ) 1 95 % 3
90 90
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Cpu Cpu
120 Gunther (5)(3)(1) 87
unther
115 Buxey(5)(1)(1)
2 110 GA A-PSO —4—SA —MBO o 82 GA —B-PSO —4—SA -%-MBO
o 105 > 77
= @
= Z
g £
3 9% - 2
90 e N 67 .
KKK ® »®—X L
85 62
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000
Cpu Cpu
85 90
Buxey(5)(2)(1) Buxey (5)(3)(1)
<0 GA —®-PSO —A—SA - MBO 85 GA--~M=PS0--—A—SA--~¥=~MBO.
E E
g 70 g
65
L o —— = X A A~ A~ A A
60 55 ot
0 20000 40000 60000 80000 0 20000 40000 60000 80000
Cpu Cpu

Figure 4. Convergence behavior of GA, PSO, SA, and MBO for Gunther and Buxey instances.

6.3. Computational Experiments

The mathematical models were solved using the CPLEX 22.1 solver on a web-based high-
performance computing platform, with a maximum computation time limit of 5400 seconds per instance.
The meta-heuristic algorithms were implemented and executed on a local workstation equipped with an
Intel 15 processor running at 1.3 GHz and 24 GB of RAM. Each meta-heuristic was allowed a runtime
proportional to the problem size. Specifically, the time limit was set to a maximum of 3 - n seconds,
where n denotes the number of tasks in the problem instance. The meta-heuristic may terminate earlier
if an optimal solution is reached, i.e., when the obtained solution matches the optimal result of the
MM or attains the corresponding lower bound. Due to differences in computing environments and
hardware configurations, runtime values are reported for descriptive purposes only and are not used for
direct performance comparisons between the mathematical models and the meta-heuristic algorithms.
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In contrast, runtime comparisons among the meta-heuristic algorithms are meaningful since they were
executed under the same computational environment. To ensure the reliability and robustness of the
obtained results, each test problem was solved five times.

6.3.1. Analyzing the Effect of Local Searches and Regenerating Strategy

This section examines how the integration of local search procedures and a regenerating strategy
influence the performance of the proposed GA. The performances of the algorithms are evaluated using
a set of test instances, and each test instance is solved 20 times with each algorithm. As is seen in
Figure 5, the variations in algorithm performance are first examined using boxplot-based comparisons,
while the statistical significance of the observed differences is assessed through nonparametric tests.
The following algorithm variants are considered: the pure GA (GA), GA enhanced with Local Search I
(GA-LI), GA enhanced with Local Search II (GA-LII), GA enhanced with both local searches (GA-
LI-LII), and versions incorporating the regenerating strategy (GA-R and GA-R-LI-LII). The boxplot
results indicate that local search operators generally improve solution quality compared to the baseline
GA, although no clear dominance is observed between the two local search variants. Combining both
local search operators yields only marginal additional improvements, whereas the regenerating strategy
exhibits a stronger positive impact on solution quality. The best overall performance is consistently
obtained by GA-R-LI-LII, particularly for the Gunther test instances.

Buxey (5)2X1) Buxey (5)2)2) Buxey (5)3)2)
6 6 B B 6l

645

@ GA “ “

B GA-LI E m
B GA-LII g e
B GAR ! !

Cycle Time

W GA-LI-LII
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Cycle Time
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Figure 5. Comparative analysis of GA variants based on boxplot statistics
Since all algorithms were evaluated on the same benchmark instances and the normality assumption
could not be ensured due to the limited sample size, nonparametric tests were employed. The Friedman

test was first applied to detect overall performance differences among the algorithm variants, followed by
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the Wilcoxon signed-rank test for selected pairwise comparisons. Comparisons between the baseline GA
and its improved variants were performed to quantify the individual contributions of the regenerating
strategy and the local search mechanisms. A direct comparison between GA—LI and GA-LII was
additionally included to examine potential differences between the two local search operators. Then
GA-LI and GA-LII were compared with GA-LI-LII to evaluate the effect of combining both operators.
Finally, GA-R was compared with GA—R-LI-LII to assess whether integrating local search with
regeneration leads to a statistically distinguishable improvement. The results summarized in Table 6
confirm that the improved variants significantly outperform the pure GA for the majority of the
benchmark instances. Moreover, GA-LII shows a stronger dominance pattern than GA-LI, and
regeneration provides a statistically supported performance gain when combined with local search.

