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Abstract

The field of human–robot collaboration (HRC) still lacks research studies regarding the
evaluation of mental workload (MWL) through objective measurement to assess the mental
state of operators in assembly tasks. This research study presents a comparative neuroer-
gonomic analysis to evaluate the mental workload and productivity in three laboratory
experimental conditions: in the first, the participant assembles a component without the
intervention of the robot (standard scenario); in the second scenario, the participant per-
forms the same activity in collaboration with the robot (collaborative scenario); in the third
scenario, the participant is fully guided in the task in collaboration with the robot (collabora-
tive guided scenario) through a system of guiding labels according to Poka-Yoke principles.
The assessment of participants’ mental workload is shown through combinative analysis
of subjective (NASA TLX) and objective (electroencephalogram—EEG). Objective MWL
was assessed as the power waves ratio β/α (Beta—stress indicator, Alpha—relaxation
indicator). Furthermore, the research used observational measurements to calculate the
productivity index in terms of accurately assembled components across the three scenarios.
Through ANOVA RM, mental workload significantly decreased in the activities involving
the cobot. Also, an increase in productivity was observed shifting from the manual scenario
to the cobot-assisted one (18.4%), and to the collaborative guided scenarios supported by
Poka-Yoke principles (33.87%).

Keywords: human-robot collaboration; Neuroergonomics; EEG; cobots; mental workload;
productivity; Poka-Yoke

1. Introduction
From the 18th century to today, industrial development has evolved through suc-

cessive phases known as Industrial Revolutions (IRX.0). IR1.0 (1760–1840) marked the
shift from agrarian to industrial economies [1]. IR2.0 (1870–1914) brought rapid indus-
trialization, urbanization, and the rise in large corporations [2]. IR3.0 (1950–2000s), or
the Digital Revolution, introduced electronics, telecommunications, computers, and the
internet [3]. IR4.0 (2000s–2020) advanced interconnectivity and data-driven production
through cyber–physical systems [4].
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The recent fifth Industrial Revolution (2020-ongoing), or IR5.0, has been considered a
successor or complement to IR4.0. While IR4.0 highlighted the high level of interconnected-
ness that crossed the barriers between the physical, digital, and biological spheres, IR5.0
has emphasized human’s collaboration and engagement with modern technologies [5].
Demir and colleagues proposed that humans collaborate with robotic machines in all
feasible scenarios and contexts, resulting in the widespread integration of robots into or-
ganizations [6]. Despite some writers’ criticism that IR5.0 has not yet begun, both IR4.0
and, more importantly, I5.0, stress human–robot collaboration (HRC) as a critical feature
to support industrial operators and promote their occupational well-being [7]. In this
context, assessing mental workload (MWL) in human–robot interaction (HRI) becomes
crucial. While collaborative robots, or cobots, can serve as valuable resources to enhance
efficiency and reduce strain, they may also introduce safety risks or cognitive overload if
not properly integrated. Understanding MWL therefore ensures that collaboration remains
both productive and safe for human operators [8].

This study builds upon the previous work of some the authors [9]. Compared to the
previous investigation by the authors, which focused on two experimental conditions, this
study extends the framework by incorporating a third scenario with collaborative guided
modules. This addition enables a more comprehensive evaluation of MWL by directly
comparing standard, collaborative, and collaborative guided settings, thereby offering new
insights into how different levels of robot involvement influence operator performance and
cognitive load.

The structure of this paper is organized as follows. Section 2 presents a State-of-the-Art
analysis, reviewing relevant contributions and highlighting current research gaps in the
assessment of MWL within HRI. Section 3 describes the Materials and Methods, including
the experimental design, sample definition, experimental framework, and the overview of
selected metrics. Section 4 introduces the case study, detailing the assembly process and
the three workstation configurations: standard, collaborative, and collaborative guided.
Section 5 reports the experimental results, encompassing EEG-based MWL analysis, subjec-
tive evaluation through NASA-TLX, and observational measurements of task performance
and user experience. Section 6 provides a critical discussion of the findings with refer-
ence to prior research, emphasizing both the contributions and limitations of the study.
Finally, Section 7 outlines the conclusions and suggests future directions for advancing
neuroergonomic evaluations in collaborative industrial environments.

2. State-of-the-Art Analysis
IR5.0 considers humans as the core of production processes, requiring the design

of anthropocentric workspaces. [10,11]. The introduction of cobots in manufacturing
environments increased productivity and reduced human error in industrial manufacturing
processes by combining the advantages of robots, such as high-precision, endurance,
and repeatability, with the human’s ability of problem solving, awareness and manual
dexterity [12,13]. Thus, human–robot collaboration (HRC) has become of paramount
importance in IR5.0 aiming at human-centered manufacturing and production. It allowed
the creation of advanced manufacturing systems where humans can be supported by
intelligent and adaptable machines. In that regard, different applications/modalities of
human–robot collaboration are determined by criteria such as task complexity, safety
and ergonomic issues, and desired amount of human involvement [14]. However, the
involvement of cobots in safety critical systems introduced a new level of complexity in
which the MWL, as the amount of mental labor needed to complete an activity, of operators
might change [15].
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In this sense, neuroergonomics, as a branch of neuroscience applied to ergonomics,
investigated how the brain functions in connection to job activities, utilizing neuroscien-
tific tools to better understand MWL. Among the innovative neuroergonomic tools, the
electroencephalogram (EEG) cap has paved the way to a new methodology of objective er-
gonomic assessment, monitoring, and evaluation of brainwaves activity to further analyze
the MWL of operator while performing tedious, repetitive, and stressful activities [16].

