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Abstract: Recent advances in robotic technologies boosted the collaboration between humans and
robots to unimaginable levels a few years ago. Humans and robots share the same workspace, thus
collaborating to tackle very different tasks. Robotic support can relieve humans from accomplishing
tiring and dangerous activities, and productivity can be improved. On the other hand, sharing the
workspace might cause anxiety in humans: collaborating with a robot can increase the level of stress
and cognitive load, as the robot’s intention may not be understood. This paper measures attention,
cognitive load, and stress levels when a collaborative robotic arm is used to support humans in an
assembly task. Moreover, the impact of sound alerts to manifest the robot’s intentions is evaluated by
user tests.

Keywords: brain-computer interfaces; collaborative robotics; cognitive load; stress; sound alerts

1. Introduction
The last industrial revolution is changing both the nature of industrial plants and the organization

of manufacturing processes. In particular, the demand for more flexible and efficient production lines
is strictly related to new paradigms of interaction between human operators and robots. Robots able
to share the same workspace with human operators are called collaborative robots or cobots. Four
different levels of collaboration can be defined [1]:

1. synchronized: in this case, human operators and robots share the same workspace but at different
times;

2. coexistence: humans and robots can share the same workspace at the same time, but they do not
interact;

3. cooperation: humans and robots work in the same workspace at the same time, and they interact;
4. collaboration: humans and robots interact to execute a task together.

The research presented in this paper focuses on the fourth, the more challenging and profitable, level
of collaboration. On the other hand, a close proximity between human operators and robots can
also involve safety issues. In order to reduce risks when humans and robots work closely together,
the International Organization for Standardization (ISO) provides some regulations. The document
ISO/TS 15066:2016 [2] defines requirements for industrial robots and the concept of collaboration in
the European Union. It is important to note that the collaboration between a human operator and
a robot is not determined by the robot itself but is defined by the task and the working space. The
design of the workspace, therefore, plays a key role in human-robot collaboration (HRC) [3]. Human
operators can accept to work with cobots only if there are no safety concerns [4].

The collaboration between agents (the term agent can be used to denote a human operator or
a cobot) develops in two different dimensions: the ability of an agent to control a process (usually
called know-how) and the ability of an agent to cooperate (usually called know-how-to-cooperate) [5].
These two dimensions can be enhanced if agents are able to recognize each other’s intentions; in this
way, agents can adapt/modify their actions according to the behavior of other agents [6]. The levels of
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stress and cognitive load of human agents can grow when they are unable to understand and predict
the actions of the other agents. Therefore, mental conditions have to be monitored in HRC.

Two different approaches can be adopted to monitor mental conditions: indirect and direct. The di-
rect approach is based on questionnaires submitted to the user after completing a task. Questionnaires
aim to gather the user’s point of view from a subjective perspective; the NASA-TLX questionnaire [7]
is probably the most used one. Indirect methods can leverage cardiac response, electroencephalogram
(EEG), electrodermal activity (EDA), electromyogram (EMG), facial expression recognition, skin po-
tential response (SPR), pupil size measure, and multimodal measures. Interested readers can find a
survey in [8].

The evaluation of the users’ mental conditions when working with a cobot has already been
investigated, thus validating the theory that a strict collaboration between robots and humans can
induce stress, anxiety, and high cognitive loads in these last. The research presented in [9] is strictly
related to the proposed one, as the stress induced by robot collaboration in assembly tasks is measured
by SPR. The relationships between human-cobot distance and the cobot’s speed with the level of stress
are measured. More recently, the pupil tracking approach was used to measure stress and cognitive
load in [10]; the human operator wore glasses with eye-tracking technology, and the pupil diameter
was measured. The pupil size can reveal data on cognitive load, degree of attention, and anxiety.
Moreover, the areas where the user placed visual attention were also recorded, in order to know what
was attracting the attention.

BCIs can collect signals of brain activity; signals are then processed and used to interact with
an external device (for instance, a computer or a robotic limb). BCIs are usually categorized into
noninvasive, partially invasive, and invasive. The different classifications depend on how physically
close the electrodes are to the brain tissue. Interested readers can find a survey of BCIs in [11]. Even
if the main goal of a BCI is to allow the user to interact with an external device, the recorded brain
activity also enables an indirect evaluation of stress, attention, and cognitive load.

