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Abstract

Moving from Industry 4.0 to Industry 5.0 marks a substantial shift in the way technology is incorporated into workplace design.
In Industry 4.0, the emphasis was on automating the production process to maximize efficiency and output. However, with In-
dustry 5.0, the focus has shifted towards placing people at the heart of the production process. This involves creating workspaces
that prioritize human comfort and productivity and integrating technology that enhances human abilities. Collaborative robots, or
cobots, are a critical technology in this transition as they work alongside humans to improve efficiency while enabling greater
human involvement. However, to make the most of cobots, it is necessary to design workspaces that optimize human comfort and
productivity, by considering the needs and preferences of both human and robotic resources. A promising strategy for achieving
this goal is the implementation of a dynamic multi-objective task allocation system. The method proposed in this work uses physi-
ological and performance data to assess the well-being of human operators and reallocates tasks dynamically to avoid overworking
or fatiguing them. This represents a significant step towards creating production environments that prioritize the well-being and
productivity of human workers.
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1. Introduction

The integration of cobots and human operators can affect performance and highlights the importance of taking
human factors into account. The human-centered design in the workspace, known as one of the key principles of
Industry 5.0, prioritizes the wellness of operators. To achieve this, various human factors such as ergonomics, mental
workload, skills, and capabilities need to be considered in the design of the work cell.
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The multi-objective task allocation strategy is an approach that considers the different characteristics of resources
and optimizes for multiple objectives. Assigning tasks to resources effectively and efficiently is essential to maximize
productivity and minimize idle time in collaborative systems. A well-designed task allocation strategy can create a
harmonious work environment where human and robotic resources can work together seamlessly, increasing overall
system performance.

To optimize productivity, flexibility, and human factors, a dynamic multi-objective task allocation system is nec-
essary. This system combines traditional static allocation with the digitalization of the human operator, allowing for
real-time consideration of human variability. It is essential to have a dynamic task allocation system that can adjust in
real-time to achieve this level of collaboration. Flexibility is especially important regarding the focus on the operators’
needs in Industry 5.0 since these are not static and can change throughout the day or with different operators.

An example of task allocation problem for collaborative cells is offered by [1], who introduced a novel algorithm
for Disassembly Sequence Planning (DSP). The algorithm aimed to minimize the overall time required for completing
tasks while ensuring safety requirements were met, resulting in multi-objective optimization. The study accounted for
a flexible sequence and the potential for both human operators and cobots to collaborate on one or more tasks.

Another solution was presented by [2], which included unpredictable events in the optimization model and con-
sidered cobot re-planning capability to minimize different cost functions. Unpredictability was also analyzed by [3],
who proposed a planning method capable of capturing the behaviors of autonomous agents.

[4] proposed a flexible collaborative manufacturing system with re-planning capability through a two-level break-
down for each job, while [5] introduced a centralized algorithm to address complex temporal and spatial constraints
for real-world problems. This solution was able to reach optimal solutions for larger problems than those previously
reported in the state of the art.

Despite these works, none of them introduced the ability to dynamically reprogram tasks assigned to resources
online in real-time. This is a crucial aspect for effective and efficient task allocation in collaborative systems.

One of the first attempts to address this problem was done by [6], who developed a genetic algorithm capable
of real-time subtask allocation to meet cost-effectiveness requirements. Another similar solution was proposed by
[7], which included a dynamic scheduler layer that allocated tasks based on resource requests but lacked real-time
monitoring of objective function values.

To meet the demands of both Industry 4.0 and Industry 5.0, researchers have explored ways to incorporate operator
well-being in collaborative cells. One approach, as demonstrated by [8], involved using a complex system with a Deep
Neural Network (DNN) to predict operator fatigue and assign tasks accordingly. However, this approach was limited
to a small number of tasks due to the need for offline DNN training.

Another solution proposed by [9] involved developing an ergonomic assessment index that considered the physical
and cognitive workload of the operator, which was used to evaluate the impact of various task allocations on operator
well-being. Even though the use of wearable technology was a novel solution to address the issue of ergonomics in
human-robot cooperation, it was limited to only monitoring and maintaining ergonomic standards at work.