Various power ratios of brainwaves through EEG were investigated to determine
the MWL of the human in a relaxation (Alpha waves) or stress/engagement phase (Beta
waves) [17,18].

MWL has a substantial impact on productivity when humans collaborate with
cobots [19]. The deployment of cobots is frequently meant to offload labor from the operator
to the cobot; yet the introduction of cobots, if not properly managed, might raise cognitive
load on the user by providing more complicated tasks or needing greater situation aware-
ness and cognitive resources to complete the activity, especially for the most advanced
HRI applications. In HRC scenarios, some authors, through subjective measurements,
claimed that cobots’ intervention reduces the operator’s MWL while performing some
assembly tasks [20,21]. Other studies, however, indicated that cobots increased operator’s
MWL [22,23]. In the study of [22], the author holistically assessed a higher level of MWL in
repetitive tasks between human and robot. This is also in line with [23], in which the MWL
assessed through NASA TLX from a HRI experience was shown as high from the partici-
pants. However, these studies relied mostly on subjective assessments obtained through
surveys or qualitative approaches. Recent studies showed promising results regarding the
usability and reliability of EEG devices in HRC scenarios [24]. Thus, there is still a need to
explore MWL in HRC tasks by integrating qualitative with quantitative data [25,26]. In this
regard, EEG could be suitable for the analysis of MWL to acknowledge the effective contri-
bution of cobots in terms of MWL in manufacturing contexts [24]. Unlike other wearable
sensors, EEG measures electrical activity in the brain directly to provide real-time insights
into cognitive processes rather than relying on physiological or behavioral proxies [27].

This study focuses on the β/α ratio to analyze the MWL perceived by participants
working in collaboration with a cobot. The purpose of this research is to evaluate the
different responses of participants in terms of MWL and task performance according to
three different levels of support provided by the collaborative robotic system. The research
questions (RQs) are the following:

- RQ1: What is the impact, considering mixed qualitative and quantitative (i.e., EEG-
based) measures, of different levels of robotic assistance in terms of operator’s mental
workload (MWL) during collaborative assembly activities?

- RQ2: What is the impact of different levels of robotic assistance in terms of productivity
in collaborative assembly activities?

3. Materials and Methods
3.1. Experimental Design

The research presents a comparative evaluation of three successive experimental
conditions involving different HRI modalities. The process adopted for this study is
a wire harness assembly (see Section 4.2 for details). The experimental design closely
followed the protocol described in [9], with the addition of the third scenario involving
collaborative guidance. The purpose of this analysis is to comprehensively evaluate the
different responses of participants in terms of MWL and productivity. Based on changes
in the workstation layout and integrated elements, as well as in terms of robotic support,
the three scenarios varied as follows. More details about each Scenario are reported in
Section 4.4.
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1. Standard work (Scenario 1, named SS): Manual assembly activities are completed
without any specific intervention or enhancement at the workplace. Work is carried
out without any support from other systems. This condition is used as the baseline to
assess the contribution of the cobotic system introduced in the following scenarios.

2. Collaborative work (Scenario 2, named CS): Participants complete work activities
collaborating with a cobot, which performs repetitive, uncomplicated tasks that do
not involve thinking or decision-making.

3. Collaborative guided work (Scenario 3, named CGS): Participants complete the identi-
cal labor activities as in the second scenario, but with the addition of Poka-Yoke (P-Y)
solutions [24]. The P-Y plays a function in directing operators through the repeated
process of assembling parts and components from operation to operation, generating
the start of each future phase in a predetermined sequence of steps and thereby pre-
venting human errors. The idea is to strengthen the role of the collaborative robotic
system by implementing a guidance module in the workplace.

Each participant performed the assembly tasks in three different conditions, starting
with Scenario 1 and concluding with Scenario 3. The time of the overall experiments was
fixed at 90 min (i.e., Time_experiments).

This within-subject design allowed each participant to serve as their own control,
enabling direct comparison across conditions.

The study was conducted in accordance with the Declaration of Helsinki and approved
by the or Ethics Committee of Faculty of Medical Sciences, University of Kragujevac
(Decision number: 01-6471, based on submitted study protocol no. 01-5578, on the 3 June
2021). The patients/participants provided their written informed consent to participate in
this study.

3.2. Sample Definition

The minimum number of participants for this experiment was defined according to the
sample size criteria computed by the software tool G*Power—version 3.1.9.7—with an anal-
ysis of variance in case of repeated measures (ANOVA RM) [28]. This statistical approach
was selected as appropriate for experimental design in which the same participants are
exposed to all levels of the independent variable, allowing for the evaluation of differences
across multiple conditions or time points, while accounting for inter-subject variability [29].
The trials included three scenarios (i.e., standard—SS, collaborative—CS, and collaborative
guided—CGS; number of conditions = 3), each with three observations (number of periods
observed during the task = 3). The statistical test selected is F-test, which is used to compare
the variances between conditions of one or more groups to analyze the significant differ-
ences from each other. The following other statistical input parameters have been selected
for the G*Power computation: effect size f = 0.4 (i.e., moderate magnitude range); error
probability α = 0.05; power β = 0.8; number of groups = 1 (the experiments involved the
same group of number of participants); number of measurements = 9 (number of periods
observed during the task multiplied by the number of conditions).

