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A B S T R A C T

This paper deals with optimization aspects of designing reconfigurable production lines with fixed number of
workstations. The studied lines are characterized by their ability to handle multiple products, where switching
from one product configuration to another is performed by reassigning certain tasks between workstations.
Thus, given a set of products and the order of their arrival, the considered optimization problem consists in
designing an admissible line configuration for each product such as the total number of task reassignments is
minimized. An admissible line configuration can be viewed as a distribution of a given set of tasks among
workstations subject to the corresponding cycle time and precedence constraints. To solve this problem,
a mixed-integer linear program (MILP) is proposed. Then, an appropriate MILP-based heuristic, named as
Halt-and-Fix, is developed to efficiently tackle large scale instances. Computational results are reported on a
collection of instances derived from the well-known benchmark data used in the literature for the simple
assembly line balancing problem. These results show that the heuristic has demonstrated a good overall
performance when dealing with large size instances.
1. Introduction

Nowadays, the current market is characterized by fluctuating de-
mand, a high product mix and a frequent new product introduction
driven by a global competition. In such an environment, manufactur-
ing/assembly industries seek to achieve a certain level of flexibility
that allows them to react quickly and effectively. Therefore, increasing
the reconfigurability of their production systems through the principles
of modularity, integrability, customization and convertibility can help
them meet this need (see Koren, 2006; Mehrabi et al., 2000).

In this scope, Koren et al. (1999) introduced the concept of recon-
figurable manufacturing systems (RMS) to cope with the limitations
of flexible manufacturing systems (FMS) and dedicated manufactur-
ing lines (DML), since DMLs are rigid and lack flexibility to adapt
to changes and FMS are costly and offer relatively low production
rates. RMS are product-oriented (Koren & Shpitalni, 2010), i.e., product
characteristics are used as input so as to design a system with the exact
needed flexibility. As a result, RMS can be easily adapted to product
evolution/changes and demand fluctuations. This is made possible due
to the scalable RMS line structure, which allows to adjust its produc-
tion capacity. Moreover, RMS is mainly composed of reconfigurable
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machine tools (RMT) or reconfigurable assembly machines (RAM),
characterized by their modular design, which gives them the ability to
be reconfigured by adding, moving or removing modules (Katz, 2006).

The concept of RMS has not gone unnoticed and has become the
subject of growing interest from industry and researchers. This can be
observed through recent literature reviews such as the ones of Bortolini
et al. (2018) and Yelles-Chaouche et al. (2021) who identified the most
discussed topics related to RMS. The design and operation of such
systems are the most studied problematic in which the aim is to provide
best line configurations that can handle one or several products. These
issues are often formulated as optimization problems, where perfor-
mance indicators such as modularity, scalability and reconfigurability
indexes are optimized in order to allow a studied line to be reconfigured
quickly and cost-effectively (Ashraf & Hasan, 2018; Benderbal et al.,
2017; Borisovsky et al., 2013; Dou et al., 2016).

One of the challenges that companies face when they implement re-
configurability is the workload balancing between workstations. Com-
pared to traditional systems, the design of a reconfigurable line should
take into consideration different types of products, where each of which
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is associated with its appropriate line configuration. This problem is
similar to a multi-model line balancing problem (MuMLBP) in which
several products are produced in batches according to a predefined
order (Becker & Scholl, 2006; van Zante-de Fokkert & de Kok, 1997).
Switching from one product to another requires setup operations where
some tasks should be reassigned between existing workstations. Such
problem is important and often raised in assembly and manufacturing
companies (see, e.g., Asl et al. (2019), Lapierre et al. (2000) and Tóth
et al. (2018)). Most of the papers on this problematic attempt to
solve MuMLBP by transforming it to the single model line balancing
problem (SMLBP) as in van Zante-de Fokkert and de Kok (1997). The
unique exception is the work of Asl et al. (2019), where the authors
handle each product separately by considering multiple objectives. In
the present paper, we only focus on one of that objectives, which is
the minimization of task reassignments between workstations when
shifting from one product line configuration to another. This allows
us to get better insights into the problem by taking advantage of its
characteristics and hence proposing appropriate approaches to solve it
efficiently. Furthermore, Asl et al. (2019) validate their solution ap-
proach on a single medium size real case instance. That paper showed
the importance of studying such problems in a real context, however,
it makes it hard to assess the quality of the solution approach.

The objective of our paper is to contribute to research on the design
of reconfigurable lines. Accordingly, we consider a paced line composed
of a fixed number of reconfigurable machines, hereafter referred to
as workstations, arranged in series and connected by a handling sys-
tem such as conveyor belt. Each workstation is modular and able to
perform different manufacturing tasks. One task is performed by one
module. This structure allows to easily reconfigure the line by moving
modules from one workstation to another. All modules are assumed
to be compatible with all workstations. This is typically the case of
RMT which consist of a basic structure where modular machining
tools can be mounted. The studied line is able to handle multiple
products separately (batch production). The products belong to a same
family, meaning that they share some common characteristics. Each
product requires a particular configuration of the line. Hence, if a
new product has to be produced, the current configuration of the line
has to be changed by moving modules through the different available
workstations.

Hence, our major contributions in this work consist of:

• Presenting and analyzing a new optimization problem that arises
for multi-product reconfigurable production lines which can be
found in different industrial sectors,

• Proposing a MILP formulation with new strong pre-processing
techniques, and

• Designing and implementing an efficient MILP-based heuristic to
solve large scale instances of the problem.

The remainder of the paper is organized as follows. Section 2
presents a literature review. The problem is described and formulated
in Section 3. A proposed MILP-based heuristic is presented in Section 4.
Numerical experiments and results are detailed in Section 5. Section 6
presents conclusions and future research work.

