
Journal of Mathematical Extension
Vol. 19, No. 5 (2025) (1) 1-42
ISSN: 1735-8299
URL: http://doi.org/10.30495/JME.2025.3391
Original Research Paper

Hybrid and Hyper Meta-Heuristics Algorithms
for Cost-Based U-Shaped Assembly Line
Balancing Problem with Multi-Mode

Equipment Possibility

S. Zhagharian
Shiraz University of Technology

H. R. Maleki∗

Shiraz University of Technology

S. Niroomand
Firouzabad Higher Education Center, Shiraz University of Technology

Abstract. A U-shaped assembly line (UAL) is an assembly line (AL)
effective type that offers many advantages over straight AL. It can be
installed in a smaller physical space with fewer number of stations. This
study investigates a bi-objective model that incorporates station instal-
lation costs, variable operating costs, and equipment purchasing costs
into a typical cost-based UAL balancing problem. For the first time,
the possibility of selecting equipment types is considered in such AL,
where task operating duration is determined by the sort of equipment
needed for that task. As the problem has a high degree of complexity, we
employ several classical meta-heuristics and hyper-heuristics, enhance
them with new logic, and hybridize them to form our solution approach.
The Taguchi approach is used to tune the parameters of each algorithm.
According to the obtained outcomes, the GD, VNS, and their hybrid
version obtain better results than other algorithms.
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1 Introduction

Assembly lines (ALs) are continuous systems with flow line production,
extensively utilized in the industrial manufacturing of large quantities
of standardized products. In recent years, these systems have become
important in the high valence production of the products that are cus-
tomized. Because of the high level of automation, the (re)-configuration
assembly systems are related to significant financial costs and critical
challenges. Therefore, it is essential for manufacturers to develop ef-
fective strategies and utilize advanced technologies to optimize their AL
systems. Many researches have focused on creating optimization models,
such as assembly line balancing problems (ALBP), for backing real-world
configuration schematization and reducing investment costs. An ALBP
in general consists of all sequencing of duties and decisions that are asso-
ciated with the allocation of resources and aligning the productive units
for a specific production procedure before the real assembly can start
in order to optimize some criteria. This includes setting the number
of stations, the capacities of system, i.e. cycle time, station equipment,
and also allocation of work content to production units, i.e. determining
assignments and considering limitations of precedence of work contents.
The cycle time of a line means the time among sequential permissions of
the outputs at the end of the line or the maximum time dedicated to each
station in the AL. A precedence diagram is formed of grids representing
the tasks of the production procedure and a set of arcs representing the
precedence constraints between the tasks. Bryton initially introduced
the ALBP [7], and the first scientific investigation was conducted by
Salveson [34]. Subsequently, numerous studies have been published on
this subject. ALBPs are categorized into various types according to
the features of ALs, for instance, the essence of task times (probabilistic
and deterministic), the quantity of models (single and multi-model), and
the form of AL (U- and straight-type) [39]. According to the classifi-
cation by Baybars, ALBPs can be grouped into two broad categories,



HYBRID and HYPER META-HEURISTICS ALGORITHMS... 3

namely, basic and comprehensive ALBPs (SALBP-Simple assembly line
balancing; GALBP-Generalized assembly line balancing, respectively)
[4]. The GALBP considers all subjects and have more characteristics
than the SALBPs, including mixed-model ALBPs, parallel ALBPs, two-
sided ALBPs, U-shaped assembly line balancing problems (UALBPs),
etc. [13]. It is important to mention that in terms of the objective func-
tion (OF), the ALBPs can be categorized into four well-known types.
Type-I focuses on reducing the number of stations for a given cycle time,
while Type-II aims to minimize the cycle time for a specified number
of stations. Type-E seeks to maximize line efficiency when both cycle
time and the number of stations are variable. Type-F finds a practi-
cal solution when both the cycle time and the number of stations are
predetermined [31]. Adaptability is a crucial factor in contemporary
manufacturing systems to meet unique demands efficiently and econom-
ically [20]. U-shaped lines with increasing number of crossover stations
not only provide flexibility but also by permitting the interaction among
tasks and stations, enhancing line efficiency, balancing workloads among
stations (operators), optimizing space usage, improving communication
among human operators [27].

There are different approaches to solve mathematical models of ALB-
Ps. They are categorized into two major classes: exact methods and
approximate methods. The branch and bound algorithm is among the
most widely used exact solution techniques, which can be utilized with
an optimization software. When the dimensions of the problem increase,
a lot of time is required for calculations. Since, ALBPs belong to the
category of NP-hard optimization problems (OPs) [17], it is essential
to employ meta-heuristics or approximate solution methods. Ponnam-
balam et al conducted a study on type-I in a SALBP [30]. Hamta et
al. conducted effective research to minimize the cycle time [14]. Salehi
et al. conducted a study on SALBP, incorporating three minimization-
type OFs that account for the total cost of the AL, including equipment
and labor costs, within a fuzzy environment. A hybrid fuzzy interactive
approach was proposed to address this problem [32]. Azizoğlu and Imat
developed a branch and bound approach utilizing a combined integer
linear programming model to smooth the workload in SALBPs, given a
predetermined number of stations and cycle time [3]. Çil et al. developed
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a mixed-model ALBP that integrates human labor and robots to mini-
mize model cycle time, which can be optimally addressed using a mixed-
integer linear programming model for small-sized problems. In addition,
the bee and artificial bee colony algorithms are introduced for handling
larger instances [10]. Salehi et al. formalized a new cost-oriented ALBP.
They designed several meta-heuristic algorithms for it [33]. Niroomand
for the first time formulated a straight ALBP with the possibility of
availability of equipment with various types for tasks. To solve it effi-
ciently, the artificial electric field and simulated annealing algorithms are
considered [26]. Özbakır and Seçme considered the stochastic parallel
ALBP with a cost-based OF include the cost of incompletion, equip-
ment, and station construction and to solve it apply a hyper-heuristic
algorithm based on simulated annealing [28]. The UALBP is a classic
problem that was first introduced by Miltenburg and Wijngaard [22].
After that, various research have been focused on handling large size
UALBPs. For instance see [37, 15, 19, 24, 5]. Li et al. have recently
utilized an innovative beam search heuristic algorithm to unravel both
types-I and II of UALBPs [21]. Zhang et al. devised a human oper-
ator assignment strategy that dynamically balances cycle time and er-
gonomic risk within a unified approach to UALBPs. To optimize simul-
taneously both objectives, a restarted iterated pareto greedy algorithm
was employed [43]. Pınarbaşı introduced new mathematical program-
ming and constraint programming models for type-II of UALBPs with
assignment restrictions, line proficiency and CPU time as other imple-
mentation measurements [29]. Khorram et al. optimized simultaneously
equipment cost, stations number, and level of duty performing quality
with assignment duty and worker to station in a UALBP. To consider
it, a multi-objective nonlinear formulation was presented and also used
it linearized version [18]. Jiao et al. introduced a multi-objective model
for balancing a two-sided UALBP, aiming to minimize a smoothing in-
dex, and the number of stations. The enhanced ant colony optimization
algorithm is applied to address this balancing problem [16].

