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Abstract

Modern production systems face the challenges of increasing personalization of products,
growing structural complexity, and the need for sustainability. In this context, it is necessary
to include the human dimension in the optimization of production processes, especially
in line with the principles of Industry 5.0 and the circular economy. In this paper, a
complexity index is proposed that integrates the objective characteristics of the product
and the subjectively perceived workload of the operator during assembly. The proposed
index was used in the assembly line optimization process using linear programming to
find a compromise solution between two often-conflicting objectives: maximizing output
and minimizing complexity. In the analysis, two approaches to the initial balance of the
assembly line were considered—by assembly time and by complexity of work elements—
which were used as inputs to the optimization model. The results show that an approach
that considers complexity from the operator’s point of view contributes to a more even
load distribution but also can lead to higher overall performance. Such an approach
confirms the importance of integrating the human factor into optimization processes and
thus contributes to the creation of efficient, sustainable, and human-centric production
systems of the future.

Keywords: assembly; complexity; Industry 5.0; human-centric approach; assembly line
balancing

1. Introduction
Increasing customer demand for personalized, functional, and readily available prod-

ucts in the modern manufacturing environment has a strong influence on the way products
are designed and developed. These demands, as well as the rapid introduction of new
technologies, are increasing the structural and dynamic complexity of manufacturing
systems [1]. Therefore, in order to remain competitive while maintaining or increasing
market share and profitability, manufacturing companies need to develop systems that are
more flexible and efficient. On the other hand, there is a growing awareness of sustainable
development in the world, and as part of the industrial transition to a circular economy, it is
becoming increasingly important to optimize production processes so that they are not only
efficient and flexible but also sustainable in the long term. With its strategic documents
European Green Deal and Europe Fit for the Digital Age, the European Union is intensively
promoting the implementation of the Industry 5.0 concept [2]. At the heart of this concept
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is a green and digital transformation that places people and their well-being at the center of
the production process. In Industry 4.0, the focus was on technical progress and efficiency,
while the well-being of operators and the human factor were neglected [3]. In this sense,
Industry 5.0 complements the previous industrial paradigm and promotes sustainability
and resilience [4]. In Industry 5.0, people are not just subjects with a specific task to fulfill,
but they are the main drivers of innovation and an essential factor in achieving adaptability
in a complex production environment.

One of the biggest challenges for manufacturing companies in a dynamic market
environment is coping with the complexity resulting from the ever-increasing demands and
wishes of customers for products that meet their individual needs and desires. In most cases,
the increasing variety of products leads to an increase in the variety of components and
production processes, which contributes to additional difficulties in planning, scheduling,
and resource management. In order to maintain the efficiency of the production system,
the industry tries to diversify products as late as possible, most commonly on assembly
lines, which has proven to be one of the most effective methods of achieving high product
variety. The assembly process is defined as a series of sequential activities in which parts,
components, or software are assembled into a functional product [5] so that products can
be adapted to changing market requirements. Despite the increasing automation in modern
production systems, manual assembly is still widely used due to its flexibility, precision,
and ability to adapt the operator to a wide variety of products [6–8]. It means that humans
continue to occupy a central position in manufacturing systems, as they have considerable
authority in decision-making and monitoring execution [9]. With increasing complexity,
the flexibility of assembly systems decreases and their control and monitoring becomes
significantly more complex [10]. In the scientific literature, many measures have been
used to define assembly complexity. These measures differ primarily in the sources of
complexity considered and the techniques used. On the one hand, many measures are based
on information theory, i.e., the application of Shannon entropy. These approaches assume
that the complexity of the assembly process results from the degree of uncertainty within
the observed system. The degree of uncertainty is related to the amount of information
required to describe the state of the system. The more complex the system is, the more
information is needed to describe it [11]. In the context of assembly, this means that
the complexity of the assembly system increases with increasing variability of products
and components, with increasing interdependence of components and with an increasing
number of possible sequences of assembly operations. The observed state of the system can
be defined differently depending on the author and can represent the variety of components,
tools, assembly sequences, etc. The work that served as inspiration for a large number of
papers proposing assembly complexity measures via Shannon entropy is certainly the work
of Zhu et al. [12]. Zhu et al. [12] proposed a measure called “Operator Choice Complexity”,
in which the conditions that lead to uncertainty in the assembly process are defined as the
difficulty of operator choice at a workstation due to product variety. The more choices the
operator has, the longer it takes to make a decision. A similar model is used by Hu et al. [13]
to define assembly complexity for supply chains and by Wang et al. [14,15], who extended
Zhu’s model and proposed the concept of relative complexity, which allows designers
to compare different design alternatives for assembly systems, as well as a measure of
complexity in hybrid assembly systems that relates choice complexity to operator response
time and system reliability. Busogi et al. [16] also used Zhu’s complexity model as a basis
and integrated the concept of component similarity into it. Similarly, Park and Okudan [17]
used information theory and the concept of commonality of processes and products to
define a complexity measure for a product family, while Zeltzer et al. [18] defined a
complexity entropy workstation measure in a mixed-model assembly that accounts for the
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variability in task duration resulting from different product model requirements. Samy
and ElMaraghy [19] defined a measure of product complexity by combining information
theory with the principles of design for assembly, in particular the Boothroyd method,
to capture the complexity arising from the number and variety of components and their
geometric features.