Despite the advancements in collaborative systems involving humans and cobots, there is still a considerable re-
quirement for low-cost and real-time techniques for task allocation with multiple objectives, such as productivity and
worker well-being. Previous research has proposed various methods, but the lack of real-time implementation and
cost-effectiveness remains a challenge. Moreover, incorporating multiple objectives into the task allocation process
adds complexity, making it challenging to find the best solutions. This discrepancy highlights the need for further re-
search and development in this field, with a focus on cost-effectiveness and real-time implementation. The aim of this
paper is to present a novel solution for dynamic task allocation that considers multiple objectives. Specifically, the pro-
posed approach takes into account two critical metrics - makespan for productivity and operator’s energy expenditure
for wellness - to ensure efficient and safe collaboration between human operators and robots. The key highlight of this
approach is the ability to allocate tasks dynamically in real-time, thus ensuring optimal performance and well-being
of the human operator. The proposed solution provides a more comprehensive method for task allocation, which can
improve productivity while minimizing the negative impact on the operator’s health. This paper presents a significant
contribution to the field of human-robot collaboration, and its potential benefits extend beyond the manufacturing
industry to other areas where humans and robots collaborate.

The paper is organized as follows: Section 2 presents the dynamic rescheduling with the task allocation model and
the control system; in Section 3 an extensive case study is analyzed, while Section 4 concludes the work.
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2. Dynamic task allocation

The proposed dynamic task allocation process is shown in Figure 1, which presents the whole system.

Fig. 1: Workflow of the proposed dynamic task allocation

In particular, it consists of K = 2 resources, i.e., a human operator and a collaborative robot, that have to work in a
shared workspace. In such a case, precise tracking of their positions is a vital aspect to enable the dynamic allocation
of tasks based on their locations, since each task is associated with a precise position in the workspace. In this way,
the change of position of a resource indicates the end of the task it is performing and the beginning of the next. To
achieve this, a markerless motion capture system has been implemented in the architecture. This system provides a
non-invasive way of tracking the positions of the human operator and the cobot without requiring any special markers
or sensors. This makes it a more convenient and user-friendly option than other motion capture systems available.

The resources receive the inputs through a MATLAB (MathWorks) user interface, developed to have a centralized
control, able also to manage the data from the motion capture system and the cobot.

2.1. Static Task Allocation

As soon as the resources start to work, they receive as first input a static task allocation, based on the minimiza-
tion of two objective functions: the makespan and the operator’s energy expenditure, with the aim of realizing a
human-centered scheduling, while preserving the productivity standards. In fact, the total time required to complete
all necessary tasks in a production system, commonly known as the makespan, is a crucial factor in determining the
system’s productivity. A lower makespan indicates a higher quantity of products produced or assembled within a
specific timeframe, making it fundamental to all scheduling problems. Minimizing the makespan has been shown to
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significantly improve a company’s competitiveness by reducing product delivery time [10]. By enhancing productivity,
this approach can contribute to increased profitability and competitiveness in the market.

On the other hand, with Industry 5.0 making strides in the development of more human-centric workplaces, there
is a growing recognition of the need to prioritize the well-being of operators in the workplace. To align with this trend,
this study includes energy consumption as a second objective function. The evaluation of energy expenditure has been
introduced in previous studies since it is critical for assessing ergonomic risks and identifying metrics such as the
duration, level, and repetitiveness of physical tasks that can indicate the stress caused by physical jobs [11, 12].

To measure the energy expenditure needed to perform a task, this study employs the approach introduced by [13],
which calculates the energy required by a resource to complete a task. The proposed task allocation method, indeed,
considers energy consumption as an objective function. The objective is to optimize the task allocation in a way
that minimizes the energy expenditure required by the operator, promoting their well-being, and reducing the risk of
physical stress.