The proposed research has a twofold objective: 1) measuring the level of stress and cognitive load
of a human operator when interacting with a cobot to accomplish a specific task by an affordable and
ergonomic brain-computer interface (BCI) and 2) evaluating if sound alerts can be used to effectively
communicate the cobot’s intentions, thus reducing the user’s stress and cognitive load.

In the proposed research, the brain activity is measured by the MN8 Emotiv device [12], an
affordable 2-channel EEG headphones, while the user cooperates with a robotic arm to accomplish
a collaborative assembly task. BCI devices capture different frequency bands: delta (δ) waves from
0.5 to 4 Hz, theta (θ) waves from 4 to 8 Hz, alpha (α) from 8 to 12 Hz, and beta (β) waves from 15 to
25 Hz [13]. These last waves can be further classified into Low β (12-16 Hz) and High β (16-25 Hz).
Higher frequencies can also be measured, called γ waves. The relationships among the frequency
bands can be used to infer the user’s mental conditions. The proposed research has classified four
states for attention, cognitive load, and stress. The attention has been divided into relaxed, low focus,
moderate focus, and high focus. Stress has been divided into calm, mild stress, elevated stress, and
anxiety. Finally, the cognitive workload has been divided into relaxed, moderate effort, high load, and
mental fatigue.

Two research questions are investigated:

• RQ1: Can stress, mental workload, and attention be objectively evaluated by an affordable and
ergonomic device like the MN8?

• RQ2: Can acoustic signals denoting the cobot’s intention relieve stress and mental workload?

Six people were involved in tests, and both an indirect measure by the MN8 BCI and a direct evaluation
by the NASA-TLX questionnaire were carried out. Results show that acoustic signals announcing the
cobot’s movements can reduce stress and mental workload, and objective results qualitatively mea-
sured by the BCI interface only partially match the subjective evaluations gathered by questionnaires.

The paper is organized as follows: Section 2 reviews the approach used to classify mental states
as well as the exercises proposed to determine both the lower levels (calm and relaxation) and the
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upper level (high stress and mental fatigue), whereas Section 3 presents the protocol used for tests and
obtained results, which are analyzed and discussed in Section 4.

2. Materials and Methods
Correlations among different frequency bands (δ, θ, α, β, and γ) have been deeply studied in the

literature [14]. Table 1 shows how band frequencies and their relationships can be used to describe
cognitive behavior [15].

Table 1. A summary of the correlations among frequency bands related to the mental workload known in the
literature.

Index Cognitive behavior Description

θ
mental workload, focus,

attention

θ waves amplitude grows for
tasks requiring extended focus

and attention

α
mental workload, fatigue, and

attention

α waves amplitude grows
when the user keeps their eyes
closed; a growing α power is
associated with lower mental

alertness and readiness

β
mental workload, focus, and

visual attention

β waves amplitude grows
when the user is focused and
performs mental tasks; these

waves also indicate visual
attention

β
α+θ

mental effort, attention, and
vigilance

this index has been used to
denote readiness, commitment,

mental focus, and cognitive
workload

θ
α

workload, mental effort

this index is based on the
assumption that α grows when
the user is relaxed and θ grows
when the user is focused and

aware

θ
β

work memory, attention, and
drowsiness

this index is based on the
assumption that when the

readiness and the commitment
grow, the β waves power

grows and the θ waves power
decreases

The BCI electrode placement is standardized and regulated by an international system called
“10-20”. The 10-20 system is characterized as follows [16]:

• the nasion and inion are used as anatomical landmarks;
• the total distance D between the landmarks is used to place the electrodes: the distances between

electrodes are either 10% or 20% of D;
• the capital letters “F”, “T”, “C”, “P”, and “O” are used to denote frontal, temporal, central, parietal,

and occipital lobes, respectively;
• on the right hemisphere are placed electrodes denoted by even numbers, whereas on the left

hemisphere are placed electrodes denoted by odd numbers;
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• A "Z" capital letter denotes electrodes placed in the midline.

