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Human-robot Collaboration (HRC) is a relevant research field dealing with socio-technical and economic issues to
consider in manufacturing industries. A Human-robot team, where the partners are human and robot, committed to
reach a common goal through a collaboration, is the highest grade of interaction according to the different modes
of integration of the robot in the manufacturing workplaces. In this regard, collaborative robots, or cobots, have
enthusiastically found application in manufacturing assembly activities. However, the implementation of the cobot
in the manufacturing workplace might be challenging as it requires a changeover of the environment, and it might
be critically decided according to the task defined. Despite these drawbacks, the benefits highlighted by previous
research works seem positively impact on the physical and mental health of the operator working alongside these
machines. This research paper shows the impact of cobots on operators and the surrounding work environment
from a neuroergonomic point of view. The article proposes a comparative analysis in a laboratory workstation set
up for manufacturing assembly tasks, in which the operator accomplish an assembly task with and without the
robot assistance. The presence of the robot is the element of comparison in the experimental design of the
assembly task. The paper presents a comparative evaluation of the mental workload of the operator performing the
task with and without the machine. The collection and analysis of physiological data, through
electroencephalogram (EEG) devices, extend the possibility to set an ergonomic evaluation of the cognitive state
of the operator during the HRC application.
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1. Introduction impacts are reduced and safety and ergonomics
principles are respected for the welfare of
employees (Braccini and Margherita, 2018).

Organizational Health and Safety (OHS),
wellbeing and satisfaction are the core of
sustainability processes in manufacturing to
improve safety, physical and mental health of

Sustainability is one of the pivotal aspects of
Industry 4.0, or I4.0. Sustainable companies
consider environmental, social, and economic
aspects to guarantee a higher level of
productivity, quality, and efficiency of the
company. In this regard, sustainable products are
the result of processes in which environmental
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operators
Association)

Therefore, manufacturing companies should
consider the human element as a relevant
resource and a valuable part by improving work
conditions and developing human-centred
production systems. A possible and concrete
solution to improve the social sustainability
without neglecting the production efficiency is
represented by human-robot collaboration (HRI),
as demonstrated by the increasing scientific
literature on such a topic (Zhong et al., 2017,
Gualtieri et al., 2019).

HRC is the utmost application of collaborative
interaction between human and robot in the
industrial workplaces. It guarantees either a
proper assistance or interaction of the machine
co-working with the operator in those activities
that are stressful, repetitive, and complex, in
which the physical and mental workload might
be exacerbated. The success of HRC is in part
due to the ground-breaking application of
collaborative robots or co-bots. These devices
are more intuitive than their ancestors and allow
a closer interaction with the operator, in a
fenceless environment (Faccio et al., 2019).

Furthermore, the implementation of cobots in
manufacturing workplaces defines different
typologies of collaboration with the human mate.
Different modes of cobot implementation are
objects of study: Speed-rated Monitored Stop,
Hand-Guiding, Speed and Separation
Monitoring, and Power and Force Limiting
(Wang et al., 2017).

With the application of cobots, the human role
has been changed by the disruption of
automation technology in the real-world
manufacturing scenarios. Assembly tasks are
more and more monitored by the agent to
possible system failures. In this regard,
ergonomic  assessment is of  paramount
importance for an HRC activity (Johansson et
al., 2018; Gualtieri et al., 2019).
Neuroergonomics, as the application of
neuroscience to ergonomics, allows a deeper
acknowledgement of the operator’s mental
workload (MWL) (Parasuraman and Rizzo,
2006; Ayaz and Dehais, 2019).

The analysis of MWL is defined through
indirect and direct observational methods. These
last methods are possible through unobtrusive
and portable devices such as EEG that paves the

(International Ergonomics

way to a new methodology of objective
ergonomic  assessment,  monitoring, and
evaluation of parameters in the field of HRC
(Katmah et al., 2021; Salehzadeh et al., 2022).
The paper highlights the application of EEG
devices in a comparative analysis of a manual
assembly task in a laboratory environment
between two cases in which the operator works
with and without the robot.

