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Abstract

The present scoping review investigated the current state of the art concerning
factors affecting physical and mental health and well-being of workers using
collaborative robots (cobots) in manufacturing industries. Each identified factor was
classified using the SHELLO (Software-Hardware-Environment-Liveware-Liveware-
Organization) conceptual model. Strengths and limitations of such an approach were
outlined. A total of 53 papers were included in the scoping review and analyzed
following PRISMA guidelines. In 35 papers at least one risk factor referred to the
SHELLO Liveware-Hardware interaction, followed by factors concerning Liveware-
Software (16 papers), Liveware-Liveware (11 papers), Liveware intrinsic factor (10
papers), Liveware-Organization (8 papers), and Liveware-Environment (8 papers).
This work highlighted that methodological research is still primarily focused on
traditional risk assessment and physical safety. However, several research directions
concerning the design of cobots as active collaborators were identified, promoting
workers' mental health and well-being, too. The SHELLO model proved to effectively
highlight human factors relevant for the design of cobots and can provide a systemic
approach to investigate human factors in other complex sociotechnical systems. To
the best of our knowledge, this is the first time the model is applied in the field of

human-cobot interaction.
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1 | INTRODUCTION
1.1 | Industry 4.0 and cobots

The Fourth Industrial revolution, also known as Industry 4.0, refers to
the profound digitalization and integration of information technolo-
gies into traditional manufacturing and industrial practices (Arnold
et al., 2016), including internet of things, machine-to-machine
communication, cloud-based systems, big data, additive manufactur-
ing, and collaborative robots (Neumann et al., 2021). In this context,
the role of human workforce in manufacturing processes is shifting
toward supervision and collaboration with these new technologies
(Reiman et al., 2021).

One of the most rapidly evolving aspects of this digital
transformation is the increasingly advanced collaboration between
humans and machines (Yilma et al., 2019). The concept of a
collaborative robot, so-called cobot, was introduced two decades
ago to describe a device enabling direct physical interaction between
humans and computer-controlled manipulators (Peshkin & Colgate,
1999). The first cobots were passive and operated by humans, while
modern cobots have evolved taking the form of light-weight robotic
arms. Cobots are especially advantageous and most commonly used
in assembly tasks, where the high payload and repeatability
characterizing traditional robotic systems need to be combined with
the skills and flexibility of human operators (Matheson et al., 2019).
One of the classifications proposed to describe the different ways in
which cobots can work with humans distinguishes four levels of
increasing collaboration: coexistence, when operator and cobot only
share the same physical space without interaction; synchronization,
when operator and cobot share the same workspace, but work at
different times; cooperation, when they work in the same workspace
at the same time, but on separate tasks; collaboration, when they
execute a task together, with one's actions having immediate
consequences on the other (Vicentini, 2020). While early cobot
implementations often only entailed removal of protective fences, in
the near future applications involving full collaboration will increase,
with operator and cobot increasing cognitive interaction through
human actions and gesture recognition, voice command, and social
acceptance (Hentout et al., 2019). In this context, the human
operator and the cobot can be described as a dyad, capable of both
physical and cognitive interaction (Schmidtler, Knott, et al., 2015). In
view of the evolution of human-robot collaboration (HRC), it is
necessary to understand the risks and the challenges that workers
face when using cobots, in relation to both their physical and mental

health and well-being.

1.2 | The role of human factors in workplaces
adopting cobots

The complex and nonlinear relationship between work, technology,
and health and well-being can be tackled by looking at modern
workplaces as sociotechnical systems, where the social,

organizational, and technical levels are strongly and dynamically
interrelated (Carayon et al., 2015). Human factors and ergonomics
(HFEs) studies are aimed at investigating human interactions with
elements of these complex systems (Wilson, 2000). HFE is critical in
contemporary industrial environments, because human beings are
crucial players who allow smooth and physically safe workflows in
workplaces filled with increasingly interconnected technologies. Until
recently, however, HFE has been substantially overlooked in studies
concerning industry 4.0 implementation (Braganca et al., 2019):
cobots were primarily designed to promote optimal productivity
performance by reducing uncertainty and instability in their
cooperation with humans (Oliff et al., 2018), and research in
collaborative robotics has been mainly focused on the development
of technical solutions to implement human-robot physical interac-
tion, to preserve workers' physical safety (Khalid et al., 2016). One of
the most recent and comprehensive literature reviews looking at
industrial collaborative robotics from an HFE perspective (Gualtieri
et al., 2021) showed that the majority of studies still focus on classic
safety issues such as contact avoidance or detection, or focuses on
physical ergonomics such as motion planning and task scheduling.
Research in cognitive ergonomics has been growing significantly in

the last years but few studies were carried out so far.

1.3 | The Software-Hardware-Environment-
Liveware-Liveware-Organization (SHELLO) model

In the field of HFE, many models for complex work systems have
been proposed. Carayon classified these models based on the way
they describe and “slice” these sociotechnical systems: vertically,
functionally, or by domain (Carayon, 2006). To successfully describe
these complex systems, all these models need to facilitate our
understanding of the human-systems interactions.

In this domain, one of the few holistic models proposed to assess
risks related to working conditions is the SHELLO (Software-
Hardware-Environment-Liveware-Liveware-Organization) model
(Chang & Wang, 2010) which is an evolution of the original SHEL
model proposed by Edwards, which comprised three components
(Software, Hardware, and Environment) interacting with humans,
defined as Liveware (Edwards, 1972). Software refers to the rules and
regulations that govern activities, but also includes procedures and
computational code; Hardware concerns the physical elements in the
setting; and Environment describes the physical location in which
activities occur. The human being is considered as the core of the
model, directly interconnected with the other components. The
original model was developed to analyze the dynamics of aviation
accidents (Licu et al., 2007). It was subsequently expanded to SHELL
model (Hawkins, 1987), with the addition of a second Liveware factor
referring to the person-to-person interaction, and used to investigate
risk assessment and error management in other contexts, such as
maritime settings (Chen et al., 2013), nuclear power plants (Kawano,
1997), community pharmacies (Croft et al., 2017), healthcare and
rehabilitation services (Molloy & O'Boyle, 2005), industrial and
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railroad maintenance (Metso et al.,, 2016; Rizzo et al., 2000). The
latest implementation is represented by the SHELLO model (Chang &
Wang, 2010), including the Organization component and the
Liveware-Organization interaction. As illustrated in Figure 1, the
SHELLO model thus comprises a central human component (L) and
five related interactions: Liveware-Hardware (L-H), Liveware-
Software (L-S), Liveware-Environment (L-E), Liveware-Liveware (L-
L), and Liveware-Organization (L-O). The SHELLO model allows for
the assessment of risks related to each single component, including
organizational issues, but it may also be used for other purposes, for
example, to organize findings obtained in studies exploring the
impact of introducing collaborative tasks in manufacturing scenarios,
as exemplified by a case study conducted in a healthcare setting
(Antunes et al., 2008). It may provide a useful conceptual framework
to understand the interplay between elements influencing a complex
sociotechnical system, including interaction with technology, social
aspects, and organizational factors. Like the previous versions, this
expanded model considers the human worker as the prominent
component of the sociotechnical system, directly interconnected
with all other components. We decided to use the SHELLO model as
a conceptual HFE model in our work because of its demonstrated
flexibility and applicability in many research areas, its holistic
approach to risk assessment and its clearly defined interfaces
providing the necessary structure to disentangle the many facets of

collaborative work between humans and cobots.

1.4 | Aim and research questions
The overall aim of this study was to investigate the current state of

the art in the complex and multifaceted research field of physical and

mental health and well-being of workers in manufacturing industries,

Software

¢ Computational code
* Policies, norms, rules

* Procedures
* Practices

¢ Formal or informal rules
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with a specific focus on collaborative robotics. Scoping reviews are a
type of knowledge synthesis which can be used in pursuit of various
goals, such as examining the extent and characteristics of evidence
collected about a certain topic, or summarizing findings from a
diversified body of knowledge (Tricco et al., 2018). Based on the
overall aim, we performed a scoping review to answer the following

research questions:

o Which factors affect physical and mental health and well-being of
workers using cobots?

e What are these factors' implications on physical and mental health
and well-being?

This study is contributing both to academia and practice: on the
one hand, it may supports researchers in finding new topics and
systematically address existing gaps in understanding consequences
on health and well-being of risk factors during HRC. On the other
hand, it may assist occupational health and safety (OHS) profes-
sionals in the manufacturing sector by proposing a categorization of
risk factors within a sociotechnical system model (the SHELLO) to
allow a better understanding of their major OHS issues, improve risk

management and reduce risks during HRC.

2 | METHODS

Scoping reviews follow a systematic approach to comprehen-
sively summarize and synthesize evidence from a specific field
and are especially useful in emerging areas of investigation
(Colquhoun et al., 2014). This study was conducted according to
the PRISMA extension for scoping reviews guidelines (Tricco
et al., 2018).

Hardware

* Equipment, tools

* Manuals, signs

* Any physical and
nonhuman component of
the system

Environment

FIGURE 1 The SHELLO (Software-
Hardware-Environment-Liveware-Liveware-

tolerances, outputs)
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2.1 | Search strategy

The current scoping review encompassed empirical studies with
either qualitative or quantitative data, including conference papers
but excluding literature reviews. A comprehensive search for relevant
literature was conducted in June 2021 searching titles, abstracts and
keywords for a combination of keywords commonly used to describe
HRC (“cobots,” “cobot,” “collaborative robot,” “robot”), medical
subject headings pertaining to physical and mental health and well-
being (“health,” “safety,” “mental health,” “well-being”) and terms

associated with modern manufacturing workplaces (“industry 4.0,”

n o« n o«

“workplace,” “manufacturing,” “enterprise”). The detailed search
strategy is reported in Table 1. We searched four electronic
databases (PubMed, Scopus, PsycINFO, Web of Science). Additional
studies were identified through reference searching in various online
research repositories and databases, and cross-referencing was

applied to all papers, to identify further relevant studies.

