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Abstract

Industrial progress has increased the need to improve the productivity of production
systems. In this context, optimizing the problem of allocating and balancing workers on a
multi-manned assembly line (MALW-a-BP) is a major challenge. This paper introduces a
mathematical model for this issue, as well as a hybrid genetic algorithm (h-GA) dedicated
to its solution, with a particular focus on multi-objective optimization, which includes
minimizing the cycle time and the total squared workload. Experimental results show that
the proposed method outperforms the classical version of the GA, thus confirming the
robustness and efficiency of the h-GA.

Keywords: assembly line balancing; multi-objective optimization; multi-manned workstations;
worker allocation; mathematical formulation; genetic algorithm

1. Introduction
Industry evolution and changing customer demands have put pressure on productivity

improvements. As a result, optimizing the Multi-manned Assembly Line Worker allocation
and Balancing Problem (MALW-a-BP) is a complex manufacturing challenge [1]. In this
situation, multiple workers are able to collaborate on the product at a single workstation,
removing the simple ALBP constraint of one worker per workstation [2].

The work of Zheng et al. [3] established a mathematical model (MM) for balancing
problems on two-sided ALs, incorporating additional constraints that take into account
worker skills and line efficiency. This model aims to maximize line efficiency while mini-
mizing costs associated with workers and the smoothing index as a multi-objective (MO)
problem. This study demonstrates the importance of an integrated heuristic method for
solving the problem. Furthermore, a study by Moreira et al. [4] addressed the integration of
workers in the production process, and proposed regularity and cycle time (cyt) criteria as
metrics to assess worker integration and productivity. This approach highlights the need to
optimize not only task allocation but also the interaction between workers to maintain high
levels of productivity. In addition, the researchers present a MM and develop heuristics to
address this issue. Furthermore, the study by Yilmaz and Yilmaz [5] on the MALW-a-BP,
considering assignment constraints, highlights the importance of minimizing the number of
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workers for a given cyt. In addition, the tabu search method is developed as a metaheuristic
to solve the test problems.

In addition, the literature has recently seen notable methodological advancements. For
instance, Hashemi-Petroodi et al. [6] proposed an advanced method for task assignment
in mixed-model MALs (MiM-MALs), focusing on the complexity and variability inherent
in modern production environments. To address large instances, they used two heuristic
approaches. In a recent work of the same authors [7], an innovative approach based on
Markov decision processes was developed to model the interactions between tasks and
workers dynamically. This approach addresses the task assignment problem in MALs,
which include MiM and walking workers.

Numerous reviews and studies in the literature recommend using hybrid approaches
to address MO-ALBPs [8–11]. Consequently, this paper introduces a new MM for the
MO-MALW-a-BP and proposes a hybrid genetic algorithm (h-GA) dedicated to its solution.
The goals of the MM are the minimization of cyt and workload imbalance. The rest of this
article is divided into three sections. Section 2 presents the formulation of the MO-MALW-
a-BP. Section 3 contains the proposed h-GA and the computational results of the problem.
Section 4 summarizes the conclusions.

2. Mathematical Model of MO-MALW-a-BP
In this study, the authors propose a multi-objective mathematical model for the MALW-

a-BP in a hybrid parallel–serial AL to manufacture a single product. The goal is to optimize
two objectives simultaneously: cycle time minimization and workload imbalance minimiza-
tion. Azizoğlu and İmat [12] demonstrated that, in order to obtain a smoothed workload, it
is equivalent to minimizing the sum of workloads squared. The notations employed in this
work to analyze the problem are listed below.

2.1. Notation

t, k ∈ T = {1, . . . , nut} Task index, where nut is the number of tasks.
s ∈ S = {1, . . . , nus} Workstation index, where nus is the number of workstations.
e ∈ E = {1, . . . , nuw, aw } Worker index, where nuw is the number of regular workers, aw is the auxiliary worker,

and nuw + 1 is the number of stations.
r ∈ {1, . . . , nuw} Regular worker index.
trt Time of task t when performed by the rth worker.
tat Time of task t when performed by the auxiliary worker.
cytmin

Lower bound of cyt.
Pt Set of predecessors of the tth task.
Sws Sum of workloads squared.
Idt Idle time.
ste

ts Start time of the task t allocated to worker e at workstation s.
f te

ts End time of the task t allocated to worker e at workstation s.
SKts = {K1, K2 . . . , Kn} Set of tasks assigned to a regular worker during the performance of task t by the

auxiliary worker at workstation s, taking into account the fact that both workers are
working simultaneously at the same workstation.

