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Abstract: The design process of human-oriented collaborative workstations must balance production
performance with workers’ psychophysical well-being and safety. Cobots enable the reduction of physical
effort and hazardous tasks, favoring human efficiency in value-added activities. Nevertheless, the
interaction between humans and cobots can generate side effects on mental strain, cognitive effort, and
motivation, reducing the performance expected from collaborative setup deployment. Aiming to assess the
cognitive stress developed in human-robot collaboration, this exploratory study proposes three laboratory
scenarios with increasing interaction between the two entities (i.e., Independent, sequential and supportive).
Biological parameters were monitored in real-time to evaluate participants’ physiological performance. The
combination between decreased heart rate related features (RR distances for intra-operator comparisons
and RMSSD for inter-operator comparisons) and increased number of electrodermal activity peaks
suggested emotional arousal and/or physiological stress in presence of the cobot for the operator with lower
confidence. Self-reported state and quantitative physiological signals for stress detection (i.c., heart rate
variability and electrodermal activity) were analyzed to determine the correlation between interaction levels
and cognitive ergonomics. Additionally, this research proposes a Human Digital Twin framework that
includes real-time cognitive assessment from biological parameters to dynamically adapt collaborative
robots’ modalities according to the abilities and confidence level of the co-worker.
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movements of cobots and operators, using marker-based or

1. INTRODUCTION markerless technologies for continuous data capture to prevent

The integration of collaborative robots in manufacturing
environments began with the advent of Industry 4.0, which
facilitated the design of workspaces where robots could sense
the presence of operators, ensuring human safety and well-
being (Keshvarparast et al., 2024a). The design of safe
collaborative workstations primarily focused on operator
needs, supported by established norms and international
standards governing cobot design process (European
Commission, 2024). This approach has evolved into Industry
5.0, which extends the focus beyond workstation performance
to include the psychophysical well-being of operators as one
of the key objectives (Keshvarparast et al., 2024b).
Consequently, cobots have become essential technologies that
assist operators in performing repetitive tasks and handling
heavy or cumbersome loads, enabling humans to focus on
more value-added activities. Safety in Human-Robot
Collaboration (HRC) 1is ensured through continuous
monitoring of both resources, utilizing smart sensors in the
machines and wearable technologies on the operators
(Guidolin et al., 2024). The integration of monitoring systems
with Digital Twin (DT) technology further allows the creation
of simulated scenarios, optimizing both operator performance
and well-being (Berti et al., 2023). DT and real-time
monitoring systems are commonly applied to track the

collisions. Movement tracking in HRC represents the basis of
postural ergonomics, enabling the optimization of operator
postures and the reduction of postural risks. While physical
ergonomics has a structured background of methods to assess
physical workload, cognitive ergonomics still faces challenges
due to the lack of well-established methodologies, or
commonly accepted metrics, for the cognitive workload in the
literature (Lorenzini et al., 2023). To better investigate the
quantitative metrics to measure cognitive ergonomics in the
manufacturing work field, this study proposes an experimental
laboratory test to assess the cognitive workload of HRC for
different degrees of human-robot interaction.

2. BACKGROUND
2.1 Collaborative scenarios effects on cognitive stress

According to the workplace design adopted in HRC, literature
classifies the collaboration between humans and cobots within
four categories (Keshvarparast et al., 2024a):

e Independent scenario is characterized by no interaction
between the human worker and the cobot, that process
separated tasks on different products.

e  Sequential scenario represents the case where the worker
and the cobot process two different tasks on the same
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product in a serial process. This scenario is usually used
to improve working conditions and cobots are usually
adopted for piece handover or pick-and-place tasks.

e Simultaneous scenario describes the worker and the cobot
progressing two different tasks on the same product, at the
same time. The deployment of this scenario involves
important design choices concerning ergonomics and
safety due to the proximity of the two entities.

e Supportive scenario involves the worker and the cobot
interactively working on the same task for the same
product. In this scenario, human and cobot support each
other to complete the assembly activity, ensuring both
efficiency and safety.