Thus, the minimum required number of participants, as calculated through ANOVA
RM with the G*Power tool, was 9 (Figure A1, Appendix A). In this study, a total of
10 participants were recruited, slightly exceeding the minimum threshold. The decision to
include 10 participants was motivated by both methodological and practical considerations.
From a methodological standpoint, recruiting one additional participant helped to increase
the robustness of the dataset and to mitigate the risk of potential data loss (e.g., due to
technical issues with EEG recordings or incomplete sessions). From a practical perspective,
the time limitations of the recruitment period constrained the possibility of enlarging
the sample further. Therefore, the final sample size of 10 participants was considered
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appropriate, as it fulfilled the statistical power requirements while also providing an
additional margin of reliability. This resulted in a total of N_experiments = 30 (number of
participants × number of scenarios). Participants were all engineering students, all male,
right-handed, and having a mean age of 23.3 ± 3.3 years. None of the subjects had previous
experience in product assembly or with cobots.

3.3. Experimental Framework and Measurement Overview

To provide a clear and structured overview of the experimental design, Table 1 sum-
marizes all key measures evaluated in this study.

Table 1. Overview Summary of Parameters and Evaluation Methods.

Metric Description Measurement Method Tool/Instrument

Mental Workload
(EEG)

Neurophysiological indicator of
cognitive load

Brain β/α waves ratio
analysis (quantitative)

EEG headset and dedicated
software for data

processing

Mental Demand Cognitive effort required to
complete the task

NASA-TLX subscale
(subjective)

NASA-TLX self-reported
questionnaire

Physical Demand Physical effort required to
perform the task

NASA-TLX subscale
(subjective)

NASA-TLX self-reported
questionnaire

Temporal Demand Time pressure or urgency
perceived during the task

NASA-TLX subscale
(subjective)

NASA-TLX self-reported
questionnaire

Effort Overall exertion to accomplish
task goals

NASA-TLX subscale
(subjective)

NASA-TLX self-reported
questionnaire

Frustration
Emotional response to task

complexity and
robot interaction

NASA-TLX subscale
(subjective)

NASA-TLX self-reported
questionnaire

Fluency of Task Smoothness and ease of
task execution

NASA-TLX/adapted
subscale (subjective)

NASA-TLX self-reported
questionnaire

Productivity Number of correctly assembled
components

Checklist-based accuracy
scoring (quantitative)

Manual observation and
post-process product

verification

User Perception
Impressions about the

interaction with the robot, safety,
comfort, and layout preference

Open-ended questions
(qualitative)

Post-task written
responses,

thematic analysis

MWL was assessed both objectively, through EEG recordings (β/α ratio), and subjec-
tively, via the NASA Task Load Index (NASA-TLX), with a rating scale from 0 to 10 [30].
Furthermore, the NASA TLX measured further subscales: Physical Demand, Temporal De-
mand, Effort, Frustration, and Fluency (adapted to evaluate smoothness of task execution).
These subscales provided insights into the participants’ perceived task demands under
each condition.

Task performance was quantified using a standardized checklist based on the number
of correctly assembled components, serving as an indicator for productivity.

Additionally, qualitative user feedback was collected through open-ended questions
following the CS and CGS conditions, i.e., the ones involving HRI. Participants were
asked, at the end of the collaborative scenario, about their impressions of working with
and without the robot, the quality of interaction, perceived safety and comfort during
interaction, and their workspace preference in terms of layout. These responses added
depth to the quantitative findings, offering insights into the acceptability and perceived
benefits of HRC.
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Together, the combination of neurophysiological, psychometric, performance-based,
and qualitative data allowed for a comprehensive evaluation of mental workload, user
experience, and production performance across different collaborative assembly scenarios.

4. Case Study
4.1. Overview

The experimental setup imitates standard working conditions and allows for test-
ing participants’ behavior during different assembly activities. It encompasses a quasi-
realistic industrial workplace for the assembly of connection plates as part of wire harnesses
(see Figure 1).

 

1 2 3

Figure 1. Experimental setup: (1) modular assembly workstation; (2) collaborative robotic worksta-
tion; (3) robotic-assisted quality-check area.

The experimental setup included three different areas. The first one (highlighted as “1”
in Figure 1) is the modular assembly workstation. It has a touchscreen industrial PC used to
manage the experiment and monitor process workflow. A height-adjustable work chair is
used to respect the different anthropometric characteristics of the participants [31]. This area
was designed to replicate a realistic industrial workstation, while at the same time providing
the flexibility needed to test and record experimental conditions in a controlled manner.

The second area (highlighted as “2” in Figure 1) is the collaborative robotic workstation.
It comprises the industrial cobot MELFA ASSISTANT from Mitsubishi Electric used for
the test. The location of this workstation was located 1000 mm from the area where
participants accomplished the tasks, in accordance with [32]. This layout ensured that the
cobot could efficiently assist the participant without obstructing their working space, while
also maintaining a safe and comfortable distance for interaction. The design of this area
emphasized both safety and quality of interaction, reflecting the practical requirements of
HRC in real industrial contexts.

The third area (highlighted as “3” in Figure 1) is dedicated to the quality check. It
comprises the Mitsubishi Electric industrial robot RV-2FRL-D-S25 added next to the Melfa
Assista cobot to carry the component during the quality check before the assembly is
carried out by the participant. This ensured that only correctly prepared parts were used,
reducing potential errors and guaranteeing uniformity across trials. From an experimental
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standpoint, the integration of a dedicated quality-check station added an additional layer of
realism to the setup, since quality assurance is a fundamental step in industrial workflows.