Ste Set of tasks assigned to the worker.

ztse =

{
1, if task t is assigned to worker e at workstation s
0, otherwise

yse =

{
1, if worker e is working in workstation s
0, otherwise
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2.2. Mathematical Model

Min cyt (1)

Min Sws =
nuw+1

∑
s=1

(
∑nut

t=1 ∑
e∈E

tet·ztse

)2

(2)

subject to

∑
s∈S

∑
e∈E

ztse = 1, ∀t ∈ T (3)

nuw

∑
r=1

ysr = 1, ∀s ∈ S (4)

nus

∑
s=1

ysaw = 1 (5)

nut

∑
t=1

nuw

∑
r=1

trt·ztsr ≤ cyt, ∀s ∈ S (6)

∑
s∈S

∑
e∈E

s·zhse ≤ ∑
s∈S

∑
e∈E

s·ztse, ∀t ∈ T, ∀h ∈ Pt (7)

ysaw ≤
nuw

∑
r=1

ysr, ∀s ∈ S (8)

nut

∑
t=1

tat·ztsa ≤
nut

∑
t=1

nuw

∑
r=1

trt·ztsr, ∀s ∈ S (9)

f te
ts = ste

ts + tet, ∀t ∈ T, ∀e ∈ E, ∀s ∈ S (10)

staw
ts ≥ str

K1s, K1 ∈ SKts, ∀r ∈ E\{aw}, ∀t ∈ Staw (11)

f taw
ts ≤ f tr

Kns, Kn ∈ SKts, ∀r ∈ E\{aw}, ∀t ∈ Staw (12)

ztse, yse ∈ {0, 1}, ∀t, s, e (13)

The aim of this study is to reduce cyt (1) and Sws (2) simultaneously. Constraint (3)
guarantees that each task t is allocated to a single worker e ∈ E at a single workstation s.
Constraint (4) ensures that only one regular worker can be assigned to workstation s.
Constraint (5) ensures that the auxiliary worker is assigned to exactly one workstation.
Constraint (6) represents the cycle time constraint. Constraint (7) guarantees the priority
relations between the set of tasks T. Constraint (8) guarantees that the auxiliary worker
can only be allocated to workstation s if a regular worker is also assigned to that work-
station. Constraint (9) ensures that, in a multi-manned workstation, the total processing
time of tasks allocated to the auxiliary worker is less than or equal to the total processing
time of tasks assigned to the regular worker, who is working at the same workstation.
Constraints (10), (11), and (12) define the completion time for the whole group of tasks
allocated to a multi-manned workstation. Constraint (13) represents the domain of
the variables.

3. Proposed h-GA and Computational Results
As MO-MALW-a-BP is an NP-hard problem, metaheuristic approaches are re-

quired [13]. For this reason, h-GAs have been developed to find the best solution. The
general structure of the proposed h-GA is based on the following three fundamental stages:

1. Representation scheme and creation of initial population:
A genetic representation, based on random keys inspired by Bean [14], is used at
this stage to construct a set of solutions representing the initial population Pi. Each
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chromosome is made up of genes representing tasks, where each assigned value
determines the order in which they are processed. This technique guarantees that the
predecessors of the tasks are respected.

2. Fitness evaluation and selection:
The proposed method is divided into two distinct stages to optimize task allocation
and workload distribution in manned workstations.
In the first stage, once Pi has been generated, the algorithm allocates tasks by prioritiz-
ing the workstation with the largest number of available workers (wsmax). In this stage,
an additional heuristic based on “shortest processing time St

p” is applied to select the
regular worker with the minimum sum of processing times, who will then be assigned
to wsmax. To ensure that the constraints of multi-manned workstations are respected,
the algorithm determines the start and end times (ste

ts, f te
ts ) of each assigned task.

When the workstation reaches its cytmin
, the process opens the next workstation.

To improve the quality of the generated assignments, a dynamic optimization phase
has been integrated into the algorithm at the second stage. This phase is based on
an innovative mechanism for reorganizing tasks between workstations, designed to
maximize the efficiency of the algorithm while respecting the constraints imposed.
The mechanism is based on the following steps:

• Transfer search: A systematic analysis is performed to identify tasks assigned
to the largest workstation that could be transferred to the smallest workstation
while respecting priority constraints.

• Comparative evaluation: Once the candidate transfers have been identified,
a comparative evaluation is performed to determine if the new configuration
offers significant improvements over the previous one. If the new reorganization
reduces cyt and Sws, the previous configuration is replaced by the new one,
which is then stored in memory.

Furthermore, the algorithm applies the “fixed weights approach” [15], ensuring that
the normalization constraint ∑2

j=1 zj = 1 is respected. Consequently, the fitness
function is defined as follows:

Ff =
1

z1 · cyt + z2 · Sws
(14)

Thereafter, to produce a new population, an elite preservation technique [16] is applied
to ensure that the best individuals are passed on to the next generation.

3. Crossover and Mutation:
To improve the quality of the new population, the cycle crossover (CX) that was
originally presented by Oliver et al. [17] is utilized, as shown in Figure 1.
Afterwards, the scramble mutation (SM) is employed, as illustrated in Figure 2, as
it was first presented in the context of ALBP by Leu et al. [18]. Following this,
the algorithm checks the precedence constraints of the final population to apply
Equation (14) and identify the best solution.