The second main stream of research relates the complexity of product assembly to the
physical characteristics of the product to be assembled or the flow of the assembly process;
i.e., they quantify the complexity taking into account the technical difficulties of the assem-
bly process. The most notable work in this area is the work of Alkan et al. [10], who define
complexity through the concept of structural complexity of product design; i.e., they focus
on the geometric, dimensional, and structural characteristics of the product by applying the
principle of design for assembly (DFA). Alkan et al. [10] focused their work on defining the
complexity of the product assembly based on the application of the DFA principle (Lucas
method) and the adaptation of Huckle’s molecular orbital theory. These models [10,19]
have been applied in various contexts in the literature to assess the structural complexity of
products and understand their impact on human perception [20,21] and manufacturing
performance (defects, assembly time, productivity, quality) [22,23] and accordingly make
informed decisions in the early design stages and in newer manufacturing environments
such as those involving human–robot collaboration. In addition to DFA, strategies such as
modularization and product platform are recognized as architectural approaches for coping
with product complexity [24,25]. While DFA approaches quantify and model the inherent
structural challenges of assembly, modularization and platform-based design provide prac-
tical strategies to mitigate these challenges by redistributing or limiting complexity within
modules and across product families. Modularization allows a system to be decomposed
into relatively independent modules with high internal cohesion and limited external
interfaces, reducing integration difficulties and making the structural complexity of the
product more manageable. Similarly, a product platform strategy enables the develop-
ment of product families derived from common components and processes, which ensures
variability and adaptability while maintaining control over structural complexity [23].

The model presented by Akan et al. [10] is used in this research to define the complexity
of product assembly and is explained in more detail in Section 2.1 accordingly. All of these
measures are very important to the assembly process as they allow complexity to be
quantified in a repeatable and unambiguous way, the root causes of complexity to be
identified, and various aspects of complexity to be proactively managed. This is critical
for engineers and managers to make timely decisions to optimize assembly processes that
directly impact production efficiency and its costs and to improve human performance
and well-being.

The management and design of assembly lines is crucial for the flexibility and sus-
tainability of the production system, and one of the most important problems to be solved
is assembly line balancing (ALB) [26]. Assembly line balancing refers to the problem of
optimally assigning tasks to workstations to achieve desired goals such as reducing cycle
time, minimizing downtime, increasing resource utilization, and the like. However, the
principles of the new industrial paradigm make it necessary to consider human factors in
addition to operational efficiency [27,28]. Indeed, as product variety increases, the complex-
ity of product assembly increases [10,19], which has a negative impact on both economic
parameters and human factors. Previous studies [1,20,21,23,29,30] confirm that product
complexity is an important factor for higher assembly costs, longer delivery times, pro-
ductivity losses, and various operational problems within the system. In addition, higher
complexity extends assembly times and increases the likelihood of human error [16,18,31].
From the operator’s perspective, higher complexity means more cognitive resources, knowl-
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edge, skills, and time required for assembly [21,32]. From a physical perspective, product
complexity can lead to increased physical strain and fatigue. Ghorbani et al. [28] empha-
size in their review that an imbalance between cognitive and physical load can lead to
ergonomic risks and musculoskeletal disorders. Katiraee et al. [33] state that lack of atten-
tion to operators, including failure to address perceived physical workload, can lead to
increased worker fatigue and accidents. Therefore, understanding and managing the im-
pact of complexity on the operator is essential in the context of Industry 5.0, which focuses
on operator well-being and creating a human-centered and human-friendly environment.
Ignoring the impact of product assembly complexity on the operator can lead to longer
assembly times, more errors and rework, reduced operator well-being, and a decrease in
the quality of the assembly system [34].

In addition to these insights, complexity theory has also been applied to solve the
assembly line balancing problem in the presence of product variety, i.e., to solve the
mixed-model assembly line (MMAL) balancing problem. To the authors’ knowledge, the
paper by Zeltzer et al. [18] is the first paper to directly incorporate assembly complexity
into the balancing process. Zeltzer et al. [18] observed the negative impact of product
variability and the associated amount of information on the operator’s work and the
performance of the assembly system. Therefore, as part of their research, they proposed
a measure of complexity that links the entropy of the workstation to the distribution of
tasks and pointed out that the goal of MMAL balancing should not only be to balance
the line but also to level the complexity along the entire line during the balancing process.
The complexity theory for solving mixed-model assembly line balancing problems was
also applied by Liu et al. [35,36]. In [35], the authors defined three types of complexity
related to assembly line balancing of a mixed model and buffer allocation and presented
an integrated optimization framework for this problem. The goal of their integrated
framework was to maximize productivity, minimize complexity, and minimize total buffer
capacity. In a later paper by Liu et al. [36], they focused on the optimization of balancing
a mixed-model assembly line under conditions of uncertain demand. Accordingly, the
uncertainty of demand was expressed using information theory as a measure of uncertainty,
i.e., fuzzy entropy. Although the above works introduce complexity theory to solve MMAL
balancing problems and optimize system performance, they do not explicitly consider
human perception of task complexity in their quantitative complexity models. Although
they are aware of human factors and the impact of complexity on them, their measurements
focus primarily on objective, information-theoretic aspects of system complexity rather
than the subjective perceptions of operators. In recent years, there has been a clear and
increasing trend towards incorporating the operator’s subjective experience. This shift
is part of a broader shift towards the Industry 5.0 paradigm. A significant step in this
direction is the work of Katiree et al. [33], in which the authors integrate the operator’s
subjective experience directly into the assembly line rebalancing model. The authors
explicitly incorporate perceived physical effort, as measured by the Borg scale, into their
bi-objective model of assembly line rebalancing and operator assignment. They showed
that this approach can lead to an increase in cycle times but significantly reduces operators’
physical effort, fatigue, and accident risk, while increasing operators’ motivation through
their involvement in the evaluation process.