2.2 | Inclusion criteria

Articles were considered for inclusion if they: (i) discussed potential
factors affecting physical and mental health and well-being of
workers in workplaces during HRC; (ii) were written in English; (iii)
were published between 1st January 2011 and 30th June 2021, (iv)

contained primary data and (v) were available online in full-text.

2.3 | Study selection

Study selection was performed by two independent reviewers. First,
titles and abstracts were screened removing duplicates and ineligible
records according to the inclusion criteria. Then, both reviewers
independently performed a preliminary eligibility check by reading
the remaining full-text articles and screening them according to
inclusion criteria. To ensure the appropriateness of the identified
references, in a second detailed eligibility check both reviewers
discussed papers which had not been selected as fitting to reach

complete agreement.

2.4 | Data charting and reporting

A data-charting table was developed to determine the variables to be

extracted from the included papers. We used a narrative descriptive

TABLE 1 Search terms used for the scoping review

approach to summarize and report the findings (Mays et al., 2005;
Popay et al., 2006). In an iterative process, the reviewers indepen-
dently charted the data, discussed the results, and updated the data-
charting table until they finalized it. The following data were
extracted from all papers: references, type of document, type of
publication, and identified factors.

Potential factors influencing physical and mental health and well-
being of workers were extracted from the qualitative synthesis and
sorted into the relevant thematic categories according to the
SHELLO Model: Liveware (L) and the five related interactions: L-H,
L-S, L-E, L-L, and L-O. We decided to classify factors associated with
the social aspects of HRC and interaction between collaborative
robots and humans within the L-L interaction. This perspective is in
line with research in social robotics, which aims at providing robots
with a new set of skills related to natural interaction with humans
(Cross et al., 2019). Each factor was also classified as having mainly
physical, mental, or both physical and mental health implications for
the workers, according to the point of view of the reviewed
publications. The final overall classifications were decided through
consultation with the review team and by referring to supportive
data. It should be noted that the proposed subdivision is in no way

univocal.

3 | RESULTS
3.1 | Descriptive data

A flowchart of the review process is provided in Figure 2. Database
searching provided a total of 13,678 publications. Following the initial
screening phase, 264 full-text papers were obtained. These papers
were read and assessed independently by two reviewers. This
preliminary eligibility check narrowed the initial list of publications to
141. After a second more detailed eligibility check, a total of 53
papers were selected for inclusion in the scoping review.

Only three papers published between 2011 and 2014 were
included in the study, while paper publication per year increased
significantly between 2015 and 2020, with over half of the included
papers published from 2019 onwards. As shown in Figure 3, the
majority of the documents were full-length journal articles (55%, 29
documents) and the remaining were conference proceedings papers
(45%, 24 documents). Regarding the type of research, 36 papers
(68%) investigated the topic of interest using an experimental
approach to human participants, 17 papers (32%) were focused on

methodology and technical issues.

Word group 2: Physical and mental

Word group 1: Robot and cobot

“Cobots” OR “Cobot” OR
“Collaborative robot” OR “Robot”

Note: *Medical subject headings used in the Pubmed database.

health and well-being

“Health*” OR “Safety*” OR “Mental health*”
OR “Well-being”

Word group 3: Workplaces

“Industry 4.0" OR “Workplace” OR
“Manufacturing” OR “Enterprise”
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FIGURE 2 Flow chart for study selection

Records identified in databases
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AND 1 Q screening for not addressing the theme
=123
ELIGIBILITY n
Records after preliminary eligibility check
n=141
\ Not discussing risk factors n=13
1 % No manufacturing setting n=18
Not focused on cobots n=26
Papers included in scoping review Secondary data (reviews)
after detailed eligibility check econdary data freviews n=27
n=53 Published before 2011 n=4
/
(a) Publication year 16
(7]
-
a
2 8 8 ,
= 6
I*
a4
o 1 1 1 1 .
Il = = J—
2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021
(b)  Type of document (c)  Type of publication
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Proceedings Articles 17
papers Methodological
/36
Experimental

FIGURE 3 Distribution of analyzed papers (a) per year, (b) by type of document, and (c) by type of publication. Numbers in the pie charts

indicate the number of papers

3.2 | Risk factors and SHELLO classification

All factors identified in the papers as influencing HRC from a health
and well-being perspective were extracted and classified within the
SHELLO model (Chang & Wang, 2010). Most of the studies (35
papers, 66.0%) identified at least one risk factor that we classified
within the L-H interaction. The second most frequently investigated
risk factors were included in the L-S interaction (16 papers, 23.2%),
followed by factors associated with the L-L interaction (12 papers,
22.6%) and those associated with the Liveware (L) intrinsic compo-
nent (7 papers, 13.2%). Finally, the least common risk factors were
classified in the L-E and L-O factors (5 papers each, 9.4%). Figure 4
graphically shows paper distribution based on the types of
investigated risk factors classified using the SHELLO model: papers

dealing exclusively with factors associated with the L-H interaction
were the relative majority (26 papers, 49.1%). Only 4 out of 12
papers investigating factors concerning the L-L interaction mentioned
other types of factors. By contrast, no papers investigated L-O

factors alone without considering any further factors.

3.3 | Risk factors and health

As shown in Figure 5, most papers discussing factors that we
classified within the L-H component of the SHELLO model
mentioned exclusively their impact on the physical health and well-
being of the cobot workers (20 factors, 57.1%). However, there were
also papers discussing the impact of L-H factors only on mental
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# of different types of factors
considered in the paper
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FIGURE 4 Graphical representation of paper distribution based on the type of investigated factors classified using the Software-Hardware-
Environment-Liveware-Liveware-Organization (SHELLO) model. Each paper is represented by a small dot. L-H, Liveware-Hardware; L-S,
Liveware-Software; L-E, Liveware-Environment; L-O, Liveware-Organization; L, Liveware; L-L, Liveware-Liveware. Image is drawn using Di Venn

(Sun et al., 2019) website (https://divenn.tch.harvard.edu/)

% M Physical well-being

Mental well-being
20

Physical and mental well-being

# Factors
&

-
o

L-H L-S L-E L-O L-L L
SHELLO Classification

FIGURE 5 Factors identified in the reviewed papers are classified
according to as either impacting physical, mental, or both aspects of
health and well-being

health and well-being (eight factors, 22.9%), or both physical and
mental aspects (7 factors, 20.0%). Factors related to the L-S
interaction were associated mainly to mental health and well-being
aspects (9 factors, 69.2%), with only 4 factors (30.8%) being
associated to physical health and well-being, too. Of the 5 identified
factors that were classified within the L-E interaction, 1 factor was
associated to physical well-being, 2 factors to mental well-being and
2 factors to both physical and mental aspects. The 6 factors classified

in the SHELLO model within the L-O interaction were associated by
the authors of the papers as impacting mental health and well-being.
Among factors associated to the L-L interaction, 9 factors were
associated to the workers' mental health and well-being, while only 1
also mentioned physical implications. Similarly, factors classified in
the L intrinsic component were almost exclusively linked to mental
health and well-being, with only 1 out of 7 factors which also
considered physical implications. A summary of all factors identified
in the reviewed papers and classified according to the SHELLO model

is shown in Table 2.

3.4 | L-H factors

The L-H interaction described in the SHELLO model is crucial for
maximizing safety, as it concerns the relationship between the worker
and the physical features. Physical safety of humans during HRC has
been extensively investigated as a key aspect of ergonomics and OHS
(Vicentini, 2020), and is nowadays incorporated in many industrial
regulations and international standards, such as the ISO/TS 15066
(2016), ISO 10218-1 (2014), ISO 10218-2 (2006), and I1SO 8373 (2012).
In fact, much of the science of ergonomics is concerned with this
interface, and, not surprisingly, risk factors associated with this
interaction were frequently investigated by papers included in this
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TABLE 2 Included studies, investigated risk factors, and SHELLO classification

SHELLO components
. Well-being
References Doc |Pub |Investigated factors L component
L-H|L-S|L-E| O [L-L| L
. Excessive torques at
Kim et al. (2021) i Exp shoulder and elbow joints P
. Smoothness and speed of
Rojas et al. (2020) A Met robot arm trajectories M
Safety space around the
Vogel et al. (2013) C Met | o P
Reddy et al. (2019) C Exp |Risk of collision P
Presence of the worker in the
Anand et al. (2018) C Met | & work cell P
Sub-optimal collaborative
Mateus et al. (2019) A Met O T—— P | M
Collision between the cobot
Mohammed et al. (2017) |A Met | 1 the human P
Trade-off between task
Long et al. (2018) A Met | efficiency and physical P M
safety
Gap in technical skills
(Artificial Intelligence and
Software development) and
Leitao et al. (2020) C Exp |nontechnical skills (capacity P M
to adapt to new situations,
continuous development,
problem solving)
Tradeoff between task
Hietanen et al. (2020) A Met | efficiency and physical P
safety
Schmidtler, Knott, et al. Background-to-robot-arm
(2015) S Exp chromatic contrasts P M
Pang et al. (2021) C Met | Injuries due to collisions P
Kong and Yu (2014) C Met | Risk of collision P

Situational awareness,

Gombolay et al. (2017) A Exp |workload influence, P M
workflow preferences

Robot movement speed and

Koppenborg et al. (2017) [A  |Exp |robot movement P | M
predictability

Mental underload due to
waiting periods, low speed of
the robot, decreased =) M
efficiency due to safety
restrictions, physical safety,
design of the robot

Meissner et al. (2020) A |Exp

(Continues)
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Increased dependence to a
collaborative workflow,
process reliability,
adjustability of the robot to
tasks

Adjustability of the robot to
the external environment

Organizational change:
downsizing, excessive work
requirements, trust in
executives

Less exchange with
colleagues

Knowledge and experience,
trust and interest in robots,
personality and moral values

Biermann et al. (2021)

Exp

Robot design
(anthropomorphic vs
functional)

Petruck et al. (2019)

Met

Arbitrary actions of the
robot; low adaptability of the
robot's behavior

Lack of physical ergonomic
principles when designing
the workplace

Oliff et al. (2018)

Exp

Disparity in capability
between robotic operators
and their human counterparts

Eimontaite et al. (2019)

Exp

Instructional information
through graphical signage

Pearce et al. (2018)