2. Literature review

Among publications on the RMS, their design is one of the most dis-
cussed issues in the literature (see, e.g., Yelles-Chaouche et al., 2021).
It consists in assigning manufacturing tasks and allocating reconfig-
urable machines to workstations while providing a desired production
capacity as well as a degree of flexibility. In this problem, the objective
is not only to reduce the associated investment cost, as in traditional
production systems, but also to take into account the reconfigurable
nature of these systems to handle several products. For example, Goyal
and Jain (2015) developed a multi-objective particle swarm algorithm
to design a reconfigurable flow line while minimizing the capital
2

cost and maximizing operational capability, machine utilization and
configuration convertibility. Similarly, Dou et al. (2016) proposed an
NSGA-II method to minimize the capital cost, reconfiguration cost and
total tardiness of different products to be completed. The authors have
considered both strategic (design) and operational (scheduling and
reconfiguration) objectives, since the choice of machines has a direct
impact on the line configuration and the reconfiguration process. As a
result, these objectives need to be considered simultaneously. In Saxena
and Jain (2012), the authors propose an artificial immune system (AIS)
heuristic to minimize capital, reconfiguration, maintenance and operat-
ing costs. In our paper, we also consider the design of a reconfigurable
manufacturing line that is able to handle several product types.

As with the reconfigurable flow line design, the process planning
problem in a reconfigurable environment was also widely addressed.
The aim of process planning consists in determining the detailed ma-
chining requirements, set of tasks to be executed and associated pieces
of equipment for transforming a raw material into a finished part.
Such problems often arise in mechanical part manufacturing, where
a set of features, such as a geometric shape, holes, bosses, etc. are
provided (Zhang et al., 1997). In such problems, the presence of
reconfigurable machine tools (RMT) is considered. Thus, Bensmaine
et al. (2013, 2014) developed multi-objective meta-heuristics in or-
der to choose the best RMTs from a given set. The objectives are
to minimize the total cost, the production completion time and the
makespan. Later, Benderbal et al. (2017) introduced other performance
indicators such as system flexibility and system modularity to ensure
that the generated process plan is provided with different alternative
configurations. Recently, Touzout and Benyoucef (2018) considered the
minimization of energy consumption in the process planning problem,
along with the total cost and completion time.

It can be observed in the literature that the most studied goal con-
sists in designing/generating a configuration for one product or more.
However, few of them tackle the reconfiguration process (i.e., how to
reconfigure when the product changes). In this scope, Battaïa et al.
(2016) developed a decision support tool to design a reconfigurable ro-
tary machining system able to produce different products (from a same
family) in batches. The proposed heuristic is not only used to design a
configuration for each batch corresponding to a product family, but also
provides the reconfiguration process (which modules to move/remove
or change) to switch from one configuration to another. The objec-
tive function minimizes the total cost. Recently, Battaïa et al. (2020)
suggested a similar decision support tool for designing reconfigurable
flow line (instead of rotary machining system) able to produce different
products in batches. The authors proposed a mathematical formulation
that assigns tasks to RMT while considering technical constraints such
as precedence, exclusion and inclusion constraints and technological
ones which consider the set of available tools. The objective function
consists in minimizing the total cost. In this scope, our article also aims
at studying reconfigurable line design and reconfiguration problems,
but in a more fundamental and comprehensive manner, i.e., without
taking into account specific and sharp constraints related to a precise
industrial sector.

The problem under consideration in this paper is referred to as
multi-model assembly line balancing problem (MuMLBP). Few research
has been done for MuMLBP despite its importance in the industry. For
example, Lapierre et al. (2000) and Tóth et al. (2018) consider a multi-
model printed circuit board (PCB) assembly line. The aim is to provide
an appropriate line configuration in terms of production capacity that
is able to produce several PCB-types in batches. The former proposed
a MILP model along with a Lagrangian relaxation in order to minimize
the cycle time of each batch, whereas the latter proposed an iterative
algorithm to minimize the total production time. Both objectives aim
to reduce the setup time when switching between batches. Another
problem that arises in textile industry is tackled by Pereira (2018),

where a line needs to be balanced for several product types. The
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objective function is to minimize the resource and workstation asso-
ciated costs. Chen et al. (2019) proposed a genetic algorithm to solve
a MuMLBP in the thin film transistor-liquid crystal display (TFT-LCD)
industry. The objective is to minimize both the number of workers
and the number of workstations. Similarly, Berger et al. (1992) con-
sider a flexible manufacturing line, where the objective is to optimize
the number of workstations. That line is able to produce multiple
products, which share common production tasks. A single combined
graph represents task precedence relationships of all products. This
allows the problem to be solved in the same way as the single product
assembly line balancing problem. A flexible multi-model manufacturing
line composed of flexible and non-flexible workstations was considered
by Nazarian et al. (2010). The former is able to be reconfigured when
the products change, whereas the latter only performs a limited number
of fixed tasks. The authors proposed a MILP model and a heuristic
based on a single combined precedence graph. The objective function
minimizes the investment cost which includes the cost of flexible and
non-flexible workstations. One of the closest problems to that studied
in this paper is Asl et al. (2019), who addressed a MuMLBP. Unlike
the previously-mentioned papers, which often combine the precedence
graphs of each product into a single one, the authors consider each
precedence graph individually. This is due to the fact that products may
have different precedence graphs that cannot be merged. The authors
study an engine assembly line, and proposed a multi-objective MILP
model in order to minimize the cycle time for each product type, and
maximize both the number of common tasks in same workstations and
a level of workload smoothness between workstations.

Bautista et al. (2016) proposed a methodology that aims to pro-
vide a robust mixed-model line balancing under demand variations
while considering ergonomic risk on workers. Akpinar et al. (2017)
tackled simple and mixed-model assembly line balancing problems.
The authors considered setup times that depend on a sequence of
tasks assigned to each workstation. Typically, a setup represents a
reconfiguration that has to be done within a workstation to perform
different tasks on different products. The objective function seeks to
minimize the number of workstations. To achieve this, the authors
propose an exact algorithm based on Benders decomposition.

Other research work has been done to propose a re-balancing of an
existing line in response to a product change or a demand variation.
Such a problem is known in the literature as the assembly line re-
balancing problem (ALRBP), which consists in reassigning some tasks
between existing workstations to meet new requirements. This can lead
to a relocation of available resources such as operators and machines.
Naturally, one of the main goals of ALRBP is to minimize the number of
reassigned tasks, or the cost associated with the re-balancing. Despite
the importance of this problem in the industry, little research has been
conducted on ALRBP.