So far, in the UALBPs, the fixed-wage of the human operators, the
station construction, and purchasing of the equipment have been con-
sidered as costs. Since in the real world, human operators have abilities
with different qualitative levels, and each task has a certain difficulty,



HYBRID and HYPER META-HEURISTICS ALGORITHMS... 5

and several tasks may be assigned at each station, therefore the variable
human operator’ wage could be based on the most difficult and expen-
sive task at the station. Furthermore, each model of equipment such as
manual, automated, etc. has a direct effect on the operating time of the
task and a direct effect on the cost of purchasing equipment. Mainly,
more expensive models have higher operating speed to perform a task,
which shortens the time to perform the task and vice versa.

In this work, for the first time, we consider some new characteristics,
addressing the UALBP. Some contributions of the UALBP of this study
are given below.

� Minimizing the variable costs of human operators’ wages based on
their abilities to carry out the task in a UALBP.

� Minimizing the cost of using different models of equipment in each
station in a UALBP.

� Considering the desired assumptions in formulating the UALBP.

� Solving the problem model efficiently using several meta-heuristic
methods and proposing their hybrid versions.

The simultaneous investigation of these items in the basic model of
UALBP creates a novel and complex model.

The paper’s framework is as follows: In Section 2, the UALBP of
this study is described, the assumptions are explained in more detail,
and its mathematical formulation is constructed. In Section 3, various
traditional and hybrid meta-heuristic methods are suggested to address
the established mathematical model. Section 4 conducts a comprehen-
sive computational analysis on several test problems by the proposed
algorithms. The paper’s conclusion is provided in Section 5.

2 Explanation and Formulation of The Problem

Installing an AL is a long-term decision and requires a lot of investment.
Thus, it is crucial to meticulously design and balance such a system to
ensure its optimal efficiency in the future. The flexible nature of the U-
shaped lines in the structure causes the integration of the material flow
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in the industrial unit, facilitates the relationship between the worker and
the supervisor and increases the efficiency of the space.

In any business, production costs play a significant role. A key com-
ponent of making sure the company’s goods are profitable and cost-
effective is knowing how to estimate, record, and manage manufactur-
ing costs. The cost of production arises from raw material, production
equipment, worker compensation and commissions, office supplies, re-
sources, supervisor or support staff salaries, renting the company’s place,
and maintenance expenditures. In the following, we discuss the details
of the assumptions of the problem examined in this research.

This study’s ALBP investigates how tasks are allocated to stations,
taking into account the following factors:

� The AL is U-shaped.

� Every task is allocated to a single station.

� Only one human operator is allowed to perform tasks at each sta-
tion.

� Cycle time of the line is known.

� Tasks should be assigned to stations according to the precedence
diagram.

� There are various models of required tools for completing each task
due to the technological advancements but only one type of each
required tool is assigned to a station for the tasks of that station.

� If two tasks in a station require a common tool, only one unit of
that tool is allocated to that station.

� The processing time of each task depends on the type of the tool
placed in that station and is a distinctive value.

� The maximum time dedicated to each station should not exceed
the cycle time.

� The cost of establishing each station is fixed, determined and the
same for all stations.

� Variable human operator’ wage of each station is based on the
most difficult and expensive task at the station.
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Table 1: Indices, parameters, and decision variables utilized in this
paper.

Indicator Type Explanation

i(j)(I) Parameter Indicator utilized for task (indicator utilized for task)
(number of tasks)

k(K) Parameter Indicator utilized for station (number of stations)
l(L) Parameter Indicator utilized for equipment (equipment number)
m(M) Parameter Indicator utilized for accessible equipment types (ac-

cessible equipment number types)
tilm Parameter Processing time for task i using equipment l with

model m
tli Parameter Set of necessary equipment for carry out task i
pi Parameter precedence relationships task i
eclm Parameter Purchasing cost of model m of equipment l
ct Parameter Cycle time
d Parameter Demand quantity
stb Parameter Fixed cost of station construction
sal Parameter Fixed wage for operator hired at each station
ci Parameter Cost rate of task i
Ck Positive variable Cost rate of station k based on its most costly task
Xik, Yjk Binary variable 1, in the case of task i is allocated to station k,

0, else
Zlmk Binary variable 1, for the case that modelm of equipment l is allocated

to station k
0, else

Wk Binary variable 1, whenever station k is opened
0, else

� The problem should minimize total stations’ construction cost,
total human operators’ wage, and total equipment procurement
cost.

Based on the explained assumptions, the outline of the mathematical
model for the proposed UALBP with the possibility of choosing the
equipment model according to the notations described in Table 1 is as
follows:

OF1 = min(stb+ sal)
K∑
k=1

Wk + ct× d
K∑
k=1

Ck (1)

OF2 = min

L∑
l=1

M∑
m=1

K∑
k=1

eclmZlmk (2)
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subject to

K∑
k=1

Xik + Yik = 1 ∀i (3)

K∑
k=1

(K − k + 1)(Xik −Xhk) ≥ 0 ∀(i, h) ∈ pi (4)

K∑
k=1

(K − k + 1)(Yhk − Yik) ≥ 0 ∀(i, h) ∈ pi (5)

I∑
i=1

∑
l∈tli

M∑
m=1

tilmZlmk(Xik + Yik) ≤ ct×Wk ∀k = 1, ...,K (6)

Xik + Yjk ≤Wk ∀i, j, k (7)

M∑
m=1

Zlmk ≤ 1 ∀k, l (8)

Xik + Yik ≤

∑
l∈tli

M∑
m=1

Zlmk

|tli|
∀i, k (9)

ci(Xik + Yik) ≤ Ck ∀i, k (10)

Xik, Yjk, Zlmk,Wk ∈ {0, 1} ∀i, j, k, l,m (11)

Ck ≥ 0 ∀k (12)

Constraint (1) reduces both the construction costs of the stations
and the total wages of the human operators. Constraint (2) minimizes
the equipment procurement cost. Constraint (3) satisfies that each task
is given to only one station either in a reverse or forward direction.
Constraints set (4) and (5) ensure compliance during the forward and
backward assignments, respectively, the precedence relationships (Pi)
among the tasks are not violated. Constraint (6) is a non-linear expres-
sion which estimates the sum of tasks times assigned to each station
must not exceed the cycle time. Constraint (7) defines the value of the
variable Wk. Constraint (8) warrants maximum of one type of each
equipment can only be allocated to each station. Constraint (9) con-
firms that when a task is devoted to a station, each required type of
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equipment must be assigned to that station only once. Constraint (10)
determines the human operators’ variable wage rate in station k based
on the problem’s assumptions. Constraint set (11)-(12) describe the
type of variables.

In the following, we are going to linearize the above model. For this
purpose the model can be linearized by introducing new binary variables
Vilmk and Qjlmk where Vilmk = ZlmkXik and Qjlmk = ZlmkYjk with the
condition Vilmk and Qjlmk ∈ {0, 1}. The product of Xik and Zlmk can
only be non-zero if both of them take value of one, thus Xik = 0 or
Zlmk = 0 implies that Vilmk must equal zero. Therefore, the following
constraints are considered.

Vilmk ≤ Xik,

Vilmk ≤ Zlmk.

That implies, 2Vilmk ⩽ Xik +Zlmk. On the other hand, Vilmk take value
of 1 if the product of Xik and Zlmk is one, which only happens if both
of them are one. Therefore, the following constraint is considered.