2. Literature Review

Cobots have seen a drastic deployment in those
repetitive, tedious manual assembly tasks in
industrial scenarios (International Federation of
Robotics).

Due to their ease to be programmed, no-sharp
edges and sensibility through the adoption of
visual sensors, the adoption of these innovative
machines replaced the conventional robots in
industries, allowing to accomplish tasks in
fenceless environments. The application of these
machines allowed robotic designers to set
advanced HRC interaction to allow the system to
properly communicate with the operator during a
task (Faccio et al., 2019).

Authors designed a symbiotic interaction
between the human and robot in a fenceless
workplace for those critical tasks where both the
agents, robot and human, work in proximity
(Wang et al., 2019).

Hoffman defined the concept of collaborative
fluency, in which the two parts cooperate
synchronously as teammates in the shared
workplace (Hoffman, 2019).

Wang stated that shared activities come to
enhance the level of flexibility and scalability of
tasks in the workplace by the collaborative aid of
the human and the robot (Wang 2019).

Furthermore, the deployment of cobots requires
careful safety aspects in the design phase to avoid
unexpected collisions. (ISO 10218-1/2; ISO/TS
15066, 2016).

The proper level of automation is of concern in
the HRC. A poor automated collaboration makes
the task more flexible, cost effective, and let the
operator act and think without any constraints
(high decision making). However, the operator
might be dissatisfied in those repetitive and
tedious tasks. On the other hand, a full-automized
system does not let the operator be impactful in
the process, with less decision making. The lack
of situation awareness of the operator working
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alongside these systems increases the degree of
psychological stress (Liu et al., 2021).

To deal with this last issue, Ergonomic principles
are adopted to let the operator be more involved.
In the case of the HRC, ergonomic principles are
applied so as the operator is in harmony with the
other systems involved in the workplace, such as
the robot, sensors and other equipment or devices
used during the execution of a task.

Different factors might affect operator (Scafa et
al., 2019).

Among these, operator’s mental workload (MWL)
affected by the presence of the robot is the subject
of study of this research paper.

According to Teplan (2002), workload may be
conceived as the cost of mental or cognitive
energy spent by the operator to achieve a
determined level of performance. Furthermore,
workload is the level of effort experienced by the
operator when performing a task. Different factors
influence operator workload, either internal or
external. Internal factors are related to the current
state of the operator during the task, both mental
and physical capability. On the other hand,
external factors include the level of difficulty of
the task, the time available, as well as
environmental factors such as temperature and
lighting. Therefore, in the design phase, workload
must be levelled for the success of the task
performance (Infantolino et al., 2014).

The focus on the operator’s mental state and
behaviour has progressed towards the analysis of
physiological or neurological responses. Such
analyses provide an opportunity for timely
communicate the workload information to the
operator (Felice et al., 2016).

Different physiological measures are evaluated for
the analysis of the mental workload. Nevertheless,
the acquisition of these parameters is affected by
noise from the surrounded environment, strong
emotional responses, and motor activities
(Katmabh et al., 2021).

Berberian et al. (2019) suggest that the EEG
technique is the most suitable to deploy in a HRC
work cell for its portability and versatility.
Moreover, EEG analysis provides optimal results
of the mental state of the worker regarding his or
her excitement working in proximity with the
robot.

This study refers to the analysis and monitoring
of electroencephalogram signals (EEG), with
and without the intervention of a robot during an
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industrial manual assembly task. The analysis of
EEG data allows an easier study of the outermost
neural activity of the brain.

Indeed, the collection of EEG signals involved
different oscillatory components, more impactful
in the different channels placed on the cap.
Furthermore, the signals show a good correlation
with the MWL in terms of suppression of alpha
waves and improvement of theta waves
(Fernandez et al., 1995; Ryu and Rohae, 2005).
The goal of the analysis is to define the level of
the mental workload variance of the operators
when they perform a manual assembly task in a
laboratory workstation with and without the
assistance of the robot. This paper aims to set
the steps for an optimized and efficient analysis
of mental workload of the operator working
alongside with automated systems such as
cobots.