Grangeon et al. (2011) addressed ALRBP by minimizing the number
of reassigned tasks and the number of workstations. For the same prob-
lem, Makssoud et al. (2014) proposed a mixed-integer linear program to
minimize the investment cost of new equipment considering the possi-
bility of reusing the already available ones. Sancı and Azizoğlu (2017)
considered a re-balancing problem in which a workstation failure or
shutdown occurs. In this case, the concerned tasks have to be reassigned
to available workstations. The authors sought to achieve a compromise
between cycle time and the number of reassigned tasks. Yang et al.
(2013) studied a mixed-model assembly line involving operators while
considering seasonal demands. Such a line can be re-balanced (recon-
figured) to adapt to changes in demand. The objective function aims to
minimize the number of workstations and their load variations as well
as the cost of re-balancing. In these contributions, while some authors
have proposed tailored and general metaheuristics (Grangeon et al.,
2011; Yang et al., 2013), others have developed exact procedures such
as the branch-and-bound algorithm (Sancı & Azizoğlu, 2017), or have
proposed a MILP formulation solved by a commercial solver (Makssoud
3

et al., 2014).
Similar to ALRBP, the problem addressed in this paper seeks to min-
imize the number of task reassignments. However, the main difference
is that we do not consider an already existing balanced line, but aim
at finding a best line configuration for each product in terms of the
number of potential task reassignments.

3. Problem description and formulation

In the section, a clear definition of the studied problem is given.
Subsequently, a corresponding MILP formulation is proposed.

3.1. Problem description

Reconfigurable manufacturing lines are able to produce different
products from the same family. Each product has to be produced ac-
cording to a well-defined production rate. This is expressed by the cycle
time, which indicates the time between the release of two successive
products. For a product to be manufactured, it needs a given number
of elementary tasks to be performed. Each task is associated with a
predefined processing time. Moreover, the tasks have to be executed
following a partial order that is usually represented through a directed
acyclic precedence graph. The latter is composed of vertices represent-
ing the tasks and arcs connecting them, thus creating a precedence
relationship between the tasks. Since the products belong to the same
family, it can be considered that they share the same set of tasks to
be performed. However, the precedence graph of each product and
the processing times of the tasks can be different due to their level of
complexity and process plans selected for each of them. An illustrative
example is given in Fig. 1. The latter shows precedence graphs corre-
sponding to three products requiring eight tasks. The processing time
of each task is indicated over its corresponding vertex. The aim is to
find a suitable line configuration for each product. This can be done
by assigning all corresponding tasks to a fixed number of workstations.
In each configuration, the cycle time and the precedence constraints
have to be satisfied. Since the line is reconfigurable, it allows to switch
from one configuration to another by reassigning some tasks. Thus, the
objective is to generate appropriate configurations that minimize the
total number of reassignments.

Accordingly, a MILP formulation is proposed where the demand for
each product is known in a given time horizon, which makes it possible
to determine the sequence of product arrival in advance. This is illus-
trated in Fig. 2, which shows optimal line configurations satisfying the
respective precedence relations, represented by corresponding graphs
in Fig. 1, constructed on three workstations and with an identical cycle
time of 40 time units. Here, Configurations 1, 2 and 3 are related
to precedence graphs (1), (2) and (3), respectively. Switching from
Configuration 1 to 2 (resp. 2 to 3) requires 1 reassignment (resp. 4
reassignments) that consists of moving task 1 from Workstation 1 to
Workstation 2. Hence, the total number of reassignments is 5.

It is not difficult to see that the studied problem is hard to solve,
since the search of an admissible line configuration for each product
corresponds to solving the feasibility version of the simple assembly
line balancing problem (SALBP-F), known to be NP-hard in the strong
sense (see Scholl, 1999).

3.2. Problem formulation

A MILP formulation is proposed to minimize the total number
of task reassignments. Below, the used notations and variables are
introduced.

Notations:

• 𝑉 is a set of assembly tasks;
• 𝑊 is a set of available workstations;
• 𝑃 is a set of products;
• 𝑅 = {(1, 2), (2, 3),… , (|𝑃 | − 1, |𝑃 |)} is the set of all pairs of
successive products;
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Fig. 1. (1), (2) and (3) are the precedence graphs that correspond to the products 1, 2 and 3.
Fig. 2. Optimal product configurations that minimizes the total number of reassignments.
• 𝐶 (𝑝) is a cycle time corresponding to the product 𝑝 ∈ 𝑃 ;
• 𝑡(𝑝)𝑖 is a processing time of the task 𝑖 ∈ 𝑉 for the product 𝑝 ∈ 𝑃 ;
• 𝐺(𝑝) = (𝑉 ,𝐴(𝑝)) is a directed acyclic graph representing the

precedence constraints of the product 𝑝 ∈ 𝑃 . Here, 𝐴(𝑝) is the set
of arcs for 𝐺(𝑝), where an arc (𝑖, 𝑗) ∈ 𝐴(𝑝) means that task 𝑗 has to
be executed after task 𝑖 and, as a consequence, can be assigned
either to the same workstation as the task 𝑖, or to succeeding ones.

Variables:

• 𝑥(𝑝)𝑖𝑘 is equal to 1 if the task 𝑖 ∈ 𝑉 is assigned to the workstation
𝑘 ∈ 𝑊 in the configuration corresponding to the product 𝑝 ∈ 𝑃 ,
0 otherwise;

• 𝑧(1,2)𝑖𝑘 (resp. 𝑧(2,3)𝑖𝑘 , . . . , 𝑧(|𝑃 |−1,|𝑃 |)𝑖𝑘 ) is equal to 0 if the task 𝑖 ∈ 𝑉 is
either assigned or not assigned to the workstation 𝑘 ∈ 𝑊 in both
configurations corresponding to products 1 and 2 (resp. 2 and 3,
. . . , |𝑃 | − 1 and |𝑃 |), 1 otherwise.