The impact of cobot assistance on cognitive stress for different
scenarios has already been investigated in the literature. Lu et
al. (2022) focused on hand-over activities in HRC (i.e., the
Sequential scenario) demonstrating that frontal end effector
trajectory and lower approaching speed can lead to less skin
conductance and, therefore, lower mental stress. Capponi et al.
(2024) compared manual and collaborative assembly of three
products to highlight the effects of assembly complexity on
cognitive effort. Their experimental analysis demonstrates
that, although heart rate variability (HRV) did not report any
noticeable trends, electrodermal activity (EDA) showed less
human effort in collaborative modality than in manual one.

2.2 Digital twin and cognitive ergonomics

The research of similar studies was performed in Scopus
database following the string: TITLE-ABS-KEY ("digital
twin" AND (cognitive OR mental OR strain) AND
(collaborativ* OR cobot*)). The research provides a total
number of 54 documents up to the end of 2024. The main
exclusion criteria were the application of a DT to the HRC
setup to quantitatively monitor human cognitive and stress
conditions through biological sensors, then proposing real-
time corrective measures to repristinate workers’ well-being.
To this end, Villani et al. (2024) developed a DT architecture
investigating the possibility to adapt HRC which can
dynamically change speed according to worker’s fatigue,
measured through heart rate (HR) and EDA with a BlITalino
(r)evolution Plugged Kit BLE/BT device and later replicated
in the Operator Digital Twin. The prototypical scenario
explored a laboratory setup where the cobot only performs
light pieces handover to the worker, who oversees their
assembly. Aligned with the work of Villani et al. (2024), this
research proposes a practical application of the HDT
architecture developed by Battini et al. (2024) for a HRC
scenario. The framework in Figure 1 shows how the cobot can
exploit its flexibility to support workers with an adaptable
behavior that enables the machine to dynamically change the
modalities (i.e., sequential to supportive scenario or vice versa)
according to the level of workers’ biological parameters
monitored in real-time. For example, if high stress levels are
detected due to the cobot excessive proximity to the worker,
the cobot could adjust its behavior to become less intrusive and
more supportive. In this research, we do not consider the
possibility of changing other parameters, such as the speed or
trajectory of the cobot, as performed in Lagomarsino et al.
(2022) and Villani et al. (2024); however, this research
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addresses the chance to adopt different pre-designed scenarios
to accomplish collaborative tasks, which can eventually be
modified in real-time according to the worker’s
psychophysical parameters.
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Figure 1: HDT framework for adaptive HRC.

3. METHODOLOGY DESCRIPTION
3.1 Experimental setting

The preliminary experimental tests proposed in this work were
performed by three healthy volunteers enrolled at the
University of Padua. The participants gave their informed
consent after having received complete information about the
nature of the experiment. Participants represent a small sample
with different levels of confidence in working with
collaborative robots.

Experimental tests were run in the laboratory setting of the
Logistic Lab of the University of Padua. Participants were
asked to perform the assembly activity of a bedside cabinet.
Picking, placing and assembly tasks can be performed by
human operators, by the cobot or by a collaboration of the two
entities. A preliminary task assignment between human and
cobot was performed following a feasibility study (i.e., each
task was carefully analyzed to assess the feasibility of the
chosen vacuum end effector in performing the considered
task). An ergonomic postural risk assessment for the assembly
activity of the same product was previously performed in
Battini et al. (2022); therefore, task design during collaborative
scenarios was affected by the postural risk assessment of each
task, allowing us to design cobot movements ensuring
ergonomic assembly task design. The workplace design of the
collaborative workstation and resource position was defined
according to the algorithm developed by Keshvarparast et al.
(2024b) for HRC workplace design. The collaborative robot
adopted in the tests is a Universal Robot (UR) 10e (Figure 2)
with a maximum payload of 12.5 kg. Cobot uses an OnRobot
vacuum end effector that enables the movements of heavy
products such as the night bedside cabinet lateral sides. The
speed of the cobot follows the Directive 2006/42/EC on
specific requirements for the design and construction of
machinery (European Commission, 2024).
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Figure 2: Experimental setting with cobot (UR 10e) and biosensors
(PLUX Biosignals and Polar H10 heart rate monitor).