Xik + Zlmk ⩽ 1 + Vilmk.

So the non-linear constraint (6) is converted to the below set of con-
straints.

I∑
i=1

∑
l∈tli

M∑
m=1

tilm(Vilmk +Qilmk) ≤ ct×Wk ∀k

2Vilmk ≤ Zlmk +Xik ≤ 1 + Vilmk ∀i, k,m, l ∈ tli

2Qilmk ≤ Zlmk + Yik ≤ 1 +Qilmk ∀i, k,m, l ∈ tli.

2.1 Incorporation of the OFs

Most of the multi-objective optimization approaches are presented as a
problem that aims to determine the “best” solution regarding to opti-
mizing the value of a single OF that aggregates all the different goals into
a single unit. The formulation presented above is a bi-objective model
and both of its OF values are cost based with different scales. Therefore,
for integrating them, the OFs may not be algebraically added directly
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together as the OF with smaller scale not be considered in solving the
model [35]. To overcome these limitations, we first convert the value of
each OF to the range [0, 1] to OFs be of approximately the same scale.
For this purpose, each OF is divided by an upper bound and then are
combined to form a single OF. The recommended values for the upper
bounds are detailed below:

� For the case, the maximum number of stations (all potential sta-
tions) are established, an upper bound value of the first OF is
obtained. So,

UOF1 = (stb+ sal)K + ct× d
I∑

i=1

ci

� By considering all stations as active and using all available equip-
ment of their most expensive type at each station, an upper bound
related to the second OF is achieved. So

UOF2 = K

L∑
l=1

maxm∈{1,...,M}eclm

Therefore, the single-objective and linearized form of bi-objective the
model of the proposed UALBP is written as below,

OF = min


(stb+ sal)

K∑
k=1

Wk + ct× d
K∑
k=1

Ck

UOF1
+

L∑
l=1

M∑
m=1

K∑
k=1

eclmZlmk

UOF2


(13)
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subject to

K∑
k=1

Xik + Yik = 1 ∀i (14)

K∑
k=1

(K − k + 1)(Xik −Xhk) ≥ 0 ∀(i, h) ∈ pi (15)

K∑
k=1

(K − k + 1)(Yhk − Yik) ≥ 0 ∀(i, h) ∈ pi (16)

I∑
i=1

∑
l∈tli

M∑
m=1

tilm(Vilmk +Qilmk) ≤ ct×Wk ∀k (17)

2Vilmk ≤ Zlmk +Xik ≤ 1 + Vilmk ∀i, k,m, l ∈ tli (18)

2Qilmk ≤ Zlmk + Yik ≤ 1 +Qilmk ∀i, k,m, l ∈ tli (19)

Xik + Yjk ≤Wk ∀i, j, k (20)

M∑
m=1

Zlmk ≤ 1 ∀k, l (21)

Xik + Yik ≤

∑
l∈tli

M∑
m=1

Zlmk

|tli|
∀i, k (22)

ci(Xik + Yik) ≤ Ck ∀i, k (23)

Xik, Yjk, Zlmk,Wk ∈ {0, 1} ∀i, j, k, l,m (24)

Ck ≥ 0 ∀k (25)

The model (13)-(25) is feasible (has a solution) only if there is at least
one combination of task assignment and equipment selection that simul-
taneously satisfies the following three main conditions:

� Precedence relationships must be respected. Constraints (15)-(16)
of this model ensure that all tasks are assigned without violating
the precedence relationships.

� For each task i, all equipment l in the set tli must be available
at the station to which the task is assigned. This requirement is
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included in constraint (22). This constraint guarantees that if a
task is assigned to a station (Xik + Yik = 1), at least one model
(m) of each required tool (l ∈ tli) must be assigned to that station.

� The cycle time must not be violated. Constraint (17) must hold
for each station k used (Wk = 1). This means that the sum of the
times of all tasks assigned to a station, given the equipment model
chosen for that station, must not exceed the cycle time.

If cycle time is so small that even by choosing the fastest model
for each equipment, the sum of the times of at least one task (or a
combination of tasks whose prerequisites allow them to be in the same
station) cannot be included, the model becomes infeasible.

Infeasibility management solutions are presented based on the do-
main standards and implications:

� Increase cycle time: This is the simplest and most common solu-
tion. If the model is infeasible because cycle time is too small, the
decision maker (production manager) should reconsider increasing
the cycle time and decreasing the production output rate. This
provides the necessary space to include tasks in the stations.

� Invest in faster equipment: If increasing the cycle time is not a
viable option, another solution is to invest in faster and more ex-
pensive equipment models (i.e., choosing a m model that has a
lower tilm). This will reduce the operation time and may allow
the previous cycle time to be respected. This trade-off between
investment cost and production rate is exactly what the model is
trying to optimize.

� Revision of product/process design: In extreme cases, it may be
necessary to revise the task prerequisite diagram (assembly pro-
cess) to enable better balancing. This is usually outside the scope
of the line balancing problem and within the scope of product
design.

The single-objective model of the UALBP of this section presented by
the formulation (13)-(25) is adjusted and computed for some instances
via the General Algebraic Modeling Software (GAMS). This is done to
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study the complexity of the proposed formulation. The obtained results
are shown by Table 2. According to the obtained optimality gap values,
we observe that by increasing the problem size, in the given time of 6
hours the optimality gap is increased. For example for the problem with
size of 45 tasks there is 66.97% optimality gap after 6 hours. The opti-
mality gap significantly widens as the problem size increases. Therefore,
use meta-heuristic or approximate solution methods to solve large-sized
instances of this problem may be necessary. In the continuation, numer-
ous meta-heuristic algorithms are established to solve the formulation
(13)-(25).

Table 2: Results of implementation model (13)-(25) using GAMS.

Output

SP Tasks
number

Equipment
number

Equipment
models number

CPU time Optimality
gap

1 8 2 2 00:00:03 0%
2 8 3 2 00:00:04 0%
3 21 5 4 6:00:04 3.3%
4 21 6 4 6:00:04 0.02%
5 30 6 5 6:00:03 43.27%
6 30 7 5 6:05:34 42.16%
7 45 7 6 6:00:03 68.45%
8 45 8 6 6:00:03 66.97%

3 Established Approaches

Here several meta-heuristic strategies such as genetic algorithm (GA),
great deluge (GD), variable neighbor search (VNS), simulated annealing
(SA), and hyper-heuristic algorithms are proposed to solve the formu-
lation (13)-(25) of Section 2. As some basic requirements, we need to
define solution representation, its evaluation method, and some neigh-
borhood generation mechanisms. In this section, the proposed encoding-
decoding strategy, the suggested neighborhood search operators, and the
suggested meta-heuristic solution approaches are presented respectively
to be used in the established algorithms.
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3.1 Encoding decoding scheme

To create and represent a solution, first a vector is considered with the
length of n tasks which consists of a random permutation of integer
value n (called vector A). So, the initial solution is created as a random
permutation vector. Second, it is supposed that the number of potential
stations matches the number of tasks. Because each equipment may
be available in different models, a matrix of L rows and K columns is
considered (called matrix B), and each value of this matrix represents
a randomly selected model of the equipment of its row in the station of
its column. Therefore, at the beginning, randomly one model of each
equipment is considered for each station. Now, the tasks are allocated
to the stations according to the random order of vector A according to
the below steps. In these steps a solution is generated, and its OF value
is calculated.