The proposed h-GA is developed in Python 3.13 on a PC with 16 GB RAM. Its ef-
fectiveness is evaluated using two numerical examples with s = 2. The case study data
are illustrated in Table 1 and Figure 3, and the results are compared with those obtained
with GA, considering that the algorithm creates a random Pi and calculates cytmin

using the
following Equation (15) [19,20].

cytmin
=


∑nut

t=1 min
∀r

(trt, tat)

s + 1

 (15)
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Figure 1. Example of CX.

Figure 2. Example of SM.

Table 1. Problems data.

t

Problem 1 P(1) Problem 2 P(2)

Pt
e

Pt
e

nu1 nu2 aw nu1 nu2 aw

1 {∅} 1 2 1 {∅} 10 13 10
2 {∅} 3 2 1 {1} 14 15 12
3 {∅} 2 1 2 {1} 9 11 13
4 {2, 3} 3 2 1 {1} 7 11 11
5 {1} 3 3 2 {2} 15 17 15
6 {4, 5} 5 5 1 {5} 12 13 10
7 {6} 2 2 1 {3, 4} 10 10 15
8 {4} 2 1 2 {7} 15 15 15
9 {4} 3 2 1 {∅} 10 9 10

10 {7, 8, 9} 3 3 1 {6, 8, 9} 10 14 9
11

-

{6} 16 18 14
12 {11} 11 16 13
13 {9} 13 13 12
14 {10, 13} 10 12 7
15 {12, 14} 9 11 11
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Figure 3. Precedence graphs for P(1) and P(2).

After obtaining a sequence of tasks respecting the precedence relationships, the GA
assigns tasks to workstations until the duration of a workstation exceeds cytmin

. The
parameters used for both algorithms are presented in Table 2.

Table 2. GA and proposed h-GA parameters.

Parameters
Values

P(1) P(2)

Population size 10 20
Number of generations 100 200

Elite 50% 50%
Crossover rate 0.3 0.3
Mutation rate 0.2 0.25

The previous table (Table 3) shows that both algorithms produce solutions that respect
the MO-MALW-a-BP constraints presented in Section 2. However, the proposed method
shows a higher efficiency compared to the classical version of GA. For the first problem (P1),
which is small, the h-GA produced an optimal solution with (cyt = 5, Sws = 66, Idt = 0)
compared to (cyt = 8, Sws = 98, Idt = 8) for the GA, indicating a perfectly balanced dis-
tribution of tasks and optimal utilization of workers. For the second problem (P2), the
differences between the two approaches are even more marked. The proposed approach
achieves the best solution with cyt = 61, Sws = 10146, and Idt = 9, while the classical
version of the GA obtains its best solution with cyt = 69, Sws = 11041, and Idt = 32.

A comparison of the two approaches clearly demonstrates that the h-GA exhibits
higher performance in terms of optimal solutions and stability for scheduling and assign-
ing tasks to manned workstations. This improvement can be attributed to two primary
processes integrated into the hybrid approach: (1) task and worker selection heuristics;
(2) a dynamic task reorganization mechanism. These combined heuristics promote bal-
anced workload distribution while satisfying multiple objectives. As a result, the proposed
h-GA is robust to problems of different sizes and is an effective solution to complex
industrial constraints, while ensuring a significant improvement in the productivity of
production systems.
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Table 3. Results of the proposed h-GA and the GA for P1 and P2.

The best solution The h-GA
[3,1,5,2,4,8,9,6,7,10]

The GA
[1,3,5,2,4,8,9,6,7,10]

P(1)

s e Ste cyt Sws Idt e Ste cyt Sws Idt

1
nu2 {3, 5, 8}

5 66 0

nu2 {1, 3}
8 98 8

aw {1, 2, 4, 9, 6}

2 nu1 {7, 10}
nu1 {5, 8, 10}
aw {2, 4, 9, 6, 7}

The best solution The h-GA
[1, 4, 3, 7, 9, 2, 8, 5, 6, 13, 10, 14, 11, 12, 15]

The GA
[9, 1, 13, 2, 4, 5, 3, 7, 8, 6, 11, 12, 10, 14, 15]

P(2)

s e Ste cyt Sws Idt e Ste cyt Sws Idt

1
nu1 {1, 4, 3, 7, 8, 10}

61 10146 9

nu1 {9, 1, 13, 2, 4}
69 11041 32

aw {9, 2, 5, 6, 11}

2 nu2 {13, 14, 12, 15}
nu2 {5, 7, 8, 12, 15}
aw {3, 6, 11, 10, 14}

4. Conclusions
In this study, the authors proposed a mathematical model to address the MO-MALW-a-

BP and demonstrate the effectiveness of the proposed h-GA with two goals: minimizing the
cycle time and minimizing the total squared workload. The results show that the proposed
approach outperforms the classical version of the GA. The robustness of this approach is
based on the integration of heuristics that facilitate the exploration of the search space and
the optimal assignment of tasks to workstations.

In future works, the proposed h-GA can be utilized to solve U-shaped issues for
MO-MALW-a-BP, taking into account several supplementary constraints.
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