The balancing of assembly lines can no longer be viewed through the prism of strictly
objective parameters. Understanding and incorporating the perception dimension is crucial,
especially in the context of Industry 5.0 and the focus on people to create more robust,
efficient, and human production systems [3,37]. In the field of assembly line optimization,
there is a recognizable trend towards actively bridging the gap between objective complex-
ity measurements and the subjective experience of operators. These two measurements



Machines 2025, 13, 855 5 of 19

are interdependent and complement each other. Separating these dimensions leads to
an incomplete knowledge base. In order to better understand the relationship between
the task and the performer, it is necessary to consider them together [21,32]. Therefore,
this paper proposes a way to integrate measures of product complexity and operator-
perceived workload into a single measure that can be used to optimize assembly process
using linear programming. This approach is applied to manual product assembly and
it supports the dual goals of improving operational efficiency and achieving maximum
productivity within a given time frame. We investigated whether applying the proposed
integrated complexity measure compared to traditional balancing methods based solely
on task execution time produces any advantages and if so, what these are. Although the
focus of this work is on manual assembly, the principles and methods are also applicable to
more complex assemblies where equipment such as robots are used or their collaboration
with humans is observed. The reasons for this lie in the nature of the measures used to
propose an integrated measure of complexity. The proposed integrated index is based on
measures that can be used to evaluate both the structural complexity of products and the
operator-perceived workload in different production environments. The results of this
study, in which complexity was systematically analyzed, can serve as a basis for optimiz-
ing workflows, reducing operator effort, increasing the overall efficiency of the assembly
process, and implementing a human-centered assembly line.

2. A Human-Oriented Linear Programming Approach to
Assembly Optimization

Recent research has shown that the complexity of product assembly has a significant
impact on operator performance and the performance of the assembly process. Product as-
sembly complexity has been shown to impact key performance indicators such as assembly
time, product quality, production costs, etc. Complex assembly tasks tend to have a longer
assembly time due to the additional steps or complex procedures they require [23]. This
increases the likelihood of quality defects occurring and has far-reaching negative effects
on other assembly performance indicators. Therefore, it is important to recognize and
manage complexity not only in terms of product complexity but also in terms of operator
experience to create an optimal, operator-friendly environment.

In order to analyze the structural complexity of a product, its impact on the operator,
and consequently, its impact on the productivity of the assembly line, the assembly of
Lego cars was used in this study. Lego sets allow the use of similar components to
assemble highly personalized products that differ in the degree of complexity of assembly.
Despite their simplicity, Lego models simulate certain characteristics of industrial assembly
processes, including the need for correct sequencing of steps, cognitive effort, and attention
to detail and, therefore, provide a relevant experimental framework for this type of research.
For the purposes of this research, structural product complexity is assessed using the
approach of Alkan et al. [10], while operator-perceived workload is assessed using the
NASA TLX questionnaire. By combining these two instruments, a new index was defined
that determines the complexity of the work elements. This index determines how much a
particular work element contributes to the overall perceived workload during assembly
in relation to the structural complexity of product assembly. The proposed index was
used in the optimization process to achieve an optimal trade-off between the complexity
and the number of outputs through linear programming. This approach is in line with
the principles of Industry 5.0, which places humans at the center of the process. Instead
of the operator adapting to the system, the system is optimized taking into account the
operators’ perspective. This not only increases productivity but also contributes to the
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sustainability of work, safety, and employee satisfaction, which are important determinants
of the human-centered manufacturing system design.

2.1. Model of Product Assembly Complexity

The approach used to assess structural complexity presented in the work [10] has
been validated and implemented in numerous studies to define the structural or objective
complexity of the product. The analogy underlying the proposed model is the combination
of molecular orbital theory with the principles of design for assembly to express the com-
plexity of product assembly as a function of the complexity of the individual components

(p), the interaction between them
(

Cp
2

)
, and the overall topology of the product

(
Cp

3

)
.

According to Alkan et al. [10], the overall product assembly complexity (Cp) is defined as:

Cp = Cp
1 + Cp

2 × Cp
3 (1)

The proposed model can also be used to calculate the complexity of more complex
systems that include different elements such as subsystems, modules, and components.
In this case, the whole system is considered as a network of interconnected elements at
different levels, where each component, module, or subsystem is treated as an element of
the system with its own complexity.

Cp
1 is defined as the complexity of the individual components of product P. It can be

calculated as follows:
Cp

1 = ∑np
i=1 hp

i , (2)

where nP is the total number of components that make up the product p, and hP
i is the

complexity of handling an individual component i. The higher the value of the hp
i index,

the more difficult it is to handle this part. This index refers to the technical difficulty of
handling and interacting with the component and is estimated without taking into account
how it fits into the assembled product or interacts with other parts, i.e., in an isolated
state. It is quantified using the normalized handling index of the Lucas method [38], which
depends on the physical characteristics of the part that causes difficulties in handling the
component, such as size, weight, handling difficulty, and orientation.