4.2. Assembly Process

The component used in this study is represented in Figure 2. It is a sub-assembly
composed of a metal sheet base with built-in threaded elements and a transparent acrylic
cover connected by an aluminum hinge (three materials combined). For practical reasons,
only the white upper flat plate of the sub-assembly of the connection component has been
chosen as it is lightweight, has no sharp edges, and is made of plastic. This task aims to
replicate typical operations of wire harness assembly activities. These activities necessitate a
combination of manual dexterity, attention to detail, and the ability to understand complex
wiring diagrams. Some components of wire harness installation might become repetitious,
resulting in mental fatigue and decreased attention over time [33]. The combination of
these features makes the product/process suitable for collaborative assembly. In the study,
the total number of components assembled by every participant for each scenario was 75
(i.e., N_components).

 
Figure 2. Sub-assembly used for the experiments.

Before the experiments, the participants had training of five minutes to familiarize
themselves with the workplace, the product, and the equipment involved in the experi-
ments. The training time was defined according to preliminary pre-tests. The experiments
took place from the winter of 2021–2022 to the end of 2023, with a minimum timeframe of
four months. The reason was to avoid recall bias when comparing the cognitive effort in
the three scenarios [34]. The assembly tasks accomplished by the participants consisted of
different steps performed in the three scenarios:

1. The participants take the component on the right side of the workstation and place
it in front of him/her. In the first scenario (SS), the sub-components are grouped
and located on the operator’s right side of the manual assembly desk. In the other
scenarios (CS and CGS), the cobot delivered the component to the operator from the
right side, then entered the manual assembly area and waited for the participant
to finish the work. The cobot arranged the component for the participant to take.
Throughout this phase, ergonomic concepts were employed to allow participants to
grip the component without overextending their arms [35].
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2. The participants take seven wires from the container, one by one, set in the assembly
area, and connect them to the sub-component. The connections were illustrated by
visual instruction provided through a touchscreen. The participant did not know in
advance in which order the connections would be displayed on the monitor to avoid
memory retention during the task. Also, to eliminate bias in the results, the succession
of wire connections randomly differs for all the repetitions in every scenario. In
the first scenario (SS), the participant accomplished the task without any external
assistance in the assembly. In the collaborative scenario (CS), while the operator
prepared the component given by the robotic system, the robot picked and placed
the following component to the location where the participant would retrieve it. In
both first and second scenarios, the participant followed the assembly instructions
given by the touchscreen. On the other hand, in the collaborative guided scenario
(CGS), the participant was guided through the tasks by using labels applied on the
sub-assembly to avoid errors, thus applying PY principles. Such labels are attached
by the industrial robot module, as explained in the following Section 4.4.

3. In all the scenarios, at the end of the assembly tasks, the participant poses the final
component on the slide located to the left side and enabled the touchscreen to progress
to the next product.

4.3. Experimental Setup: Standard and Collaborative Workstation

In the design of the standard scenario (SS), the developed workstation is adjustable in
height and tailored to the anthropological traits of the participants. In this scenario, the
participant accomplished the task without any intervention of the robot in the workplace.

In the collaborative scenario (CS), the participant accomplished the task with the
assistance of the MELFA ASSISTANT from Mitsubishi Electric cobot [36]. Manual and
collaborative workstations are reported in Figures 3a and 3b, respectively.

  
(a) (b) 

Figure 3. Testing Scenarios: (a) manual (used in SS), and (b) collaborative (used in Scenario CS and
CGS).

The robot’s speed was set considering that the participant and the cobot worked in
proximity at the same time. Considering that the robotic system was located 1000 mm far
from the operator, the cobot speed was set at 250 (mm/s). This value has been defined
based on the literature review and risk assessment. The end-effector used to handle the
pieces was the VGC10 Electrical Vacuum Gripper, suitable for HRI activities [37]. The
gripper is compact and lightweight, making it ideal for use with smaller industrial robots or
cobots. It was selected to pick and position light components with a thin coating. To detach
the components from the gripper, a minimum pressure of detachment equal to 20 Kpa was



Machines 2025, 13, 783 9 of 22

selected. This is the minimum value to let both the cobot carry the component without any
detachment during the movements, and the human to take the component without any
physical effort.

4.4. Experimental Setup: Collaborative Guided Workstation

In this scenario (CGS), in addition to the activities performed in the first (SS) and
second scenario (CS), the assembly task is also supported by an automatic quality control
phase in which a second robot carries the component in a dedicated area to inspect whether
the labels printed on the component are correctly placed or not, as shown in Figure 4.

 

1 

2 

3 

Figure 4. Collaborative guided Module: the components are checked in this module through a
Quality Inspection Phase. In order: (1) The Mitsubishi Electric industrial robot RV-2FRL-D-S25;
(2) The Inkjet printer domino A100; (3) The SICK Inspector 611.

In particular, the CGS setup involved the implementation of other modules:

• The Mitsubishi Electric industrial robot RV-2FRL-D-S25 (see “1” in Figure 4): This
module is added next to the Melfa Assista cobot for the quality-check phase.

• The Inkjet printer domino A100 (see “2” in Figure 4): This module is added as the
end-effector of the Mitsubishi Electric industrial robot RV-2FRL-D-S25. It is used to
print the labels (PY solutions) to be attached on the piece to guide the operator during
the assembly activities. It uses inkjet technology to spray droplets of ink onto the
components. The labels are composed of a combinative sequence of images for the wire
connections of the components. In this way, participants are not required to follow the
illustrations on the touchscreen, but they only must focus on the components, checking
the correct wire assembly through the visual combination of images presented on
the labels.