Table 6. Wilcoxon signed-rank test results based on average performance.

Comparison N Z p-value Dominance pattern

GA - GA-R 6 -2.20 0.028 GA-R outperforms GA in all instances

GA - GA-LI 6 -1.99 0.046  GA-LI outperforms GA in 5 of 6 instances

GA - GA-LII 6 -2.20 0.028  GA-LII outperforms GA in all instances

GA-LI - GA-LII 6 -2.06 0.039  GA-LII outperforms GA-LI in 5 of 6 instances

GA-LI - GA-LI-LII 6 -2.21 0.027  GA-LI-LII outperforms GA-LI in all instances

GA-LII - GA-LI-LII 6 -0.63 0.528  No statistically significant difference

GA-R-LI-LII - GA-R 6 —1.46 0.144  GA-R-LI-LII outperforms GA-R in 3 instances (ties: 2; GA-R better: 1)

6.3.2. Analyzing the Suggested Solution Method

In this section, the comparative performance relationship between the proposed GA (uses both local
searches and regenerating strategy), MBO, PSO, SA, and the MILP is evaluated. Initially, the capability
of the MILPs to generate optimal or near-optimal solutions is assessed. This is followed by a comparison
of the meta-heuristics in terms of solution quality. The comparison is performed by measuring the
relative deviation of the solutions from the lower bound, calculated using Equation 6.3. The values of
LBC:s are derived as described in Section 4. If MILP identifies an optimal solution, the corresponding
LBC is updated accordingly.

Gogap = 100 - 221D = LBC (6.3)
ob j(sol)

Table 7 summarizes the effectiveness of suggested algorithms. For each problem, the table reports
the number of test instances. Then, it shows the average percentage gap between the obtained solutions
and the corresponding LBC values (%gap), as well as the average meta-heuristic CPU time required for
computation. The column labeled MILP presents the results from the mathematical model. An asterisk
(*) indicates cases where the solver failed to find a feasible solution within the time limit.

Each meta-heuristic was executed five times per instance. Their performance is reported in terms
of both the mean and best results over these runs. The average mean %gap is the mean deviation;
the best %gap is the minimum deviation over the five runs. Table 7 shows that the MILP produced
effective solutions for WW-WALBP-II instances with up to 17 tasks. However, for larger instances
(25 tasks or more), MILP frequently failed to produce feasible solutions within the 5400 seconds and
occasionally experienced memory limitations. For solvable instances, the GA consistently achieved
solutions with small deviation values relative to the MILP solutions, indicating its ability to approximate
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the optimal solutions closely. This demonstrates its superior efficiency and robustness in addressing
larger, more complex problems. GA has achieved solutions with deviations ranging from 8.73% to
17.80% on medium-sized instances (25 tasks or more). The small difference between the mean and best
values also shows the robustness of the algorithm. MBO, PSO, and SA are also effective, but perform
worse than GA. The MBO algorithm exhibits strong and stable performance for all instance sizes and
consistently outperforms SA and PSO, while remaining slightly inferior to the GA, particularly for
large-sized instances. The differences in performance are mainly related to the distinct search strategies
employed by the algorithms, with MBO providing a robust structured exploration and the GA exhibiting
greater adaptability in complex solution landscapes.

Table 7. Comparing the performances of the suggested solution methods
ID n # MILP SA PSO MBO GA

avr. CPU mean best CPU mean best CPU mean best CPU mean best CPU
% gap Jogap %ogap Jogap %ogap Jogap %ogap Jogap Yogap

1 8 9 0.00 4 0.30  0.30 5 042  0.30 5 030 0.30 5 0.30 0.30 5

2 11 9 0.00 1487 030 0.17 3 1.08  0.51 5 0.00 0.00 4 0.00 0.00 4

3 11 9 0.00 160  0.00 0.00 <1 0.00 0.00 <1 0.00 0.00 <1 0.00 0.00 <1
4 13 9 0.00 1286 2.63 2.63 39 270 263 39 263 263 39 263 263 39
5 15 9 193 5258 293 293 30 372 293 33 296 293 32 296 293 32
6 17 9 0.00 2950 3.71 3.71 71 447 371 71 371 371 71 371 371 71