The complexity of the connections (or liaisons or dependencies), Cp
2 , shows the overall

complexities of pairwise connections that exist within the product structure. It can be
calculated as follows:

Cp
2 = ∑np

i=1 ∑np
j=1 lp

ij × Ap
ij, (3)

Ap
ij =

{
1, i f there is a connection between the parts i and j

0, otherwise
(4)

where lp
ij is the complexity of achieving connections expressed by the normalized fitting

index of the Lucas method [38], while Ap
ij is a binary symmetric adjacency matrix of size

nxn representing the connectivity structure of the product p. Fitting index represents the
estimated difficulty of assembly and is usually calculated by considering seven attributes:
part placement, part fastening, direction of fitting, insertion, restricted visibility, alignment
difficulty, and insertion resistance.

Cp
3 is related to the structural architecture of the products, and it is referred to as

topological complexity. It describes the complexity of the structural dependencies between
the product components. It can be expressed as the ratio of the matrix energy to the
observed number of components:

Cp
3 =

Ep

np
=

∑
np
i=1 σi

np
, (5)
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where Ep is the adjacency energy of the matrix for product p, that is, the sum of the singular
values, σi, of the adjacency matrix where all diagonal elements are equal to zero.

2.2. Workload Perceived by the Operator

The NASA TLX questionnaire was used to assess the workload subjectively perceived
by operators. The NASA TLX is one of the best known and most widely used subjective
assessment techniques for evaluating perceived workload [39]. It is illustrated in Figure 1.
This instrument expresses perceived workload considering six dimensions that potentially
influence it [40]:

• Mental demand represents the amount of cognitive and perceived workload required
to perform the task. This means that the operator estimates how much thinking,
decision-making, calculation, and memory the task requires. A higher value means
that the task requires a higher level of cognitive activity;

• The physical demand describes the amount of physical effort the task requires;
• Temporal demand expresses the perception of time pressure when performing the task;
• Performance indicates the self-assessed performance (e.g., how well and how satisfied

the participant is with the results achieved);
• Effort expresses how much effort the participants had to exert (mentally and physically)

to reach the level of performance they achieved;
• Frustration reflects the operator’s emotional response, i.e., the degree of irritation,

stress, anxiety, or dissatisfaction felt by the operator during the task.

Figure 1. NASA TLX questionnaire [41].

Each dimension is expressed on a 100-point scale from 0 to 100 with a gradation of
5 points. In this study, the final rating of perceived workload is calculated as the average of
the six dimensions observed. However, in addition to the approach in which the average
score of all six dimensions is taken into account, it is also possible to use an approach
in which the dimensions are considered in terms of their weighting, i.e., the relative
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importance of the dimension. The weighting can be estimated using, for example, the
AHP method or questionnaires to obtain a subjective assessment of the weighting of the
dimensions or using, for example, the entropy-weighted method to assign an objective
weight to each observed dimension.

Ignoring the subjectively perceived workload means ignoring the invisible overload
of workers, their cognitive effort, the risk of burnout, and human failure due to overload.
Using tools like NASA TLX allows the designer to quantify the effort perceived (or ex-
perienced) by operators and optimize assembly lines based on time and perceived stress,
creating a more human-centered, sustainable process. The NASA TLX questionnaire was
completed after the assembly of each product to determine the workload perceived by
the operators.

2.3. Product Assembly Complexity from the Operator’s Perspective

This paper proposes a work element complexity index that integrates subjectively per-
ceived workload, as determined by the NASA TLX questionnaire, and objective measures
of product assembly complexity. This index quantifies the relative contribution of each
work element to the overall workload from the perspective of the operator performing
the assembly process. That is, it shows how much of the total perceived workload of the
product “belongs” to a particular work element, given the technical complexity of the
product and the assembly tasks. For the purpose of this study and the construction of the
proposed index, a linear relationship between the variables was assumed, which facilitates
interpretation and application of the model in practice. The proposed index results from
the following expression:

Ωe
p = Wp × Cp

e
Cp (6)

where Ωe
p is the assembly complexity of the work element e for the observed product p,

Wp is the perceived assembly workload value of the observed product obtained from the
NASA TLX questionnaire, and Cp

e is the structural assembly complexity of the work element
e for the product p, while Cp is the total structural assembly complexity of the product
p obtained from Equation (1). The structural assembly complexity of a work element, Cp

e ,
is also calculated according to Equation (1); however, not all product components and their
interactions are considered but only those components and interactions that are required
for the assembly of this work element according to the assembly sequence. This expression
can be represented as follows:

Cp
e = Cp

e,1 + Cp
e,2 × Cp

3 , (7)

where Cp
e,1 represents the complexity of the individual components that make up the work

element e for product p, while Cp
e,2 represents the complexity of the interactions for this

work element.
According to Equation (6), it follows that:

Wp =
m

∑
e=1

Ωe
p, (8)

where m is the total number of work elements for product p.

2.4. Product Structure and Assembly Processes

In this study, three different products were used to carry out the assembly process:
Car 1, Car 2, and Car 3. These products are illustrated in Figure 2. The case study concerns
the manual assembly of these products.
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Figure 2. Products for assembly.