Exp

Task allocation between
human and robot,
assignments and schedules in
human-robot teams

Brun and Wioland (2021)

Exp

Collisions with mechanical
moving parts

Allocation of attentional
resources due to changing
role

Fletcher et al. (2019)

Exp

Accidental collisions, robot
speed

Adaptability of
automation/robotics to
varying production demands

Adaptability of
automation/robotics to meet
varying environmental
conditions (light, noise)
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Rosen and Wischniewski
(2018)

Exp

Production task design
features

Job rotation

Zhao et al. (2020)

Exp

Task interdependence during
human-robot teaming

Tausch and Kluge (2020)

Exp

Task allocation processes
and mechanisms during HRI
interaction

Rajavenkatanarayanan et
al. (2020)

Exp

Cognitive load due to time
constraints during human-
robot cooperation

Cerqueira et al. (2020)

Met

Work-related
musculoskeletal disorders
due to postures

Hu et al. (2020)

Exp

Robot unanticipated physical
actions

Ore et al. (2019)

Met

Risk of collision,
biomechanical load

Pollak et al. (2020)

Exp

Manual and autonomous
cobot modes

Lindblom and Alenljung
(2020)

Met

Action and intention
recognition between humans
and robots

Fratczak et al. (2020)

Exp

Speed and unexpected
movements of the robot

Welfare et al. (2019)

Exp

Health and safety issues

Scheduling concerns, task
selection

Job displacement

Kadir et al. (2018)

Exp

Collisions

Difficult during task
implementation

| £ £ =

Distrust of the worker due to
lack of flexibility

<

Charalambous et al.
(2015)

Exp

Communication of the
change, employee
participation in
implementation, senior
management commitment
and support

Training and development of
the workforce

Corrales et al. (2012)

Exp

Risk of collisions

El Makrini et al. (2017)

Met

Movements of the robot

427

(Continues)
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Difficult communication due
to noise

Elprama et al. (2016)

Exp

Amount of social cues used
by the cobot

Elprama et al. (2017)

Exp

Concern of robots taking
jobs

Decreased amount of contact
with other colleagues

Flacco et al. (2015)

Met

Risk of collisions

Magrini et al. (2020)

Met

Risk of collisions

Marvel and Norcross
(2017)

Met

Risk of collisions

Messeri et al. (2020)

Exp

Impact of leader-follower
collaboration strategies on
human-cobot team's
performance

Miiller et al. (2017)

Exp

Anthropomorphic
characteristics of the cobots

Cobot's quality of
collaboration

Terzioglu et al. (2020)

Exp

Physical appearance,
trajectories of the cobot

Wurhofer et al. (2015)

Exp

Shift in social environment

Lasota & Shah, 2015)

Exp

Movement trajectories of the
cobot

Etzi et al. (2019)

Exp

Kinematic aspects of robot's
motion within a human-robot
collaboration

Kildal et al. (2018)

Exp

Physical safety

Knowledge and training of
the workforce

Landi et al. (2018)

Exp

Sub-optimal human-cobot
interaction

Miihlemeyer (2020)

Exp

Body posture, body
movement, manual handling
of loads, dynamic muscle
workload

Unchallenging work,
repetition of work-tasks

Contact with colleagues

Concentration, visual space
and acuity, fine motor skills
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Sauppé and Mutlu (2015) |C Exp

together

Robot's physical appearance,
social elements of the robot's
design, worker perceptions M
of the robot and their work

Maurtua et al. (2017) A |Exp

Risk of collisions

Note: Colors in table 2 are associated to the corresponding interaction of the SHELLO model.

Abbreviations: A, article; C, conference proceeding; Doc, type of document; Exp, experimental study; M, mental health and well-being; Met,
methodological study; P, physical health and well-being; Pub, type of publication.

scoping review. The most common factors classified within the L-H
interaction were those related to the risk of collisions between cobot
and worker. Collision avoidance is a classic research topic, extensively
studied by researchers, and promising technologies for preventing
human-cobot impacts during HRC activities include virtual fencing
systems based on passive infrared sensors (Anand et al, 2018),
projection-based safety system (Maurtua et al, 2017; Vogel et al.,
2013), augmented environments using computer vision (Mohammed
et al, 2017), inertial measurement units combined with global
localization systems (Corrales et al., 2012) and depth sensors (Flacco
et al., 2015; Hietanen et al., 2020; Magrini et al., 2020). Many papers
mentioned generic physical harm or physical safety as a risk factor to be
considered when designing collaborative interactions between humans
and robots (Kong & Yu, 2014; Marvel & Norcross, 2017; Ore et al,,
2019; Reddy et al., 2019), including studies on minimization of injuries if
a collision occurs. Injury minimization after an unwanted collision can be
pursued through mechanical compliance systems aiming at reducing
impact energy or strategies involving contact detection (Pang et al.,
2021). Robot speed and movements were also often mentioned as risk
factors, potentially impacting on workers' psychological conditions.
Excessive physical effort during HRC, leading to musculoskeletal
disorders was also mentioned in papers proposing methods to minimize
joint loading (Kim et al., 2021) or smart garment for real-time ergonomic
risk assessment (Cerqueira et al., 2020). Most of the methodological
papers reviewed in the present work mentioned at least 1 of the L-H
factors, highlighting that the classic approach concerning physical safety
is still very common. However, a growing area of research is also
focusing on the psychological consequences of the L-H factors.
Especially movement predictability, smoothness, and speed (Etzi et al.,
2019; Fratczak et al., 2020; Hu et al., 2020) have been shown to impact
on mental health and well-being: methods were proposed to design
trajectories allowing for less stressful movements, reducing anxiety and
increasing perceived safety (Koppenborg et al., 2017; Lasota & Shah,
2015; Rojas et al., 2020) and to detect stressful situations that may
require adapting the behavior of the cobot (Landi et al., 2018). A paper
proposing dynamic security zones demonstrated that the system was
deemed less stressful by cobot operators with respect to static security
zone systems (Long et al., 2018). A recent paper also showed that
different (anthropomorphic vs. functional) designs of the cobot may

have an impact on trust (Biermann et al., 2021).

3.5 | L-S factors

The L-S interaction represents the relationship between humans
and the nonphysical components of the system, such as policies,
norms, rules, procedures, checklists, and codes (Rizzo et al., 2000).
Most of the factors emerging in the papers and classified within
this interaction are related to the design of the collaborative task,
which should be performed safely and efficiently, minimizing risks
for procedural omissions or mistakes. In this context, experimental
studies have proposed optimization frameworks able to support
process engineers in generating task assignments balancing both
time and ergonomics (Mateus et al., 2019). Studies focusing on
psychological aspects of task allocation suggest that autonomy in
decision-making increases workers' satisfaction and task identity
(Tausch & Kluge, 2022). Thus, increased attentional resources may
be needed owing to the changing role of the worker (Brun &
Wioland, 2021). An experimental study on workflow preferences
during human-robot teaming confirmed that situational awareness
might be compromised as the degree of robot autonomy increases
(Gombolay et al., 2017). Different cobot modes (autonomous and
manual) can also influence psychological and physiological stress in
human workers (Pollak et al., 2020). Clear instructional information
through graphical signage has also demonstrated its usefulness in
positively impacting on user feelings and performance during
human-cobot interaction (Eimontaite et al., 2019). Another aspect
considered in the reviewed papers is the limited flexibility of the
cobot technology in responding to human and environmental
inputs. Hence, the creation of adequate standard operating
procedures is crucial for improving work efficiency and quality
(Kadir et al., 2018; Pearce et al., 2018). Cobots should be designed
to favor teaming with the worker, adapting their behaviors both to
the performed task and the worker's state, with potential effects
on higher productivity as well as higher social recognition (Rosen &
Wischniewski, 2018). Another study showed that quality of
collaboration also influences stress levels of the human coworker
(Miller et al., 2017). This evidence confirms the relevance of
designing truly collaborative tasks, where human workers and
cobots interact in ways enabling workers to perceive task
execution as challenging, motivating, and not frustrating, thus

contributing to fostering their health and well-being.
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3.6 | L-E factors

The positive and negative effects of the physical environment on job
performance and health have been extensively investigated in other
contexts (Kegel, 2017; Vischer, 2007). Some papers highlighted that
shop-floor conditions such as ventilation, noise, temperature, humidity,
and light may represent risk factors during complex HRC tasks (Fletcher
et al.,, 2019). El Makrini et al. identified a potential risk in communication
difficulties between the worker and the cobot owing to noise, proposing a
novel collaborative architecture for human-robot assembly tasks mainly
based on face and gesture recognition (EI Makrini et al, 2017).
Interestingly, the chromatic contrast of the robotic arm against the
background was also investigated as a potential distractor during HRC
(Schmidtler, Sezgin, et al., 2015). Research focusing on factors grouped in
the L-E interaction suggest the necessity to consider how the introduction
of a cobot may produce an inadequate setting that can affect worker's
physical and mental health and well-being if these aspects are not
considered (Petruck et al., 2019).

3.7 | L-O factors

The L-O interface—the interaction between the worker and the
organizational aspects of the system—concerns workload allocation,
management of the organizational structure, political environment,
financial constraints, resource management, and safety culture (Croft
et al., 2017). Previous research has highlighted the systematic oversight of
organizational human factors, hindering full exploitation of new
technologies (Charalambous et al., 2015). The most common potential
L-O risk factors identified in the reviewed papers were related to job
displacement, reconfiguration, or loss owing to the introduction of cobots
in production lines (Rosen & Wischniewski, 2018; Welfare et al., 2019).
An experimental study exploring the relationship between work attributes
and automation (Elprama et al., 2017) showed that workers express some
concern about robots taking their jobs, but they also acknowledge robots'
contribution to reducing their mental and physical workload. Another
qualitative experimental study (Meissner et al., 2020) highlighted that
employees perceive the introduction of robots as a more drastic
organizational change compared to other technologies. Findings from
the reviewed papers suggest that the L-O interaction factors play a
fundamental role especially in the early stage of cobot adoption, when
significant organizational challenges require a transition in the way
business is done, ultimately affecting human workers. Comprehensive
training programs for the workforce are also proposed, since
inappropriate preparation of the employees may negatively affect
organizational performance and effective use of the equipment
(Charalambous et al., 2015; Welfare et al., 2019).