The international 10-10 system is an extension of 10-20. New electrodes improve the skull coverage
concerning the 19 ones defined in 10-20. New electrodes are labeled by two capital letters, for instance:
“FC” (frontal-central), “FT” (frontal-temporal), “CP” (central-parietal), and “PO” (parietal-occipital). In
particular, “AF” labels frontopolar and frontal electrodes. The 10-10 system identifies 75 positions and
renames some electrodes, such as T3 and T4 (renamed T7 and T8) and T5 and T8 (renamed P7 and P8).
Figure 1 shows the placement of the electrodes according to the international system 10-10.

Figure 1. The 10-10 international system.

2.1. The MN8 Device

The MN8 device gathers brain activity by two channels equivalent to the T7 and T8 electrodes
(placed just above the ears) [17]. Raw electroencephalogram (EEG) data measured by T7 and T8
are converted in power bands by the EmotivPRO software; an example is provided in Figure 2; the
upper part of the figure plots the raw data for both ears (represented in µV per sample), whereas
the histogram shows the power band θ, α, Low β, High β, and γ. The represented mental behavior
corresponds to high attention (notice the high power associated with θ waves) and low stress (see
the low power associated with the High β waves). The conversion pipeline from raw EEG data to
power bands can be summarized as follows: 1) raw data are high-pass filtered, 2) the DC component is
removed, 3) new sample windows are created by using a Hamming window of 256 samples that slides
16 samples, and 4) power bands are computed by Fast Fourier Transform (FFT) and then normalized;
more details can be found at the web page of the EmotivePRO software [18].

In this research, power bands have been used to classify mental conditions according to the
following associations resulting from the power band relationships presented in Table 1:

1. θ waves: Used to compute the cognitive workload → higher values are associated to a higher
workload;

2. α waves: Used to determine the stress → lower values are associated to a higher stress;
3. Low β waves: Used to evaluate a moderate focus → higher values are associated with higher

attention and cognitive load;
4. High β waves: Used to evaluate anxiety and stress → higher values are associated with higher

anxiety or stress;
5. γ waves: Not directly used in this research, but they might evaluate the cognitive workload when

complex information is processed.
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Figure 2. EEG raw data are converted into power bands. In particular, this picture represents high attention and
low cognitive stress.

2.2. Exercises for Mental State Classification

Classification of multiple mental states by passive BCIs is a challenging task [19]. Usually, ad-hoc
tests are proposed to users to induce a specific mental condition. For instance, arithmetic tests of
different levels are alternated with relaxing sessions in [19]. A similar approach is implemented in [20];
arithmetic and the Stroop [21] tests induce different stress levels and are alternated with relaxation
sessions. Finally, custom questions are used to adapt the stress tests to participants. This protocol
proved very effective as it can induce stress in a measurable and repeatable way.

The research presented in [22] classifies attention levels into four categories: baseline, reading,
math, and sustained attention. The baseline state is obtained by keeping the eyes closed for several
seconds. Users are asked to read a text to reach the second state silently. The math state is measured by
asking users to do a mathematical task, which is displayed on the screen mentally. The last state is
obtained by performing the SART test [23].

Smitha et. al. aimed to identify positive and negative stress (eustress and distress, respectively)
according to the user’s EEG. The Stroop test induces stress by the following protocol: a one-minute
rest session begins the test, after which the compilation of a survey, a 20-second inter-stimulus session,
and a one-minute stress session are repeated. It has been noted that multitasking tests mainly induce
distress.

2.3. The Proposed Protocol

The proposed protocol is similar to the ones mentioned above, shown in Figure 3. Users have to
fill out a preliminary questionnaire used to collect age and level of knowledge of the technologies used.
During the second step, users have to keep their eyes closed, and relaxing music is played: this session
is necessary to determine the baseline representing low cognitive and emotional brain activation. After
a short interval, a stress session is performed: the Stroop, the SART, and arithmetic tests are submitted;
brain activity is compared with that measured during the relaxing sessions, and wrong answers are
recorded to identify critical moments in tests. This step is necessary to determine the upper levels of
mental activation, thus allowing the system to define a four-level scale for attention/focus, stress, and
cognitive load (Figure 5 represents the four levels of each mental condition).
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Figure 3. The test protocol: an initial questionnaire is filled out to gather statistical information, then a relaxing
session, a stress session, and the collaborative session with the cobot follow. The NASA-TLX is filled out during
the last step.