As can be seen in Figure 2, these products consist of similar or identical components.
Their assembly process is divided into work elements, i.e., a predefined set of assembly
tasks. Work elements refer to a set of logically related and predefined basic steps that the
operator must perform in order to assemble the product correctly. Each product consists
of five work elements, with some work elements being the same for all products. In
total, there are 12 different work elements for the products under consideration. The
precedence diagrams of the work elements for the products under consideration are shown
in Figure 3. They show the sequential and parallel assembly steps in the product assembly
process. In Figure 3, the different work elements are shown with nodes numbered from
1 to 12, while the work elements that are common to two or three products are shown in
purple. The observed products consist of approximately a similar number of components
(30 or 31 parts).

 

Figure 3. Precedence diagram of products.

Each product was assembled individually at the workstation, and the assembly times
of the associated work elements were recorded. The assembly experiments were carried
out by a group of five different operators (students). Each operator repeated the assembly
of each product 30 times, which allowed a sufficient number of repetitions to ensure the
reliability of the measurements. The times for each work element were recorded, and the
final values used in the analysis represent the average times of the work element calculated
for all operators. These values are shown in Table 1. The assembly time for the same
work element may vary depending on the characteristics of the product and the previous
operations that influence the conditions and complexity of execution.
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Table 1. Average assembly time of the work elements.

Work Elements’ Average Times (s)

1 2 3 4 5 6 7 8 9 10 11 12

Car 1 - 15 - - - - - - 21 33 39 37
Car 2 - 14 - - - 21 41 36 19 - - -
Car 3 18 17 42 25 35 - - - - - - -

2.5. Linear Programming Model for Assembly Process Optimization

A linear programming model (simplex method) was applied to the assembly process.
The solution of linear programming problems requires the definition of the objective
function; the variables, i.e., the components that are optimized and influence the objective
function; and the constraints or conditions that must be met for the observed solution to be
acceptable. In this research, the focus is on the complexity of the product assembly from
the operator’s point of view, which is quantified by the proposed complexity index of the
work elements, Equation (6), and the goal is to minimize this value. A lower value means a
lower perceived workload for the operator. In the example studied, the objective function
is designed to simultaneously aim to reduce the complexity of product assembly from the
operator’s point of view and maximize the number of components that can be assembled
within the available time frame. For this reason, the objective function is formulated as
an aggregate objective function, i.e., a single-objective optimization problem containing
multiple interrelated criteria. This is achieved by introducing a penalty function that
indirectly penalizes solutions that contain too few components:

minF =
pr

∑
p=1

(
m

∑
e=1

Ωe
p × xp

)
− k ×

pr

∑
p=1

xp, k > 0 (9)

In the analyzed objective function equation, the internal sum ∑m
e=1 Ωe

p represents the
overall complexity of the product assembly, while the variable xp indicates the number of
assembled units of product p, and pr indicates the total number of different products that
are assembled (p = 1, 2, 3, . . . , pr). Accordingly, the first part of the expression refers to the
total perceived workload of the operator. The greater the number of products, the greater
the total effort (workload) of the operator, especially if the products are more complex. The
second part of the expression, in the form of the penalty factor k, represents the “reward”
for the largest number of units produced; i.e., it is used to encourage the assembly of a
larger number of products. The penalty factor introduced makes it possible to modify the
objective function so that it becomes less favorable for unrealizable or unbalanced solutions;
e.g., if too few simple products are assembled or the total number of complex products is
too large. This penalty lowers the value of the objective function for solutions that do not
fulfill the specified conditions or disturb the balance of the production system. In this way,
unfeasible solutions are removed from the set of competing options, and the focus of the
model remains on those that are feasible and realistic under real production conditions. A
higher value of k means that the model favors a larger number of assembled products; i.e.,
a higher value of k can lead to a higher overall throughput of the line but at the expense of
a higher operator workload, as the model is less “afraid” of complex tasks. On the other
hand, a larger value of k means that the model favors complexity reduction and operator
protection more strongly so that solutions with fewer products are more favorable.

The set of values of the variables x1, x2, . . . , xpr that fulfill all given constraints is
called a feasible solution. For a solution to be considered feasible, it must fulfill a series
of defined constraints. In this case, the constraints result from the time capacities of the
assembly workstations. As each workstation only has a limited amount of time available to
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carry out assembly tasks, it must be ensured that the total time required to assemble all the
products assigned to it does not exceed its available working time. This can be expressed
mathematically as follows:

pr

∑
p=1

tp
j × xp ≤ Tj, ∀j = 1, 2, . . . , ws (10)

where tp
j is the time required to assemble the product p at the workstation j, Tj is the total

time available at workstation j, and ws is the total number of workstations. To ensure that
the number of assembled units cannot be less than zero, an additional variable non-negative
condition is introduced:

xp ≥ 0, ∀ p = 1, 2, . . . , pr (11)

These constraints define a set of feasible solutions and, together with the objective
function, form the basis for solving the observed optimization problem.

3. Results
3.1. Assembly Complexity of the Observed Products and Their Perceived Workload
3.1.1. Product Assembly Complexity

The assembly complexity of the observed product was assessed according to the
method described in Section 2.1. Table 2 contains the values calculated for three products.

Table 2. Product assembly complexity of the observed products.