3.8 | L-L factors

For the purposes of this analysis, the L-L interaction was looked at
from two main viewpoints: the effects of the cobot implementation

on the social environment, and the potential role of the cobot as a
social agent within an extended social environment. Regarding the
first facet, the impact of cobots on the relations among colleagues
has often been analyzed in the reviewed papers in negative terms, as
entailing the risk of reducing human-human interactions, and favoring
social isolation (Elprama et al., 2017; Muihlemeyer, 2020; Welfare
et al., 2019; Wurhofer et al., 2015). However, this type of socially
protected environment might facilitate workers with specific condi-
tions, such as people with autism spectrum disorders (Khalifa et al.,
2020). Teamwork dynamics could also be affected with cobots taking
the role of team operatives, while humans are engaged in leadership
and supervision tasks (Bergman et al., 2019; Messeri et al., 2020;
Zhao et al, 2020), or mutual action and intention recognition
between human workers and cobots (Lindblom & Alenljung, 2020).

The second facet of the L-L interaction is based on the view of
the cobot as a potential coworker, thus capable of socially interacting.
In relation to this, the factor that was most frequently investigated in
the reviewed papers was the introduction of social elements in the
cobot. A study applying principles from character animation to
enhance HRC highlighted that social capabilities may increase
likeability and perceived sociability (Terzioglu et al., 2020). In an
interesting experimental pilot test in a factory, cobots exhibiting more
social cues elicited workers' increased willingness to work with them
(Elprama et al., 2016). Another study investigating the effects of
social cues in HRC showed that workers in a manufacturing setting
rely significantly on social cues to understand the robot's behavior
(Sauppé & Mutlu, 2015). It is interesting to note that these social
elements do not only have an impact on workers' perceived trust, but
may also increase feelings of physical safety and protection (Bergman
et al., 2019).

3.9 | Liveware factors

Liveware (L), representing humans and their intrinsic characteristics,
is the most flexible component of the SHELLO model (Croft et al,,
2017). It includes all factors intrinsically related to the human
operator, and not necessarily associated to a specific interaction. In
the modern industrial framework, despite high automation, the role
of the human worker remains crucial to grant an optimal workflow
and avoid unsuccessful implementation of new technologies, which
lead people to feel neglected, frustrated, and overpowered (Braganca
et al., 2019). The intrinsic factors affecting the Liveware component
investigated in the reviewed studies are both physical and cognitive.
The most frequently mentioned factors were related to mental
processes, especially the ability to adapt to new situations and
cognitive load (Rajavenkatanarayanan et al., 2020). Knowledge and
training of the workforce are also mentioned (Kildal et al., 2018). An
online questionnaire completed by workers from different industries
identified soft skills such as continuous development and problem-
solving as crucial (Leitao et al., 2020). Meissner et al. suggested that
knowledge and experience, trust and interest in robots, personality,

and moral values are also important to increase acceptance of HRC in
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assembly environments. Trust in robots is also a vital aspect of the
HRI relationship. Cobot workers should trust the safety strategy
adopted during a task, and should also have confidence that cobots

will not harm their welfare and interests (Kadir et al., 2018).

4 | DISCUSSION

In the Industry 4.0 era, manufacturing enterprises are facing the
challenge of aligning themselves to a new digital transformation
without moving the human worker from the central role he/she
deserves. We reviewed existing literature with the aim of investigat-
ing the state of the art related to physical and mental health and well-
being of workers interacting with collaborative robots. We identified
a list of factors discussed in recent publications, and we provided a
sociotechnical systems perspective by proposing a possible classifi-
cation using the SHELLO model. As confirmed by recent literature on
HFE, such a socio-technical perspective may help to overcome the
traditional techno-centric approach to HRC, focused mainly on
physical and safety-related aspects and less on the implications
related to the nature of the collaborative work, where the “coagency”
is the unit of analysis (Adriaensen et al., 2021).

Recent reviews in the field of HFE and cobot implementation
have focused on specific interactions which take place in socio-
technical systems: for example, two reviews focused on the
applications and features of HRC from a task planning and operations
management perspective, that we classified as L-S interaction
(Hashemi-Petroodi et al., 2020; Tsarouchi et al., 2016). Another
review demonstrated that HFE issues are rarely considered as
requirement when designing collaborative robotic workstations,
suggesting that further work should be undertaken to create a
comprehensive framework to allow an assessment of both physical
and mental workload during human-cobot interaction (Cardoso et al.,
2021). Several authors reviewed methods to ensure physical safety in
industrial HRC applications (Reddy et al., 2019; Robla-Gomez et al.,
2017), without considering aspects related to mental health.
Matheson et al. (2019) identified 35 case studies of industrial
applications, grouping them into three broad categories based on
their focus: productivity, safety, or human-robot interaction. A
further classification of research themes in industrial collaborative
robotics was performed by Hentout et al. (2019), who grouped the
reviewed papers into 7 categories and 39 subcategories ranked from
an architectural vantage point, including safety, and cognitive
human-robot interaction. A review focused on poorly designed
human-machine interactions as potential risk factors for emotional
and mental stress (Robelski & Wischniewski, 2016), suggesting that
future research should focus on a detailed description of
human-machine systems to gain a comprehensive understanding of
their interactions. In one of the most recent and comprehensive
reviews, Gualtieri et al. (2021) looked at emerging themes in safety
and ergonomics in industrial collaborative robotics, identifying risks
such as contact avoidance, detection and mitigation (L-H factors),

task scheduling, and motion planning (L-S factors), minimization of

work-related psychosocial risks including acceptability of the
collaborative systems by human coworkers. The authors conclude
that the most developed research category is safety, even though
cognitive and organizational ergonomics have been growing signifi-
cantly in the last years. This has been confirmed by a recent
experimental study looking at human factors during the implementa-
tion of cobots in distribution centers, focusing specifically on
resistance to change, organizational culture, and leadership
(Lambrechts et al., 2021).

Looking at the larger picture of Industry 4.0, a review highlighted
that most articles focus on the technologies driving this revolution,
rather than on worker's health and safety: Kadir et al. (2018) applied a
broader search for contributions in the field of HFE applied to
Industry 4.0 and found that only a minority of the 40 papers
reviewed were journal articles. Our review, too, included a significant
number of conference proceedings, confirming that the quality of
literature looking at mental and physical aspects of HRC is still
growing (Kadir et al., 2018).

Compared to the mentioned reviews, our study classified all
identified factors into a model such as the SHELLO to provide a more
comprehensive picture of the sociotechnical system in which the
HRC occurs. Our grouping is in no way univocal but it allowed to
identify which aspects received greater attention in the scientific
literature. Our review confirms that safety issues related to the
physical interaction with the cobot, which we classified into the L-H
SHELLO interaction, are the predominant topic. However, a growing
research area on motion planning and predictability and its influence
on the psychological state of the worker has also emerged. We also
showed that there is a need for more research into factors affecting
mental health and well-being, which are still poorly investigated and
mostly address the remaining SHELLO interactions. The systemic
human factors approach given by such a socio-technical perspective
provides insights for the design, implementation and operation of
cobot systems that may not be achieved through traditional
nonsystemic methods.

4.1 | The SHELLO model: Value and limitations

The SHELLO model helps to identify and examine the individual
psychological and behavioral elements that play an important role in
complex sociotechnical systems (Croft et al., 2017; Metso et al.,
2016). This global and systemic investigation approach is in line with
the Reason model of error (Reason, 2000), highlighting the
complexity of human-system interactions (Molloy & O'Boyle, 2005).

The SHELLO allowed to achieve a further aim of this study,
which was to establish how the classification of within- the model
factors would relate with the implications for physical and/or mental
health that were discussed in each of the reviewed papers. Our
findings suggest that factors associated to the interaction between
the human operator and the physical components of the system
(the L-H interaction) are predominantly investigated in view of their

impact on physical safety and are still influenced by a classic
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“hard-safety” approach, while factors classified in all other SHELLO
components were predominantly associated to mental and psycho-
logical health and well-being.

We also identified drawbacks and limitations concerning the use
of the SHELLO model. The classification of factors was not always
straightforward, and considerable discussion was needed to reach a
consensus among authors regarding some of these factors. In
addition, the aspect of social interaction between the cobot and
the worker was hardly classifiable using the classic SHELLO
subdivision. We decided to extend the definition of Liveware to
include this facet, but we acknowledge the potential limits of such
approach. Finally, the SHELLO is a broad descriptive model, allowing
for a structured classification of data but not providing a systematic
methodology to analyze and sort the classified factors.

Further limitations of the present work concern methodological
aspects. The search strategy could be improved by including the
terms “human factors” and “ergonomics” to better address HFE
aspects. In addition, the use of the term “Industry 4.0” as an
alternative for within the word group associated to workplaces may
be misleading since it is not strictly synonym, but rather a
phenomenon and trend of modern industrial reality.

We also decided to exclude secondary sources such as reviews
from the literature search to focus exclusively on the scientific basis
provided by primary sources. However, for this reason, some relevant

papers may not have been considered in the present review.

5 | CONCLUSIONS

The overall aim of this study was to provide a global view of factors
highlighted in the scientific literature as affecting physical and mental
health of workers during HRC, by taking into account social and
organizational aspects, too. In the current scenario of human-cobot
interaction and collaboration, our work confirmed that methodo-
logical research is still primarily focused on traditional risk assessment
and physical safety, which are major issues for cobot producers and
users. However, the present scoping review highlighted several
research directions concerning the design of cobots as active
collaborators which also promote workers' mental health and well-
being. We believe that the systemic approach characterizing the
SHELLO model can be useful for the classification of factors affecting
workers' health in modern industries using cobots, and can assist
researchers in finding new topics and systematically addressing

existing gaps.