7 25 9 5054 5400 23.13 2121 75 2237 1995 75 23.13 2046 75 18.50 17.80 75
8 29 9 5426 5400 1296 11.21 87 1401 11.84 87 11.18  9.90 87 9.51  9.24 87
9 35 9 * 5400 1475 1331 105 1426 1239 105 1456 1297 105 925 8.73 105
10 45 9 * 5400 20.26 1861 135 1810 15.12 135 1298 1135 135 11.28 1012 135
11 58 9 * 5400 17.87 16.00 174 1526 13.44 174 1036 9.64 174 10.08 9.60 174

* No feasible solution found within the given CPU time limit.

Bold values indicate the best performance among the all solution methods.

n: number of tasks; #: number of test instances; avr. %gap: average percentage gap; CPU: average computation time (s); mean %gap:
mean deviation from lower bound across five runs; best %gap: best deviation from lower bound across five runs.

Table 8 shows the overall performance of MILP and the four meta-heuristics on 99 test instances.
The results are presented in terms of the number of feasible solutions (#FS), number of optimal solutions
(#0S), number of best solutions (#BS), number of unsolved instances (#NS), and average percentage
gap (for the best solution among the five runs) from LBC (avr. %gap).

The MILP found 72 FS out of 99 instances. It achieved optimality in 52 of them, but failed to return a
solution within the time limit in 27 test instances. All meta-heuristics produced FSs for all 99 instances.
GA achieved the highest number of OSs (36) among the meta-heuristics, followed closely by SA (34),
PSO and MBO (33). Based on the number of BS, the GA also demonstrates superior performance
by achieving 80 BSs, whereas MILP and MBO exhibit nearly identical performance according to this
metric. Consistently with this observation, the GA outperformed the other methods by yielding the
lowest average percentage gap (5.91%). MBO also proves to be an effective approach, achieving the
second-best performance with an average gap of 6.81%. These gap values are deviations from a known
lower bound, which may not necessarily be optimal. In particular, for larger or more complex problem
instances, the known lower bound can be quite distant from the true OS, so the reported gap values
might overstate the lack of optimality.
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Table 8. Overall comparison of the suggested solution methods.

Algorithm # of instance # of NS # of FS # of OS # of BS avr. %gap avr. CPU (s)
MILP 99 27 72 52 53 13.35 3472.38
SA 99 0 929 34 39 8.11 67.22
PSO 99 0 929 33 40 7.51 69.15
MBO 99 0 929 33 52 6.81 68.15
GA 99 0 929 36 80 5.91 66.18

NS: no solution; FS: feasible solution; OS: optimal solution; BS: number of instances where the algorithm achieved the best-known
solution.

6.4. Sensitivity Analysis

A sensitivity analysis was conducted among three test instances to evaluate the impact of increased
walking times between stations (wrg77..) and varying levels of task duration variability (o) on the
production rate.

6.5. Analyzing the Effect of Task Time Variability and Walking Times

The sensitivity analysis of the three benchmark instances clearly shows that task duration variability
(o) 1s a key factor affecting production rate. Figure 6 shows the results of this analysis. In all cases, a
moderate increase in o leads to improved production rates. This improvement occurs because it enables
more effective line balancing and better resource utilization. The analysis also shows that increasing
walking time between workstations leads to longer cycle times, but only up to a certain threshold. As
shown in the Figure 6 (particularly in the Buxey and Rozsieg examples), further increases in average
walking time have no noticeable effect on production rates after the threshold. In summary, the key
findings are that task duration variability can enhance production performance under some conditions,
but achieving optimal results requires managing both task duration variability and walking time together.

Table 9 summarizes the results by degree of task time variability and presents walking time between
stations, based on the test instances that yielded OSs. In this table, the first column lists the problem
ID, and the second column indicates the number of instances solved for that problem group. The next
three columns display the average cycle times for task variability levels 1, 2, and 3. The columns are
presented in order. The final three columns show how changes in walking times affect the production
rate. The walking times range from low to high.