• The SICK Inspector 611 (see “3” in Figure 4): This module is added in the work-
place with the function to support the quality-check phase of the printed labels. The
inspection is visible on the touchscreen device mounted on the robotic work desk.
Furthermore, as the industrial robot RV-2FRL-D-S25 was not collaborative, for safety
reasons, the S300 Sick Safety Laser Scanner has been integrated to implement a Safety-
Rated Monitored Stop modality.

An illustration of the CGS is presented in Figure 5.
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(a) (b) 

Figure 5. Collaborative guided scenario (a): the participant accomplishes the task in collaboration
with the cobot and is guided during the tasks through the labels (i.e., Poka-Yoke system) (b).

4.5. EEG Sensor System

The SMARTING wireless EEG system is a technology designed for capturing brain-
wave data without the restrictions of traditional, wired EEG systems [38]. This system offers
a more comfortable and flexible way to record EEG data, making it suitable for various
research and clinical applications. One of the primary features of SMARTING is its wireless
capability, which allows for greater mobility for the user. The SMARTING interacted with
the recording computer using Bluetooth. The electrodes are positioned according to the
10–20 System [39]. In this study, an mBrainTrain EEG device has been used.

The pre-processing phase of EEG data is a crucial step in EEG analysis, where raw
data are cleaned and prepared for further analysis. In this phase, a sample rate of 250 Hz
was deployed. Pre-processing EEG signals often entail filtering the signal to remove
artifacts such as eye movements, muscle tension, and noise. This study evaluated the
MWL using the power ratio (β/α) [40,41]. Noise was reduced using a band-pass filter
with a frequency range of 1–40 Hz. The discovery of poor channels enabled intervention
in channels that were not collecting high-quality signals. In this case, because the EEG
cap included more channels in different parts of the scalp, it was possible to interpolate
these channels with those near the scalp’s area of interest. Then, the Matlab Library’s
artifact subspace reconstruction (ASR) technique for EEG pre-processing [41] has been
used to detect and eliminate artifacts like eye movements and muscle strain. Finally, the
independent component analysis (ICA) was performed to separate the signals into additive
and independent components [42].

The MWL was analyzed in three consecutive halves, each one 30 min. The choice
of 30 min periods for evaluating MWL through EEG enabled meaningful within-subject
comparisons across experiments time (beginning, middle, and end) or scenarios (SS, CS,
and CGS). The analysis could have been affected by EEG spikes from the interaction
with the cobot, due to an instinctive reaction from the participants. However, we assume
that participant did not feel any fear from the interaction with the cobot as they famil-
iarized themselves with it in the training phase before the experiments [43]. These time
observations reflected a balance between scientific validity, participant endurance, and
data stability.



Machines 2025, 13, 783 11 of 22

5. Results
5.1. Mental Workload

The MWL index of the participants in the three scenarios was evaluated by using the
beta/alpha ratio in three consecutive parts of the tests, and is presented in Appendix A
from Tables A1–A3 and Figure 6 below:

 

0.2

0.4

0.6

0.8

1

1.2

1.4

1 2 3 4 5 6 7 8 9 10
1st part SS (0-30 min) 2nd part SS (30-60 min) 3rd part SS (60-90 min)
1st part CS (0-30 min) 2nd part CS (30-60 min) 3rd part CS (60-90 min)
1st part CGS (0-30 min) 2nd part CGS (30-60 min) 3nd part CGS (60-90 min)

MWL (β/α)

Figure 6. Mental workload (β/α) (Y-axis) of the participants (X-axis), in three consecutive parts
(30 min each) analyzed in the standard (SS—long dash dot), collaborative scenario (CS—highlighted
in dotted lines), and collaborative guided scenario (CGS—highlighted in dashed lines).

Figure 6 illustrates the MWL index values, measured using the β/α EEG ratio, across
10 participants under three experimental conditions: standard scenario (SS—highlighted
in solid lines), collaborative scenario (CS—highlighted in long dash dot), and collabo-
rative guided scenario (CGS highlighted in dashed lines), each assessed at three time
intervals (0–30 min—highlighted in blue color, 30–60 min—highlighted in red, 60–90 min—
highlighted in green). Overall, a clear trend emerged across participants showing that MWL
was highest during the initial phase of the experiment (0–30 min), particularly under the
standard scenario (SS), where participants had to complete tasks without any collaborative
support or guidance. On the other hand, participants engaged in the collaborative scenario
(CS) and, more notably, in the collaborative guided scenario (CGS), demonstrated lower
β/α ratios, indicating reduced cognitive strain.

From the statistical analysis for the SS, the following results emerged: ANOVA RM—
α = 0.05—yielded p-value = 0.194, F = 2.459, and F_crit = 3.633. In the SS, the MWL between
the three test parts is not substantially different (p-Value > α), hence the null hypothesis
cannot be rejected (H = H0). In contrast, in the CS, all participants’ MWL dropped along
the activity. In the CS, the ANOVA RM analysis (α = 0.05) yielded a p-value of 0.00005, F
value of 19.32, and F_crit of 3.633. The CC resulted in a substantial drop (p-Value < α) in
MWL across all three tests, rejecting the null hypothesis (H ̸= H0). Finally, in the CGS, the
MWL of the participants is the lowest compared with the other scenarios. Indeed, from the
ANOVA RM analysis (α = 0.05), p-Value = 0.00003, F = 15.42, F_crit = 2.633. In the CG, the
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MWL significantly decreased (p-Value < α) along the three parts of the tests observed and
the null hypothesis is rejected (H ̸= H0).