Step 1: In the order of tasks given by vector A, the first task with no
predecessor or no successor is selected and assigned to the first station
(the first eligible station). The station time according to the required
equipment of this task and the model of equipment of the station (based
on matrix B) is calculated after this assignment. The assigned task is
deleted from vector A and also from the predecessor and successor sets
of other remaining tasks.

Step 2: Step 1 is repeated for other tasks till vector A becomes
empty. The eligible stations for assigning a selected task of matrix A
begins at the last station that includes its predecessors and/or successors
and has enough time for the task. Based on the equipment model of the
stations and the required equipment of the considered task, the task is
allocated to the first eligible station that can accept it according to the
cycle time. If no such eligible station exists for this task, the considered
task is allocated to the first empty station.

Step 3: The empty stations are removed. In each of the remained
stations, according to the assigned tasks, some pre-assigned equipment
may not be needed. These equipment also are removed from the sta-
tions. Then the solution OF is evaluated according to the integrated
OF provided in Section 2.
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3.2 Neighborhood search operators

To examine the solution space and search for a solution achieving an
improved OF value, during the procedure of meta-heuristic solution ap-
proaches, a local search operator should be performed on each initial
solution. For this purpose, the neighborhood search operators like swap,
insertion, reversion, mutation, and single-point crossover are used here.
These operators are explained below.

� Swap: Two tasks from vector A in the solution representation are
selected randomly and exchanged.

� Insertion: A pair of tasks from vector A is randomly selected and
one of them is inserted to the right of other one.

� Reversion: A pair of tasks from vector A is randomly selected
and the order of tasks between them is reversed.

� Mutation: This operator performs the permutation operation
with the probability of pm (mutation probability) on the sequence
of vector A.

� Single-point crossover: The process crosses two parents P1 and
P2 to generate two offspring O1 and O2. Two parents are selected
to pair the chromosomes of one parent with the chromosomes of
the other parent. These two parents are cut at a random cut point
(say c). In P1, the genes to the left of c are copied directly into O1

at the same position, and the same happens for P2 and O2. The
genes to the right of the cut point into O1 are then filled with any
elements from P2 that were not already copied from P1. The listed
elements are copied into O1, preserving the order they had in P2.
The same procedure is applied to produce O2.

3.3 Meta-heuristic solution approaches

Meta-heuristic algorithms are probabilistic approximation techniques
that permit to solve OPs effectively. These algorithms usually com-
pute sub-optimal and good-quality within a reasonable implementation
time-frame for a wide class of OPs, even for problems that are very dif-
ficult to be solved by classical exact approaches [25]. In this section,
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eight meta-heuristic algorithms including classical algorithms and their
hybridizations are introduced. In the following, we will discuss their
details.

3.3.1 Simulated annealing (SA) algorithm

The simulated algorithm is one of the most effective meta-heuristic meth-
ods based on a single solution for solving OPs in large scales. In general,
the SA is an iterative method according to variable temperature param-
eter which that imitate an annealing procedure [41]. In every step, the
SA considers a neighbor state from the system and decides possibly be-
tween moving to a new state or staying in the previous state. Eventually,
these probabilities lead the system to a suitable state [1]. For solving an
OP, the SA algorithm begins with an initial solution and then moves to
neighbor solutions in an iterative loop. If the new state is better than the
current state, the algorithm confirms it as the current state and moves
towards it, otherwise algorithm confirms it as the current solution only
with the probability of exp(−∆E

T ). ∆E is the difference of the OF value
of the current solution and the new solution and T is the temperature
parameter. At each temperature several repetitions are performed then
the temperature is slowly decreased to a final temperature as a stopping
criterion.

3.3.2 Genetic algorithm (GA)

For tackling a complex OP, population-based meta-heuristic solution ap-
proaches gather much attention as several solutions can be considered
and evaluated simultaneously [2]. The genetic algorithm (GA) is one
of the most famous algorithms which works with a population of solu-
tions. The initial principles of the GA are taken from the science of
genetic and inspired from Darwin’s evolution theory [38]. To apply this
approach for a problem each chromosome corresponds to a solution to
the OP and is formed of several genes. Each gene simulates the variables
of the OP. In the GA algorithm, a population of candidates or random
solutions is considered. Each solution is evaluated with a fitness value
calculated from its OF value. Based on the roulette wheel technique
and stochastically selection, the parents are chosen from the current
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population considering the suitability of the solutions for generation.
Then the crossover and mutation operators considering the probability
of crossover (pc), the probability of mutation (pm), and other probable
operators are employed to the parents in order to improve the chromo-
somes and form a novel population. Finally, the current population is
reformed and the process is continued for a number of iterations to reach
a termination criterion. The solution with the highest fitness value in
the final population is reported as the best solution obtained by the GA.

3.3.3 Variable neighbor search (VNS) algorithm

The VNS algorithm was designed for the first time by Brimberg [6].
This algorithm systematically searches the solution space by changing
the neighbors around a solution to escape from a local optimum [23].
The VNS algorithm begins from an initial solution (x0) with even a
poor approximation and then moves towards a better solution until the
stopping condition (for example, the maximum number of iterations or
the maximum CPU time) is fulfilled. Then selects a neighbor through
the operator N1() and if the achieved solution is better than the previous
solution, the local search operator seeks for a more suitable solution in
the neighborhood of the current solution, which is created based on the
determined method until its local optimum is obtained. The mentioned
steps are repeated until we reach the neighboring structures with the
highest order Nmax(). N1(),. . . , N3() are respectively swap, reversion
and insertion operators, which are the neighboring operators of the slu-
tion. In this algorithm changing of the neighborhood search operator
creates more diversity in the local search.

3.3.4 Great deluge (GD) algorithm

The GD algorithm is a general algorithm based on a single solution
developed by Dueck [12]. It is similar to the SA algorithm from many
technical points of view so that the GD algorithm accepts improved solu-
tions and even worse solutions under certain conditions. First, an initial
solution (x0) (current solution) is generated and from this solution, a
neighboring solution (x1) is generated. The OF value of the initial so-
lution is considered as the threshold value. One of the following two
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conditions will happen:

� If the value of OF at the neighboring solution is better than the
value of OF at the current solution, the novel solution considered
as the current solution.

� If the OF value at the neighboring solution is not better than
the OF value at the current solution, first, the threshold value is
reduced by ϵ which is obtained by below formula. Then if the OF
value at the neighboring solution is lower than the threshold value,
the new solution is considered as the current solution.

ϵ = (f(x1)− f(bestsol))/NIteraion

where NIteration is the number of iterations.

This algorithm is repeated till reaching the stopping criterion which can
be a number of iteration or a limited running time.

3.3.5 Hyper SA algorithm

A hyper-heuristic algorithm is a general problem-solving technique which
is designed to be autonomous of the domain of the problem. That is
described as “A hyper-heuristic is an automated scheme to choice or
produce heuristics for solving huge computational search problems” [9].
The hyper-heuristic algorithms proposed in this study are of the heuris-
tic selection type. Their primary mechanism is to intelligently select
and sequence from a predefined set of low-level heuristics (LLHs) during
the search process to construct a solution for the complex UALBP. The
low-level heuristics are simple, domain-specific rules used to decide the
order in which tasks are assigned to stations. Ten different LLHs were
employed in our framework, each based on a distinct priority rule. They
are listed below with their abbreviations and descriptions:

� SPT (Shortest Processing Time): Prioritizes tasks with the short-
est processing time.