After a short break, the collaborative robot session is executed. The system recording the EEG
data is also connected to the cobot. In particular, the cobot sends signals of start moving and stop moving
each time the robotic arm starts and stops. These signals allow the system to identify potentially critical
time intervals and to emit an acoustic alert when the robotic arm starts moving. The PC connected
via Bluetooth to the BCI device shares a private network with the cobot; a thread of the application
receiving EEG data is running in the background to receive signals from the cobot.

The test is completed by administering the NASA-TLX questionnaire. All the raw EEG recorded
data are processed offline after the tests. First, power bands are computed, then mental conditions are
determined. In particular, the attention is computed by considering Low β and High β waves, whereas
the stress is computed as the ratio:

High β

α
, (1)

and the cognitive workload is computed by considering the ratio:

θ

α
. (2)

Finally, the raw EEG data are eliminated, and graphs like those shown in Figure 5 are plotted.

3. Results
Users had to assemble a vise composed of 12 pieces [25]. The first two pieces were already

available in the shared workplace, whereas the other ones were picked and placed in the same place
by a collaborative robotic arm (e.g., e.Do by COMAU [26]). The cobot followed three different paths,
selected randomly to bring the objects; the delay between one piece and the next was also variable.
Instructions on assembling the vise were displayed on a monitor.

Six people were involved in experimental tests, and the MN8 device detected the brain activity.
Users were randomly divided into two groups: the first group performed the experiments without
acoustic signals, whereas the second group performed the same test with acoustic aids.

Before the tests, the experimental protocol was explained to the users, and they signed the
informed consent. It was clearly specified that raw EEG data would be immediately deleted after the
conversion into power bands, and all recorded information would be anonymously stored. Therefore,
people were labeled user_1, ..., user_6. In particular, users 1, 4, and 6 performed the tests with acoustic
alerts, whereas users 2, 3, and 5 did not benefit from sound aids.

All the people were volunteers, M.Sc. and Ph.D. students in the computer engineering courses at
Politecnico di Torino, Italy. All of them were aware of the concept of collaborative robotics. Five males
and one female participated in the tests. The average age was 27,1 years (standard deviation equal to
2,3). Just two of them have previously used BCIs (users_1 and user_2).

Figure 4 shows the test setup: a user is wearing the MN8 device, and the picking area is visible at
the right of e.Do robot; the user shares the releasing area to the left of the robot.
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Figure 4. The test setup: a user is wearing the MN8 device, and the picking area is visible at the right of e.Do
robot; the user shares the releasing area to the left of the cobot.

For example, results obtained for the user_1 and user_2 are presented in Figure 5 (one user per
group). These results are almost identical to those recorded for the other users of the same groups.
The three graphs in the left part of Figure 5 represent attention/focus, stress, and cognitive load for
the user_2 who did not benefit from acoustic aids. The graphs in the right part show results for the
user_1 who took advantage of acoustic signals. It is essential to notice that the yellow background
areas between pairs of dotted red and dotted blue lines represent the motion of the cobot. The four
classification levels are indicated on the ordinates, whereas the axis of abscissas shows the time of the
experiment.

Figure 5. Example of graphs generated for each user. The left graph shows attention, stress, and cognitive load
for the user_2 belonging to the first group. In contrast, the right graph represents the user_1 situation that took
advantage of acoustic alerts denoting the start of each cobot movement.

Users were asked to complete the NASA-TLX questionnaire at the end of each test to compare
objective measures with subjective insights. the NASA-TLX scores for the two groups are shown in
Figure 6: the left histogram plots the scores for the users of group 1 (users 2, 3, and 5), whereas the
right histogram plots the result for the second group (users 1, 4, and 6) that took advantage of the
acoustic alerts.
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Figure 6. The six dimensions of the NASA-TLX questionnaire: the left histogram plots the scores for the users of
group 1, whereas the right histogram plots the result for the second group that took advantage of the acoustic
alerts.