5.2. NASA-TLX Results

Figure 7 presented participants’ subjective NASA TLX ratings for each scenario, using
a standardized 0–10 scale. The NASA TLX t-test comparing three scenarios (α = 0.05)
revealed the following results: (a) Mental Demand, p-Value = 0.0004; (b) Physical Demand,
p-Value = 0.08; (c) Temporal Demand, p-Value = 0.088; (d) Performance, p-Value = 0.046;
(e) Effort, p-Value = 0.0085; and (f) Frustration, p-Value = 0.01. The NASA TLX data show
no significant difference in Physical and Temporal Demand (p-value > α) between standard
(SS) and collaborative situations (CS and CGS), supporting the null hypothesis (H = H0).
The t-test analyses of Mental, Effort, Performance, and Frustration revealed significant
differences (p-value < α) across the three situations, leading to the rejection of the null
hypothesis (H ̸= H0). In keeping with the EEG data, the NASA TLX demonstrated a lower
level of MWL of the participants in the scenarios with the cobot (CS and CGS) than the
conventional scenario without the cobot (SS).
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Figure 7. NASA TLX results (Y-axis; rating scale from 0 to 10) in the three scenarios over the
participants (X-axis). Onthe Y-axis in order: (a) Mental Demand; (b) Physical Demand; (c) Temporal
Demand; (d) Performance; (e) Effort; (f) Frustration.

5.3. User Feedback

In addition to the NASA TLX, at the conclusion of the experiments, participants
were asked additional direct open questions about their experience with and without
the robot, its fluency (quality of interaction) and trajectory (i.e., whether predictable or
not), how safe and comfortable the interaction with it was, and whether the workplace
setting was better in the standard or collaborative scenario. According to the answers, the
assembly task supported by the robot (i.e., in CS and CGS) resulted in a safer and more
comfortable way to pick the plate from the gripper. In terms of motion, the participants
did not feel stressed when the robot moved, and from its response when they grasped
the plates from the gripper. Furthermore, regarding the layouts, the absence of plates
on the workstation (where the participant installed the component) was regarded more
positively in the collaborative situation. The applicants had more room to assemble the
component and were more confident in their ability to complete the assignment, as they
felt less distracted. Nevertheless, the participants felt more at ease executing the work in
the CGS.

5.4. Task Performance

Data about task performance are summarized in Table A4 in Appendix A. Figure 8
presents the productivity index as the number of components accomplished by each of
the 10 participants during the three assembly scenarios. A consistent trend was observed
across all participants: the number of assembled components improved progressively from
SS to CS to CGS. In SS (blue bars), participants generally achieved the lowest number of
completed components. With the introduction of the collaborative robotic system, in the CS
condition (red bars), performance improved for most participants, suggesting that shared
task execution had a positive impact on throughput.

The most significant performance gain was observed in the CGS condition (green
bars), where participants received both physical support and visual guidance (i.e., through
the PY solution). This scenario resulted in the highest number of components completed
for every participant.

The t-test examination of performance comparing three scenarios yielded a p-value of
0.00018 (<α = 0.05). In conclusion, the participants accomplished the tasks more successfully
in the CS and CGS than in SS, assembling more components during the activity. On average,
an increase of 18.4% from SS to CS was observed, and an increase of 15.5% from CS to CGS.
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Thus, the overall increase in the number of components accomplished well from SS to CGS
was 33.9%

0
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40

50

60

70

1 2 3 4 5 6 7 8 9 10
N. components accomplished in SS N. components accomplished in CS N. components accomplished in CGS

Figure 8. Number of assembly components produced correctly in the three scenarios (Y-axis) over
the participants (X-axis).

6. Discussion
6.1. Results Discussion

According to the data, MWL was significantly lower in the CS and CGS compared
to the SS. In the first scenario (SS), the MWL did not change considerably after three
consecutive periods (i.e., every 30 min). In the other two cases, MWL reduced with
time. In the second part (30–60 min) and third part (60–90 min) of the CS and CGS,
the reduction in the MWL was larger compared to the SS. These effects became more
pronounced over time, with a general decrease in MWL observed from the first to the
third time interval across all conditions. The CGS condition consistently yielded the lowest
MWL values, particularly in the final interval (60–90 min), highlighting the effectiveness
of combining HRC with additional real-time guidance in mitigating cognitive demands.
Additionally, inter-individual differences were evident: some participants (e.g., Participants
4 and 5) exhibited elevated workload levels regardless of the condition, whereas others
maintained lower and more stable β/α ratios. These variations may reflect differences in
task engagement, stress reactivity, or cognitive strategies, and underscore the importance
of accounting for user-specific factors in neuroergonomic evaluations.

These findings are consistent with earlier research on industrial HRI, where a lower
level of MWL was perceived during (well-designed) collaborative tasks compared to purely
manual tasks [44]. This suggested that structured physical assistance not only reduced
cognitive effort but potentially facilitated task execution.

In addition, MWL results are aligned with the subjective analysis carried out using
the NASA TLX. The measurements of Mental Demand, Effort, and Frustration indicated a
significant decrease in these parameters pointed out by the participant during tasks with
the robot (i.e., CS and CGS). Results are in line with previous research about the analysis of
performance in HRC [45].

According to the answers to the open questions, in SS, participants felt more stressed
during the tasks, desiring to move and have some stretch on the arms potentially due to a
lack of physical support. The tasks supported by the cobot (in CS and CGS) and guided
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by PY solutions (in CGS) were perceived better, having the feeling of being aided during
the whole activity. However, considering the NASA TLX results, there was no significant
variation in Physical and Time Demands between the three scenarios. Since the task was
not physically demanding, one probable reason is that the participants accomplished the
activity in a seated and comfortable position throughout the test. In addition, the physical
workload was almost equal in all three scenarios.