Fig. 3 presents an example clarifying the definition of variable
(1,2)
𝑖𝑘 . In this example, task 1 is assigned to workstation 1 in both
onfigurations 1 and 2, thus 𝑧(1,2)11 = 0 meaning that there is no need
o reassign task 1. This is also the case for task |𝑉 | − 1. Conversely,
asks 2, 3, 4 and |𝑉 | are not assigned to the same workstations in
4

oth configurations and have to be reassigned when the configuration
changes (i.e., 𝑧(1,2)21 = 𝑧(1,2)32 = 𝑧(1,2)42 = 𝑧(1,2)
|𝑉 |,|𝑊 |

= 1).

min 1
2
∑

𝑖∈𝑉

∑

𝑘∈𝑊

∑

(𝑟1 ,𝑟2)∈𝑅
𝑧(𝑟1 ,𝑟2)𝑖𝑘 (1)

subject to:

− 𝑧(𝑟1 ,𝑟2)𝑖𝑘 ≤ 𝑥(𝑟1)𝑖𝑘 − 𝑥(𝑟2)𝑖𝑘 ≤ 𝑧(𝑟1 ,𝑟2)𝑖𝑘 , ∀𝑖 ∈ 𝑉 , ∀𝑘 ∈ 𝑊 , ∀(𝑟1, 𝑟2) ∈ 𝑅 (2)

∑

𝑘∈𝑊
𝑥(𝑝)𝑖𝑘 = 1, ∀𝑖 ∈ 𝑉 , ∀𝑝 ∈ 𝑃 (3)

|𝑊 |

∑

𝑞=𝑘
𝑥(𝑝)𝑖𝑞 ≤

|𝑊 |

∑

𝑞=𝑘
𝑥(𝑝)𝑗𝑞 , ∀𝑘 ∈ 𝑊 , ∀(𝑖, 𝑗) ∈ 𝐴(𝑝), ∀𝑝 ∈ 𝑃 (4)

∑

𝑖∈𝑉
𝑡(𝑝)𝑖 ⋅ 𝑥(𝑝)𝑖𝑘 ≤ 𝐶 (𝑝), ∀𝑘 ∈ 𝑊 , ∀𝑝 ∈ 𝑃 (5)

𝑥(𝑝)𝑖𝑘 ∈ {0, 1}, ∀𝑖 ∈ 𝑉 , ∀𝑘 ∈ 𝑊 , ∀𝑝 ∈ 𝑃

𝑧(𝑟1 ,𝑟2)𝑖𝑘 ∈ [0, 1], ∀𝑖 ∈ 𝑉 , ∀𝑘 ∈ 𝑊 , ∀(𝑟1, 𝑟2) ∈ 𝑅

Objective function (1) minimizes the total number of task reas-
signments necessary to switch from configuration 1 to 2, 2 to 3, and

up to configuration |𝑃 | − 1 to |𝑃 |. Constraints (2) allow to check if
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Fig. 3. Clarifying example for decision variable 𝑧(1,2)𝑖𝑘 .
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ask 𝑖 is assigned or not to the same workstation in two successive
onfigurations. For example, 𝑧(1,2)𝑖𝑘 = 1 means that task 𝑖 is assigned
o workstation 𝑘 in only one of the two configurations. Thus, task 𝑖
as to be reassigned when switching between configurations 1 and 2.
therwise, 𝑧(1,2)𝑖𝑘 = 0. Moreover, it is not difficult to see that 𝑧(⋅,⋅)𝑖𝑘 can be

considered as continues on [0, 1]. Constraints (3) ensure that for each
roduct 𝑝, task 𝑖 has to be assigned to one workstation only. In order to

satisfy the precedence graph of each product, constraints (4) are used.
Constraints (5) ensure that for each product 𝑝, the sum of the processing
ime of the tasks assigned to the same workstation does not exceed the
orresponding cycle time.

.3. Enhanced MILP formulation

In order to strengthen the presented MILP model performance, pre-
rocessing techniques are proposed in this section. These latter take
dvantage of the problem structure and input data in order to reduce
he search space. They are mainly based on the precedence graphs and
he task processing times. The use of this information allows to reduce
he so-called task assignment intervals, noted by 𝑄(𝑝)

𝑖 =
[

𝑙(𝑝)𝑖 , 𝑢(𝑝)𝑖

]

,
here 𝑙(𝑝)𝑖 (resp. 𝑢(𝑝)𝑖 ) corresponds to the index of the earliest (resp.

atest) workstation where task 𝑖 of product 𝑝 could be placed. Basically,
he assignment interval of any task is set to [1, |𝑊 |].

In order to reduce the assignment intervals as much as possible,
e combine two distinct manners to compute them. The first interval,
oted as 𝑄1(𝑝)𝑖 , is a well-known one developed by (Patterson & Albracht,
975):

1(𝑝)𝑖 =
⎡

⎢

⎢

⎣

⎡

⎢

⎢

⎢

𝑡(𝑝)𝑖 +
∑

𝑗∈ (𝑝)
𝑖

𝑡(𝑝)𝑗

𝐶 (𝑝)

⎤

⎥

⎥

⎥

, |𝑊 | + 1 −
⎡

⎢

⎢

⎢

𝑡(𝑝)𝑖 +
∑

𝑗∈(𝑝)
𝑖

𝑡(𝑝)𝑗

𝐶 (𝑝)

⎤

⎥

⎥

⎥

⎤

⎥

⎥

⎦

.

Here,  (𝑝)
𝑖 (resp.  (𝑝)

𝑖 ) represents the set of all predecessors (resp. all
successors) of task 𝑖 with respect to precedence graph 𝐺(𝑝) of product
𝑝. In 𝑄1(𝑝)𝑖 , the index of the earliest workstation is given by the ratio
of the sum of all processing times corresponding to the set of tasks
 (𝑝)
𝑖

⋃

{𝑖} and the cycle time of product 𝑝. This ratio reflects a lower
bound on the number of workstations necessary to assign 𝑖 and all its
predecessors. Similarly, the latest workstation where task 𝑖 could be
assigned is calculated based on all its successors.

The second way to compute assignment intervals is inspired by the
approach initially developed by Johnson (1988) and presented in its
advanced version in Scholl (1999, p. 44–47) for computing a lower
bound, noted as 𝐿𝐵4, on the number of workstations for the SALBP-1
problem. It is based on representing the studied problem as a one-
machine scheduling one. Namely, it is possible to associate to each task
𝑖 of product 𝑝 its earliest completion time 𝜃(𝑝)𝑖 and its latest starting time
𝜁 (𝑝)𝑖 . Based on the cycle time of each product 𝑝, it is not difficult to
see that these parameters can be computed in the following recursive
manner:

𝜃(𝑝)𝑖 = 𝑡(𝑝)𝑖 + max
(𝑝)
max

{

𝜃(𝑝)𝑞 ,

(⌈

𝜃(𝑝)𝑞 + 𝑡(𝑝)𝑖

𝐶 (𝑝)

⌉

− 1

)

⋅ 𝐶 (𝑝)

}

,

5

𝑞∈ 𝑖
𝜁 (𝑝)𝑖 = min
𝑞∈

(𝑝)
𝑖

min

{

𝜁 (𝑝)𝑞 ,

(⌊

𝜁 (𝑝)𝑞 − 𝑡(𝑝)𝑖

𝐶 (𝑝)

⌋

+ 1

)

⋅ 𝐶 (𝑝)

}

− 𝑡(𝑝)𝑖 ,

here 
(𝑝)
𝑖 (resp. 