3. Design of the Experiments

The experiments were set up in the modular
industrial assembly workstation designed for
neuroergonomic experiments based at the
laboratory of the Faculty of Engineering,
University of Kragujevac, Serbia (FINK) in
collaboration with Mbtrain company, Belgrade,
Serbia (Savkovic et al., 2022).

The participants were University scholars from
FINK selected by an open-voluntarily
application form, with no previous experience in
a HRC application. For this initial analysis, 3
male participants, right-handed, were selected to
perform the tasks. The average age of the
participant is 22 + 1 years old. Before
conducting the experiments, the candidates
signed an agreement consensus for the treatment
of their personal and physiological data defined
by the University Administration of the
laboratory.

The tests consisted of sequential manual
assembly tasks, divided in two sequential
sessions, each one where the candidates
assembled 75 prototypal pieces recalling
industrial components. The two sessions were
separated by a break of 15 minutes. Each session
lasted 90 minutes.

Two scenarios (standard and collaborative),
shown in Fig.l and Fig.2, are set up for the
experiments: in the first scenario the participant
accomplished the task without any interference
in the assembly area; in the second scenario, the
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robot carried sequentially the components to the
assembly providing them to the operator.

In both scenarios, a touch-screen monitor is set
in front of the candidate to guide him during the
different phases of assembly of the components.
The candidate performed the task seated on an
ergonomic adjustable chair. The workstation is
also customized according to the anthropometric
characteristics of the operator. A video camera is
mounted to track and record the sessions. During
the tasks, a checklist of the pieces completed
allowed to wverify which components were
accomplished in the correct way.

In both tasks, the components were the same.
However, the execution of the task was shown
on the PC touchscreen, see Fig.1 and Fig.2: the
procedure to assemble the components, inserting
the wires in the appropriate allocations, is
defined by random illustrations of the
component assembled on the screen.

Fig. 1. Standard Scenario: the participant performed
the task without the robot. The components were set
next to the candidate in the workplace.

Fig. 2. Collaborative Scenario: the participant
performed the task with the robot. The components
were carried by the robot to the candidate, while the

participant perform the current assembly task.

The two experimental scenarios were set in two
different periods of the year with a time span of
minimum 6 months to reduce the error-bias in
the comparative neuroergonomic analysis
between standard and collaborative scenario. The
two scenarios were set up in the laboratory of
FINK.

The goal is to conduct a comparative analysis of
the mental workload by the EEG real-time
acquisition in the collaborative scenario.
Moreover, to reduce the noise due to internal
factors that might influence the workload,
experiments started in the morning hours of the
day, conducted in an isolated environment and at
room temperature (Mijovic et al., 2017).

For the analysis of EEG data, the
neuroergonomic Easycap (mBrainTrain, Serbia)
was mounted on the scalp of the participant
through a detailed protocol set up at FINK. The
cap consists of 24 channels to collect different
signal waves from the neural activity of the
candidates’ scalp.

The industrial cobot used for the tests in the
second scenario is the MELFA ASSISTA
(Mitsubishi Electric). The robot allows a direct
interaction with the operator in a fenceless
environment moving simultaneously while the
operator perform the tasks thanks to the internal
sensors revealing the presence of the candidate
in the workplace. Furthermore, the logic for the
robot to carry the components in the workplace
was defined by a pick and place algorithm
implemented in the robot software. In this way:

(1) The robot picked the components out of
the workplace environment.

(i1) The robot entered the workplace with
the component and placed itself in the
so-called manual assembly area waiting
the operator finishing the current piece.

(iii) The operator grasped the following
piece from the robot and started the
assembly activity. The end-effector
logic of the robot, through a force
sensor monitoring the control phase of
the piece, acknowledged that the piece
was removed and sent the signal to the
cobot which returns to the area external
the workplace to pick the next
component.

