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Abstract. Since late 2019, a novel Coronavirus disease 2019 (COVID-19) has
spread globally. As a result, businesses were forced to send their workforce into
remote working, wherever possible. While research in this area has seen an increase
in studying and developing technologies that allow and support such remote
working style, not every sector is currently prepared for such a transition. Especially
the manufacturing sector has faced challenges in this regard. In this paper, the
mental workload of two groups of participants is studied during a human-robot
interaction task. Participants were asked to bring a robotised cell used in a
dispensing task to full production by tuning system parameters. After the experiment,
a self-assessment of the participants’ perceived mental workload using the NASA
Task Load Index (NASA-TLX) was used. The results show that remote participants
tend to have lower perceived workload compared to the local participants.
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1. Introduction

Under COVID-19, several industries have realised the need for remote working
practices. While for some sectors the move from working locally to remotely has been
swift, others have faced more challenges to do so. Remote working brings its unique
challenges for the workplaces, not just for the companies but also the individuals. This
holds especially true in manufacturing where particular processes, such as corrective
maintenance or ramp-up, require unpredictable physical work. Any delay here can lead
to significant delays in terms of time and, consequently, result in a financial loss. Under
these restrictions, the idea of remote collaboration or a remote expert working with a
local operator to achieve a common goal has become a more accepted one. Here, the
remote experts provide their knowledge by interacting with their co-workers and systems
using technology [1]. While for the local operator the focus will be more on the physical
aspects of the task at hand, the remote operator’s role is more the one of a decision-
maker. The quality of the decisions made by the remote expert or their general
performance not only depend on their knowledge but also their mental workload (MWL).
By knowing more about the MWL of the remote expert, additional aspects can be
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addressed such as “How complex are the tasks that the operator is required to perform?
Can any additional tasks be handled above and beyond those that are already imposed?
How many people are needed to successfully carry out the task?” [2]. Therefore, operator
and system performance can be predicted based on the quantified mental cost of
performing tasks [3]. The impact on the cognitive overhead of a remote expert is yet
understudied.

In this paper, the perceived MWL of human operators is analysed for remote and
local participation after bringing an industrial robotised gluing station to full production.
It is hypothesised that the task is less demanding for remote participants in terms of
perceived workload than undertaking this task locally. One of the well-established ways
to measure the MWL is the NASA-Task Load Index (NASA-TLX) [4], which is based
on six sub-scales associated with the MWL, namely mental, physical, and temporal
demand, as well as performance, effort and frustration.

The rest of the paper is structured as follows: a brief literature review is presented
in Section 2. Section 3 outlines the methodology that was applied for this study, including
a description of the task, recruited subjects and experimental setup. Section 4 provides
the results and discussion, before Section 5 provides conclusions and an outlook for
future work.

2. Literature Review

Due to the growing use of computerised and semi-automated technologies in both
administrative and manufacturing tasks, the notion of MWL has grown in importance to
address the difficult demands on the human’s mental or information-processing abilities
[5]. Huey and Wickens [6] have shown that high task demands lead to reduced
performance, and increase in response times and errors, and a reduction in productivity
as task performance strategies change. MWL is often considered as a multi-dimensional
concept, which is characterised by the operator and task as well as the environmental
context [2], and, as such, no single definition of the term mental workload can be found
in the literature [7]. However, the number of tasks, the time required to do these tasks,
as well as the subjective experiences by the human all seem to be associated aspects [8].
Under consideration of these aspects, Young and Stanton (cited in [9, Ch. 39]) describe
the MWL as “the level of attentional resources required to meet both objective and
subjective performance criteria, which may be mediated by task demands, external
support, and past experience”. To address and increase the key targets of ergonomics,
such as the level of efficiency, satisfaction, safety and comfort in the workplace,
assessing the MWL is a critical component in the enhancement of human-machine
interfaces [10].

In a local and remote operator setting, the local operator is immersed in the
environment the problem occurs while also having the ability to undertake physical
changes, in contrast to the remote operator who is more knowledgeable in terms of how
to address the problem under consideration [11]. There are different ways how both
operators can work together to achieve their common goal. In terms of a remote expert
and local operator working collaboratively, this can simply be done in the form of
conversations and information exchange of two workers working on an assembly task
[12]. Those conversations mainly identify the tasks' goal, the instruction for tasks, and
the tasks' completion. Further studies introduced a typical collaborative work that
involves sketches and writings [13]. It has been noted that this standard view supported
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the work process and communicated information adequately. Another study tried to
determine which visual information provide a benefit for a coworking team. The study
by Kraut et al. [14] examined an operator's performance working alone on a bicycle
repair task in comparison with a group consisting of a remote mechanic and a local
operator working on the same task. The experiment presented evidence for the effect of
a shared visual context in remote collaborative work. Gergle et al. [15] further studied
puzzle tasks where the shared visual context was also crucial for situation awareness and
a common understanding. Oftentimes, humans use gestures as an additional means to
communicate their message. Thus, further research [16] suggested that communication
can be still more enhanced by showing the gestures of the expert as part of the
environment the operator works in instead of providing complex descriptions.

