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Abstract

Traditional assembly line balancing problems (ALBP) aim to assign tasks to stations to meet specific
production targets, but in practice, the problems can be extremely complex because of the additional
factors, such as robot or automated equipment alternatives. The robotic assembly line problem is a
broad and challenging variant of traditional lines. Designing and balancing robotic assembly lines are
crucial in manufacturing to optimize productivity, efficiency, and flexibility. In this study, we propose
a heuristic algorithm that provides practical and effective solutions for robotic assembly line balancing
problems (RALB). We aim to assign robot and task combinations to workstations simultaneously with
the objective of minimizing the system cost, including the cost of installing new robots and opening
new workstations. We evaluate the algorithm's performance on a large set of random problem in-
stances by using statistical methods. We conclude that feasible and good solutions can be found easily,
even for large-scale problems, in short processing times.

DOI: 10.30657/pea.2026.32.26

1. Introduction

Over time, production systems have become more complex
with the increasing variety of products and manufacturing al-
ternatives. This complexity is caused by the constantly chang-
ing customer demands for various and customized products
and manufacturers' desire to design production systems to in-
crease productivity and produce a wide range of products.
Therefore, manufacturers' efficient use of resources is the
main focus when managing these complex assembly lines.
The importance of balancing the assembly lines and optimiz-
ing the usage appears at this point.

The ALBP is essentially about assigning tasks to work-
stations to find effective solutions for a specific objective,
without violating the line's constraints. However, each assem-
bly line has its unique structure and requirements, leading to
various versions of the basic problem in the literature. These
variants consider different objectives and characteristics such
as product, layout, workflow, and task time. As a result, a mul-
titude of problems and solution methods have been explored
in the literature (Battaia and Dolgui, 2013).

@ © 2026 Author(s). This is an open access article licensed
under the Creative Commons Attribution (CC BY)

License (https://creativecommons.org/licenses/by/ 4.0/).

In this study, we mention the importance of realistic assem-
bly lines by including robot allocation and aim to expand the
literature with a new perspective. Our main problem is to as-
sign tasks simultaneously with the robots to workstations to
minimize the total cost. Our RALBP is challenging due to the
difficulty caused by cost and robot alternatives. Moreover,
most ALBP are known as NP-hard (Alvarez-Miranda and Pe-
reira 2019). So, we develop a new heuristic algorithm to ad-
dress this issue and find approximate solutions for large-scale
problems in a reasonable amount of time. A closely related
study is presented by Pekin and Mhalla (2025). The main dis-
tinctions between the two approaches concerns the overall al-
gorithmic structure, procedural steps, and framework. In their
work, the authors introduced two strategies for initiating the
solution: a conventional greedy approach and a balanced
greedy approach. These initial solutions were subsequently re-
fined using a standard neighbourhood search procedure. Fi-
nally, an assignment procedure based on a reduced and simple
beam search is employed to assign any remaining tasks, if any.

In contrast, the proposed method utilizes a more integrated
and cohesive framework. The construction phase is entirely
driven by a consistent beam search procedure that incremen-
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tally generates high-quality partial solutions. This phase is fol-
lowed by a neighbourhood search improvement stage to fur-
ther enhance solution quality. Additionally, the algorithm in-
corporates advanced selection and evaluation criteria during
construction, which ensures greater diversification and facili-
tates broader exploration of the solution space. Consequently,
the proposed approach achieves a more effective balance be-
tween intensification and diversification compared to the se-
quential strategy employed by Pekin and Mhalla (2025).