ACKNOWLEDGMENTS

The project leading to this review has received funding from the
European Union's Horizon 2020 research and innovation programme,
under grant agreement No 847926 (Mindbot: Mental Health
promotion of cobot Workers in Industry 4.0). This study was also
supported by the Italian Ministry of Health (Ricerca Corrente 2022 to
Dr. E. Biffi).

DATA AVAILABILITY STATEMENT
The data that supports the findings of this study are available in the

supplementary material of this article.

ORCID

Fabio A. Storm https://orcid.org/0000-0002-5977-8090

REFERENCES

Adriaensen, F., Costantino, G., Di Gravio, R., & Patriarca, A. (2021).
Teaming with industrial cobots: A socio-technical perspective on
safety analysis. Human Factors and Ergonomics in Manufacturing &
Service Industries, 32(2), 173-198. https://doi.org/10.1002/hfm.
20939

Anand, G., Rahul, E. S., & Bhavani, R. R. (2018). A sensor framework for
human-robot collaboration in industrial robot work-cell. 2017
International Conference on Intelligent Computing, Instrumentation
and Control Technologies, ICICICT 2017, 2018-Janua, 715-720.
https://doi.org/10.1109/ICICICT1.2017.8342652

Antunes, P., Bandeira, R., Carrico, L., Zurita, G., Baloian, N., & Vogt, R.
(2008). Risk assessment in healthcare collaborative settings: A case
study using SHELL. Lecture Notes in Computer Science (Including
Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics), 5411, 65-73. https://doi.org/10.1007/978-3-540-
92831-7_6

Arnold, C., Kiel, D., & Voigt, K. I. (2016). How the industrial internet of
things changes business models in different manufacturing
industries. International Journal of Innovation Management, 20,
1640015. https://doi.org/10.1142/51363919616400156

Bergman, M., De Joode, E., De Geus, M., & Sturm, J. (2019). Human-cobot
teams: Exploring design principles and behaviour models to facilitate
the understanding of non-verbal communication from cobots. CHIRA
2019—Proceedings of the 3rd International Conference on Computer-
Human Interaction Research and Applications, Chira, 191-198.
https://doi.org/10.5220/0008363201910198

Biermann, H., Brauner, P., & Ziefle, M. (2021). How context and design
shape human-robot trust and attributions. Paladyn, Journal of
Behavioral Robotics, 12(1), 74-86. https://doi.org/10.1515/pjbr-
2021-0008

Braganca, S., Costa, E., Castellucci, ., & Azeres, P. M. (2019). A brief
overview of the use of collaborative robots in industry 4.0: Human
role and safety. Occupational and Environmental Safety and Health,
202, 701-709. https://doi.org/10.1007/978-3-030-14730-3

Brun, L., & Wioland, L. (2021). Prevention of occupational risks related to
the human-robot collaboration. Advances in Intelligent Systems and
Computing, 1253, 441-446. https://doi.org/10.1007/978-3-030-
55307-4_67

Carayon, P. (2006). Human factors of complex sociotechnical systems.
Applied Ergonomics, 37(4), 525-535. https://doi.org/10.1016/j.
apergo.2006.04.011

Carayon, P., Hancock, P., Leveson, N., Noy, I, Sznelwar, L, &
van Hootegem, G. (2015). Advancing a sociotechnical systems
approach to workplace safety—Developing the conceptual
framework. Ergonomics, 58(4), 548-564. https://doi.org/10.1080/
00140139.2015.1015623

Cardoso, A., Colim, A, Bicho, E., Braga, A. C., Menozzi, M., & Arezes, P.
(2021). Ergonomics and human factors as a requirement to
implement safer collaborative robotic workstations: A literature
review. Safety, 7(4), 71. https://doi.org/10.3390/safety7040071

Cerqueira, S. M., Da Silva, A. F., & Santos, C. P. (2020). Smart vest for real-
time postural biofeedback and ergonomic risk assessment. [EEE
Access, 8, 107583-107592. https://doi.org/10.1109/ACCESS.2020.
3000673

ASUAOIT suowwo)) aanear) ajqedsrjdde ayy £q pauraAoS a1e saonIe Y fasn Jo sa|ni 10J AIeIqIT aul[uQ A3[IA| UO (SUOHIPUOI-PUB-SULIA)/WOD"KA[IM"AIRIqI[aul[u0//:sd)Ny) SUONIPUO) pue SWLIA [, ) 23S *[$707/T1/+0] uo A1eiqi auruQ Aa[ipy ‘Sings3ny [qiqsioensioatun £q 5607 WIY/Z001 0 1/10p/wod Kajim Areiqrjaur[uo,/:sdiy woly papeojumo( ‘s ‘770z ‘#95907S1


https://orcid.org/0000-0002-5977-8090
https://doi.org/10.1002/hfm.20939
https://doi.org/10.1002/hfm.20939
https://doi.org/10.1109/ICICICT1.2017.8342652
https://doi.org/10.1007/978-3-540-92831-7_6
https://doi.org/10.1007/978-3-540-92831-7_6
https://doi.org/10.1142/S1363919616400156
https://doi.org/10.5220/0008363201910198
https://doi.org/10.1515/pjbr-2021-0008
https://doi.org/10.1515/pjbr-2021-0008
https://doi.org/10.1007/978-3-030-14730-3
https://doi.org/10.1007/978-3-030-55307-4_67
https://doi.org/10.1007/978-3-030-55307-4_67
https://doi.org/10.1016/j.apergo.2006.04.011
https://doi.org/10.1016/j.apergo.2006.04.011
https://doi.org/10.1080/00140139.2015.1015623
https://doi.org/10.1080/00140139.2015.1015623
https://doi.org/10.3390/safety7040071
https://doi.org/10.1109/ACCESS.2020.3000673
https://doi.org/10.1109/ACCESS.2020.3000673

STORM ET AL

Chang, Y. H., & Wang, Y. C. (2010). Significant human risk factors in
aircraft maintenance technicians. Safety Science, 48(1), 54-62.
https://doi.org/10.1016/j.ssci.2009.05.004

Charalambous, G., Fletcher, S., & Webb, P. (2015). Identifying the key
organisational human factors for introducing human-robot
collaboration in industry: An exploratory study. International
Journal of Advanced Manufacturing Technology, 81(9-12),
2143-2155. https://doi.org/10.1007/s00170-015-7335-4

Chen, K. H., Chang, F. H., & Kenny, C. W. (2013). Investigating the
wellness tourism factors in hot spring hotel customer service.
International Journal of Contemporary Hospitality Management, 25(7),
1092-1114. https://doi.org/10.1108/IJCHM-06-2012-0086

Colquhoun, H. L., Levac, D., O'Brien, K. K., Straus, S., Tricco, A. C., Perrier, L.,
Kastner, M., & Moher, D. (2014). Scoping reviews: Time for clarity in
definition, methods, and reporting. Journal of Clinical Epidemiology, 67(12),
1291-1294. https://doi.org/10.1016/j.jclinepi.2014.03.013

Corrales, J. A., Garcia Gomez, G. J,, Torres, F., & Perdereau, V. (2012).
Cooperative tasks between humans and robots in industrial
environments. International Journal of Advanced Robotic Systems, 9,
94. https://doi.org/10.5772/50988

Croft, H., Nesbitt, K., Rasiah, R., Levett-Jones, T., & Gilligan, C. (2017).
Safe dispensing in community pharmacies: Applying the software,
hardware, environment and liveware (SHELL) model. Clinical
Pharmacist, 9(7), 1-27. https://doi.org/10.1211/CP.2017.20202919

Cross, E. S., Hortensius, R., & Wykowska, A. (2019). From social brains to
social robots: Applying neurocognitive insights to human-robot
interaction. Philosophical Transactions of the Royal Society B:
Biological Sciences, 374, 20180024. https://doi.org/10.1098/rstb.
2018.0024

Edwards, E. (1972). Man and machine: Systems for safety. Proceedings of
British Airline Pilots Association Technical Symposium, 21-36.

Eimontaite, I., Gwilt, I., Cameron, D., Aitken, J. M., Rolph, J., Mokaram, S.,
& Law, J. (2019). Language-free graphical signage improves human
performance and reduces anxiety when working collaboratively with
robots. International Journal of Advanced Manufacturing Technology,
100(1-4), 55-73. https://doi.org/10.1007/s00170-018-2625-2

El Makrini, I., Merckaert, K., Lefeber, D., & Vanderborght, B. (2017).
Design of a collaborative architecture for human-robot assembly
tasks. IEEE International Conference on Intelligent Robots and Systems,
1624-1629. https://doi.org/10.1109/IR0OS.2017.8205971

Elprama, S. A., Jewell, C. I. C., Jacobs, A., El Makrini, I., & Vanderborght, B.
(2017). Attitudes of factory workers towards industrial and
collaborative robots. ACM/IEEE International Conference on Human-
Robot Interaction, December 2018. 113-114. https://doi.org/10.
1145/3029798.3038309

Elprama, S. A., Makrini, I. El, Vanderborght, B., & Jacobs, A. (2016).
Acceptance of collaborative robots by factory workers: A pilot study
on the importance of social cues of anthropomorphic robots. 25th
IEEE International Symposium on Robot and Human Interactive
Communication (ROMAN), December 2018.