Finally, the checklist revealed a higher level of performance in terms of successfully as-
sembled components in the CS and CGS, To corroborate this, in the NASA TLX, participants
reported to be more satisfied in accomplishing the task in the CS and CGS.

Regarding the highest-level productivity in the last scenario (CGS), the label guidance
helped reduce uncertainty, improved task flow, and reduced the MWL of participants.
The consistency of this improvement across all participants highlights the effectiveness of
combining HRC with real-time guidance for enhancing assembly performance.

Taken together, these findings support the hypothesis that well-structured collabora-
tive and guided interaction with robots can reduce MWL, improve production performance,
and promote user adaptation over time. As a result, participants performed better in com-
pleting the work in the collaborative settings in terms of ergonomics and task performance.

6.2. Answers to RQs

Manual assembly operations, such as wire harnessing, remain a demanding and
mentally stressful task in industrial processes. This has prompted the investigation and
study of collaborative systems that enable operators to work alongside robots. Thus,
understanding the MWL in HRI is crucial [23]. However, the method of using wireless,
real-time, objective metrics like EEG in industrial collaborative application to define the
MWL in terms of brainwave activity is still in its early phases [46]. In previous works,
authors have provided a strategy for measuring MWL in smart factories. However, the
efficacy of these tests revealed no significant difference between a scenario with and without
HRI [47,48].

In this study, the power ratio β/α was found to be suitable in predicting participants’
MWL. Other studies employed other brainwaves, such as Theta waves, to evaluate the
MWL [49]. The suitable MWL index in HRI scenarios and for the type of task is still the
object of debate [50,51]. This is why, in this study, the authors combined the quantitative
analysis via the EEG with subjective assessments to define the fluctuation of the operator’s
cognitive traits in the three scenarios.

Regarding RQ1, the findings indicate that a proper implementation of cobots in
industrial assembly workstations leads to a significant reduction in mental workload
(MWL). This outcome was confirmed by repeated-measures ANOVA, combining objective
(EEG-based β/α ratio) and subjective (NASA-TLX) assessments. Moreover, the results
demonstrate that the degree of robotic assistance played a decisive role in shaping MWL
levels. Specifically, while the collaborative scenario (CS) already alleviated part of the
cognitive demand compared to the standard condition, the collaborative guided scenario
(CGS) produced the lowest MWL values across participants. This suggests that structured
robotic support, combined with task guidance, can substantially reduce the operator’s
cognitive burden during collaborative assembly activities.

Regarding RQ2, the results suggest that operators’ performance improved thanks to
the introduction of collaborative robotic systems and related PY solutions and, potentially,
was also due to a reduction in MWL that may have been brought about. The number of
components accomplished by the participants over the time was shown to be higher when
participants worked alongside the cobot. Specifically, participants accomplished 18.4%
more components in the collaborative scenario (CS) compared to the standard scenario
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(SS), and a further 15.5% increase was observed in the collaborative guided scenario (CGS)
compared to CS.

In addition, subjective evaluations such as the NASA-TLX and answers to open
questions revealed that the deployment of cobots had a favorable impact on participants
during the assembly activity. According to participants’ responses, the assembly activity
involving the robot enhanced the ease and pleasantness of retrieving the plate from the
gripper. Moreover, the robot’s motion was perceived as predictable and smooth, and its
response during the handover was considered non-intrusive.

6.3. Limitations of This Work

This study presents some limitations.
Firstly, the analysis was carried out for a limited sample of homogeneous partici-

pants (N = 10). Even if the sample size was determined as a priori using the G*Power
approach [28] to ensure statistically robust within-subject comparisons, authors acknowl-
edge that the size number of participants remains limited in scope. Moreover, the sample
consisted solely of male engineering students, which restricts the generalizability of our
findings. Cognitive responses to collaborative robotics may differ across genders, back-
grounds, skills, and cultural backgrounds. Individuals with technical and analytical back-
grounds might be more enthusiastic or comfortable engaging with novel technologies such
as cobots and EEG-based neuroergonomic equipment [52], potentially resulting in lower
resistance and faster adaptation compared to a more diverse or industrially experienced
workforce. Furthermore, the novelty of the task and tools might have elicited higher initial
stress levels that diminished quickly due to rapid learning curves, a pattern that may differ
in older, less tech-savvy, or more experienced operators. Indeed, some participants who
completed the collaborative scenario second may have benefited from familiarity with
the task gained during the standard condition, possibly skewing results. These factors
limit the generalizability of our findings to real-world industrial environments. Future
studies should therefore validate this approach with a more heterogeneous sample, in-
cluding participants of different genders, ages, and professional backgrounds, ideally in
operational factory settings. Future research should therefore aim to include a larger, more
diverse participant pool, including female participants and industrial workers from varied
sectors and geographic regions, to validate and extend the present findings in real-world
operational settings.

Secondly, to adhere to the stipulated comparative evaluation, the same participants
completed the task in all three scenarios over a minimum of four months. While research
investigations in the field of neuroergonomics demonstrated that this timeframe was
suitable for not having a memory bias of an activity performed by humans, the studies
were only empirically shown [53].