2. Literature review

One of the branches of simple assembly line balancing prob-
lems (SALBP) includes the robot concept. RALBP is the as-
signment of tasks to workstations along with robots. The so-
lution to this problem is an attempt to find the optimum
selection. Naturally, task times depend on the robot alterna-
tives and allocation costs, which are the main restrictions in
RALBP. This problem is not new in the literature, it has re-
ceived attention since 1979. Graves and Whitney (1979),
Graves and Lamar (1983), Pinto et al. (1983), Graves and
Holmes Redfield (1988), and Rubinotitz and Bukchin (1993)
are the former researchers who addressed equipment/robot de-
cisions. They modified the SALBP by adding a selection and
assignment of processing alternatives. Graves and Whitney
(1979) suggested a branch and bound algorithm, and Graves
and Lamar (1983) discussed an approximate solution proce-
dure for the extended problem. Graves and Whitney (1983)
and also Pinto et al. (1983) aimed to minimize system costs.
Different from the others, Graves and Holmes Redfield (1988)
modelled a problem including several products. Later, Buk-
chin and Tzur (2000) developed an exact and heuristic method
for assigning one equipment to each station along with tasks.
Rekiek et al. (2002) discussed the selection of operating
modes, such as manual, robotic, and automated by a hybrid
assembly line design. Levitin et al. (2006), Gao et al. (2009),
Nilakantan and Ponnambalam (2012), Borba et al. (2018), and
Lahrichi et al. (2023) focused on minimizing the cycle time,
aiming to improve robotic line efficiency under different mod-
elling assumptions. The proper selection of robots/equipment
has great importance for effective assembly lines and system
costs, hence some researchers mainly considered the problem
from an economic point of view and developed algorithms to
minimize the equipment or robot costs such as Barutcuuoglu
and Azizoglu (2011), Li et al. (2011), Battaia et al. (2013),
Pereira et al. (2018), and Alako¢ Pekin and Mhalla (2025).
Ege et al. (2009), Bukchin and Rubinovitz (2002), and Battaia
et al. (2014) extended the basic problem to resource decisions
for parallel stations. Besides straight line layouts, U-shaped
lines with equipment alternatives were also studied (Ogan and
Azizoglu 2015; Kara et al. 2012; Jayaswal and Agarwal 2014;
Chiang et al. 2007; and Nilakantan and Ponnambalam, 2016).
Furthermore, most researchers developed models with a larger
perspective and considered multiple objectives, such as Ba-
rut¢uoglu and Azizoglu (2011), Pekin and Azizoglu (2008),
Yoosefelahi et al. (2012), Chehade et al. (2012), Triki et al.
(2017), Mura and Dini (2016), Oesterle et al. (2016), Cil et al.
(2016), and Zhou and Wu (2020).
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3. Problem statement

We extend the RALBP by including the flexibility of allo-
cation of multiple robots to one station. We aim to assign task-
robot pairs to workstations to minimize total cost which in-
cludes robot allocation and new workstation opening costs.
Assumptions:

The line is straight.

Tasks must be performed by the precedence relations.

Every task is assigned to a unique robot and produced in

a unique station.

Processing times are deterministic and vary according to

the robot.

Cycle time is constant.

Stations are identical, each station can perform any task.

Robots have variable costs which include setup, purchas-

ing, maintenance, and consumption costs.

Robot allocation costs are constant for each station.

The number of robots assigned to any workstation is not

limited. More than one robot can be assigned to a work-

station. However, each robot type can be assigned to a

workstation at most once.

All other times and factors are negligible: material trans-

portation, loading, unloading, and robot setup times and

required floor space ... etc.
Notations:

n: Number of tasks

r: Number of robots

K: Maximum possible number of workstations

C: The cycle time

t;;: Processing time of task 7 by robot ;.

SC: Station opening cost
RC;: Cost of robot j.

* X =
{1 If task i is assigned to station k by robot j.

0 otherwise

. gy = {1 If robot j is assigned to workstation k.
k1o otherwise

.« g = {1 If workstation k is used.
k 0 otherwise

e S: Number of workstations

e [(=1,..,n

e j=1,..,r

e k=1,..,K

Linear Mathematical Model:

Min 3K 57, (RC,. . y].k) +S+SC )
Subject to

Y1 D=1 Xy = 1 Vi (2)
Y1 Doty Xy <C vk 3)
Yic1ze =S “4)
Yiet Y1 kxop < Xiy Yhe1 ko V(a,b), task a
precedes task b 5)
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i1 Yie S T2 vk (6)
X <, Vi, j, k (7)
1<S<K (®)
X, € {0,1} vi,j. k ©)
Y, €01} vj. k (10)
z, € {0,1} vk (11
Sezt 12)

Equation 1 describes the objective function. Equation 2
gives the constraints that provide the unicity of tasks' assign-
ments to workstations. Equation 3 ensures that the workstation
loads do not exceed the capacity. Constraints given in Equa-
tion 4 state that processing all tasks needs at least S work-
stations. Equation 5 guarantees precedence relations for all the
tasks. Constraints given in Equation 7 ensure that tasks and
required robots to process the tasks are assigned together to
the same workstation. Equation 8 bounds S. Equations 9, 10,
and 11 define binary variables and Equation 12 specifies that
S is a positive integer.