The model here used is the same as in [14], and here briefly recalled. The objective functions are the minimization
of both the makespan ms as in Eq. 1 and the operator’s energy expenditure E as in Eq. 2, in performing J tasks by the
K = 2 resources.

min ms = min

max

J
j=1

(S jk + Pjk)


(1)

where S jk is the starting time of the task j and Pjk is its execution time when it is performed by the resource k.

min E = min
 J

j=1

e jk · x jk


k = 1 (OP) (2)

where e jk is the energy requirement to complete the task j performed by the resource k.
Consequently, the output is the binary variable x jk that assigns each task to one resource.

x jk =


1 if the task j is performed by the resource k
0 otherwise

(3)

The following constraints are introduced:

K
k=1

x jk = 1 ∀ j (4)

x jk ∈ {0, 1} ∀ j, k (5)
J

j=1

x jk ⩾ 1 ∀k (6)

x jk = 0 ∀ j ∈ Uk (7)
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Eq. 4 and Eq. 5 are the occurance and integrality constraints, that assure that each task is performed by only one
resource. Eq. 6 it is necessary to guarantee that both resources have at least one task assigned to them and Eq. 7 is the
technological constraint for the tasks that can not be performed by one or the other resource.

A multi-objective optimization can be solved through the search of the Pareto Frontier, which offers a set of non-
dominated points [15]. Among these optimal solutions, it is possible to choose, as input for the resources, the one that
minimizes the distance from the Utopia Point (Eq. 8).

dut =

√( ms − ms∗

msmax − ms∗

)2
+

( E − E∗

Emax − E∗

)2
(8)

where ms∗ and E∗ are the anchor points, while msmax and Emax are the maximum achievable values.

2.2. Dynamic Rescheduling

Once the process begins and resources start performing their assigned tasks, the system starts monitoring the
position of the robot and the operator, as well as the time. The system continuously monitors these variables in real-
time for each task and dynamically reschedules if necessary at the end of the current cycle to generate a new task
allocation for the next one. This process is especially useful in assembly or production processes that need to be
repeated several times during a shift.

The new task allocation is generated for the following cycles, as soon as the previous one is completed, while
ensuring that the sequence of tasks is not altered while the resources are still performing them. In some scenarios,
the operator may require more time to complete a task than the standard time allocated for it (with a tolerance). In
such cases, a new task allocation is generated, with the aim of reducing the burden on the operator by assigning the
more time-consuming tasks to the cobot, provided that it is compatible with the technological constraint. The new
task allocation is then provided as input to the resources and maintained until the makespan lower threshold msth,min

is reached.
Additionally, the operator’s energy expenditure rate Ė j for each task is evaluated. This rate is the ratio between the

energy required for a task and its completion time. If the calculated energy expenditure rate exceeds the threshold set at
Ėth,max = 4.2927 kcal/min, the system needs to generate a new scheduling aiming at reducing the energy requirements
for the operator. In doing so, it is necessary also to consider the residual energy effects of previous tasks, which
requires including the recovery function, described by Eq. 9 in the energy expenditure rate evaluation [16].

Rj−1(τ j−1) =
∫ τ j−1

0
Ė j−1 · e−µτdτ (9)

where Rj−1(τ j−1) is the residual fatigue, function of Ė and of the parameter µ. That is the energy decrease rate, after
the task j − 1 if the recovery time τ j−1 has passed. This time can be both a reaction time or a Rest Allowance (RA)
time, described by Eq. 10.

τ =
ln(Ė) − ln(ĖR)

µ
(10)

where ĖR = 1.86 kcal/min is the energy rest rate [17].
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The energy expenditure rate becomes:

Ė j =
e j,1 + Rj−1

t j,1
(11)

where t j,1 is the actual time, measured by the system, the operator required to complete the task j.
The two aforementioned lower thresholds serve as parameters to revert back to the original task allocation, in order

to maintain the required productivity levels. The new schedule, which removes tasks from the operator’s sequence,
may create an imbalance, resulting in an increased makespan. This, in turn, increases the risk of failing to meet the
productivity requirements, such as the number of pieces to be completed during the working shift.

The rescheduling strategy involves assigning all tasks that exceed either of the maximum thresholds to the cobot.
However, this approach has a limitation: if none of these tasks meet the cobot technological constraint, i.e., they are
not included in U2, then the scheduling remains the same, and the operator does not receive any benefits from the
system.