Thirdly, regarding the task performed by participants, as wire harness assembly is
known for its precision requirements and mid/high cognitive demand, authors acknowl-
edge that relying on a single task type may limit the breadth of conclusions that can be
drawn regarding MWL across varied industrial contexts. Although the study employed
three distinct scenarios to simulate varying levels of support and complexity, all scenarios
were based on the same core task. Future research could extend this work by incorporat-
ing a broader spectrum of assembly tasks, varying in cognitive, perceptual, and motor
demands, to evaluate how task characteristics influence mental workload. Including more
complex or error-prone tasks (e.g., multi-stage mechanical assembly, real-time inspection,
or time-critical decision-making) would strengthen the representativeness of the findings
and support more robust generalization in diverse manufacturing environments.
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7. Conclusions
The purpose of this research is to evaluate the different responses of participants in

terms of MWL and task performance (i.e., productivity according to different levels of
support provided by a collaborative robotic system. This involves the analysis of subjective
(NASA TLX), objective (EEG-based), and observational measurements, comparing partici-
pants’ results in three distinct scenarios: a standard scenario in which participants had to
carry out random manual assembly tasks without any external intervention; a collaborative
scenario in which the participant had to carry out the assembly task along with the robot;
and a collaborative guided scenario in which the participants worked alongside the cobot
and received instruction through Poka-Yoke labels.

Results show a significant reduction in MWL, as measured both objectively
(EEG—β/α ratio) and subjectively (NASA-TLX and open questions), alongside a clear
improvement in task performance in terms of productivity: participants accomplished
18.4% more components in the collaborative scenario (CS) compared to the standard sce-
nario (SS), and a further 15.5% increase was observed in the collaborative guided scenario
(CGS) compared to CS. These findings highlight the added value of combining collaboration
with real-time guidance to enhance productivity.

The research also contributed to developing an EEG-based neuroergonomic assess-
ment framework for MWL, integrating qualitative and quantitative measurement tech-
niques. The study was conducted across three distinct but structurally identical scenarios,
with an equal number of participants. This setup enabled a controlled comparison of
cognitive- and performance-related effects when working with or without robotic assis-
tance. Overall, the results suggest that guided collaboration not only reduces cognitive
effort but also supports more effective task execution in assembly settings.

This research opened the door for the neuroergonomic analysis of MWL in industrial
HRI. Further studies should be addressed in the evaluation of MWL through other mea-
surements to have a comprehensive analysis of its trend. The combination of qualitative
and quantitative measurements would be suitable for a thorough understanding of the
cognitive demands of operators in collaborative tasks. Ongoing research would consider
the relationship between mental workload with physical workload in industrial HRI. For
this analysis, the deployment of electromyogram (EMG) sensors would be suitable for the
analysis. Like the EEG, this measurement offers a real-time, efficient, and compact analysis
of the physical demand of the operator while performing the task. The design of the system
necessary to use, record, and interpret EMG data would be crucial to define the level of
physical fatigue and to assess the relationship with the MWL.
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Appendix A

Figure A1. Selected input parameters and related results of the G*Power Tool Statistical Analysis.

Table A1. Mental Workload (MWL)—Standard Scenario (SS).

Candidate Number 1st Part SS (0–30 min) 2nd Part SS (30–60 min) 3rd Part SS (60–90 min)

1 0.772474606 0.692860351 0.704460397

2 1.041756482 0.99235386 0.975106769

3 1.009762146 1.021124855 1.028503097

4 1.281920772 1.364712446 1.369240439

5 0.735837045 0.680604662 0.656824445

6 1.164515278 1.128745483 1.13843409

7 1.060649624 1.002879283 0.926139392

8 1.009762146 1.021124855 1.028503097

9 1.033699144 1.052905738 1.026548916

10 1.164515278 1.128745483 1.13843409
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Table A2. Mental Workload (MWL)—Collaborative Scenario (with robot—CS).

Candidate Number 1st Part CS (0–30 min) 2nd Part CS (30–60 min) 3rd Part CS (60–90 min)

1 0.769286117 0.683612302 0.613492

2 0.693132066 0.677324776 0.5973241

3 1.061111957 1.045100041 1.036104363

4 1.289545341 1.259335851 1.131426059

5 0.47350241 0.408151724 0.399456098

6 1.213856242 1.163920243 1.15775252

7 0.851468278 0.83068285 0.794087422

8 0.961111957 0.845100041 0.836104363

9 0.930194153 0.922699171 0.918183756

10 1.013856242 1.003920243 0.95775252

Table A3. Mental Workload (MWL)—Collaborative Guided Scenario (with robot and guidance
module—CGS).

Candidate Number 1st Part CGS (0–30 min) 2nd Part CGS (30–60 min) 3rd Part CGS (60–90 min)

1 0.46818577 0.449082462 0.414646928

2 0.495741994 0.483022635 0.451628618

3 0.86263258 0.806475383 0.78148261

4 0.875375896 0.765949765 0.759658133

5 0.29292757 0.279212989 0.257896826

6 0.96223297 0.862404235 0.821719726

7 0.718651768 0.654736041 0.631027896

8 0.807322625 0.781813941 0.734006918

9 0.685569252 0.680237227 0.630932719

10 0.706210034 0.675140146 0.647749013

Table A4. Number of components accomplished by the participants in the three scenarios (standard
scenario—SS, collaborative scenario with robot—CS, collaborative guided scenario with robot and
Poka-Yoke design—CGS).

Candidate Number N. Components
Accomplished in SS

N. Components
Accomplished in CS

N. Components
Accomplished in CGS

1 48 62 75

2 39 64 75

3 60 72 70

4 49 54 73

5 52 61 73

6 40 46 75

7 34 65 69

8 45 55 75

9 65 74 75

10 43 60 69
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