3.2 Experimental procedure

Each volunteer performed three scenarios in sequence (i.c.,
Independent, Sequential, and Supportive), with an average
duration of 22.09 (SD = 5.05) minutes per scenario. Due to the
similar nature of Simultaneous and Supportive scenarios, for
the purposes of this study, only the latter was explicitly
considered, as it fully captures the collaborative dynamics
under investigation. The sequence of scenarios for each
participant was randomly chosen. A ten-minute break was
included after the completion of each scenario to allow the
participants to recover from psychophysical fatigue and
cognitive stress. A baseline of two minutes was collected
before every scenario to ensure the participants started their
assembly activity from their base level, representing the
starting point for Electrocardiographic (ECG) and EDA data
acquisition. Every participant was introduced to the assembly
activity with a 15-minute training session to practice with the
product, its components, and the assembly order according to
the precedence constraints reported in Figure 3.

The assembly activity of the product was performed by each
subject for three different scenarios to compare the
quantitative and qualitative data collected with a questionnaire
and with biological sensors. Scenarios are listed as follows:

e Independent scenario: The assembly activity is performed
entirely manually, without any support from the cobot,
either in material handling or assembly collaboration. In
this scenario, the cobot can eventually support the refilling
phase of pieces used during the assembly tasks; however,
it does not support the worker with the assembly activity.

e Sequential scenario: The cobot assists the operator only
with specific materials handover tasks, such as supporting
the retrieval of heavy or large components. This allows
the workers to focus exclusively on value-added assembly
activities. The handover process was carefully designed to
position all pieces within the ergonomic golden zone (i.e.,
the optimal reaching area for the worker where physical
strain is minimized (Pheasant & Haslegrave, 2006))
ensuring that it does not interfere with the worker’s
assembly activities.
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Figure 3: Task precedence relations (PERT chart) for the bedside
night cabinet: two equal drawers and the cabinet structure.

e  Supportive scenario: The cobot actively collaborates with
the worker, not only bringing the required pieces closer
and in the correct sequence, but also by maintaining the
proper orientation of the components during the assembly
tasks. In this scenario, the proximity and duration of
interaction between the human and the cobot increase.

3.3 Physiological measurements

The collection of objective data concerning physiological
stress was performed by measuring skin conductance by
adopting a wearable device for EDA monitoring developed by
PLUX Biosignals. Commercial pre-gelled adhesive Ag-AgCl
electrodes were placed in two different positions: non-
dominant wrist and non-dominant shoulder. The selection of
these positions was performed since they have been
highlighted in the literature (van Dooren & Janssen, 2012) as
reliable alternative positions to the traditional ones (middle
phalanges or hand palm) to guarantee to the subject the
maximum  unobtrusiveness  during assembly  tasks.
Considering that EDA typical frequency content is mostly
confined in a range between 0.045-0.15 Hz, data were
acquired at a sampling frequency of 115 Hz to ensure a proper
trade-off between signal integrity and limited noise acquisition
(Posada-Quintero et al., 2016). The acquired EDA signal was
low-pass filtered with a Sth-order Butterworth filter with a cut-
off frequency of 2 Hz to remove higher frequency artifacts and
noise and then high-pass filtered with a Sth-order Butterworth
filter with a cut-off frequency of 0.03 to remove low-frequency
trend —Tonic component or Skin Conductance Level (SCL) -
and highlight Skin Conductance Responses (SCR) — Phasic
component — mostly correlated with emotional arousal,
fatigue, and physiological stress. After filtering, peaks
corresponding to SCR were detected from the filtered EDA
signal, normalized based on each subject’s SCL during the
initial baseline resting acquisition, as suggested by recent
literature to improve the sensitivity of peak detection even with
high inter-operator variability (Kleckner et al, 2024). Finally,
the number of peaks detected in windows of 30 s was counted
and this feature was compared among the different assembly
conditions and correlated with HRV.