Etzi, R., Huang, S., Scurati, G. W., Lyu, S., Ferrise, F., Gallace, A.,
Gaggioli, A., Chirico, A., Carulli, M., & Bordegoni, M. (2019). Using
virtual reality to test human-robot interaction during a collaborative
task. Proceedings of the ASME Design Engineering Technical
Conference, 1(August). https://doi.org/10.1115/DETC2019-97415

Flacco, F., Kroeger, T., De Luca, A, & Khatib, O. (2015). A depth space
approach for evaluating distance to objects. Journal of Intelligent &
Robotic Systems, 80, 7-22. https://doi.org/10.1007/s10846-014-0146-2

Fletcher, S. R., Johnson, T. L., & Larreina, J. (2019). Putting people and
robots together in manufacturing: Are we ready? Intelligent Systems,
Control and Automation: Science and Engineering. 95, 135-147.
https://doi.org/10.1007/978-3-030-12524-0_12

Fratczak, P., Goh, Y. M., Kinnell, P., Justham, L., & Soltoggio, A. (2020).
Virtual reality study of human adaptability in industrial human-robot
collaboration. Proceedings of the 2020 IEEE International Conference

433
Wi LEY—‘—

on Human-Machine Systems, ICHMS 2020. https://doi.org/10.1109/
ICHMS49158.2020.9209558

Gombolay, M., Bair, A., Huang, C., & Shah, J. (2017). Computational design
of mixed-initiative human-robot teaming that considers human
factors: Situational awareness, workload, and workflow preferences.
International Journal of Robotics Research, 36(5-7), 597-617. https://
doi.org/10.1177/0278364916688255

Gualtieri, L., Rauch, E., & Vidoni, R. (2021). Emerging research fields in
safety and ergonomics in industrial collaborative robotics: A
systematic literature review. Robotics and Computer-Integrated
Manufacturing, 67(May), 101998. https://doi.org/10.1016/j.rcim.
2020.101998

Hashemi-Petroodi, S. E., Thevenin, S., Kovalev, S., & Dolgui, A. (2020).
Operations management issues in design and control of hybrid
human-robot collaborative manufacturing systems: A survey. Annual
Reviews in Control, 49, 264-276. https://doi.org/10.1016/j.
arcontrol.2020.04.009

Hawkins, F. H. (1987). Human factors in flight. Gower Technical Press.

Hentout, A., Aouache, M., Maoudj, A., & AKkli, I. (2019). Human-robot
interaction in industrial collaborative robotics: A literature
review of the decade 2008-2017. Advanced Robotics, 33(15-16),
764-799. https://doi.org/10.1080/01691864.2019.1636714

Hietanen, A., Pieters, R., Lanz, M., Latokartano, J., & Kamariinen, J. K.
(2020). AR-based interaction for human-robot collaborative
manufacturing. Robotics and Computer-Integrated Manufacturing,
63(November), 101891. https://doi.org/10.1016/j.rcim.2019.
101891

Hu, Y., Benallegue, M., Venture, G., & Yoshida, E. (2020). Interact with me:
An exploratory study on interaction factors for active physical
human-robot interaction. IEEE Robotics and Automation Letters, 5(4),
6764-6771. https://doi.org/10.1109/LRA.2020.3017475

1ISO 10218-1. (2014). Robots and robotic devices—Safety requirements for
industrial robots—Part 1: Robots.

1ISO 10218-2. (2006). Robots and robotic devices—Safety requirements for
industrial robots—Part 2: Robot systems and integration.

1ISO 8373. (2012). Robots and robotic devices—Vocabulary.

ISO/TS 15066. (2016). Robots and robotic devices—Collaborative robots.
https://www.iso.org/standard/62996.html

Kadir, B. A., Broberg, O., & Souza Da Conceicdo, C. (2018). Designing
human-robot collaborations in industry 4.0: Explorative case studies.
Proceedings of International Design Conference, 2(May), 601-610.
https://doi.org/10.21278/idc.2018.0319

Kawano, R. (1997). Steps toward the realization of “human-centered
systems” - an overview of the human factors activities at TEPCO.
Proceedings of the 1997 IEEE Sixth Conference on Human Factors and
Power Plants, 1997, 27-32. https://doi.org/10.1109/HFPP.1997.
624880

Kegel, P. (2017). The impact of the physical work environment on
organizational outcomes: A structured review of the literature.
Journal of Facility Management Education and Research, 1(1), 19-29.
https://doi.org/10.22361/jfmer/76637

Khalid, A., Kirisci, P. T., & Ghrairi, Z. (2016). Safety requirements in
collaborative human robot cyber physical system. In J. P. Michael
Freitag, & H. Kotzab (Eds.), 5th International Conference on
Dynamics in Logistics (LDIC 2016é). Springer International
Publishing. https://doi.org/10.1007/978-3-319-45117-6

Khalifa, G., Sharif, Z., Sultan, M., & Di Rezze, B. (2020). Workplace
accommodations for adults with autism spectrum disorder: A
scoping review. Disability and Rehabilitation, 42(9), 1316-1331.
https://doi.org/10.1080/09638288.2018.1527952

Kildal, J., Tellaeche, A., Fernandez, |., & Maurtua, |. (2018). Potential users'
key concerns and expectations for the adoption of cobots. Procedia
CIRP, 72, 21-26. https://doi.org/10.1016/j.procir.2018.03.104

Kim, W., Peternel, L., Lorenzini, M., Babi¢, J., & Ajoudani, A. (2021). A
human-robot collaboration framework for improving ergonomics

ASUAOIT suowwo)) aanear) ajqedsrjdde ayy £q pauraAoS a1e saonIe Y fasn Jo sa|ni 10J AIeIqIT aul[uQ A3[IA| UO (SUOHIPUOI-PUB-SULIA)/WOD"KA[IM"AIRIqI[aul[u0//:sd)Ny) SUONIPUO) pue SWLIA [, ) 23S *[$707/T1/+0] uo A1eiqi auruQ Aa[ipy ‘Sings3ny [qiqsioensioatun £q 5607 WIY/Z001 0 1/10p/wod Kajim Areiqrjaur[uo,/:sdiy woly papeojumo( ‘s ‘770z ‘#95907S1


https://doi.org/10.1016/j.ssci.2009.05.004
https://doi.org/10.1007/s00170-015-7335-4
https://doi.org/10.1108/IJCHM-06-2012-0086
https://doi.org/10.1016/j.jclinepi.2014.03.013
https://doi.org/10.5772/50988
https://doi.org/10.1211/CP.2017.20202919
https://doi.org/10.1098/rstb.2018.0024
https://doi.org/10.1098/rstb.2018.0024
https://doi.org/10.1007/s00170-018-2625-2
https://doi.org/10.1109/IROS.2017.8205971
https://doi.org/10.1145/3029798.3038309
https://doi.org/10.1145/3029798.3038309
https://doi.org/10.1115/DETC2019-97415
https://doi.org/10.1007/s10846-014-0146-2
https://doi.org/10.1007/978-3-030-12524-0_12
https://doi.org/10.1109/ICHMS49158.2020.9209558
https://doi.org/10.1109/ICHMS49158.2020.9209558
https://doi.org/10.1177/0278364916688255
https://doi.org/10.1177/0278364916688255
https://doi.org/10.1016/j.rcim.2020.101998
https://doi.org/10.1016/j.rcim.2020.101998
https://doi.org/10.1016/j.arcontrol.2020.04.009
https://doi.org/10.1016/j.arcontrol.2020.04.009
https://doi.org/10.1080/01691864.2019.1636714
https://doi.org/10.1016/j.rcim.2019.101891
https://doi.org/10.1016/j.rcim.2019.101891
https://doi.org/10.1109/LRA.2020.3017475
https://www.iso.org/standard/62996.html
https://doi.org/10.21278/idc.2018.0319
https://doi.org/10.1109/HFPP.1997.624880
https://doi.org/10.1109/HFPP.1997.624880
https://doi.org/10.22361/jfmer/76637
https://doi.org/10.1007/978-3-319-45117-6
https://doi.org/10.1080/09638288.2018.1527952
https://doi.org/10.1016/j.procir.2018.03.104

STORM ET AL.

ﬂ‘—Wl LEY

during dexterous operation of power tools. Robotics and Computer-
Integrated Manufacturing, 68(December), 102084. https://doi.org/
10.1016/j.rcim.2020.102084

Kong, M., & Yu, G. (2014). Collision detection algorithm for dual-robot
system. 2014 IEEE International Conference on Mechatronics and
Automation, IEEE ICMA 2014, 2083-2088. https://doi.org/10.1109/
ICMA.2014.6886025

Koppenborg, M., Nickel, P., Naber, B., Lungfiel, A., & Huelke, M. (2017).
Effects of movement speed and predictability in human-robot
collaboration. Human Factors and Ergonomics in Manufacturing, 27(4),
197-209. https://doi.org/10.1002/hfm.20703

Lambrechts, W., Klaver, J. S., Koudijzer, L., & Semeijn, J. (2021). Human factors
influencing the implementation of cobots in high volume distribution
centres. Logistics, 5(2), 32. https://doi.org/10.3390/logistics5020032

Landi, C. T., Villani, V., Ferraguti, F., Sabattini, L., Secchi, C., & Fantuzzi, C.
(2018). Relieving operators' workload: Towards affective robotics in
industrial scenarios. Mechatronics, 54(2017), 144-154. https://doi.
org/10.1016/j.mechatronics.2018.07.012

Lasota, P. A, & Shah, J. A. (2015). Analyzing the effects of human-aware
motion planning on close-proximity human-robot collaboration. Human
Factors, 57(1), 21-33. https://doi.org/10.1177/0018720814565188

Leitao, P., Geraldes, C. A. S., Fernandes, F. P., & Badikyan, H. (2020). Analysis of
the workforce skills for the factories of the future. Proceedings—2020
IEEE Conference on Industrial Cyberphysical Systems, ICPS 2020, 353-358.
https://doi.org/10.1109/ICPS48405.2020.9274757

Licu, T., Cioran, F., Hayward, B., & Lowe, A. (2007). EUROCONTROL—
Systemic Occurrence Analysis Methodology (SOAM)-A “Reason”-
based organisational methodology for analysing incidents and
accidents. Reliability ~Engineering and System Safety, 92(9),
1162-1169. https://doi.org/10.1016/j.ress.2006.08.010

Lindblom, J., & Alenljung, B. (2020). The anemone: Theoretical
foundations for UX evaluation of action and intention recognition
in human-robot interaction. Sensors (Switzerland), 20(15), 1-49.
https://doi.org/10.3390/s20154284

Long, P., Chevallereauo, C., Chablat, D., & Girin, A. (2018). An industrial
security system for human-robot coexistence. Industrial Robot, 45(2),
220-226. https://doi.org/10.1108/IR-09-2017-0165

Magrini, E., Ferraguti, F., Ronga, A. J,, Pini, F., De Luca, A., & Leali, F.
(2020). Human-robot coexistence and interaction in open industrial
cells. Robotics and Computer-Integrated Manufacturing, 61(June),
101846. https://doi.org/10.1016/j.rcim.2019.101846