4. Discussion
The answer to RQ1 is complex. Indeed, the three considered mental conditions (attention, stress,

and cognitive load) can be objectively evaluated, but the MN8 device cannot be used to gather accurate
quantitative measures, and the obtained findings can only be considered qualitative and categorized by
levels. Raw EEG data obtained by the two electrodes T7 and T8 do not allow an accurate computation
of the power bands, thus not supporting a quantitative measure of the mental conditions.

Although very preliminary, results obtained when users did not benefit from acoustic alerts are
much “noisier” (see left graphs in Figure 5). As expected, the stress level grows immediately after each
dotted red line. The comparison between users of the two groups outlines that the attention/focus is
steadier when acoustic alerts are available. Moreover, the levels of stress and mental workload are
significantly reduced. Therefore, a positive answer to RQ2 can be given.

On the other hand, data collected by the BCI are only partially coherent with the subjective
evaluation obtained by the questionnaire. Histograms in Figure 6 indicate a higher average level of
frustration for users 2, 3, and 5 (without acoustic alerts), which means a higher stress level. This is
coherent with the stress level measures by the BCI. On the other hand, users 1, 4, and 6 experienced a
higher average level of mental demand, which can be associated with a higher mental workload. This
is not coherent with the cognitive level detected by the BCI. Moreover, acoustic alerts have also been
understood to point to the rhythm of assembly operations, thus increasing the temporal demand.

Unexpectedly, sound alerts minimized the physical demand; users 2, 3, and 5 had to move many
more times than users 1, 4, and 6, as they were not ready to share the workspace with the robotic arm.
This can be another factor contributing to the users’ stress.

4.1. Limitations

The findings of this research, although very promising, have some limitations. First, the number
of users involved in tests is limited: two groups of three users each cannot be considered sufficient for
an exhaustive statistical analysis. Moreover, selected users have a computer science background that
can help them cope with advanced technologies like BCIs. Assembly domain experts should also be
involved in more specific and realistic tests.

The device selected for this research (the MN8 Emotiv) is very easy to wear, and its ergonomics is
comparable to “classic” earphones. Moreover, this device can easily be used by people wearing glasses.
For this reason, all the users involved in the tests did not experience any problems. On the other hand,
just two electrodes/channels are provided (T7 and T8), limiting the accuracy of the recorded brain
waves and thus restricting the measures, as said before, to qualitative values.

Raw EEG data are collected and elaborated offline at the end of the test. This approach does not
allow for dynamically adapting the cobot’s behavior to the user’s mental conditions. For instance,
when stress and cognitive load grow, the cobot should slow down; on the contrary, when the user’s
attention is high, the cobot could maximize its speed, thus allowing the human operator to obtain the
best performance from collaboration.
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Finally, the selected scenario is only partially representative of possible human-robot collabora-
tions. More dynamic setups should be considered: the human operators should be able to move, thus
leaving and entering over and over from the shared workspace. Possible interferences between the
human operator and the robot would be more difficult to predict and manage, potentially inducing
greater stress and cognitive load. Figure 5 shows that the three mental conditions evaluated might not
reach the maximum levels, and more challenging setups could be arranged.

5. Conclusions
This paper evaluates the mental workload and stress when human operators share the workplace

with collaborative robots. Even if only a qualitative evaluation is provided and the number of users
involved in tests is limited, the obtained results clearly show how an affordable and ergonomics
BCI interface can be used to detect stress and cognitive load, thus qualitatively monitoring human
performance. Moreover, acoustic signals denoting the cobots’ intentions can mitigate stress and
cognitive load and improve focus and attention.

Future work will aim to extend the aid set for users. Acoustic signals can be substituted or
complemented by visual information: the robotic arm trajectories might be displayed if the user wears
augmented reality (AR) glasses, thus clearly representing the space volumes occupied by the cobot.
Furthermore, the cobot’s intentions could also be represented by graphic metaphors (e.g., arrows),
thus enhancing the level of comprehension between human operators and machines.
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Abbreviations
The following abbreviations are used in this manuscript:

BCI Brain-computer interface
cobot Collaborative robot
EDA Electrodermal Activity
EEG Electroencephalogram
EMG Electromyogram
FFT Fast Fourier transform
HRC Human-robot collaboration
ISO International Organization for Standardization
MDPI Multidisciplinary Digital Publishing Institute
SART Sustained attention to response task
SPR Skin potential response
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