HRYV was quantified relying on features extracted from ECG
measures obtained from the Polar H10 HR monitor. Dry
electrodes integrated within an elastic chest belt and a
frequency of 130 Hz were employed for the acquisition. The
signal acquired was pass-band filtered with a 4th order
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Butterworth filter with cut-off frequencies 8-30 Hz, the peaks
related to the complex formed by Q, R, and S waves (QRS
complex) in the ECG signal were identified using the Pan-
Tompkins algorithm, well known as the most robust against
noise and motion artifacts, and then the time between two
successive R-wave peaks, (RR distance) was computed on
each cycle of the ECG signal. Segments in which RR resulted
above 1200 ms or below 333 ms were excluded from the
analyses. RR distance was selected as the starting point to
compute further features as it is well known as the most
immediate correlated with HR, which is equal to 60/RR
distance. After obtaining RR distances, HRV was computed
relying on two features that from the literature appear as the
most significant to describe HRV related to stress (Gervasi et
al, 2023; Kulic et al., 2005): average RR distance and root
mean square of successive RR differences (RMSSD), both
computed in windows of 30 s.

3.4 Sensors integration

Collecting data from heterogeneous sources requires precise
synchronization among all sensors employed. To achieve this,
we employed the Robot Operating System (ROS) middleware
(Quigley et al., 2009) as a foundational layer to enable real-
time communication between distributed devices. For each
sensor, we developed a dedicated ROS 2 driver to stream the
acquired signals. A laptop running Ubuntu 22.04 LTS and
ROS 2 Humble was used to interface with both the PLUX
Biosignals receiver and the Polar H10 HR monitor. The
laptop’s real-time clock was used to assign accurate
timestamps to all incoming data, ensuring precise
synchronization among all the sensors employed. This
architecture presents three main advantages: i) enabling real-
time data capture, ii) ensuring synchronization of data from
heterogeneous sources, and iii) enabling more comprehensive
post-processing of the acquired signals. For the experiments
conducted, HRV measurements from the Polar H10 strap and
the EDA signals acquired from two channels of the PLUX
Biosignals system were exported in CSV format and then
analyzed in MATLAB R2024a.

3.5 Subjective measurements

Aiming to integrate the quantitative measurement with the
qualitative perspective of the volunteers, the NASA-TLX
(Task Load index) questionnaire (Hart, 1988) was adopted to
support data acquisition from biological sensors. This tool is
widely used to measure how demanding a task feels, by asking
the operator to rate mental, physical, temporal demand,
performance, effort, and frustration. The questionnaire was
proposed at the end of every scenario, right after the data
acquisition of a baseline, at the end of the assembly activity.

4, RESULTS
4.1 Physiological assessment

The variation of RR distance during the task appeared to be
strongly influenced by its average value correlated with each
operator’s physiological characteristics. Thus, it can be a
useful parameter for intra-operator analysis but not for inter-
operator comparisons. Differently, RMSSD appeared more
interesting for inter-subject comparisons. This parameter is
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well known to be still strongly correlated to HR, since it is
derived as the RMS of differences between successive RR
distances, but it allows enhancing better the fluctuations of
HRV in short-term acquisitions, as the ones of the
experimental tests reported, with respect to the average of RR
distances, which is most suitable for long term acquisitions. As
suggested from the literature (Gervasi et al, 2023), RMSSD
lower than 20 ms could be associated with higher stress and a
decrease in RMSSD even within a physiological range might
suggest an increase in physiological stress.

In the results reported in Figure 4, only the operator with lower
confidence with the cobot shows a RMSSD lower than 20 ms
for most of the scenarios (Fig. 4 a,b,c), suggesting a possible
physiological stress related to the novelty of the task
performed. Furthermore, a decrease of RMSSD could be
observed also for the operator with medium confidence,
comparing the independent scenario without cobot with the
other scenarios involving the cobot, while only the operator
with high confidence showed a RMSSD that did not
significantly vary among all the scenarios.

Interestingly, in EDA signals, while during the independent
scenario the operators with higher and lower confidence
showed a similar number of peaks (Fig. 4 d,g), in the scenarios
involving cobot participation (Fig. 4 e,f,h,i) , the operator with
lower confidence showed a higher arousal in EDA activity,
possibly related to the mental stress related to the novel
interaction with the cobot.