The robot moved simultaneously during the
assembly activity of the operator. In this way,
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according to the levels of HRI, the task defined
in the second scenario is the one of the
collaboration modes (Gervasi et al., 2021). The
robot pathway is designed to optimize the cycle-
time of the machine to get from the external area
to the assembly area. The cobot speed is set in
collaborative mode (250 mm/s). The robotic
workstation is set at the distance of 1000 mm
from the operator (Arai et al., 2010).

4. Results and Discussions

EEG signals are very sensitive to artifacts and
noise, whose source are not the brain. Regarding
the noise, a band-pass filtered 1-40 Hz is applied
for its reduction.

Possible sources of artifact in EEG signals
include either technical reasons or person’s own
behavioural and physical activities. These
artifacts can be inspected manually by expert
eyes, but automatic artifacts detection is
encouraged in automated system designs,
otherwise artifacts can corrupt the results
(Katmah et al., 2021).

Different methods are applied to remove
artifacts. In the pre-processing phase, authors
applied the Independent Component Analysis
(ICA) to remove these artifacts. Finally, EEG
signals were re-referenced to their average value
(Ochoa, 2002).

Feature extraction is the further step after the
pre-processing phase of EEG signals. The goal
of this paper is to show the mental workload
index (MWL). Hence MWL was defined as:

f(g)frontal

MWL =
f(a)parietal

ey

The MWL indexes for both sessions are shown
for the two scenarios for each participant in
Table 1-2 below.

The MWL index is generally higher for the
participants in the collaborative scenarios. These
results showed a higher cognitive workload
when candidates performed the task alongside
the cobot. These initial results are in line with
previous research studies in which, according to
questionnaires, the candidates felt a certain level
of fatigue when performing a task with the robot
(Arai et al., 2010; Kong, 2018). Furthermore, the
MWL index in the first sessions is higher than
the second one. An explanation of this reduction
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is due to the higher awareness and confidence
that participants perceived due to the
repetitiveness of the activity when they re-
performed the assembly tasks in the second
session (Wheatley et al., 2018).

Table 1. MWL index in the standard (SS) and
collaborative (CS) scenario for each participant in
the session 1

Subject MWL (SS) MWL (CS)
1 1.6171 1.6705
2 1.2153 2.1777
3 2.2513 2.9994

Table 2. MWL index in the standard (SS) and
collaborative (CS) scenario for each participant in
the session 2

Subject MWL (SS) MWL (CS)
1 1.3303 1.5355
2 0.9905 1.131
3 3.0495 3.056

5. Conclusions

The goal of this paper is to show through a
comparative analysis the impact of the cobot in
an assembly task in terms of mental workload
through the EEG methodology. The power of the
EEG method consists of a direct observational
method that allows to acquire real-time data
from the brain activity of humans. Furthermore,
the method avoids any form of bias.

The design of the experiments was set up to
conduct neuroergonomic tests in a laboratory
assembly task. The initial results showed a
higher level of MWL index in the collaborative
scenario. These results are promising for further
studies regarding the impactful aspects of MWL
in  industrial ~ assembly activities. = The
comparative analysis is crucial to determine the
rate of MWL when the robot co-participate in
the tests. However, the study needs further tests
and correlations with other data to provide a
thorough explanation of the behavioural state of
the  operator  during these  activities.
Electromyogram (EMG) data would allow to
offer a more comprehensive analysis of the
physiological state of the operator. Furthermore,
an analysis of productivity, in terms of pieces
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successfully completed, would allow a better
representation of the correlation of workload
with the efficiency of the overall task. Further
analyses would be conducted for more
participants and more data would be provided
from the tests.

Acknowledgement

This research paper has financed from the European
Union’s H2020 research project under the Marie
Sklodowska-Curie ~ Actions  Training  Network
Collaborative Intelligence for Safety Crytical Systems
(Grant Agreement ID: 955901).

References

Arai, Tamio, Ryu Kato and Marina Fujita.
“Assessment of operator stress induced by robot
collaboration in  assembly.” Cirp  Annals-
manufacturing Technology 59 (2010): 5-8.