(𝑝)
𝑖 ) is the set of direct predecessors (resp. direct

successors) of task 𝑖 corresponding to precedence graph 𝐺(𝑝) of product
. 𝜃(𝑝)0 = 0 and 𝜁 (𝑝)

|𝑉 |+1 = 𝐶 (𝑝) × |𝑊 | are respectively the dummy start and
nd of the schedule. Thus, the second way of computing the assignment
ntervals, noted as 𝑄2(𝑝)𝑖 , can be expressed as follows:

2(𝑝)𝑖 =

[⌈

𝜃(𝑝)𝑖

𝐶 (𝑝)

⌉

, 1 +

⌊

𝜁 (𝑝)𝑖

𝐶 (𝑝)

⌋]

.

As a result, and in order to provide the tightest assignment intervals
for each task, 𝑄(𝑝)

𝑖 is set as 𝑄1(𝑝)𝑖
⋂

𝑄2(𝑝)𝑖 for each task 𝑖 and product 𝑝.
Using 𝑄(𝑝)

𝑖 , constraints (4) can be improved by (4’), and constraints
6) can strengthen the initial MILP model. Equalities (6) are important
ince they allow to set some decision variables 𝑥(𝑝)𝑖𝑘 to 0 from the

beginning. Thus, reducing considerably the search space.
|𝑊 |

∑

𝑞=𝑘
𝑥(𝑝)𝑖𝑞 ≤

|𝑊 |

∑

𝑞=𝑘
𝑥(𝑝)𝑗𝑞 , ∀(𝑖, 𝑗) ∈ 𝐴(𝑝), ∀𝑘 ∈ 𝑄(𝑝)

𝑖

⋂

𝑄(𝑝)
𝑗 , ∀𝑝 ∈ 𝑃 (4’)

𝑥(𝑝)𝑖𝑘 = 0, ∀𝑖 ∈ 𝑉 , ∀𝑘 ∉ 𝑄(𝑝)
𝑖 , ∀𝑝 ∈ 𝑃 (6)

Adding assignment intervals improves the overall performance of
the MILP model when dealing with small and medium size instances.
However, as indicated in our experimental results, the commercial
solver was still unable to solve large size problems. Accordingly, the
next section presents an interesting appropriate heuristic, which is
based on the enhanced MILP model.

4. MILP-based heuristic

In order to efficiently solve large size instances of the studied
problem in a reasonable amount of time, an iterative MILP-based
algorithm is proposed. Its principal idea consists in analyzing feasible
solutions found by the MILP model within a short CPU time, then
identifying certain characteristics linked to the problem and generating
new constraints in order to reduce the search space. The developed
approach is not an exact one, since it is based on near-optimal rules,
described below.

To simplify the further presentation of this section, the following
new notations are introduced:

• 𝐾(𝑟1, 𝑟2) is a set of tasks assigned to the same workstation for the
products 𝑟1 and 𝑟2;

• 𝑇 is the maximum CPU time allowed in each iteration.

The generated constraints have the following expression:
(𝑟1 ,𝑟2)
𝑧𝑖𝑘 = 0, ∀(𝑟1, 𝑟2) ∈ 𝑅, ∀𝑖 ∈ 𝐾(𝑟1, 𝑟2), ∀𝑘 ∈ 𝑊 . (7)
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At the beginning of the proposed approach, named hereafter as
Halt-and-Fix heuristic, no feasible solution is known and the set of
onstraints (7) is empty, since 𝐾(𝑟1, 𝑟2) = ∅ for each (𝑟1, 𝑟2) ∈ 𝑅. Each

iteration of this heuristic consists in solving, within the time limit 𝑇 ,
the MILP model (1)–(7) by a MILP solver. The aim is to identify an
admissible solution that is better (in terms of the objective function
value) than the best one found in the previous iteration. If it is the
case, then the following series of steps is carried out:

1. The MILP solver is interrupted
2. Based on this new better solution, the set 𝐾(𝑟1, 𝑟2) is updated for

each (𝑟1, 𝑟2) ∈ 𝑅
3. A novel iteration starts on the MILP model (1)–(7), enriched by

new constraints (7) and using the current better solution as a
warm-start one.

Two other specific cases are also possible within the time period 𝑇 of
each iteration. The first one occurs when an optimal solution is found
before exceeding the time limit 𝑇 , then that solution is returned as the
final one and the algorithm stops. The second case happens when the
goal of the current iteration is not realized (i.e., no better admissible
solution is found), then the MIP solver is not interrupted and continues
to solve up to either improving the objective function value or reaching
the global time limit, fixed for the Halt-and-Fix heuristic. For this last
situation, the algorithm stops and the best found admissible solution is
returned as the final one. The steps 1 and 2 above can be referred as
Halt and Fix steps, respectively.

For two given configurations corresponding to the products 𝑟1 and
𝑟2, constraints (7) reduce the search space by forcing task 𝑖 from
𝐾(𝑟1, 𝑟2) to be at a same workstation. However, constraints (7) do not
exactly identify the workstation where the task 𝑖 has to be assigned
and thus offering some freedom of choice knowing that in most cases
|𝑄(𝑟1)

𝑖
⋂

𝑄(𝑟2)
𝑖 | > 1.

A more formal description of the proposed approach is given below
by Algorithm 1.

In the next section, a detailed performance comparison between the
MILP model employed alone with the developed Halt-and-Fix heuristic
is done through computational experiments on well-known benchmark
data instances.

5. Computational results

This section aims to present the experimental results of the exact
MILP approach with CPLEX, noted hereafter as exact approach, and to
assess the performance of the proposed heuristic. To do this, first the
used benchmark data instances are introduced, designed and described.
Then, an analysis of the results for the sole MILP model is provided
and finally compared with those obtained by the heuristic. The above-
mentioned numerical experiments were conducted on a 1.90 GHz
Intel(R) Core(TM) i7-8650U computer with 32 GB RAM.