4. The algorithm and the solution procedure

The algorithm is composed of four main steps and calculates
the minimum number of stations and robots with the minimum
costs that are needed to schedule all tasks. We proceed with a
pre-treatment of the data, where all the tasks are sorted in a
specific order to simplify the algorithm and decrease the num-
ber of elementary operations performed by the algorithm. To
achieve our sorting, we apply a two-dimensional sorting. The
initial one is vertical sorting, which concerns the tasks and tar-
gets to provide an indexation based on the precedence con-
straints. Then, the subsequent sorting is a horizontal one,
which is applied to each task to give an increasing order to the
robots based on the time needed to achieve the tasks. In the
next step, the algorithm constructs an initial solution formed
on the best robot by the predefined horizontal sorting. Finally,
we apply a local search procedure to improve the solution.

Lower bound on the number of stations:

To address our problem, we need to have a practical estima-
tion of the minimum number of stations required to complete
all the tasks. Our first step is to calculate a time-based greedy
solution that finds the minimum time needed for each task
while disregarding other constraints. Essentially, we obtain
the total of minimum task times for all tasks which is denoted
as Min(Tt) and calculated by Min(Tt) =
> minjzlr_._,(ti j ) Then, we determine the minimum num-
ber of stations required, denoted by Min(S) and defined as
given in Equation 9.

Min(Tt)

Min(S) = ¢

s if (Min(Tt)/C) is an integer )
[MmT(Tt)] + 1, otherwise

Similarly, we calculate K, the maximum number of work-
stations needed, by calculating a time-based greedy solution
that finds the maximum time needed for each task while dis-
regarding other constraints.

Vertical sorting:

This procedure helps to minimize the amount of data explo-
ration required in the dataset matrix. The initial order of tasks
is maintained, and tasks are assigned indexes based on their
precedence constraints such that tasks a and b have respective
indexes i; and i, where i) < i, if task a needs to be accom-
plished before task b. This ensures that tasks are completed in
the correct order without the need for extensive exploration of
the data.

Horizontal sorting:

As we have already discussed in this document, it is possible
to perform any task with different robots. So, for every task,
we sort the robots in increasing order of one criterion. We refer
to this sorting as horizontal sorting. Different ways of horizon-
tal sorting are possible, such as increasing order of execution
time or robot cost for each task. In this step, we propose to use
the one that is based on the task times. For each task i, the
robots are sorted and indexed in such a way that robots j, ...,
jT' Satisfy: tijl <. < tijr'

The Beam Search Algorithm:

After the horizontal sorting of tasks, we build a greedy so-
lution for each one of the stations where the lower limit of the
number of stations is as given in Equation 9. We identify the
robot to allocate to every station based on each robot's repeti-
tions (frequency) as first ranked in our horizontal sorting. For
each task, we determine a predefined fixed number of the best
options, ® and name it as the algorithm's width. To allocate
tasks to stations efficiently, we follow a specific process. First,
we assign one robot to a station based on the frequency of the
first item in the horizontal sorting list. We then select tasks for
each station and robot based on their task time. We also con-
sider the precedence constraints by the vertical sorting. A sta-
tion with a lower load receives the next sorted task. If we can-
not assign a task to one of the stations where the currently
allocated robot(s) is (are) not the first of the horizontal sorting,
then two branches are generated in the solution. In the first
branch, we add a new robot if it is possible to perform a task
with the lowest index robot, and we consider the station with
the highest residual time and, if needed, open a new station
with the same robot. The second branch corresponds to the al-
location of the task to the station with the robot having the
following lowest index based on the horizontal sorting and
which has a remaining load. Then, the two branches are devel-
oped as sons derived from this node.

To decide where to assign a task when there is more than
one option, we use a priority rule; selecting the station with
the highest residual time, which also helps to balance the sta-
tions' loads.

While generating solution branches, other priority rules,
such as selecting the station with the lowest residual time, can
be considered, but as our preliminary tests confirmed, the bal-
ancing approach remains the most appropriate due to the na-
ture of the problem.
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It is evident that as the number of branches increases, the
algorithm’s complexity also increases, leading to longer exe-
cution times. As we mentioned earlier, we performed a series
of preliminary tests on various instances. The primary aim of
these tests was to fine-tune, optimize, and evaluate the perfor-
mance of the algorithm.