Ayaz, Hasan and Frédéric Dehais. “Neuroergonomics:
the brain at work and in everyday life.” (2019).

Berberian, Bruno, Bertille Somon, Aisha Sahai and
Jonas Gouraud. “The out-of-the-loop Brain: A
neuroergonomic  approach of the human
automation interaction.” Annu. Rev. Control. 44
(2017): 303-315.

Braccini, Alessio Maria and Emanuele Gabriel
Margherita. “Exploring Organizational
Sustainability of Industry 4.0 under the Triple
Bottom Line: The Case of a Manufacturing
Company.” Sustainability (2018): n. pag.

Faccio, Maurizio, Matteo Bottin and Giulio Rosati.
“Collaborative and traditional robotic assembly: a

comparison model.” The International Journal of

Advanced — Manufacturing
(2019): 1355-1372.

Felice, Alessandra Del, Stefano Masiero, Anna Bosco,
Federica Izzi, Francesco Piccione and Emanuela
Formaggio. “32. Quantitative EEG evaluation
during robot-assisted foot movement.” Clinical
Neurophysiology 127 (2016): €330-e¢331.

Fernandez, Thalia, Thalia Harmony, M. Rodriguez,
Jorge Bernal, J Silva, A Reyes and Erzsébet
Marosi. “EEG activation patterns during the
performance of tasks involving different
components of mental
calculation.” Electroencephalography and
clinical neurophysiology 94 3 (1995): 175-82 .

Gervasi, Riccardo, Luca Mastrogiacomo, Domenico
Augusto Maisano, Dario Antonelli and Fiorenzo
Franceschini. “A  structured methodology to
support human-robot collaboration configuration
choice.” Production Engineering 16 (2021): 435

Technology 102

-451.
Gualtieri, Luca, Erwin Rauch, Renato Vidoni and
Dominik  Tobias Matt. “An  evaluation

methodology for the conversion of manual

assembly systems into human-robot collaborative
workeells.” Procedia Manufacturing (2019): n.
pag.

Gualtieri, Luca, Ilaria Palomba, Erich Wehrle and
Renato Vidoni. “The Opportunities and
Challenges of SME Manufacturing Automation:
Safety and Ergonomics in Human—Robot
Collaboration.” Industry 4.0 for SMEs (2020): n.
pag.

Hoffman, Guy. “Evaluating Fluency in Human—Robot
Collaboration.” IEEE Transactions on Human-
Machine Systems 49 (2019): 209-218.

Infantolino, Zachary P. and Gregory A. Miller.
“Psychophysiological Methods in Neuroscience.”

(2014).

International ~ Ergonomics  Association.  2019.
Definition and Domains of Ergonomics.
Available online: https://iea.cc/what-is-

ergonomics/ (accessed on 12 December 2019)

International Federation of Robotics (2019). IFR
publishes collaborative industrial robot definition
and estimates supply.
https://ifr.org/post/international -federation-of-
robotics-publishescollaborative-industrial-rob.

International Organization for Standardization. (2009).
ISO 9241-210: Ergonomics of human system
interaction-Part 210: Human-centered design for
interactive systems (ISO 9241-210: 2009).
https://www.iso.org/standard/52075.html

ISO 10218-1:2011 Robots and robotic devices —
Safety requirements for industrial robots — Part
1: Robots

ISO 10218-2:2011 Robots and robotic devices —
Safety requirements for industrial robots — Part
2: Robot systems and integration

ISO/TS 15066:2016 Robots and robotic devices —
Collaborative robots

Johansson, Pierre E. C., Lennart Malmskéld, Asa
Fast-Berglund and Lena Moestam. “Enhancing
Future Assembly Information Systems — Putting
Theory into Practice.” Procedia
Manufacturing 17 (2018): 491-498.

Katmah, Rateb, Fares Al-shargie, Usman Tariq, Fabio
Babiloni, Fadwa Al-Mughairbi and Hasan Al-

Nashash. “A  Review on Mental Stress
Assessment Methods Using EEG
Signals.” Sensors (Basel, Switzerland) 21 (2021):
n. pag.