5.1. Generated instances and input data

For numerical experiments, the well-known benchmark instances
from Otto et al. (2013) were used. They are mostly associated to
assembly line balancing problems. Only the instances where precedence
constraints are represented by a directed acyclic weakly connected
graph were taken into account.

In each of these instances, the vertex enumeration of the precedence
graph follows a topological order, which makes most of the instances
inappropriate for our problem, as can be seen in the obtained computa-
tional results in Table 3. Therefore, we decided to alter the precedence
graphs to obtain more numerically challenging instances. More precisely,
each used precedence graph was modified with respect to a randomly
generated permutation of vertices. Fig. 4 shows an example of such a
modification for the permutation (3, 7, 2, 6, 4, 1, 5, 8), where the original
6

graph is on the left-hand side, and the modified one is on the right-hand t
side. Although some of these instances present extreme situations that
might not exist in a real industrial context, they are more interesting for
evaluating the performance of the MILP formulation and the heuristic.

Two sets of instances were used: medium size (|𝑉 | = 50) and large
size (|𝑉 | = 100) ones. Each of them is classified into three series based
on a density indicator of their corresponding precedence graphs, known
as the order strength (𝑂𝑆). The 𝑂𝑆 is computed as 2⋅|𝐸(𝑝)

|

|𝑉 |(|𝑉 |−1) , where
(𝑝) =

{

(𝑖, 𝑗) ∣ 𝑖 ∈ 𝑉 , 𝑗 ∈  (𝑝)
𝑖

}

is the set of arcs in the transitive closure
f 𝐺(𝑝). first series (see Table 1) corresponds to the instances having 𝑂𝑆
round 0.2, noted 𝑂𝑆 ≈ 0.2. The second (resp. third) one concerns the
nstances with 𝑂𝑆 ≈ 0.6 (resp. 𝑂𝑆 ≈ 0.9). For each series, the cases of
𝑃 | = 2 and |𝑃 | = 3 are considered. Thus, for example, to construct an
nstance for two (resp. three) products, it is needed to simply consider
wo (resp. three) successive instances of Otto et al. (2013) from the
ame series. In total, 640 instances were generated for |𝑃 | = 2 and 634
nstances were generated for |𝑃 | = 3.

Moreover, for each instance, the cycle time 𝐶 (𝑝) of each product
∈ 𝑃 is set to

⌈

1.5 ⋅max𝑖∈𝑉 𝑡(𝑝)𝑖

⌉

and the number of workstations |𝑊 |

s fixed to max𝑝∈𝑃
{⌈

1.2 ⋅
∑

𝑖∈𝑉 𝑡(𝑝)𝑖 ∕𝐶 (𝑝)
⌉}

. This choice was made after
reliminary experiments in order to obtain non-trivial instances.

Notice that the instances of Otto et al. (2013) have other charac-
eristics such as west ratio, time interval and time variability ratio.
owever, in our numerical experiments, the only identified character-

stics that have impacted the instance’s hardness were instance size and
rder strength (𝑂𝑆). That is why only these two were analyzed in this
aper.

.2. Computational results for the MILP model

CPLEX 12.10 was used to solve the enhanced MILP formulation
etailed in Section 3.3. The computational results are presented in
able 2. A global time limit of 1800 s was fixed for solving each

nstance. The first and second columns of Table 2 represent the num-
er of products and the number of tasks, respectively. The third one
llustrates the series of the corresponding set of instances, while the
ourth shows the total number of instances in each series. The number
f instances optimally solved within the global time limit and their
orresponding average CPU time are shown in the fifth and sixth
olumns, respectively. The seventh column represents the average GAP
or the remaining instances which were not solved to optimality. For
ach instance, the GAP is computed with respect to the objective
unction value of the best found solution (𝑈𝐵) and the lower bound
alue (𝐿𝐵), determined by CPLEX, using the following expression 100%⋅
𝑈𝐵 −𝐿𝐵)∕𝑈𝐵. Finally, the last column shows the interval of the used
umber of workstations for each series.

As can be seen from Table 2, CPLEX fails to find optimal solutions
n most cases. Indeed, the MILP model becomes more difficult to solve
hen the number of products and/or the number of tasks increase.
7.3% of the instances corresponding to |𝑉 | = 50 and |𝑃 | = 2 were
ptimally solved versus only 29.84% when |𝑉 | = 50 and |𝑃 | = 3. Also,
or each set, instances with a larger 𝑂𝑆 seems to be easier to solve
han those with a smaller one, where a decreasing trend of the average
AP and CPU time is noticed. Regarding the instances of |𝑉 | = 100,

he solver is unable to find an optimal solution in most cases for both
𝑃 | = 2 and |𝑃 | = 3. This is due to the fact that CPLEX hardly improves
he lower bound during the solving process.

As for Table 3, it shows the computational results obtained for the
ame instances used for Table 2, but without modifying their prece-
ence graphs. From this table, it is clear that medium size instances
|𝑃 | = 2 or |𝑉 | = 50) are easy to solve for the majority of tests.
hereas, large size ones (|𝑃 | = 3 and |𝑉 | = 100) are relatively harder,

ut still easier to solve compared to modified instances (see Table 2).
owever, it can be noticed that the obtained average GAP values are
ot meaningful (≥90%). Such a behavior is mainly due to the fact that

he lower bound found by CPLEX is mostly equal to 0, because of
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Algorithm 1: Halt-and-Fix Heuristic
Step 1: Initialization.

• Set the iteration time limit 𝑇 .
• Set 𝐾(𝑟1, 𝑟2) = ∅ for each (𝑟1, 𝑟2) ∈ 𝑅.
• Set the best current feasible solution 𝑠(𝐵) as an empty solution.

Step 2: Solving MILP model.

• Start to solve the problem (1)–(7) with 𝑠(𝐵) as a warm-start solution
• If an optimal solution is found within 𝑇 , then go to Step 4.
• If 𝑇 is reached and a solution 𝑠 better than 𝑠(𝐵) is found, then go to Step 3.
• Otherwise, continue to solve until a solution better than 𝑠(𝐵) is found. Then, go to Step 3.