One crucial parameter is the algorithm's width, o, derived
from each task. We keep progressing with the best o partial
solutions at each assignment level. This process ensures that
tasks are allocated efficiently and effectively. It also allows us
to identify the branches that provide the best solutions.
Through this process, we also ensure a diversification of the
search process.

The local search procedure:

Finally, we apply an improvement procedure by exchanging
tasks or their allocations (station and/or robots). We suggest
this procedure to simplify the search and reduce the time
needed to improve the current set of solutions as much as pos-
sible. The heuristic named adaptive 2-Opt was initially applied
to resolve transportation problems (Lin, 1965), and it has been
shown to give good results. The 2-Opt was also applied to
other complex combinatorial optimization problems and again
provided valuable improvements. The 2-Opt is a process that
allows the exchange of the allocation of two tasks within the
current solution. Here, we exchange one task from one of the
stations with another one from a different station. The objec-
tive of the adaptive 2-Opt is to group the tasks using the same
robots, which, if applicable, reduces the cost. The process is
repeated for the tasks or sequences of tasks in stations with
multiple robots. The procedure where the number of iterations
is not predefined is very fast, not time-consuming, and pro-
vides strong efficiency.

The Resolution Algorithm:

This section presents a summary of the resolution algorithm,
where the main steps are listed as follows. All through the al-
gorithm, we use the following notations:

M is the set of indexes of the not assigned tasks.

N is the set of elected partial solutions.

z is a feasible solution.

C(2) is the total cost of the solution z.

Algorithm 1 summarizes the important steps of the resolu-
tion algorithm.

Algorithm 1: The resolution Algorithm

Input:
SetN =@,and M = {1, ..., m};
Min(S); K

Set of n task types
Processing times t;;

Output: (S) and a schedule (chronological assignment of
tasks to stations and robots)
Steps:
Horizontal and vertical sorting. We considered a fixed
proportion of tasks with precedence constraints, set
at

Calculate the greedy solution based on the minimum time
allocated to each task.
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Calculate the minimum number of stations needed
Min(S).

Calculate K, the maximum number of stations.

Attribute one robot per station based on the frequencies
of the lowest-cost robots for each task.

Let i = 1. (We start with the available task and with the
lowest index)

Iterative process: While (i < m)

o Allocate the task i to one of the existing stations
while considering all the available robots. (If more
than one station is available, consider the lowest
load station. If task allocation is not possible to the
current stations, a new station is opened with the
corresponding robot considered in the solution.)

o Evaluate the partial solutions.

o Rank the current nodes in the non-decreasing order.

o Update N. (N is the set of the current best w partial
solutions).

o i=i+1.

e  Apply the 2-Opt procedure to reduce the number of robots
per station, if possible.

In summary, the algorithm starts with the data’s prepro-
cessing, which mainly consists of the sorting step. This is fol-
lowed by the greedy approach to identify the minimum time
needed to achieve all tasks and the minimum number of sta-
tions. We initialize the station and the associated robots. Then,
we apply the iterative steps of the beam search procedure. Fi-
nally, we apply the local search procedure to improve the cur-
rent solution. The algorithm exits with a solution for the prob-
lem’s instance.

5. Experiments, results and discussion

In this section, we discuss the behavior and efficiency of the
algorithm. The algorithm was coded in C++ using the AUM-
Phenix HPC facility (10 Dell PowerEdge R730 servers, Intel
Xeon E5-2698 v3 2.3GHz). We randomly generated instances
with task numbers n =100, 250, 500, 750, and 1000, with pos-
sible robot numbers » =6, 8, and 10. We generated twenty in-
stances for each pair of values of # and r to analyze the algo-
rithm's performance regarding the capability to solve the
instances and the solution efficiency. We considered a fixed
proportion of tasks with precedence constraints, set at 25%.
That is, in each generated instance, 25% of the tasks were ran-
domly selected and assigned random precedence relation-
ships, ensuring that the precedence graphs reflect a moderate
level of task dependency. The regular processing times are
randomly generated following a uniform distribution within
the interval [5, 25], and regular robot costs follow a uniform
distribution within [40, 100]. The station-opening costs are as-
sumed to be the same across all stations and were determined
based on the robot cost distribution. Specifically, the median
of the randomly generated robot costs of the instance was mul-
tiplied by a uniform random variable from the interval [4, 8].
Finally, the stations' cycle times, which are also identical for
all stations, were generated randomly. Similar to the station
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opening cost generation, the median of tasks’ minimum pro-
cessing times was multiplied by a uniformly distributed ran-
dom variable from the interval [10, 15].