3. Methodology
3.1. Task

Participants were asked to tune a robotised Gluing Workstation (GWS) to volume
production for three different products as quickly as possible, meaning using the least
number of trials. It is noted that there was no limitation on how many trials could be done
and this decision was solely left with the participants. After the practical part of the
experiment was finished, participants were asked to fill in an online post-questionnaire
to be able to capture a more subjective feedback from the participants.

3.2. Subjects

For this study, participants have been assigned to two different scenarios that can be
described as follows:

Group A: Participants in this group took part in the experiment in the lab
environment. Change actions were done by the participants themselves.

Group B: Participants in this group took part in the experiment remotely. In this
case, the experiment investigator undertook the physical changes to the setup for them.
Interaction between the investigator and participant were, however, kept to a minimum
(e.g. technical issues).

Participants were recruited from technical and non-technical backgrounds having
little to no knowledge about the setup and its behaviour. In total, 6 female participants
and 10 male participants took part. Participants’ age ranged from 20-29 (7x) to 30-39
(8x) and 60 and above (1x) years. Finally, 7 participants rated their experience with
technological equipment very good, 7 good, 1 satisfactory, and 1 poor with the number
of years worked in the field of automation or engineering ranging from 1 to 30 years.

3.3. Experimental Setup

The main hardware components for the GWS setup were an ABB IRB 120 6-axis
industrial robot with a two-finger SCHUNK gripper to manipulate a metal workpiece.
To make the dispensing process possible, an automated time-pressure dispensing unit
(Fisnar JB1113N) was used, which was connected to a syringe that has been mounted to
the surrounding cell and contained the dispensing material. In addition, a Raspberry Pi3
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had been fitted to the robot cell providing temperature and humidity data about the
environment. The experimental setup also contained two computers, where one machine
was used to run the robot control and local Graphical User Interface (GUI), and the other
one hosted the GUI for remote participation where users could choose the parameter
settings for the setup and any instructions to the local operator that were then both
displayed to the local operator through the local GUI. To ensure that remote participants
would have the best possible and realistic experience, four cameras live streaming
different aspects of the process and a microphone were included in the setup (Figure 1).
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Figure 1. Overview of the setup for the robotised dispensing experiment.

4. Results and Discussion

Overall, 282 change-cycles related to the ramp-up process of this experiment were
collected in this experiment from 16 participants, where 104 were conducted in Group A
and 178 in Group B. To obtain the perceived workload estimates for the ramp-up
experience during this experience and help gauge the proposed decision-support’s
usability and effectiveness from the participants’ perspective, the widely accepted and
used NASA-Task Load indeX (NASA-TLX) [4] was applied in its raw (or unweighted)
form. The index takes into consideration the six different subscale categories mental
demand, physical demand, temporal demand, performance, effort, and frustration, which
are scored by the individual directly after conducting the task on a scale from 0 (good)
to 20 (poor) for performance and 0 (low) to 20 (high) for the other categories. These are
valuable insights that cannot necessarily be obtained through the other collected
experimental data. However, using this measure is also not completely without
disadvantages as participants may not fully recall their experience. Figure 2 shows the
averaged results for the individual subscales across the different validation scenarios.
As was expected, the physical demand and effort are lower for the remote
participants than they were for the local participants. This might also link to the temporal
demand, which was higher in the local group as well. The mental demand was
surprisingly deemed higher in the group of remote participants. This high mental demand
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might occur due to the need of remote participants to be engaged in the experiment. The
individual’s own performance was specifically well rated for participants in local
participation in comparison to the remote group. This could be due to the fact that the
local operators have a better feedback about the product and feel more immersed in the
environment.

The highest average across the different scales was achieved in the frustration
category and in particular for participants in Group A. This could be explained by the in-
person participation for this group, where participants had to do the physical changes to
the system themselves. Averaging the different subscales for the various groups provides
o =11.08 and ¢ = 7.8 for Group A and B, respectively. As expected, this shows that the
perceived workload was overall less for the remote participants, while the local
participants felt they experienced the highest workload based on their results.
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Figure 2. Average scores with standard deviation for subcategories of raw NASA-TLX for both groups.

5. Conclusions and Future Work

In this paper, the perceived mental workload for a robotised dispensing process in a local
as well as remote setting was investigated using the raw NASA-TLX. Results showed
that the perceived workload was overall lower for remote participants. Surprisingly, the
perceived mental demand for remote participants was higher while the perceived
performance was also rated lower compared to the local participants. However, literature
might provide an explanation: As Cain [7] states, despite the difficulties of retaining
focus in monitoring tasks, workload can be seen as modest. Thus, while well known, the
disconnect between workload and efficiency remains poorly understood.

Using the perceived workload as a measure can highlight certain issues in terms of
the operator’s physiology or safety but applying self-reflective metrics such as the
NASA-TLX are not time-sensitive for time-critical operations. Thus, including data from
eye movements or heart rate can be promising approaches, which will be further
investigated as part of this work in the future. Additionally, the paradigm of Industry 4.0
incorporates a transfer towards intelligent operations [17], in which artificial intelligence,
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robotics and automation enhance the human capabilities and counteract their
weaknesses. This will facilitate the processes to have higher levels of safety, enhanced
productivity and reduced mental load of human operators, which are fundamental
elements for more intelligent workplaces. Furthermore, such technologies can be used to
enable users to interact with robots remotely. In this case, the human operator would
perform an industrial task a certain number of times for the robot then to carry out the
task autonomously.
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