3. Case Study

To test the system, a case study is here presented. Table 1 reports the task times, and energy expenditures of an
assembly process that involves J = 20 tasks [18]. Some values in the table are represented as ”-” as they are not
feasible for the resources involved. The operator’s and cobot task times, along with the energy expenditure values are
obtained from [14]. The genetic algorithm EMO (Evolutionary Multi-objective Optimization) [19] is used to solve the
model in the MATLAB (Mathworks) environment.

Table 1: Tasks time and energy

Task Pop [min] Pc [min] eop [kcal]

1 0.40 0.60 1.40
2 0.44 - 1.48
3 0.40 0.60 1.23
4 0.42 - 1.44
5 0.60 0.90 1.60
6 0.64 - 1.95
7 0.44 0.66 1.29
8 0.08 - 0.18
9 0.44 0.66 1.36

10 0.39 - 1.19
11 - 0.33 -
12 0.60 0.45 1.60
13 - 0.32 -
14 0.44 0.33 1.38
15 - 0.44 -
16 0.15 0.11 0.30
17 - 0.27 -
18 0.73 0.55 1.35
19 - 0.14 -
20 0.39 0.30 1.20

From the resolution of the task allocation (Sec 2.1) the Pareto Frontier in Figure 2a, with the solution that has
the minimum distance from the Utopia Point, was obtained. In addition, Table 2 reports the values of the objective
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functions along with the corresponding task allocation, shown also in Figure 2b, where ”OP” are the tasks assigned to
the operator, ”C” the ones assigned to the cobot, and ”Collab” the amount of collaboration established.
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Fig. 2: Result of the static task allocation

Table 2: Objective functions values and task allocation of the proposed solution.

ms [min] E [kcal] OP C

4.48 10.36 [2,10,5,6,3,7,8,4] [16,18,9,15,12,17,
20,13,1,14,11,19]

This task allocation has been given as input to the resources as described before, and a rigorous testing protocol was
employed, spanning a duration of 4 consecutive hours. The thresholds used for this case study are reported in Table 3,
while the parameter µ = 1.5 for the recovery function is derived from [20], since the activities have quite similar
intensity and duration. The outcome of this real-time testing indicates that a total of 48 products were scheduled to be

Table 3: Thresholds for the rescheduling

msth,min Ėth,min Ėth,max

0.5 · ms 0.5 · Ėth,max 4.2927 [kcal]

manufactured, however, only 40 units were actually produced. This shortfall can be attributed to the alterations in the
scheduling process, whereby the cobot resource was identified as the key determinant of the makespan. Consequently,
the reallocation of tasks to the cobot, to reduce the operator’s workload, resulted in an elongation of the production
time, as seen in Figure 3a.

The average trend of the energy expenditure rate, instead, is shown in Figure 3b, in which are also displayed the
maximum and minimum thresholds, along with the energy rest rate. The plot illustrates that the average energy ex-
penditure rate remains within the safe range throughout the duration of the study, with occasional deviations observed
during the execution of the assigned tasks. However, it is noteworthy that the operator can exceed the limit during
the completion of certain tasks, as shown in Figure 4. This indicates that the current task allocation strategy may not
be optimal for the operator’s well-being and productivity. As such, a new task allocation is generated to prevent the
occurrence of fatigue-related issues.
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The elongation of production time resulting from the reallocation of tasks to the cobot is a concern for the overall
efficiency of the manufacturing process. Any delays or inefficiencies in the production process can lead to a loss
of time, which can ultimately have economic consequences for the company. It is important to note that this can
happen only if the cobot is the resource that determines the makespan. If the operator is the leading resource, by
assigning the cobot the tasks that take longer to complete, a better balance can be achieved. This new balance assures
the optimization of resource utilization and the minimization of the risk of production delays or deficiencies. Such a
scenario may arise when the technological constraint is less strict, meaning that both resources have the capacity to
perform a higher number of tasks, for example, 18 out of 20 tasks. In such cases, the allocation of tasks becomes more
flexible, and a better balance can be achieved by assigning the cobot tasks that take longer to complete, thus allowing
the operator to focus on tasks that require greater human dexterity.