We compared the algorithm's final solution with an upper
and lower bound denoted by U and L, respectively. The upper
one is a solution calculated by a greedy algorithm that creates
stations based on the need and allocates the robot with the
cheapest cost. It corresponds to a simplified version of the
main algorithm tested here, where no improvements are ap-
plied. This means we are focusing more on the feasibility of
the solution than its quality. We also implemented an aggres-
sive lower bound based on the minimum number of stations
needed to achieve the tasks and allocate the robot with the
lowest cost to each one of the stations. We relaxed all the other
constraints related to tasks and their execution. The solution is
generally not feasible, but provides an excellent indicator to
measure the algorithm's performance. We define the perfor-
mance of a solution, z, with an objective function’s value
C(2), as:

P(z) = (1 - M) %100 (10)

U-L)

We clarify to the readers that P(z) is not intended solely as
a standalone absolute measure of solution quality, but rather
as anormalized indicator that facilitates comparison with prior
studies and across instance classes.

Table 1 presents the summary of the experimental results.
Column 1 gives the size of the problem instance; column 2
shows the number of robots considered; column 3 shows the
average performance of the problem instances generated for
each category. Finally, columns 4 and 5 display P(z)'s mini-
mum and maximum, respectively.

Table 1. Summary of the beam search algorithm

n r Av(P(2))  Min(P(z)) _Max(P(2))
6 29.93 19.08 40.15
100 8 2732 23.98 37.64
10 2371 2145 33.04
6 14.42 09.63 29.87
250 8 37.10 1751 43.19
10 23.17 19.49 31.73
6 1821 15.29 30.49
500 8 17.09 12.36 35.05
10 24.95 15.81 39.57
6 11.87 0337 36.59
750 8 2831 21.81 42.63
10 32.79 2345 45.02
6 13.11 09.97 30.73
1000 8 12.56 06.94 32.14
10 14.61 08.58 35.71

Table 1 shows the ability of the algorithm to improve the
initial solutions for each combination of the number of robots
and tasks. These results are computed at the unique level of
the exploration width @ =3. We discuss the effect of the pa-
rameter o at the end of this section. As expected, the number
of tasks affects the algorithm’s performance; it is lower when
the n is 1000, slightly better for 100, and for the other task
times there are no significant differences. This is due to the
increasing feasible solutions in the presence of more tasks and

robots. The same pattern is observed for the minimum and
maximum numbers. Since the statistics don’t show significant
differences, we cannot say that the number of robots is a factor
for the performance.

We also summarize and evaluate the overall performance of
the algorithm by the main descriptive statistics (Table 2).

Table 2. Overall summary statistics

0,
Ave Median Min Max Std.dev. 93,14’
21.94%  30.59%  3.37% 45.02% 12.39% [2230'35(%

The results demonstrate that P(z) varies from 3.37% to
45.02%; The overall minimum is observed for 750 tasks and
6 robot alternatives, and the overall maximum is 45.02% for
750 tasks and 10 robots. Table 2 gives an average value of
21.94%, a median value of around 30.59%, and an overall
standard deviation of 12.39%, meaning a relatively high vari-
ability. The 95% confidence interval provides a small range
for the overall mean. Moreover, the data indicate a left-skewed
distribution and 50% of the data falls on the right side of
30.59%. The variability is mainly induced by the poor quality
of the lower bound, which we calculate by an aggressive re-
laxation of several constraints related to the task execution,
such as the precedence constraints. Globally, the algorithm’s
performance remains consistent and the improvement proce-
dure on the initial solution gives relatively good results.

In addition to descriptive statistics, we conducted some tests
to evaluate the performance of the algorithm to the changes in
n and r. The effects of n, r, and the interaction between »n and
r on the performance were tested by a balanced two-way
ANOVA. The results given in Table 3 can be summarized as
follows: The main effects of n and r are statistically significant
at a significance level of 0.05. Similarly, there exists signifi-
cant interaction effect between » and r (with a small p-value
less than 0.005).