Step 3: Analyze a new better solution.

• Interrupt solving the problem (1)–(7).
• Update the set 𝐾(𝑟1, 𝑟2) for each (𝑟1, 𝑟2) ∈ 𝑅 based on the new found solution 𝑠.
• Reset 𝑠(𝐵) ∶= 𝑠 and repeat Step 2.

Step 4: Stop, the final approximate solution is found.
Fig. 4. Precedence graph modification.
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Table 1
Enumeration of three series.

Series 1 2 3

𝑂𝑆 ≈ 0.2 ≈ 0.6 ≈ 0.9

unmodified precedence graphs. As a result, this gives no insight on
the complexity of the unsolved instances. This is not the case for the
average GAP values provided in Table 2.

5.3. Performance evaluation of the heuristic approach

In this part, the performance of the Halt-and-Fix heuristic is an-
alyzed. The heuristic was coded in Python along with the DOcplex
library, which is a Python API that allows to use the CPLEX solver.
It was tested on the same described above two sets of instances cor-
responding to |𝑉 | = 50 and |𝑉 | = 100 with 2 and 3 products. A
solving time limit of 1800 s per instance was set for the heuristic, and
the iteration time limit 𝑇 was fixed to 10 s. Tables 4 and 5 show the
comparative results between the exact and the heuristic approaches for
the modified and unmodified instances, respectively. For both tables,
the fourth (resp. fifth) column represents the average gap from the
best found upper bound and the upper bound found by the exact (resp.
heuristic) approach. This specific gap is computed as 𝙶𝙰𝙿𝙱

𝙴
= 100% ⋅

(𝚄𝙱𝙴−𝚄𝙱𝙱)∕𝚄𝙱𝙱 for the exact approach and 𝙶𝙰𝙿𝙱
𝙷
= 100% ⋅(𝚄𝙱𝙷−𝚄𝙱𝙱)∕𝚄𝙱𝙱

for the heuristic, where 𝚄𝙱𝙴 (resp. 𝚄𝙱𝙷) is the upper bound found by
the exact (resp. heuristic) approach and 𝚄𝙱𝙱 = min{𝚄𝙱𝙴, 𝚄𝙱𝙷}. The
average CPU time (over all instances) of the exact approach (𝙲𝙿𝚄𝙴)
nd the heuristic (𝙲𝙿𝚄𝙷) are shown in the sixth and seventh columns,
espectively. The last two columns show the average number of task
eassignments for the exact (𝚄𝙱𝙴) and the heuristic (𝚄𝙱𝙷) approaches.

Table 4, for unmodified instances, shows that even if the MILP
an solve many instances to optimality, the heuristic also manages to
7

a

provide solutions close to optimum which can be particularly observed
for |𝑃 | = 2 and |𝑉 | = 50, where the optimal solution was found in 99%
of the cases. Moreover, it is clear that when the instance size increases
(|𝑃 | = 2 and |𝑉 | = 100 or |𝑃 | = 3 and |𝑉 | = 100), the heuristic
outperforms the exact approach in terms of solution quality and CPU
time. For example, for |𝑃 | = 3 and |𝑉 | = 50, the Halt-and-Fix heuristic
ound the best solutions in 77% of the cases. Also, when dealing with
nstances corresponding to |𝑉 | = 100, the same heuristic was able to
ind the best solutions in 95% of the cases for |𝑃 | = 2, and 82% for
𝑃 | = 3 in a significantly less CPU time than the exact approach. An
xception where the heuristic is not efficient can be noticed for the
nstances corresponding to the third series (𝑂𝑆 ≈ 0.9). This is mainly
ue to the fact that these instances have dense precedence graphs which
ecreases the number of feasible solutions and conducts the heuristic to
ocal optima of poor quality. Nonetheless, comparing the average 𝚄𝙱𝙴
ith the average 𝚄𝙱𝙷 for these instances shows that the heuristic is still
ble to provide solutions for which the number of reassigned tasks is not
onsiderably larger than those found by the exact approach. Namely,
or |𝑃 | = 2, |𝑉 | = 100 and 𝑂𝑆 = 3 the difference between the average
𝙱𝙴 and the average 𝚄𝙱𝙷 is 0.57, and for |𝑃 | = 3, |𝑉 | = 100 and 𝑂𝑆 = 3
t is equal to 3.93.

Table 5 shows that, for modified instances, the heuristic approach
s mostly better than the exact solution of the MILP model with CPLEX
n most of cases. For the case of |𝑃 | = 2 and |𝑉 | = 50, where the
xact approach was able to solve to optimality 77% of the instances,
he heuristic showed promising results. Indeed, in 55% of the cases,
he heuristic was able to find the same optimal solution in less than
0 s only. For the remaining instances, the heuristic provided solutions
ith an average 𝙶𝙰𝙿𝙱

𝙷
of 5.6%. When |𝑃 | = 3 and |𝑉 | = 50, the

euristic approach provided good quality solutions compared to the
xact approach in a considerably shorter 𝙲𝙿𝚄 time.

For better understanding, Figs. 5–7 respectively show how the
𝙱
verage gap from the best found upper bound, noted as 𝙶𝙰𝙿(.), the
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Table 2
Computational results for the MILP model on modified instances.
|𝑃 | |𝑉 | 𝑂𝑆 #Instances #OPT Avg. CPU, (s.) Avg. GAP, (%) # Workstations

2

50
1 15 4 461.56 32.28 15 – 28
2 219 161 274.76 9.34 13 – 32
3 74 74 14.29 ⊕ 14 – 30

100
1 39 0 ⊖ 85.66 29 – 54
2 219 0 ⊖ 39.01 27 – 57
3 74 6 824.97 12.77 31 – 56

Global 640 245 (38.28%) 212.60 34.55 13 – 57

3

50
1 14 0 ⊖ 72.02 18 – 28
2 218 22 899.92 20.26 15 – 32
3 73 70 209.58 9.42 15 – 30

100
1 38 0 ⊖ 89.29 29 – 54
2 218 0 ⊖ 53.54 29 – 57
3 73 0 ⊖ 24.92 31 – 56

Global 634 92 (14.51%) 374.66 39.97 15 – 57

(⊕) All optimal solutions were found within the time limit of 1800 s.
(⊖) No optimal solution was found within the time limit of 1800 s.
Table 3
Computational results for the MILP model on unmodified instances.
|𝑃 | |𝑉 | 𝑂𝑆 #Instances #OPT Avg. CPU, (s.) Avg. GAP, (%) # Workstations