Kong, Fansen. “Development of metric method and
framework model of integrated complexity
evaluations of production process for ergonomics
workstations.” International Journal of
Production Research 57 (2018): 2429 - 2445.

Liu, Sichao, Lihui Wang, Xi Vincent Wang, Clayton
Cooper and Robert X. Gao. “Leveraging
multimodal data for intuitive robot control
towards human-robot collaborative
assembly.” Procedia CIRP (2021): n. pag.

2819



2820

MbrainTrain, Serbia. Retrieved from: Portable EEG
for Neuroscience Reseach - mbt | mBrainTrain

Mijovi¢, Pavle, Milo§ Milovanovié, Vanja Kovi¢, Ivan
Gligorijevic, Bogdan Mijovic and Ivan Macuzic.
“Neuroergonomics Method for Measuring the
Influence of Mental Workload Modulation on
Cognitive ~ State  of Manual  Assembly
Worker.” International Symposium on Human
Mental Workload (2017).

Mitsubishi Electric. Retrieved from:
https.//dl.mitsubishielectric.com/dl/fa/document/
manual/robot/bfp-a3727/bfp-a3727f.pdf

Ochoa, Jorge Baztarrica. “EEG Signal Classification
for Brain Computer Interface Applications.”

(2002).
Parasuraman, Raja and Matthew Rizzo.
“Neuroergonomics - the brain at

work.” Neuroergonomics (2006).

Ryu, Kilseop and Rohae Myung. “Evaluation of
mental workload with a combined measure based
on physiological indices during a dual task of
tracking and mental arithmetic.” International
Journal of Industrial Ergonomics 35 (2005): 991-
1009.

Salehzadeh, Roya, Jiagi Gong and Nader Jalili.
“Purposeful Communication in Human—Robot
Collaboration: A Review of Modern Approaches
in  Manufacturing.” JEEE  Access 10 (2022):
129344-129361.

Savkovic, Marija, Carlo Caiazzo, Marko Djapan, Arso
M. Vukicevic, Milo§ PuSica and Ivan Macuzic.
“Development of Modular and Adaptive
Laboratory Set-Up for Neuroergonomic and
Human-Robot Interaction Research.” Frontiers in
Neurorobotics 16 (2022): n. pag.

Scafa, Martina, Alessandra Papetti, Agnese Brunzini
and Michele Germani. “How to improve
worker’s well-being and company performance: a
method to identify effective  corrective
actions.” Procedia CIRP (2019): n. pag.

Teplan, Michal. “FUNDAMENTALS OF EEG

MEASUREMENT.” (2002).

Wang, X., Kemény, Z., Vancza, J., & Wang, L.
(2017). Human-robot collaborative assembly in
cyber-physical production: Classification
framework and implementation. Cirp Annals-
manufacturing Technology, 66, 5-8.

Wang, L., Runzi Gao, Jozsef Vancza, Jan Kriiger,

X.V. Wang, Sotiris Makris and George
Chryssolouris. “Symbiotic human-robot
collaborative assembly.” CIRP Annals (2019): n.
pag.

Wheatley, Camille L., Jess Esplin, Sydney M.
Loveless, Joel M. Cooper, Francesco N. Biondi
and David L. Strayer. ‘“Performance and
Workload Trends: The Effects of Repeated

Proceedings of the 33rd European Safety and Reliability Conference (ESREL 2023)

Exposure to “High” Demand

Tasks.” Proceedings of the Human Factors and
Ergonomics Society Annual Meeting 62 (2018):
10 - 6.

Wang, Lihui. “From Intelligence Science to Intelligent
Manufacturing.” Engineering (2019): n. pag.
Zhong, Ray Y., Xun William Xu, Eberhard Klotz and
Stephen T. Newman. “Intelligent Manufacturing
in the Context of Industry 4.0: A

Review.” Engineering 3 (2017): 616-630.