Table 3. Two-way ANOVA table of the algorithm

Source DF SS MS F P-value
n 4 6948.900 1737.225 544263 <1.0E-15
r 2 2970.672 1485.336 465347 <1.0E-15
nxr 8 8274.190 1034.274  324.032 < 1.0E-15
Error 285  909.688 3.192
Total 299 19103.451

We also examined the assumptions of two-way ANOVA.
Independence of the instances was ensured by the design of
the experiments. The normality assumption was assessed us-
ing the Shapiro—Wilk test, which yielded a p-value of 0.4823,
indicating that the residuals are approximately normally dis-
tributed. Although the experimental design is fully balanced
with 20 replications, under which the two-way ANOVA is
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known to be robust to moderate violations of homoscedastic-
ity, the homogeneity of variances was tested using Levene’s
test. As expected, a violation was not detected. The resulting
large p-value (0.6241) indicates that the variances are approx-
imately equal across all combinations of »n and r.

40
o 30 Q
o
c
©
£ 20 ~
NSl
: \_—_
& 10
0
100 250 500 750 1000
The number of tasks
=0 8 =@=10

Fig. 1. Interaction plot of the performance

In addition, we used the interaction plot to examine the joint
effect of n and r on the average performance measure. Figure
1 illustrates non-parallel and crossing lines, indicating the
presence of a strong interaction effect between the two factors.
The effect of r on performance depends on the problem size.
For small (n=100) and large (n=1000) problem size differ-
ences among the r are relatively small. Except for small size
problems, higher values of r (=8, 10) lead to significantly
higher performance outcomes, particularly for n=250 and
n=750. Moreover, as n increases, the performance measure
decreases for all r values.

Due to the significant interaction between n and r, we ex-
amined simple effects and performed post-hoc comparisons
by using Tukey’s HSD test. Based on the HSD=1.93 at the 5%
significance level. The results indicate that, for almost all lev-
els of n, the performance differs significantly across r. All »
values yield significantly different performance for n =100,
250, and 750, whereas for »=500 and 1000, some » values
show no significant differences. These are for n=500 =6 vs
=8 and for n=1000 r=6 vs r=8, and r=6 vs r=10.

These findings and the non-parallel pattern of the interaction
plot confirm the significant interaction effect observed in the
ANOVA.

It is essential to mention that the results of Table 1 and Table
2 are for the unique level of the algorithm’s width. It is evident
that by the construction of the algorithm, the solution’s quality
increases when o increases because we explore more options
and develop more branches. We used pair-wise tests applied
to the set of problem instances and determined that a width of
3 is a good choice for the algorithm. The statistical analyses
revealed that the algorithm’s performance when w=1 and
®=2 1is relatively weak regarding solution improvements,
which means that the final solution is very close to the upper
bound, inducing a limited capacity of improvements with a
P(z) that varies from 1% to 13%. The paired-wise test for the
P(z) values for ® =2 and ® =3, at the significance level of
0.05, shows a clear dominance for @ =3 with 10% or more.
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For ® =4 to 6, and ® =3, for the same significance level, the
pair-wise test result shows no significant improvements
greater than 2%. So, we concluded that the width value of @
=3 provides a good balance for the proposed algorithm.

6. Conclusion

The ALBP is a well-studied topic in manufacturing re-
search, with many studies examining various methods for op-
timizing assembly lines. An important part of the studies in-
cludes a combination of various extensions and alternative
resources. Considering these variants can significantly impact
complex production systems' overall cost and efficiency.

This paper presents a novel heuristic algorithm designed
specifically to address the RALBP. Our approach is to mini-
mize the total robot allocation and new station opening costs.
We begin by establishing a lower bound on the number of sta-
tions, a unique starting point for the method. Then we strate-
gically sort the tasks and robots for each task to minimize the
time and solution alternatives. The robots and tasks are as-
signed to the stations using the beam search algorithm, and we
conclude by applying the adaptive 2-Opt procedure to further
enhance the solution.

To evaluate our algorithm's performance, we generated a
large set of random problem instances for different combina-
tions of the number of robots, tasks, and the best solutions. We
then conducted comprehensive statistical analyses to assess
the algorithm's performance rigorously. As we expected, in-
creasing the number of tasks and robot alternatives extends the
dimensions and size of the problem considerably. The results
of our analyses show that the algorithm is satisfactory enough
to reduce the complexity of the problem and able to solve large
problems in a reasonable time.

For future work, we recommend extending the problem by
adding practical requirements for the lines, such as restrictions
on the allocation of sets of robots on the same workstation.
Moreover, minimizing the cycle time can also be considered
for a multi-objective problem. Other improvement procedures
can also be included to increase the quality of the solutions.
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