By considering this scenario, the task allocation given as input to the resources is reported in Table 4.
As before, the makespan and average energy expenditure rate are shown, respectively, in Figures 5a and 5b.
It is noteworthy that, in this specific case, the makespan is determined by the operator’s times. By analyzing

the results of the test number 5, it is evident that the execution times of the operator exceed the maximum threshold,
indicating a potential bottleneck in the manufacturing process. To address this issue, a new task allocation is generated
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The elongation of production time resulting from the reallocation of tasks to the cobot is a concern for the overall
efficiency of the manufacturing process. Any delays or inefficiencies in the production process can lead to a loss
of time, which can ultimately have economic consequences for the company. It is important to note that this can
happen only if the cobot is the resource that determines the makespan. If the operator is the leading resource, by
assigning the cobot the tasks that take longer to complete, a better balance can be achieved. This new balance assures
the optimization of resource utilization and the minimization of the risk of production delays or deficiencies. Such a
scenario may arise when the technological constraint is less strict, meaning that both resources have the capacity to
perform a higher number of tasks, for example, 18 out of 20 tasks. In such cases, the allocation of tasks becomes more
flexible, and a better balance can be achieved by assigning the cobot tasks that take longer to complete, thus allowing
the operator to focus on tasks that require greater human dexterity.

By considering this scenario, the task allocation given as input to the resources is reported in Table 4.
As before, the makespan and average energy expenditure rate are shown, respectively, in Figures 5a and 5b.
It is noteworthy that, in this specific case, the makespan is determined by the operator’s times. By analyzing

the results of the test number 5, it is evident that the execution times of the operator exceed the maximum threshold,
indicating a potential bottleneck in the manufacturing process. To address this issue, a new task allocation is generated
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Table 4: Objective functions values and task allocation with a less restrictive technological constraint
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Fig. 5: Makespan and average energy expenditure with a less restrictive technological constraint

and given as input for the next cycle to the resources. The revised task allocation strategy resulted in a significant
reduction in the makespan, thus improving the overall efficiency. It is worth noting that the success of the revised task
allocation strategy is a testament to the importance of optimizing the allocation of tasks based on the strengths and
limitations of each resource, whether it be a human operator or a cobot.

4. Conclusions

The importance of considering human factors in manufacturing processes becomes even more evident with the
integration of cobots and human operators. Industry 5.0, a human-centered design approach, prioritizes the wellness
of operators by taking into account various factors such as ergonomics, mental workload, skills, and capabilities in
the design of work cells. A multi-objective task allocation strategy is a key approach for optimizing the allocation
of tasks to different resources in collaborative systems. Such a strategy considers the unique characteristics of each
resource and aims to optimize for multiple objectives. By doing so, this strategy can effectively and efficiently assign
tasks to resources, maximizing productivity and minimizing fatigue. It can also create a harmonious work environ-
ment where human and robotic resources can work together seamlessly, increasing overall system performance. To
optimize productivity, flexibility, and human factors, a dynamic multi-objective task allocation system is necessary.
This system can adapt to changing conditions in the work environment and allocate tasks accordingly. By adopting
such an approach, manufacturing companies can create a more efficient and effective manufacturing process that pri-
oritizes both the productivity and well-being of their operators. The allocation of tasks in manufacturing processes
is critical for achieving optimal productivity and efficiency. In situations where a cobot is a resource that defines the
makespan, changes in the allocation of tasks to lighten the operator’s workload can lead to a lengthening of production
time and potential inefficiencies, but there can be a benefit for the operator’s fatigue. However, if the operator is the
leading resource, allocating to the cobot the tasks that surpass the rated time can generate a better balance and opti-
mize resource utilization while minimizing the risk of production delays or deficiencies. Key performance indicators
such as makespan and energy expenditure rate are crucial in evaluating the efficiency of manufacturing processes.
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Regular monitoring and analysis of these metrics can help identify potential bottlenecks in the process and inform the
allocation of tasks. Overall, this type of system should prioritize the optimization of the allocation of tasks based on
the strengths and limitations of each resource, whether it be a human operator or a cobot. By doing so, companies can
improve their productivity and economic outcomes while minimizing the risk of production delays or deficiencies.
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