Complexity Car 1 Car 2 Car 3

Cp
1 7.13 7.16 7.42

Cp
2 6.92 6.56 6.72

Cp
3 1.25 1.18 1.13

Cp 15.77 14.87 14.98

The complexity of handling and connection of the individual work elements depend-
ing on the product for which the work element is considered is shown in Table 3.

Table 3. Handling and connection complexity of work elements.

Car 1 Car 2 Car 3

Work Element Handling
Complexity

Connection
Complexity

Handling
Complexity

Connection
Complexity

Handling
Complexity

Connection
Complexity

1 - - - - 0.97 0.53
2 1.55 1.45 1.55 1.45 1.55 1.45
3 - - - - 2.45 2.11
4 - - - - 0.97 1.05
5 - - - - 1.48 1.58
6 - - 1.43 1.42 - -
7 - - 1.55 1.23 - -
8 - - 1.82 1.40 - -
9 0.81 0.88 0.81 1.06 - -

10 1.70 1.58 - - - -
11 1.58 1.76 - - - -
12 1.49 1.25 - - - -

Total 7.13 6.92 7.16 6.56 7.42 6.72

The topological complexity associated with the interactions between components is
calculated by considering all direct connections between parts (components) within the
product. Due to the structure of the product, a component may be directly connected
to several other components, which influences the overall complexity of the system. For



Machines 2025, 13, 855 12 of 19

the products Car 1 and Car 2, the connectivity matrix has the dimensions 30 × 30; for
the product Car 3, the dimensions are 31 × 31. These dimensions correspond to the total
number of parts that make up the products. In this study, only direct connections between
components are considered, while indirect connections are not included in the analysis.
This approach allows an objective quantification of the topological complexity at the level
of the whole product.

3.1.2. Assessment of Perceived Workload and Assembly Complexity

In order to obtain data on the assembly complexity of the work elements from the
operator’s point of view depending on the product to be assembled, the NASA-TLX
questionnaire was carried out for all three products after their assembly. Each of the
five operators completed NASA-TLX questionnaire after performing 30 repetitions of the
assembly of each product. The values of perceived workload for the products, Wp, were
calculated as the average of all six observed dimensions for all operators. These values for
the observed products are shown in Table 4.

Table 4. Average perceived workload.

Perceived
Workload Car 1 Car 2 Car 3

Wp 26 16 21

The relationship between the perceived workload and the objective complexity of
product assembly is shown in Figure 4. For this sample, the results show that there is a
preliminary growth trend between the two observed values. Nevertheless, it is important to
extend the analysis to larger data sets to ensure a more reliable validation of the relationship.
This conclusion is in line with the conclusion of Capponi et al. [34], who state that a general
correspondence (increasing trend) between perceived and objective complexity can be
observed in a small sample but also point out that such results should be interpreted
with caution, as they may not capture the full variability of the observed phenomenon.
To allow for more robust conclusions, such comparisons will therefore be the focus of
future research.

Once these values have been determined, the values for the assembly complexity of
the work elements are determined for each work element according to Equation (6). These
values are listed in Table 5.

Table 5. Assembly complexity of the work elements.

Assembly Complexity of the Work Elements, Ωe
p

1 2 3 4 5 6 7 8 9 10 11 12

Car 1 - 5.55 - - - - - - 3.14 6.05 6.22 5.04
Car 2 - 3.50 - - - 3.34 3.22 3.73 2.20 - - -
Car 3 2.19 4.46 6.75 3.02 4.59 - - - - - - -

The determined complexity indices were used as input parameters in the creation
of the initial feasible solution for line balancing and in the further optimization of the
assembly line with the linear programming model.
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Figure 4. Product assembly complexity and experienced workload by operator (NASA TLX).

3.2. Initial Feasible Solution of Line Balancing

In order for the proposed complexity index to be used as an input value in the linear
programming model, with the aim of a more even distribution of more complex and less
complex tasks among the workstations from the operator’s point of view, the assembly
line was first balanced using the heuristic method of the largest candidate rule (LCR).
The solution obtained served as the initial feasible solution, i.e., as a basis for further
optimization using the linear programming model with the aim of further reducing the
perceived assembly complexity, i.e., to achieve a more even distribution of the workload
across the stations while maximizing throughput. Linear programming optimizes within a
certain framework and on the basis of an initial distribution; therefore, the quality of this
initial solution has a direct impact on the final optimization results. Therefore, two initial
solutions were generated.

The LCR method is carried out in four steps. In the first step, the work elements are
sorted in descending order according to the criterion under consideration (e.g., assembly
time). Then, these tasks are assigned to the first workstation one after the other, taking into
account the precedence conditions, until the specified cycle time is reached. The process is
continued for each further workstation, taking into account the same precedence conditions,
until all tasks have been assigned.

Since the fact that the LCR method addresses standard simple assembly line balancing
(SALB) and multiple product variants are not directly taken into account, the average
values of the observed criterion were used for the work elements that occur in multiple
products. If, for example, work element 2 occurs in all three products and the assembly
time is used as a distribution criterion, the values for the assembly time are added together
and divided by three.

In the case of the assembly of the Lego car models under consideration, a simple
assembly line balancing of type II was considered, the aim of which is to minimize the
cycle time for a given number of workstations—five in this study.
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The initial balancing was performed in two ways. In the first case, the assembly time
values of the work elements were used as the criterion for balancing the assembly line,
while in the second case the complexity values of the work elements (Ωe

p) were used as
the criterion for balancing the assembly line.