Table 9. Summary of the solutions according to degree of the variability of the task times and
the increase of the walking times.

ID # Avr. Sol. with different o Avr. Sol. with different w7
1 2 3 1 2 3

1 3 37.00 36.67 35.00 36.00 36.33 36.33
2 3 65.00 65.00 65.00 65.00 65.00 65.00
3 3 24.00 22.00 22.00 22.67 22.67 22.67
4 3 61.33 61.67 60.67 59.67 61.67 62.33
5 3 66.67 61.67 59.67 61.33 62.33 63.33
6 3 68.00 68.67 67.33 66.00 68.33 69.33

o task time variability; w7 . average walking time attribute between stations; #: number of solved instances; Avr. Sol.: average
solution value.
Bold values denote the lowest average solution value among the considered cases.
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Figure 6. Sensitivity analysis of different values of (o) and (w

As reported in Table 7, for the problem instances with IDs 1, 2, 3, 4, 5, and 6, lower cycle times
(i.e., higher production rates) were achieved with increased task duration variability. It can therefore
be concluded that higher production rates can be achieved for the instances with high task-duration
variability. This pattern is seen in problem groups 2, 4, 5, and 6. On the other hand, when examining
the effect of walking time, it is evident that, as expected, shorter walking times between stations lead
to shorter cycle times. These results demonstrate that in assembly lines where differences in task
completion times between workers are high and walking times between stations are low, allowing
workers to walk between stations can increase the overall production rate.

7. Conclusions and Future Research Directions

Optimizing assembly line balancing problems with walking workers and worker-dependent task times
remains a challenging yet highly relevant research topic. It directly depends on the operational realities
of production systems. This study addresses a novel problem configuration that jointly considers worker
mobility and heterogeneous task processing times within a unified framework. The main scientific
contribution of this study lies in jointly considering assembly line balancing with walking workers and
worker-dependent task times within a unified modeling and solution framework. To the best of our
knowledge, this integrated problem configuration (WW-WALBP-II) has not been explicitly addressed in
the existing assembly line balancing literature.

From a methodological perspective, a MILP formulation was developed to provide exact solutions
and benchmark optimality limits, while a tailored constructive heuristic and a GA-based solution
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approach were proposed to cope with larger instances. Comparative experiments against adapted MBO,
PSO, and SA algorithms demonstrate that although the MILP is effective for small-scale instances, its
applicability rapidly decreases as problem size increases. When exact solutions are obtainable, the
proposed GA produces solutions with deviation values close to the optimal solutions. This indicates its
capability to approximate high-quality schedules within reasonable computational effort. For medium
and large-sized instances, the GA demonstrates competitive solution quality and robustness.

The obtained results are consistent with empirical observations commonly reported in studies on
walking workers and ALWABPs. In particular, worker mobility can improve line performance when
sufficient slack is available in the cycle time [5,31,37], whereas its impact becomes more limited as
walking times increase. By jointly considering worker-dependent task durations and walking workers,
this study extends these observations to a more integrated and operationally realistic setting. While
walking times are considered explicitly, they are assumed to be fixed and workers independent. This
assumption does not influence feasibility but mainly affects bound calculations, allowing the analysis to
focus on the interaction between heterogeneous task assignments and worker capabilities. Nevertheless,
it allows isolating the interaction between task-time heterogeneity and worker mobility, providing a
clear baseline for future extensions.

From a managerial perspective, the results indicate that allowing workers to move between stations
can increase production rates, particularly in environments with higher cycle times and heterogeneous
worker capabilities. At the same time, explicitly accounting for walking times yields more realistic and
implementable solutions. However, the benefits of worker mobility are not unbounded, since excessive
walking times can limit the practical effectiveness of worker movement along the line. This insight
provides practical guidance for decision-makers when defining station spacing and worker movement
policies.

Future research may extend the proposed framework to more dynamic and uncertain production
environments. Possible directions include incorporating stochastic task durations, worker fatigue,
learning effects, and machine reliability. Hybrid configurations involving collaborative robots or multi-
manned workstations with walking workers and worker-dependent task times also represent promising
avenues for further investigation. From a methodological perspective, alternative exact and hybrid
solution approaches could be explored as complementary solvers.
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