Marvel, J. A., & Norcross, R. (2017). Implementing speed and separation
monitoring in collaborative robot work cells. Robotics and Computer-
Integrated Manufacturing, 44, 144-155. https://doi.org/10.1016/j.
rcim.2016.08.001

Mateus, J. C., Claeys, D., Limére, V., Cottyn, J., & Aghezzaf, E. H. (2019). A
structured methodology for the design of a human-robot
collaborative assembly workplace. International Journal of Advanced
Manufacturing Technology, 102(5-8), 2663-2681. https://doi.org/
10.1007/s00170-019-03356-3

Matheson, E., Minto, R., Zampieri, E. G. G., Faccio, M., & Rosati, G. (2019).
Human-robot collaboration in manufacturing applications: A review.
Robotics, 8(4), 1-25. https://doi.org/10.3390/robotics8040100

Maurtua, 1., Ibarguren, A., Kildal, J., Susperregi, L., & Sierra, B. (2017).
Human-robot collaboration in industrial applications: Safety,
interaction and trust. International Journal of Advanced Robotic
Systems, 14(4), 1-10. https://doi.org/10.1177/1729881417716010

Mays, N., Pope, C., & Popay, J. (2005). Systematically reviewing qualitative
and quantitative evidence to inform management and policy-making
in the health field. Journal of Health Services Research & Policy,
10(Suppl 1), 6-20. https://doi.org/10.1258/1355819054308576

Meissner, A., Tribswetter, A., Conti-Kufner, A. S., & Schmidtler, J. (2020).
Friend or foe? Understanding assembly workers' acceptance of
human-robot collaboration. ACM Transactions on Human-Robot
Interaction, 10(1), 1-30. https://doi.org/10.1145/3399433

Messeri, C., Zanchettin, A. M., Rocco, P., Gianotti, E., Chirico, A.,
Magoni, S., & Gaggioli, A. (2020). On the effects of leader-follower
roles in dyadic human-robot synchronisation. IEEE Transactions on
Cognitive and Developmental Systems, 8920(c), 1-10. https://doi.org/
10.1109/TCDS.2020.2991864

Metso, L., Marttonen, S., Thenent, N. E., & Newnes, L. B. (2016). Adapting
the SHEL model in investigating industrial maintenance. Journal of
Quality in Maintenance Engineering, 22(1), 62-80. https://doi.org/10.
1108/JQME-12-2014-0059

Mohammed, A., Schmidt, B., & Wang, L. (2017). Active collision avoidance
for human-robot collaboration driven by vision sensors. International
Journal of Computer Integrated Manufacturing, 30(9), 970-980.
https://doi.org/10.1080/0951192X.2016.1268269

Molloy, G. J., & O'Boyle, C. A. (2005). The SHELL model: A useful tool for
analyzing and teaching the contribution of human factors to medical
error. Academic Medicine, 80(2), 152-155. https://doi.org/10.1097/
00001888-200502000-00009

Mihlemeyer, C. (2020). Assessment and design of employees-cobot-
interaction. Advances in Intelligent Systems and Computing, 1018,
771-776. https://doi.org/10.1007/978-3-030-25629-6_120

Midiller, S. L., Stiehm, S., Jeschke, S., & Richert, A. (2017). Subjective stress
in hybrid collaboration. Lecture Notes in Computer Science (Including
Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics), 10652, 597-606. https://doi.org/10.1007/978-3-
319-70022-9_59

Neumann, W. P., Winkelhaus, S., Grosse, E. H., & Glock, C. H. (2021).
Industry 4.0 and the human factor—A systems framework and
analysis methodology for successful development. International
Journal of Production Economics, 233(November), 107992. https://
doi.org/10.1016/].ijpe.2020.107992

QOliff, H., Liu, Y., Kumar, M., & Williams, M. (2018). A framework of
integrating knowledge of human factors to facilitate HMI and
collaboration in intelligent manufacturing. Procedia CIRP, 72,
135-140. https://doi.org/10.1016/j.procir.2018.03.047

Ore, F., Vemula, B., Hanson, L., Wiktorsson, M., & Fagerstrém, B. (2019).
Simulation methodology for performance and safety evaluation of
human-industrial  robot collaboration  workstation  design.
International Journal of Intelligent Robotics and Applications, 3(3),
269-282. https://doi.org/10.1007/s41315-019-00097-0

Pang, G, Yang, G., Heng, W., Ye, Z,, Huang, X,, Yang, H. Y., & Pang, Z. (2021).
CoboSkin: Soft robot skin with variable stiffness for safer human-robot
collaboration. IEEE Transactions on Industrial ~Electronics, 68(4),
3303-3314. https://doi.org/10.1109/TIE.2020.2978728

Pearce, M., Mutlu, B., Shah, J., & Radwin, R. (2018). Optimizing makespan
and ergonomics in integrating collaborative robots into
manufacturing processes. I[EEE Transactions on Automation Science
and Engineering, 15(4), 1772-1784. https://doi.org/10.1109/TASE.
2018.2789820

Peshkin, M., & Colgate, J. E. (1999). Cobots. Industrial Robot, 26, 335-341.
https://doi.org/10.1108/01439919910283722

Petruck, H., Faber, M., Giese, H., Geibel, M., Mostert, S., Usai, M.,
Mertens, A., & Brandl, C. (2019). Human-robot collaboration in
manual assembly—A collaborative workplace. Advances in Intelligent
Systems and Computing. 825, 21-28. https://doi.org/10.1007/978-
3-319-96068-5_3

Pollak, A., Paliga, M., Pulopulos, M. M., Kozusznik, B., & Kozusznik, M. W.
(2020). Stress in manual and autonomous modes of collaboration
with a cobot. Computers in Human Behavior, 112(January), 106469.
https://doi.org/10.1016/j.chb.2020.106469

Popay, J., Roberts, H., Sowden, A., Petticrew, M., Arai, L., Rodgers, M.,
Britten, N., Roen, K., & Duffy, S. (2006). Guidance on the conduct of
narrative synthesis in systematic reviews: Final report. ESRC Methods
Programme. http://www.esrc.ac.uk/ESRCInfoCentre/index.aspx

Rajavenkatanarayanan, A., Nambiappan, H. R, Kyrarini, M., & Makedon, F.
(2020). Towards a real-time cognitive load assessment system for

ASUAOIT suowwo)) aanear) ajqedsrjdde ayy £q pauraAoS a1e saonIe Y fasn Jo sa|ni 10J AIeIqIT aul[uQ A3[IA| UO (SUOHIPUOI-PUB-SULIA)/WOD"KA[IM"AIRIqI[aul[u0//:sd)Ny) SUONIPUO) pue SWLIA [, ) 23S *[$707/T1/+0] uo A1eiqi auruQ Aa[ipy ‘Sings3ny [qiqsioensioatun £q 5607 WIY/Z001 0 1/10p/wod Kajim Areiqrjaur[uo,/:sdiy woly papeojumo( ‘s ‘770z ‘#95907S1


https://doi.org/10.1016/j.rcim.2020.102084
https://doi.org/10.1016/j.rcim.2020.102084
https://doi.org/10.1109/ICMA.2014.6886025
https://doi.org/10.1109/ICMA.2014.6886025
https://doi.org/10.1002/hfm.20703
https://doi.org/10.3390/logistics5020032
https://doi.org/10.1016/j.mechatronics.2018.07.012
https://doi.org/10.1016/j.mechatronics.2018.07.012
https://doi.org/10.1177/0018720814565188
https://doi.org/10.1109/ICPS48405.2020.9274757
https://doi.org/10.1016/j.ress.2006.08.010
https://doi.org/10.3390/s20154284
https://doi.org/10.1108/IR-09-2017-0165
https://doi.org/10.1016/j.rcim.2019.101846
https://doi.org/10.1016/j.rcim.2016.08.001
https://doi.org/10.1016/j.rcim.2016.08.001
https://doi.org/10.1007/s00170-019-03356-3
https://doi.org/10.1007/s00170-019-03356-3
https://doi.org/10.3390/robotics8040100
https://doi.org/10.1177/1729881417716010
https://doi.org/10.1258/1355819054308576
https://doi.org/10.1145/3399433
https://doi.org/10.1109/TCDS.2020.2991864
https://doi.org/10.1109/TCDS.2020.2991864
https://doi.org/10.1108/JQME-12-2014-0059
https://doi.org/10.1108/JQME-12-2014-0059
https://doi.org/10.1080/0951192X.2016.1268269
https://doi.org/10.1097/00001888-200502000-00009
https://doi.org/10.1097/00001888-200502000-00009
https://doi.org/10.1007/978-3-030-25629-6_120
https://doi.org/10.1007/978-3-319-70022-9_59
https://doi.org/10.1007/978-3-319-70022-9_59
https://doi.org/10.1016/j.ijpe.2020.107992
https://doi.org/10.1016/j.ijpe.2020.107992
https://doi.org/10.1016/j.procir.2018.03.047
https://doi.org/10.1007/s41315-019-00097-0
https://doi.org/10.1109/TIE.2020.2978728
https://doi.org/10.1109/TASE.2018.2789820
https://doi.org/10.1109/TASE.2018.2789820
https://doi.org/10.1108/01439919910283722
https://doi.org/10.1007/978-3-319-96068-5_3
https://doi.org/10.1007/978-3-319-96068-5_3
https://doi.org/10.1016/j.chb.2020.106469
http://www.esrc.ac.uk/ESRCInfoCentre/index.aspx

STORM ET AL

industrial human-robot cooperation. 29th IEEE International Conference
on Robot and Human Interactive Communication, RO-MAN 2020,
698-705. https://doi.org/10.1109/RO-MAN47096.2020.9223531

Reason, J. (2000). Human error: Models and management. British Medical
Journal,  320(7237), 768-770. https://doi.org/10.1136/bm|.320.
7237.768

Reddy, A., Bright, G., & Padayachee, J. (2019). A review of safety methods
for human-robot collaboration and a proposed novel approach.
ICINCO 2019: Proceedings of the 16th International Conference on
Informatics in Control, Automation and Robotics, 1, 243-248. https://
doi.org/10.5220/0007840502430248