The resulting distribution of work elements by workstation is shown in Figures 5 and 6.

 

Figure 5. Distribution of work element when assembly time is criterion (Case 1).

 

Figure 6. Distribution of work element when complexity is criterion (Case 2).

3.3. Results of Linear Programming

This section presents the formation of the linear programming model and its results
for both cases analyzed. Linear programming was used in this context to find the optimal
combination of the production of different models, taking into account the complexity
and the time available at the workstations. The Excel solver was used to solve the linear
programming problem. The objective function was the same in both cases and was defined
as follows:

F = 26 ∗ x1 + 16 ∗ x2 + 21 ∗ x3 − k ∗ (x1 + x2 + x3) (12)

Equation (12) is the application of the general Equation (9) using the values given
in Table 4. The parameter k was selected for both cases using the sensitivity analysis
method. Different effects of the value of this parameter on the objective function were
found. The first case showed that for a value k ≥ 23, the penalty function is so strong
that only the solutions that fulfill the given constraints and ensure a higher output are
competitive. This means that the penalty function in this range steers the optimization
procedure towards feasible and acceptable solutions. In the second case, the same effect is
achieved with a value of k ≥ 22. If the value of the parameter k is greater than or equal to
37 in the first case and greater than or equal to 41 in the second case, the penalty function
strongly favors solutions with a higher output. In this case, the objective function behaves
almost exactly as in a classical linear problem, where the only objective is to maximize
the number of products produced. Therefore, the solutions obtained for the value of the
parameter k between 23 and 36 in the first case and the solutions obtained for the value
of the parameter k between 22 and 40 can be considered as compromise solutions, i.e.,
solutions that strike a balance between increasing the output and controlling the perceived
complexity of the assembly.

The data listed in Tables 6 and 7 were used to determine the constraints of the linear
programming model. The values in these tables result from the distribution of the work
elements and their assembly time (Table 1). In the context of this study, the constraints
of the model refer to the time availability of each workstation. It is assumed that each
workstation has a total of 28,800 s available, which corresponds to a full working time of
eight hours.
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Table 6. Workstations, complexity, and assembly times for first feasible solution (Case 1).

Assembly
Workstation

Car 1 Car 2 Car 3

Total Complexity
of Workstation

Total Assembly
Time at

Workstation [s]

Total Complexity
of Workstation

Total Assembly
Time at

Workstation [s]

Total Complexity
of Workstation

Total Assembly
Time at

Workstation [s]

1 12.27 72 0 0 0 0
2 5.04 37 3.34 21 2.19 18
3 0 0 0 0 9.77 67
4 0 0 3.22 41 4.59 35
5 8.69 36 9.43 69 4.46 17

sum 26 16 21

Table 7. Workstations, complexity and assembly times for first feasible solution (Case 2).

Assembly
Workstation

Car 1 Car 2 Car 3

Total Complexity
of Workstation

Total Assembly
Time at

Workstation

Total Complexity
of Workstation

Total Assembly
Time at

Workstation

Total Complexity
of Workstation

Total Assembly
Time at

Workstation

1 6.05 33 3.34 21 2.19 18
2 5.55 15 3.5 14 11 59
3 6.22 39 0 0 21 35
4 5.04 37 6.95 77 4.59 0
5 3.14 21 2.20 19 0 25

sum 26 16 21

According to Table 6, for the first case, constraints of the workstations were defined as:

72 × x1 + 0 × x2 + 0 × x3 ≤ 28, 800 (13)

37 × x1 + 21 × x2 + 18 × x3 ≤ 28, 800 (14)

0 × x1 + 0 × x2 + 67 × x3 ≤ 28, 800 (15)

0 × x1 + 41 × x2 + 35 × x3 ≤ 28, 800 (16)

36 × x1 + 69 × x2 + 17 × x3 ≤ 28, 800 (17)

x1 ≥ 100, x2 ≥ 100, x3 ≥ 100 (18)

For the value of the parameter k of 23, the total quantity of assembled products is
100 for Car 1, 259 for Car 2, and 429 for Car 3; i.e., a total of 788 products were assembled.

According to Table 7, for the second case, constraints of the workstations were
defined as:

33 × x1 + 21 × x2 + 18 × x3 ≤ 28, 800 (19)

15 × x1 + 14 × x2 + 59 × x3 ≤ 28, 800 (20)

39 × x1 + 0 × x2 + 35 × x3 ≤ 28, 800 (21)

37 × x1 + 77 × x2 + 0 × x3 ≤ 28, 800 (22)

21 × x1 + 19 × x2 + 25 × x3 ≤ 28, 800 (23)

x1 ≥ 100, x2 ≥ 100, x3 ≥ 100 (24)

With a value of the parameter k of 22, the total quantity of assembled products amounts
100 for Car 1, 325 for Car 2, and 385 for Car 3; i.e., a total of 810 units were assembled.

This research has shown that by applying an approach that includes the integration of
the proposed measure of complexity of the work element, a balanced trade-off between
the observed key objectives can be achieved. By introducing the complexity index as an
input variable in the linear programming model and by applying a penalty function that
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encourages a larger number of units produced, an optimization that does not neglect the
human dimension of the assembly process is made possible. Such an approach is in line
with the principles of Industry 5.0, as it places the operator at the center of optimization
efforts. This contributes to a more even distribution of the workload across the individual
workstations, reduces the risk of overload and monotony, and improves the ergonomics
and sustainability of the work.