2

50
1 15 15 1.28 ⊕ 15 – 28
2 219 217 9.36 50.00 13 – 32
3 74 74 5.57 ⊕ 14 – 30

100
1 39 38 210.95 100.00 29 – 54
2 219 218 121.17 97.96 27 – 57
3 74 59 139.77 85.16 31 – 56

Global 640 621 (97.03%) 72.69 82.91 13 – 57

3

50
1 14 14 7.79 ⊕ 18 – 28
2 218 198 125.59 63.46 15 – 32
3 73 72 68.71 78.57 15 – 30

100
1 38 19 786.27 96.14 29 – 54
2 218 124 848.84 94.82 29 – 57
3 73 2 613.80 93.27 31 – 56

Global 634 429 (67.66%) 352.78 91.27 15 – 57

(⊕) All optimal solutions were found within the time limit of 1800 s.
Table 4
MILP vs. Heuristic on unmodified instances.
|𝑃 | |𝑉 | 𝑂𝑆 Avg. 𝙶𝙰𝙿𝙱

𝙴
, (%) Avg. 𝙶𝙰𝙿𝙱

𝙷
, (%) Avg. 𝙲𝙿𝚄𝙴, (s.) Avg. 𝙲𝙿𝚄𝙷, (s.) Avg. 𝚄𝙱𝙴 Avg. 𝚄𝙱𝙷

2

50
1 0.00 0.00 1.28 1.27 0.00 0.00
2 0.00 0.57 25.71 3.56 0.05 0.07
3 0.00 1.58 5.57 3.39 1.72 1.77

100
1 2.56 0.00 251.70 24.16 0.15 0.00
2 0.46 0.00 128.84 34.18 0.22 0.00
3 0.00 15.84 476.67 60.51 1.08 1.65

3

50
1 0.00 0.00 7.79 4.33 0.00 0.00
2 0.52 9.16 279.26 12.58 0.73 0.94
3 0.68 21.08 68.13 9.88 6.22 7.90

100
1 50.00 0.00 1293.13 206.38 8.95 0.00
2 43.21 0.84 1259.03 318.33 10.13 0.46
3 8.49 47.95 1769.78 192.19 10.97 14.90
average CPU time, and the average number of reassigned tasks vary
ith respect to the 𝑂𝑆 for both the exact approach (blue colored round
arkers) and the heuristic one (red colored square markers). In each

igure, the graph on the left hand-side corresponds to the instances of
0 tasks and the graph on the right hand-side is for those with 100
asks. Based on Fig. 5, one can confirm that the heuristic showed good
erformance in terms of average 𝙶𝙰𝙿𝙱(.). This is confirmed by Fig. 6,
hich shows that the average number of task reassignments is almost

he same for both |𝑉 | = 50 and |𝑉 | = 100. This being said, it is worth
entioning based on Fig. 7 that the heuristic found these solutions in
8

much less CPU time compared to the exact approach.
6. Conclusion and perspectives

This paper studies a balancing problem for reconfigurable produc-
tion lines with a fixed number of workstations and several different
products. The aim is to find for each product the best feasible line
configuration so as to minimize the total number of task reassignments
between workstations when production changes. Each product line con-
figuration is subject to a given cycle time and corresponding precedence
constraints.

To solve this problem, we proposed a MILP model enhanced with
two manners of computing task assignment intervals. An efficient MILP-

based iterative heuristic, named as Halt-and-Fix, was elaborated as
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Table 5
MILP vs. Heuristic on modified instances.
|𝑃 | |𝑉 | 𝑂𝑆 Avg. 𝙶𝙰𝙿𝙱

𝙴
, (%) Avg. 𝙶𝙰𝙿𝙱

𝙷
, (%) Avg. 𝙲𝙿𝚄𝙴, (s.) Avg. 𝙲𝙿𝚄𝙷, (s.) Avg. 𝚄𝙱𝙴 Avg. 𝚄𝙱𝙷

2

50
1 0.44 7.47 1443.15 27.01 10.80 11.47
2 0.08 2.22 671.13 14.42 22.71 23.20
3 0.00 0.42 14.29 3.68 34.78 34.93

100
1 18.11 0.20 1800 1698.05 44.59 38.38
2 2.07 2.94 1800 545.00 56.31 56.71
3 0.29 3.05 1721.31 342.47 76.55 78.72

3

50
1 8.10 0.97 1800 375.41 33.14 30.93
2 1.50 2.52 1709.45 162.75 51.39 51.84
3 0.02 1.66 275.03 21.54 71.36 72.52

100
1 5.72 3.01 1800 1800 131.92 130.66
2 6.29 1.41 1800 1756.91 141.40 135.85
3 2.63 0.49 1800 1139.93 166.10 162.79
Fig. 5. Results comparison between 𝙶𝙰𝙿𝙱 and 𝙶𝙰𝙿𝙱 for modified instances.

𝙴 𝙷
Fig. 6. Avg. number of task reassignments comparison between the MIP solver and the Halt-and-Fix heuristic for modified instances.
Fig. 7. Avg. 𝙲𝙿𝚄 comparison between the MIP solver and the Halt-and-Fix heuristic for modified instances.
well. Numerical results showed that the developed heuristic approach
provides very competitive results and outperforms the MILP model sole
solved by CPLEX for large scale instances.

A first natural extension of our work can be to explore other possible
9

ways to further improve the performance of the Halt-and-Fix heuristic.
For example, a simple heuristic, such as the one developed by Hoffman
(1963), can be adapted to generate a first feasible line configuration
for each product. This solution can then be used as a warm-start by
the Halt-and-Fix heuristic. Moreover, a solver-free heuristic or meta-
heuristic can be developed to tackle large size instances with more
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than 3 products. It would be also interesting to adapt it to situations
where no assumptions are made on the sequencing of products. An-
other possible research direction consists of integrating the design of
reconfigurable lines with production planning decisions such as product
lot-sizing and scheduling. It was shown that such integration of decision
can lead to considerable cost savings (e.g., Chopra and Meindl (2016)).
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