Focusing on the operator with lower confidence (Figure 5), the
simultaneous decrease in RR distance and in the RMSSD
observed for the supportive scenario might suggest a possible
stressful condition possibly due to a higher interaction with the
cobot. Regarding the independent and sequential scenarios,
RR and RMSSD appeared similar during the first half of the
acquisition, suggesting the absence of stress conditions, in
agreement with the lower number of EDA peaks detected
(<10). In the second half of the acquisition, for the sequential
scenario, the several EDA peaks detected might suggest a
condition of emotional arousal and/or physiological stress.
This hypothesis appears to be suggested also considering the
interesting correlation observed between the decrease in
RMSSD after 800 s and the subsequent peaks detected in the
EDA signal after that instant. Overall, considering the
complexity of the correlation among EDA peaks, RR distances
and RMSSD, future deeper investigations with a multi-sensing
approach (e.g., EEG, EMG sensors) are suggested to confirm
if the stress condition can be associated with cobot presence or
with other influencing conditions.

4.2 Subjective response

Table 1 reports NASA-TLX mean scores and standard
deviation. The average score for mental demand decreases for
supportive assembly scenarios, qualitatively demonstrating
that cognitive load can be reduced in collaborative setting
(Gervasi et al., 2023). Physical demand decreases in the
supportive scenario, while temporal demand increases due to
the speed limitation of the cobot. Participants reported higher
performance in supportive scenarios. Effort and frustration
report a decreasing trend from independent to supportive
scenarios, demonstrating the overall positive impact of the
cobot on morale and motivation.
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Figure 4: Summary of RMSSD and number of EDA peaks detected in windows of 30 s from the three operators during Independent,
Sequential and Supportive scenarios for participants with different confidence levels in working with cobots.
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Figure 5: Details of wrist EDA peaks, RR, and RMSSD detected in
windows of 30 s from the operator with lower confidence during
Independent, Sequential, and Supportive scenarios.

Mean score Standard Deviation
Ind Seq Sup Ind Seq Sup
Mental demand 10.7 8.3 6.7 40 29 1.5
Physical demand 9.3 9.0 8.0 3.1 26 1.7
Temporal demand 5.0 53 6.0 30 3.1 44
Performance 12.0 14.7 16.0 53 23 3.6
Effort 10.0 7.0 7.7 53 46 5.1
Frustration 8.3 7.3 5.7 6.7 4.6 4.0

Table 1: NASA-TLX mean scores and SD in Independent (Ind),
Sequential (Seq) and Supportive (Sup) assembly scenarios.

6. CONCLUSION

This research aimed to assess the relationship between
cognitive load and biological parameters (i.e., EDA, RR, and
RMSSD) in a collaborative assembly activity. An exploratory
analysis of three assembly scenarios with different degrees of
interaction between worker and cobot were simulated in an
experimental setup to demonstrate how the presence of the
cobot can affect worker’s cognitive load. The main limitation
of this research concerns the small number of volunteers that
do not allow us to fully generalize the results. Future research
will involve a larger sample of participants with different
features (e.g., age, gender), expertise, and confidence levels in
working closely with cobots. Moreover, the HDT framework
(Figure 1) for HRC must be further validated to accomplish a
more tailored human-centric collaborative workplace design
that allows dynamic scenario rearrangement based on
biological user response, on worker’s expertise and confidence
levels.

This application opens the horizons to the adoption of artificial
intelligence for cobot dynamic learning to real-time changing
the modes of collaboration based on worker experience and
confidence in working with the cobot. Still, the preliminary
results obtained in this work, i.e., the combination of decreased
HR-related features and an increased number of EDA peaks,
suggested a condition of emotional arousal and/or
physiological stress in the presence of the cobot, for the
operators with lower and medium confidence, and not for the
operator with high confidence. RMSSD appeared more
significant than RR to discuss the short-term variation in the
inter-operator comparisons, while both RR and RMSSD
appeared to be significant in intra-operator comparisons
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between scenarios. Starting from the preliminary results,
considering the complexity of the correlation among EDA
peaks, RR distances and RMSSD, future deeper investigations
with a multi-sensing approach (e.g., EEG, EMG sensors) will
be addressed to confirm whether the stress condition can be
associated with the cobot presence or with other influencing
conditions.
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