This approach creates a surplus of free time at certain workstations. Employees can
use this excess free time to clean up their workplace, perform additional quality checks
on assemblies, and make improvements to their workplace or the entire assembly line.
Improvements can be made to processes, tools, fixtures, and ultimately, the design of the
product itself. All leisure activities can be purposeful, even if they are not measurable.

Comparing the two linear programming cases analyzed, which differ in the initial solu-
tion, Figure 7, it can be seen how the initial solution influences the final optimization results.

Figure 7. Comparison of the total assembly time for workstations in both observed cases in [s].

In Case 1, the values of the total assembly time per workstation vary considerably, from
7200 s at the first workstation (WS1) to 28,800 s for workstations 3 (WS3) and 5 (WS5), which
indicates a large discrepancy in workstation capacity utilization. In Case 2, although there
are also fluctuations, the values are closer to the maximum capacity, and the differences
are not so pronounced. It can therefore be seen that balancing according to the complexity
criterion (Case 2) creates a more even basis for optimization, which leads to a higher
overall output and a more even distribution of the workload across the workstations.
Balancing by assembly time (Case 1), on the other hand, led to greater load differences
between workstations and to smaller total production quantities after optimization. This
confirms the importance of carefully defining the initial solution in the optimization process,
especially in a human-centric context.

4. Discussion
In this study, a new complexity index is proposed that integrates the objective struc-

tural complexity of the product and the subjectively perceived workload of the operator.
The aim of the index defined in this way was to quantify the contribution of a single work
element to the overall perceived workload of the worker during assembly in the context of
the structure and requirements of the product. This enables a better understanding of the
influence of product design features and assembly requirements on working conditions,
process duration, and overall productivity. The proposed index was implemented in the
optimization model through linear programming, which allows a compromise solution to
be found between two often-conflicting objectives: maximizing output and minimizing
complexity. For the initial balancing of the assembly line, two different approaches were
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observed and used as input for the optimization process through linear programming.
In the first case, the balancing was based on the assembly times of the individual work
elements. In the second case, the balancing was based on the proposed integrated index.
These two approaches allowed a comparative analysis of the impact of the initial balancing
on the final result of the optimization, highlighting the importance of the human factor in
achieving balanced and efficient production solutions.

The results of the analysis show that a complexity-based approach to balance can
lead to a more even distribution of workload across workstations and an increase in the
number of units produced compared to an approach based solely on assembly times. Such
an approach strongly supports the fundamental postulates of Industry 5.0, which shifts
the focus from exclusively technological efficiency (Industry 4.0) to people, sustainability,
and resilience. This paper thus provides empirical confirmation of the theoretical positions
of authors such as Kinzel [37], who emphasize the need to include human needs in the
design of production systems and warn that neglecting them leads to worker frustration
and exclusion. By appreciating complexity from the operator’s point of view, this model
simultaneously improves working conditions and contributes to higher productivity.

The main contribution of this paper is the development and implementation of an in-
tegrated complexity index that combines both aspects of complexity in a single index.
In contrast to previous research that focused exclusively on objective [10,19,22,23] or
subjective [21,34] complexity, this approach closes this gap by providing a holistic as-
sessment that encompasses both the technical and human dimensions of assembly. This
enables a comprehensive quantification of the contribution of each work element to the
operator’s perceived workload. The proposed model recognizes the operator as a cen-
tral element of the production system and incorporates dimensions such as mental and
physical demands, effort, frustration, and self-assessment of performance. The paper thus
goes beyond traditional Industry 4.0 approaches, which have only focused on technical
efficiency, and contributes to the development of systems that put people at the center. By
incorporating the index into the optimization model for assembly line balancing through
linear programming, the research demonstrates not only its conceptual novelty but also its
potential practical utility.

Although the case study in this paper is performed on a relatively simple example of a
Lego assembly, the proposed methodology is much more broadly applicable, as it is based
on the structural complexity model presented by Alkan et al. [10]. This model results from
the adaptation of Hückel’s orbital theory to the engineering domain and can be applied to
determine the complexity of any networked engineering system, regardless of the number
of elements. This is also confirmed by studies in which the same approach was applied to
complex industrial systems with several hundred components, such as train chassis [24] or
families of electronic boards [23].

It is important to emphasize that in this study, for methodological and practical reasons,
the relationship between objective complexity and perceived workload was analyzed for a
small sample. The results indicate a preliminary increasing trend between the two observed
values. This observation is consistent with the findings of the [34], which reported that
such a correspondence (increasing trend) between perceived and objective complexity
can be observed in small samples. However, other studies (e.g., [20,21]) indicate a super-
linear relationship with a “stagnation point” where operators no longer perceive a further
increase in complexity. This difference opens up areas for further research that could model
the relationship between objective and perceived complexity more accurately with larger
samples and other conditions.

In summary, the proposed model and approach represent an important contribution
to the development of advanced strategies for the planning and optimization of assembly



Machines 2025, 13, 855 18 of 19

processes. They form the basis for productive, sustainable, and human-centered systems,
thus supporting the transition to Industry 5.0. Optimization that incorporates the human
dimension of assembly processes becomes an important step in creating work environments
that do not neglect operators but recognize them as active participants in the process of
designing, planning, and continuously improving production systems.
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