� LPT (Longest Processing Time): Prioritizes tasks with the longest
processing time.
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� MiTNST (Minimum Total Number of Successor Tasks): Prioritizes
tasks with the fewest total successor tasks.

� MaTNST (Maximum Total Number of Successor Tasks): Priori-
tizes tasks with the most total successor tasks.

� MiCT (Minimum Cost of Tools): Prioritizes tasks requiring tools
with the lowest cost.

� MaCT (Maximum Cost of Tools): Prioritizes tasks requiring tools
with the highest cost.

� MaTNPT (Maximum Total Number of Predecessor Tasks): Prior-
itizes tasks with the most total predecessor tasks.

� MiTNPT (Minimum Total Number of Predecessor Tasks): Prior-
itizes tasks with the fewest total predecessor tasks.

� MaTNET (Maximum Total Number of Equipment Tasks): Prior-
itizes tasks that require the most number of different tools.

� MiTNET (Minimum Total Number of Equipment Tasks): Priori-
tizes tasks that require the fewest number of different tools.

The core mechanism for selecting LLHs is an Adaptive Operator Selec-
tion (AOS) strategy, which uses a learning process to identify the best
sequence of heuristics. This process is managed through an Adaptive
Heuristic Selection (AHS) matrix (ratings table) with rows correspond-
ing to LLHs and columns to task positions [8]. A sequence of LLHs
(an LLH vector) is generated for a solution, where each element dic-
tates the rule for assigning a task. The selection of i-th element of the
LLH vector to pick out an assignable task for each assignable position
is obtained based on the roulette wheel procedure on column i of the
AHS matrix. The performance of an LLH vector is evaluated by the
quality of the solution it generates. The acceptance of a new solution
(generated by a new LLH vector) is governed by the underlying meta-
heuristic framework (Simulated Annealing for HyperSA), which includes
an aspiration criterion. If the new solution has a better OF value, it is
immediately considered as the current solution. For HyperSA, a worse
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solution can be accepted with a probability based on the current tem-
perature (exp(−∆E/T )). Furthermore, the AHS matrix ratings are up-
dated based on acceptance: Reward (α% increase): If the new solution
is accepted and is an improvement. Small Reward (β% increase, where
β << α): If the new solution is accepted but is not an improvement
(uphill move). Penalty (σ% decrease): If the new solution is rejected.
The information (including iteration, temperature and the number of
unimproved iteration parameters) are updated, and the main loop pro-
cedure is repeated to identify a solution to the problem such that the
termination criterion is met.

3.3.6 Hyper GD algorithm

Design and implementation of the hyper GD algorithm is similar to the
hyper SA algorithm but with some changes. The first layer works ac-
cording to the principles of the GD algorithm. The initial level for OF
value based on the initial LLH vector of heuristics is determined. A
new LLH neighbor vector is created as described above, and produces
a neighbor solution which is compared to the solution at hand. For
HyperGD, a worse solution is accepted if its objective value is below
a dynamically decreasing level (threshold). If the OF value for the so-
lution is better or if it is lower than the level, the new LLH vector is
immediately utilized as the current LLH vector, and all parameters and
the AHS matrix rating of the LLH vector are updated positively. Oth-
erwise, the AHS matrix rating is updated negatively and the new LLH
vector is produced and returned to the main loop.

3.3.7 GA-GD algorithm

Any search algorithm must explore and exploit the space of search. Ex-
ploration means the process of visiting entirely novel areas of a search
space, while exploitation means the procedure of visiting those areas of
the search space in the neighborhood of previously visited points. To be
successful, a search algorithm must strike a good balance between ex-
ploration and exploitation. One way to achieve this case is to combine
meta-heuristic algorithms with local search [11].

This hybrid algorithm links the exploration ability of the genetic
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algorithm with the impressive local search of the GD algorithm. Hy-
bridization of these algorithms may ameliorate their efficiency. This is
related to the way offsprings are produced. The GA algorithm focuses
on crossover operator and the GD algorithm focuses on mutation op-
erator. The pseudo-code of this proposed hybrid GA-GD algorithm is
illustrated by Algorithm 1.

3.3.8 VNS-GD algorithm

As another hybrid algorithm, we combine the VNS and GD algorithms.
This combination of the algorithms may provide better results and avoid
local optima. The combination of the VNS with the GD starts from the
first neighborhood search operator in the VNS algorithm, and the GD
algorithm is utilized to compare neighboring solutions. This process is
repeated for all considered search operators. Eventually, the best-found
result is revealed. The pseudo-code of this hybrid VNS-GD algorithm is
shown by Algorithm 2.

4 Computational Study

Some computational experiments are performed in the sequel to evaluate
the proposed algorithms performance given in Section 3 for solving the
problem of Section 2. To do this, some SPs of the literature are modified
and utilized here. The Taguchi design scheme is applied to tune the
parameters of the established algorithms. According to the best values
extracted for the parameters, the algorithms are executed for all SPs and
the final outcomes are found. The continuation of this section represents
the details of this numerical study. This is notable to mention that, all
algorithms are coded in MATLAB and are run on a PC with Intel(R)
Core(TM) i7-7700 CPU 3.60 GHz processor and 32.0 GB RAM.

4.1 Test problems

Several SPs are examined to evaluate the effectiveness of the algorithms.
In this study, 9 test problems, each of them with two sets of equipment
are used. The number of tools needed to carry out the production pro-
cess in the mentioned sets of equipment are approximately 15% and 20%
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Algorithm 1 The hybrid GA-GD algorithm proposed in this study.

Require: Itmax (number of iterations), It (iterations for mutate), npop

(population size), pc (crossover rate), pm (mutation rate), rm (mu-
tation probability)

1: Initialization: pop (an initial random population), Cost(pop) (eval-
uate fitness), level (initial level)

2: Sort pop in ascending order based on OF value
3: while termination criterion is not met do
4: for i = 1 to round(

pc ∗ npop

2
) do

5: Choose two chromosomes x1 and x2 from pop
6: Generate two new chromosomes by single-point crossover,

save to popc
7: pop = pop+ popc
8: end for
9: if rand ≤ rm then

10: for j = 1 to round(pm ∗ npop) do
11: Randomly select a chromosome xi from pop
12: Mutate xi with probability rm to generate x

′
i

13: if Cost(x
′
i) ≤ Cost(xi) or Cost(x

′
i) ≤ level then

14: Save x
′
i to popm

15: else
16: for k = 1 to It do
17: Generate x

′′
i as neighbor of x

′
i

18: if Cost(x
′′
i ) ≤ Cost(x

′
i) or Cost(x

′′
i ) ≤ level then

19: Save x
′′
i to popm

20: end if

21: δ =
Cost(x

′
i)− Cost(bestsol)

Itmax
22: level = level − δ
23: end for
24: end if
25: end for
26: pop = pop+ popm
27: end if
28: Select best npop chromosomes from the merged population
29: Sort population in ascending order
30: bestsol is the best chromosome in population
31: end while
32: Output: the best chromosome
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Algorithm 2 The hybrid VNS-GD algorithm proposed in this study.