Reiman, A., Kaivo-oja, J., Parviainen, E., Takala, E. P., & Lauraeus, T. (2021).
Human factors and ergonomics in manufacturing in the industry 4.0
context—A scoping review. Technology in Society, 65(December),
101572. https://doi.org/10.1016/j.techsoc.2021.101572

Rizzo, A., Pasquini, A., Nucci, P. Di, & Bagnara, S. (2000). SHELFS: Managing
critical issues through experience feedback. Human Factors and
Ergonomics In Manufacturing, 10(1), 83-89. https://doi.org/10.1002/
(SICI)1520-6564(200024)10:1<83::AID-HFM5>3.0.CO;2-D

Robelski, S., & Wischniewski, S. (2016). Scoping review on human-
machine interaction and health and safety at work. Lecture Notes in
Computer Science (Including Subseries Lecture Notes in Artificial
Intelligence and Lecture Notes in Bioinformatics), 9752, 337-347.
https://doi.org/10.1007/978-3-319-39399-5

Robla-Gomez, S., Becerra, V. M,, Llata, J. R., Gonzalez-Sarabia, E., Torre-
Ferrero, C., & Perez-Oria, J. (2017). Working together: A review on
safe human-robot collaboration in industrial environments. IEEE
Access, 5, 26754-26773. https://doi.org/10.1109/ACCESS.2017.
2773127

Rojas, R. A., Wehrle, E., & Vidoni, R. (2020). A multicriteria motion
planning approach for combining smoothness and speed in
collaborative assembly systems. Applied Sciences (Switzerland),
10(15), 5086. https://doi.org/10.3390/app10155086

Rosen, P. H., & Wischniewski, S. (2018). Task design in human-robot-
interaction scenarios—Challenges from a human factors perspective.
Advances in Intelligent Systems and Computing, 592, 71-82. https://
doi.org/10.1007/978-3-319-60366-7_8

Sauppé, A., & Mutlu, B. (2015). The social impact of a robot co-worker in
industrial settings. Conference on Human Factors in Computing
Systems—Proceedings, 2015—April, 3613-3622. https://doi.org/10.
1145/2702123.2702181.

Schmidtler, J., Knott, V., Hélzel, C., & Bengler, K. (2015). Human centered
assistance applications for the working environment of the future.
Occupational Ergonomics, 12(3), 83-95. https://doi.org/10.3233/OER-
150226

Schmidtler, J., Sezgin, A., llla, T., & Bengler, K. (2015). Black or white?
Influence of robot arm contrast on distraction in human-robot
interaction. Lecture Notes in Computer Science (Including Subseries
Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics), 9174(August), 188-199. https://doi.org/10.1007/
978-3-319-20373-7_18

Sun, L., Dong, S., Ge, Y., Fonseca, J. P., Robinson, Z. T., Mysore, K. S., &
Mehta, P. (2019). Divenn: An interactive and integrated web-based
visualization tool for comparing gene lists. Frontiers in Genetics,
10(May), 1-6. https://doi.org/10.3389/fgene.2019.00421

Tausch, A, & Kluge, A. (2022). The best task allocation process is to decide on
one's own: Effects of the allocation agent in human-robot interaction on
perceived work characteristics and satisfaction. Cognition, Technology and
Work, 24(1), 39-55. https://doi.org/10.1007/s10111-020-00656-7

Terzioglu, Y., Mutlu, B., & Sahin, E. (2020). Designing social cues for
collaborative robots: The role of gaze and breathing in human-robot
collaboration. HRI '20: Proceedings of the 2020 ACM/IEEE

435
Wi LEY—‘—

International Conference on Human-Robot Interaction, 343-357.
https://doi.org/10.1145/3319502.3374829

Tricco, A. C,, Lillie, E., Zarin, W., O'Brien, K. K., Colquhoun, H., Levac, D.,
Moher, D., Peters, M. D. J.,, Horsley, T., Weeks, L., Hempel, S.,
Akl, E. A, Chang, C., McGowan, J., Stewart, L., Hartling, L.,
Aldcroft, A., Wilson, M. G., Garritty, C., & Straus, S. E. (2018).
PRISMA extension for scoping reviews (PRISMA-ScR): Checklist and
explanation. Annals of Internal Medicine, 169(7), 467-473. https://
doi.org/10.7326/M18-0850

Tsarouchi, P., Makris, S., & Chryssolouris, G. (2016). Human-robot interaction
review and challenges on task planning and programming. International
Journal of Computer Integrated Manufacturing, 29(8), 916-931. https://
doi.org/10.1080/0951192X.2015.1130251

Vicentini, F. (2020). Terminology in safety of collaborative robotics.
Robotics and Computer-Integrated Manufacturing, 63(November),
101921. https://doi.org/10.1016/j.rcim.2019.101921

Vischer, J. C. (2007). The effects of the physical environment on job
performance: Towards a theoretical model of workspace stress. Stress
and Health, 23(3), 175-184. https://doi.org/10.1002/smi.1134

Vogel, C., Walter, C., & Elkmann, N. (2013). A projection-based sensor
system for safe physical human-robot collaboration. IEEE
International Conference on Intelligent Robots and Systems,
5359-5364. https://doi.org/10.1109/IR0OS.2013.6697132

Welfare, K. S., Hallowell, M. R,, Shah, J. A, & Riek, L. D. (2019). Consider
the human work experience when integrating robotics in the
workplace. ACM/IEEE International Conference on Human-Robot
Interaction, 75-84. https://doi.org/10.1109/HRI.2019.8673139.

Wilson, J. R. (2000). Fundamentals of ergonomics in theory and practice.
Applied Ergonomics, 31(6), 557-567. https://doi.org/10.1016/S0003-
6870(00)00034-X

Wurhofer, D., Meneweger, T., Fuchsberger, V., & Tscheligi, M. (2015).
Deploying robots in a production environment: A study on temporal
transitions of workers' experiences. Human-Computer Interaction—
INTERACT, 203-220.

Yilma, B. A., Panetto, H., & Naudet, Y. (2019). A meta-model of cyber-
physical-social system: The CPSS paradigm to support human-
machine collaboration in industry 4.0. 20th IFIP WG 5.5 Working
Conference on Virtual Enterprises, 568(October), 245-258. https://
doi.org/10.1007/978-3-030-28464-0

Zhao, F., Henrichs, C., & Mutlu, B. (2020). Task interdependence in
human-robot teaming. 29th IEEE International Conference on Robot
and Human Interactive Communication, RO-MAN 2020, 1143-1149.
https://doi.org/10.1109/RO-MAN47096.2020.9223555

SUPPORTING INFORMATION
Additional supporting information can be found online in the

Supporting Information section at the end of this article.

How to cite this article: Storm, F. A., Chiappini, M., Dei, C.,
Piazza, C., André, E., ReiBner, N., Brdar, I., Delle Fave, A.,
Gebhard, P., Malosio, M., Pena Fernandez, A., Stefok, S., &
Reni, G. (2022). Physical and mental well-being of cobot
workers: A scoping review using the Software-Hardware-
Environment-Liveware-Liveware-Organization model. Human
Factors and Ergonomics in Manufacturing and Service Industries,
32, 419-435. https://doi.org/10.1002/hfm.20952

ASUAOIT suowwo)) aanear) ajqedsrjdde ayy £q pauraAoS a1e saonIe Y fasn Jo sa|ni 10J AIeIqIT aul[uQ A3[IA| UO (SUOHIPUOI-PUB-SULIA)/WOD"KA[IM"AIRIqI[aul[u0//:sd)Ny) SUONIPUO) pue SWLIA [, ) 23S *[$707/T1/+0] uo A1eiqi auruQ Aa[ipy ‘Sings3ny [qiqsioensioatun £q 5607 WIY/Z001 0 1/10p/wod Kajim Areiqrjaur[uo,/:sdiy woly papeojumo( ‘s ‘770z ‘#95907S1


https://doi.org/10.1109/RO-MAN47096.2020.9223531
https://doi.org/10.1136/bmj.320.7237.768
https://doi.org/10.1136/bmj.320.7237.768
https://doi.org/10.5220/0007840502430248
https://doi.org/10.5220/0007840502430248
https://doi.org/10.1016/j.techsoc.2021.101572
https://doi.org/10.1002/(SICI)1520-6564(200024)10:1%3C83::AID-HFM5%3E3.0.CO;2-D
https://doi.org/10.1002/(SICI)1520-6564(200024)10:1%3C83::AID-HFM5%3E3.0.CO;2-D
https://doi.org/10.1007/978-3-319-39399-5
https://doi.org/10.1109/ACCESS.2017.2773127
https://doi.org/10.1109/ACCESS.2017.2773127
https://doi.org/10.3390/app10155086
https://doi.org/10.1007/978-3-319-60366-7_8
https://doi.org/10.1007/978-3-319-60366-7_8
https://doi.org/10.1145/2702123.2702181
https://doi.org/10.1145/2702123.2702181
https://doi.org/10.3233/OER-150226
https://doi.org/10.3233/OER-150226
https://doi.org/10.1007/978-3-319-20373-7_18
https://doi.org/10.1007/978-3-319-20373-7_18
https://doi.org/10.3389/fgene.2019.00421
https://doi.org/10.1007/s10111-020-00656-7
https://doi.org/10.1145/3319502.3374829
https://doi.org/10.7326/M18-0850
https://doi.org/10.7326/M18-0850
https://doi.org/10.1080/0951192X.2015.1130251
https://doi.org/10.1080/0951192X.2015.1130251
https://doi.org/10.1016/j.rcim.2019.101921
https://doi.org/10.1002/smi.1134
https://doi.org/10.1109/IROS.2013.6697132
https://doi.org/10.1109/HRI.2019.8673139
https://doi.org/10.1016/S0003-6870(00)00034-X
https://doi.org/10.1016/S0003-6870(00)00034-X
https://doi.org/10.1007/978-3-030-28464-0
https://doi.org/10.1007/978-3-030-28464-0
https://doi.org/10.1109/RO-MAN47096.2020.9223555
https://doi.org/10.1002/hfm.20952