Require: It (the number of iterations for each neighborhood operator),
Itmax (maximum iterations), kmax (number of neighborhood opera-
tors), NEk (set of neighborhood operators)

1: Initialization: level (the initial threshold), Ipos (an initial random
solution), Cost(Ipos) (compute fitness value), bestsol ← Ipos

2: while termination criterion is not met do
3: for k = 1 to kmax do
4: I ′pos ← NEk(Ipos) ▷ Apply neighborhood operator k
5: for j = 1 to It do
6: I ′′pos ← NEk(I

′
pos) ▷ Generate new neighbor

7: if Cost(I ′′pos) ≤ Cost(Ipos) or Cost(I ′′pos) ≤ level then
8: Ipos ← I ′′pos
9: if Cost(Ipos) ≤ Cost(bestsol) then

10: bestsol ← Ipos
11: end if
12: end if

13: δ ←
Cost(I ′pos)− Cost(bestsol)

Itmax
14: level← level − δ
15: end for
16: end for
17: end while
18: Output: bestsol
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of the number of tasks respectively. The precedence diagrams of the SPs
are taken from Scholl [36]. The task times, and other required costs are
generated randomly. The details of the SPs are presented in Table 3.

Table 3: Some features of the SPs used for the computational experi-
ment.

SP Tasks
number

Min.
of the task
times

Max.
of the task
times

Equipment
number

Models number
in each
equipment

1 8 10 40 2 2
2 8 10 40 3 2
3 21 10 40 4 2
4 21 10 40 5 2
5 30 10 40 5 2
6 30 10 40 6 2
7 45 10 40 7 3
8 45 10 40 9 3
9 70 10 40 11 3
10 70 10 40 14 3
11 89 10 40 13 3
12 89 10 40 18 3
13 111 10 40 17 4
14 111 10 40 23 4
15 148 10 40 23 4
16 148 10 40 29 4
17 160 10 40 24 4
18 160 10 40 32 4

4.2 Parameter setting

The Taguchi experimental design method was created via Taguchi [40].
It is an effective tool to design the high-quality systems. This approach
produces an efficient, simple and systematic scheme to optimize the
designs for cost, performance and quality [42]. A perfect investigation
of an algorithm with 6 variables at 3 levels needs 729 experiments to find
the best level of each variable which is actually time consuming. Using
the Taguchi method, the number of required experiments is decreased
significantly and depending to the selected orthogonal array it may be
even decreased from 729 to 27 experiments in the given example. In
this method, the factors of an algorithm are divided into two types of
uncontrollable (noise) and controllable factors. Therefore, this method
tries to find the best value of the controllable factors in such a way to
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minimize the effect of the noise factors. The key parameters for each
algorithm were selected based on their established importance in the
meta-heuristics literature and their direct influence on the algorithm’s
behavior. The proposed values (levels) for each parameter were chosen
based on initial testing on a subset of small-to-medium test problems to
identify a reasonable range where each parameter showed an effect and
values commonly used and recommended in selected based on empirical
knowledge and previous studies for similar optimization problems. To
apply the Taguchi method on a meta-heuristic algorithm, the below
steps are followed.

Step 1: The potential levels (values) of each parameter of the algo-
rithm are determined.

Step 2: A suitable orthogonal array for determining the set of re-
quired experiments for tuning the algorithm is selected. A suitable or-
thogonal array should have some experiments equal to or greater than
the total degree of freedom value which is obtained by summation of the
levels of all parameters minus the number of parameters plus 1. In each
experiment the level of each parameter is fixed.

Step 3: The algorithm is executed for each experiment for a number
of times and in all experiments, the marginal mean of OF values is
recorded as the performance measure and shown by C. The signal-to-
noise ratio (S/N) for each level of the parameters is obtained by the
below formulation.

S

N
= −10 logC2

Step 4: The goal of problem is to minimize the OF. A higher S/N ratio
indicates a more robust parameter setting that minimizes variance and
leads to better (lower) OF values. The level with the highest average
S/N ratio for each parameter is selected as the best level.

In this work, for the algorithms GD, VNS, SA, hyperSA, hyperGD,
and VNS-GD, the L9 orthogonal array and for the algorithms GA and
GA-GD, the L27 orthogonal array is considered. The level of parame-
ters are determined based on empirical knowledge and previous studies.
The test problem involving 70 tasks as a representative medium-sized
instance is considered, and each experiment is conducted 5 times and
the mean of the OF values from these 5 runs was recorded as the perfor-
mance measure for that experiment. After calculations of the Taguchi
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Table 4: The proposed values and the best level elicited for the param-
eters used in the established meta-heuristic algorithms.

Algorithm Parameter Proposed
values

Number of necessary
trials by simple
combination

Taguchi experimental design

Degree of
freedom

Required
orthogonal array

Best value obtained
for the parameters

GD Itmax 50,100,200 9 5 L9 200
It 100,200,300 300

VNS Itmax 50,100,200 9 5 L9 200
It 100,200,300 300

SA It 100,200,300 81 9 L9 200
T0 50,200,500 500
Tf 0.001,0.01,1 0.001
α 0.9,0.95,0.99 0.95

VNS-GD Itmax 50,100,200 9 5 L9 200
It 100,200,300 200

HyperGD Itmax 50,100,200 9 5 L9 100
It 100,200,300 200

HyperSA It 100,200,300 81 9 L9 300
T0 50,200,500 50
Tf 0.001,0.01,1 0.01
α 0.9,0.95,0.99 0.99

GA It 100,200,300 243 11 L27 200
npop 100,200,300 300
pc 0.6,0.75,0.9 0.6
pm 0.1,0.25,0.4 0.25
µ 0.3,0.55,0.8 0.3

GA-GD Itmax 100,200,300 243 11 L27 300
It 100,150,200 200
npop 100,200,300 200
pc 0.6,0.75,0.9 0.6
pm 0.1,0.25,0.4 0.25
µ 0.3,0.55,0.8 0.8

method on the elicited OF values, the suggested values of each param-
eter and the best obtained levels for them are determined and provided
in Table 4. The result of the Taguchi method for the SA algorithm of
this study is shown in Figure 1.

5 Findings and Conclusions

5.1 Computational Experiments Results

To conduct the last tests on the sample problems (SPs) and obtain the
final results, the following issues are considered.

� The parameters of each algorithm are considered to the best value
reported by Table 4.

� To make an accurate comparison among the algorithms, in all the
meta-heuristic algorithms, a common run time for each SP is taken
into account. For this aim, the run time of the VNS algorithm (as
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Figure 1: S/N ratio for the obtained numbers of the SA algorithm.

it has the longest run time among the algorithms) for each test
problem is considered as the common run time of all algorithms.
Therefore, execution of other algorithms is repeated to reach the
common run time.

� To achieve more reliable results, each algorithm is implemented 10
times for each SP and the results are compared according to the
minimum, maximum, and mean of the extracted OF values of the
10 runs.

� For more comparisons, the CPLEX solver in GAMS software is
used for each test problem with at most 6 hours allowed run time.
The obtained optimality gaps and the values of the OF are used
for comparison purpose.

As mentioned, the final results are expressed in terms of maximum,
minimum, and the mean of the found OF values for each SP in each
algorithm. These outcomes are summarized in Tables 5-7.

As it is clear from the derived minimum OF values of the utilized
algorithms for each SP in Table 5, the best minimum value in 55.56%
of the test problems are obtained by the GD algorithm. In all cases,
except for the small size of the first SP to the fourth SP, the hybrid
VNS-GD algorithm is superior to classical VNS algorithm. Also, the
minimum values extracted via the VNS algorithm are superior to the
minimum values extracted via the GA and SA algorithms. The results
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of the minimum values of the hybrid GA-GD algorithm are not better
than the ones derived by the classical GA algorithm. The ranking of the
performances of the established algorithms for the minimum obtained
values (among the 10 runs) are GD, VNS-GD, VNS, GA, GA-GD, SA,
HyperSA, HyperGD.

Table 6 shows the highest OF values achieved from 10 runs of each
designed algorithm for each SP.

Regarding the results of this table, in 61% of the cases, the GD algo-
rithm performance is better than other algorithms. The hybrid VNS-GD
algorithm works better than the VNS algorithm in more than half of the
test problems.

In the comparison among the VNS, SA, and GA algorithms, the
VNS algorithm works better than the SA and GA, and the GA and SA
algorithms obtain the same number of minimum values.

The mean of the identified OF values by each of the designed ap-
proaches for each SP is represented by Table 7. According to these re-
sults, in 66.66% of the test problems, the GD algorithm provides better
results. Subsequently, the combination of the GD and VNS algorithms
ameliorates the classic VNS algorithm performance, but the combination
of the GD and GA algorithms cannot ameliorate the GA algorithm per-
formance. In comparison of the classical algorithms, the VNS algorithm
operates better than the GA algorithm, and the GA algorithm operates
better than the SA algorithm. The ranking of the algorithms created by
the mean OF values from the 10 runs is shown as GD, VNS-GD, VNS,
GA, GA-GD, SA, HyperSA, HyperGA.

According to the results of Table 5-7 which are also depicted schemat-
ically by Figure 2-10, the following conclusion can be drawn:

� The GD algorithm, as a local search algorithm, by accepting infe-
rior solutions in each iteration, demonstrates a higher exploration
ability and can work effectively for the problem of this study.

� According to the previous point, it can be concluded that by in-
fluencing the exploration performance of the GD algorithm, the
combination of GD and VNS algorithms shows a better perfor-
mance than the traditional VNS algorithm for searching the solu-
tion space.
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Table 5: Minimum of the values extracted via the OF with 10 runs for
any test problem.

Minimum of the OF values

SP Number of tasks GA VNS SA GD GA-GD VNS-GD HyperSA� HyperGD

1 8 0.7766 0.7766 0.7766 0.7766 0.7766 0.7766 1.0702 1.0702
2 8 0.805 0.805 0.805 0.805 0.805 0.805 1.0569 1.0569
3 21 0.5572 0.5572 0.5572 0.5572 0.5572 0.5572 0.6632 0.6632
4 21 0.4659 0.4659 0.4659 0.4659 0.4659 0.4659 0.5317 0.5317
5 30 0.4137 0.4035 0.4144 0.3976 0.4162 0.3976 0.5179 0.5179
6 30 0.4485 0.4406 0.4407 0.4327 0.4503 0.4381 0.5518 0.5518
7 45 0.2954 0.2811 0.2935 0.2761 0.3058 0.29 0.3737 0.3737
8 45 0.271 0.2648 0.271 0.2645 0.2751 0.2673 0.3003 0.3003
9 70 0.2047 0.1969 0.2069 0.191 0.2059 0.1978 0.2254 0.2254
10 70 0.1892 0.1882 0.1923 0.1826 0.1891 0.1817 0.2264 0.2264
11 89 0.1854 0.1814 0.1866 0.1779 0.1854 0.1776 0.2084 0.2084
12 89 0.1846 0.1806 0.1871 0.181 0.1848 0.1811 0.2102 0.2102
13 111 0.16 0.1557 0.1614 0.151 0.1616 0.1536 0.1756 0.1756
14 111 0.1654 0.1647 0.1685 0.1611 0.1686 0.1591 0.1831 0.1831
15 148 0.1438 0.1376 0.1476 0.1356 0.1409 0.1393 0.1573 0.1573
16 148 0.138 0.1334 0.1417 0.1309 0.1385 0.1338 0.1471 0.1471
17 160 0.1423 0.1413 0.1461 0.1393 0.1448 0.142 0.1587 0.1587
18 160 0.1352 0.132 0.14 0.1302 0.1378 0.1321 0.1414 0.1414

� Our computational results clearly showed that the GD algorithm
consistently outperformed all other algorithms, including GA and
SA, across most test problems.

� According to the obtained results, with increasing the number
of problem samples, the performances of the meta-heuristic algo-
rithms approaches closer to the results of the classical algorithms.
As a suggestion, by changing the type of low-level heuristic vectors
or by increasing the number of samples, perhaps better results can
be obtained further.

5.2 Managerial insights

In today’s rapid and competitive market, the use of ALBP is an un-
avoidable issue for the managers of production companies. Based on the
problem, formulation, and proposed algorithms of this study, the below
insights can be considered by the managers.

� The U-shaped ALBP proposed in this study could be used to bal-
ance the UALs for minimizing the establishment costs and the
equipment purchasing costs.

� In the cases that different types of an operational equipment with
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Figure 2: Diagram of the minimum values elicited via the established
algorithms for SPs (1-6).

Figure 3: Diagram of the minimum values elicited via the established
algorithms for SPs (7-12).

different prices and operational times, the proposed formulation
can be applied by the managers.

� According to the experiments of this study, the existing exact so-
lution approaches may not result in a good balance for the ALs
following the U-shaped ALBP proposed in this study. Therefore,
the exact solution approaches are not suggested for the managers
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Figure 4: Diagram of the minimum values elicited via the established
algorithms for SPs (13-18)

Figure 5: Diagram of the maximum values elicited via the established
algorithms for SPs (1-6).

of a production company for this aim.

� The proposed meta-heuristic algorithm of this study can be used
by the managers to obtain a good balance for their related AL
formulated by the proposed U-shaped ALBP of this study.

� As a result of this study, the proposed hybrid meta-heuristic al-
gorithms can provide better balance according to the proposed U-
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Table 6: Maximum of the values extracted via the OF with 10 runs for
any test problem.

Minimum of the OF values

SP Number of tasks GA VNS SA GD GA-GD VNS-GD HyperSA� HyperGD

1 8 0.7766 0.7766 0.7766 0.7766 0.7766 0.7766 1.0702 1.0702
2 8 0.805 0.805 0.805 0.805 0.805 0.805 1.0569 1.0569
3 21 0.5572 0.5572 0.5572 0.5818 0.5572 0.5572 0.6632 0.6632
4 21 0.4659 0.4659 0.4659 0.4659 0.4718 0.4659 0.5317 0.5317
5 30 0.4463 0.4547 0.4244 0.4239 0.4421 0.4494 0.5179 0.5179
6 30 0.4669 0.4658 0.4546 0.4799 0.4693 0.454 0.5518 0.5518
7 45 0.3177 0.3115 0.3116 0.3065 0.3185 0.3135 0.3737 0.3737
8 45 0.2819 0.2748 0.2781 0.2731 0.2834 0.2753 0.3003 0.3003
9 70 0.211 0.2048 0.2098 0.2004 0.2111 0.2071 0.2254 0.2254
10 70 0.2 0.2034 0.2016 0.1988 0.2021 0.2009 0.2264 0.2264
11 89 0.1894 0.1953 0.192 0.1961 0.1899 0.1928 0.2084 0.2084
12 89 0.1888 0.1868 0.1891 0.1867 0.188 0.1859 0.2102 0.2102
13 111 0.1662 0.1595 0.1661 0.1585 0.1663 0.1598 0.1756 0.1756
14 111 0.1733 0.1693 0.175 0.1672 0.1745 0.1674 0.1831 0.1831
15 148 0.1512 0.1487 0.1509 0.1459 0.1498 0.147 0.1573 0.1573
16 148 0.1433 0.1374 0.1437 0.1349 0.1428 0.137 0.1471 0.1471
17 160 0.1491 0.1462 0.1512 0.1427 0.1491 0.1452 0.1587 0.1587
18 160 0.1398 0.1354 0.1413 0.1335 0.1405 0.135 0.1414 0.1414

Figure 6: Diagram of the maximum values elicited via the established
algorithms for SPs (7-12).

shaped ALBP for the operational managers of a production com-
pany.

The core managerial dilemma captured by our bi-objective model is
the trade-off between capital expenditure on equipment and operational
expenditure. Our model’s solutions reveal how different strategies for
navigating this trade-off impact overall performance.

1. The High-Investment, High-Efficiency Strategy: Choosing
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Figure 7: Diagram of the maximum values elicited via the established
algorithms for SPs (13-18).

Figure 8: Diagram of the average values elicited via the established
algorithms for SPs (1-6).

more expensive, automated equipment models leads to shorter task
processing times. This allows:

� Fewer Stations: More tasks can be grouped into a single sta-
tion without exceeding the cycle time, reducing the fixed cost
of station installation.

� Lower Variable Wage Costs: The most difficult task in a sta-
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Table 7: Average of the values extracted via the OF with 10 runs for
any test problem.

Minimum of the OF values

SP Number of tasks GA VNS SA GD GA-GD VNS-GD HyperSA� HyperGD

1 8 0.7766 0.7766 0.7766 0.7766 0.7766 0.7766 1.0702 1.0702
2 8 0.805 0.805 0.805 0.805 0.805 0.805 1.0569 1.0569
3 21 0.5572 0.5572 0.5572 0.5596 0.5572 0.5572 0.6632 0.6632
4 21 0.4659 0.4659 0.4659 0.4659 0.4664 0.4659 0.5317 0.5317
5 30 0.43305 0.4208 0.41969 0.4103 0.43022 0.41316 0.5179 0.5179
6 30 0.45834 0.45087 0.44659 0.44589 0.46168 0.44651 0.5518 0.5518
7 45 0.30712 0.30014 0.30216 0.29593 0.31347 0.30412 0.3737 0.3737
8 45 0.27663 0.27043 0.27548 0.26876 0.27849 0.27065 0.3003 0.3003
9 70 0.20781 0.20144 0.20854 0.19722 0.20858 0.2025 0.2254 0.2254
10 70 0.19451 0.19659 0.19579 0.18876 0.1948 0.19364 0.2264 0.2264
11 89 0.18739 0.18747 0.18937 0.18663 0.18773 0.18522 0.2084 0.2084
12 89 0.18654 0.18416 0.18785 0.18427 0.18639 0.18324 0.2102 0.2102
13 111 0.16294 0.15745 0.16416 0.15448 0.16409 0.15664 0.1756 0.1756
14 111 0.1708 0.16636 0.17263 0.16464 0.17155 0.16483 0.1831 0.1831
15 148 0.14685 0.14515 0.14941 0.14114 0.14637 0.14237 0.1573 0.1573
16 148 0.14047 0.13549 0.14271 0.13305 0.14069 0.13528 0.1471 0.1471
17 160 0.14661 0.14367 0.1497 0.14047 0.14764 0.14364 0.1587 0.1587
18 160 0.13873 0.13419 0.14038 0.13243 0.13904 0.13387 0.1414 0.1414

Figure 9: Diagram of the average values elicited via the established
algorithms for SPs (7-12).

tion (which sets the wage rate) might be completed faster
with better equipment, potentially lowering the variable wage
cost. However, the primary operational expenditure saving
comes from needing fewer stations and thus fewer operators.

This strategy prioritizes a lower capital expenditure on equipment
over time by making a higher initial capital expenditure on equip-
ment. It is suitable for companies with high production volumes
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Figure 10: Diagram of the average values elicited via the established
algorithms for SPs (13-18).

where the long-term savings in labor and improved throughput
justify the larger upfront investment.

2. The Low-Investment, Low-Efficiency Strategy: Choosing
cheaper, often manual equipment models reduces the immediate
capital outlay. However, this leads to longer task times, which
often necessitates:

� More Stations: To meet the same cycle time with longer tasks,
the line must be broken down into more stations, increas-
ing station installation costs and the number of operators
required.

This strategy minimizes initial capital expenditure on equipment
but leads to a higher operational expenditure due to higher labor
and station costs. It might be a viable option for smaller manufac-
turers with low production volumes or capital constraints, where
minimizing upfront cost is the primary concern.

3. The Hybrid Strategy and the Pareto Frontier: The opti-
mal solutions found by our algorithms typically represent a hy-
brid strategy. They smartly mix equipment types across the line:
investing in faster, more expensive equipment only for bottleneck
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tasks (tasks with long inherent times or many predecessors/successors)
whose acceleration allows for significantly better station consoli-
dation. For less critical tasks, cheaper, slower equipment is used.
This nuanced approach minimizes the total cost rather than min-
imizing one at the expense of the other.

6 Conclusion

In this research, a typical cost-based UALBP was focused. U-shaped
AL has many advantages than straight AL. It needs a smaller physical
space and may be installed with fewer number of stations comparing to
straight ALs. In the UALBP of this study, station installation cost, vari-
able operational cost, and equipment purchasing cost were considered
simultaneously. For the first time equipment type selection possibility
was considered in such line. According to this possibility, selecting a
type of a required equipment for a task, results in a specific operational
time for the task. The problem was modeled as a bi-objective model
where the first objective minimizes installation and operational costs,
and the second one minimizes the equipment purchasing costs for all
stations. As the problem has high degree of complexity, as another con-
tribution, some classical meta-heuristics were used and were hybridized
as solution approach. In addition, some logic was added to their solution
generation phase and some hyper-heuristic algorithms were introduced.
Several problems from the literature were considered, and as the prob-
lem is new, some parameters values were generated for them. A Taguchi
approach was used to tune the parameters of each algorithm. The final
experiments were conducted, and based on the results achieved, the GD,
VNS, and their hybrid version performed better than other algorithms.
As future research directions, the equipment type selection possibility
can be considered for other types of ALBPs. On the other hand, use
of matheuristics (combination of mathematical programming and meta-
heuristics) may be useful for obtaining more qualitative solutions.
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