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ABSTRACT

This paper presents an in-depth exploration of Human-Robot Collaborative Systems (HRCSs) within industrial
environments, a dynamic field that has witnessed significant advancements due to technological innovation and
the increasing integration of Artificial Intelligence (AI). As industries evolve towards more collaborative and
adaptive manufacturing systems, the dynamic interaction between humans and robots becomes pivotal. This
study reviews the current state of HRCSs, focusing on the challenges of task allocation and skill alignment, safety,
trust, and the psychological wellbeing of human workers. We review control strategies and architectural
frameworks that underpin effective human-robot interactions (HRI), emphasising the critical role of Al in
enhancing decision-making processes and the adaptability of collaborative efforts. Our review sheds light on the
complexities involved in designing HRCSs that are not only efficient but also cognisant of the human experience,
advocating for a balanced approach that leverages the strengths of both human and robotic counterparts. We
argue that research in and implications of HRCSs should extend beyond technical considerations, touching on
ethical, social, and organisational dimensions, thereby contributing to the broader discourse on the future of
work in the era of Industry 4.0 and future Industry 5.0.

1. Introduction

In recent years, we have witnessed a rapid advancement in digital
technology and robotics, signifying the advent of what has been coined
as Industry 4.0 (1.4.0) [1]. This fourth industrial revolution is reshaping
traditional industries, transforming not only the processes and systems
but also the very essence of work, communication, and our relationship
with technology [2] 1.4.0 is characterised by a pervasive digital trans-
formation that encompasses various technologies such as Machine
Learning (ML)/Artificial Intelligence (AI), Cyber-Physical Systems,
Internet of Things (IoT), and Big Data Analytics [1]. These innovations
are particularly evident in the manufacturing sector, where the surge in
automation and robotics is driving a paradigm shift in workspace design
and operational efficiency.

A significant development in industrial automation is the emergence
of collaborative robots, or cobots [3]. Unlike traditional industrial robots
- typically confined to isolated environments for mass production -
collaborative robots are manufactured to operate safely alongside

* Corresponding author.
E-mail address: s.asif@cranfield.ac.uk (S. Asif).

https://doi.org/10.1016/j.rcim.2025.103102

human workers in shared workspaces. They are particularly suited for
taking over repetitive, ergonomically hazardous tasks, while accom-
modating varying batch sizes, and fulfilling specific production re-
quirements [4-6]. Critically, their operational agility - manifested in the
ability to adjust to diverse workstation environments and shifting
manufacturing needs - has become essential for sustaining competi-
tiveness in dynamic industrial contexts [7,8].

In this evolving landscape, the integration of collaborative applica-
tions on the shop floor—and the potential for effective human-robot
collaboration—has become a key driver of modern manufacturing pro-
cesses. Collaboration, in this context, refers to the process where humans
and collaborative robots work together within the same workspace,
interacting symbiotically to achieve common goals [9]. However, this
vision remains largely aspirational. In current manufacturing settings,
human-robot interaction often falls short of true collaboration. In many
cases, collaborative robots are deployed in separate areas, performing
tasks independently from human workers. These typically include ma-
terial handling, pick-and-place operations, packaging, and palletising
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[10]. Another work configuration includes that where cobots are inte-
grated into sequential workflows—such as those found in automotive
assembly lines [10] —executing predefined tasks that increase efficiency
and precision, while maintaining a clear division of labour. More
advanced forms of collaboration, where robots and human workers
engage in joint problem-solving or dynamic task sharing—such as a
robot anticipating and delivering tools in response to human
actions—remain rare in practice in manufacturing settings [11]. Ulti-
mately, the chosen work configuration carries significant implications
for task design, safety protocols, and the role of human work-
ers—making the selection of the collaborative setup a critical decision,
closely tied to the specific requirements and constraints of the industrial
application [12].

One key limitation lies in the current state of technology readiness.
While advances in embodied intelligence have improved robot percep-
tion and responsiveness, the capacity to reason, anticipate human intent,
and adapt to dynamically changing environments still remains limited.
Some argue that achieving such capabilities borders on the realm of
general artificial intelligence [13] —an ambitious objective that is un-
likely to be realised in the near future. Moreover, collaborative appli-
cations within manufacturing have only been widely introduced in the
past 10 to 15 years [14], and many organisations are still navigating a
steep learning curve. Understanding how to fully exploit the potential of
human-robot collaborative systems (HRCSs) requires not just techno-
logical investment, but organisational adaptation. Currently, cobots are
primarily deployed in tasks that mirror those previously carried out by
humans—a "remove and replace" strategy [10] —rather than being in-
tegrated in ways that leverage their unique affordances for enhancing
human capabilities or enabling new forms of work in HRCSs.

Looking ahead, the integration of collaborative robots in
manufacturing environments is expected to expand, and with it, so too
will the emphasis on refining the quality and depth of interaction be-
tween humans and robots on the shop floor [8,15]. To enable and sup-
port such developments, early consideration of the social, ethical, and
human factors challenges must become a strategic imperative. This
consideration aligns with the principles set forth by the European
Commission under the Industry 5.0 framework [16,17], which advo-
cates for a more human-centric model of industrial transformation. It
also represents a necessary counterbalance to the technology-driven
focus that has characterised Industry 4.0—reasserting the central role
of humans in shaping the future of industrial work [18].

In this regard, questions concerning the future of work and the role of
human contribution are central to ongoing debates in the field. While a
portion of the literature portrays human workers as passive recipients of
technological change—primarily in need of reskilling and vulnerable to
redeployment or job displacement [19]—a parallel and increasingly
prominent body of research highlights their critical value in unlocking
the full potential of industrial transformation [20-22]. While many in-
dustrial jobs will be impacted by automation—particularly through
smart, intelligence-powered robotic systems capable of greater auton-
omy and adaptability—there is growing consensus that full automation
of manufacturing processes remains unlikely. Instead, only specific tasks
are expected to be automated, with others continuing to depend on
human expertise [2]. In this view, human workers are not merely
adapting to automation but actively shaping its implementation, as they
bring resilience, contextual and tacit knowledge, and the capacity to
manage production variability, perform troubleshooting, and facilitate
the effective deployment of robots [23,24]. However, neglecting their
role and contributions risks undermining the effectiveness, sustainabil-
ity, and ethical grounding of future human-robot industrial systems.

Additional key enablers towards human-robot collaboration include
safety, control strategies, and architectural frameworks. Safety is a
multifaceted concept and a paramount concern. It involves deploying
advanced sensors, emergency stop mechanisms, and intuitive interfaces
that allow collaborative robots to operate safely alongside humans [25].
However, safety also encompasses the subjective perception of safety by
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human workers. For example, considerations include whether human
workers feel safe working alongside collaborative robots, particularly in
scenarios where collaborative robots handle objects that could poten-
tially cause physical harm to the human operator. Strategies to increase
the subjective perception of safety may reduce the risk of accidents and
ensure safe operation in HRCSs. Moreover, the psychological impact of
novel human-robot work dynamic requires careful analysis. Factors such
as trust, robot acceptance, human autonomy and agency, and overall
psychological wellbeing are under scrutiny [22,26,27].

Control strategies in HRCSs go beyond traditional robotic program-
ming by embracing flexibility and adaptability, enabling robots to
interpret and respond to human actions in real-time. This dynamic
interaction enhances efficiency by leveraging the strengths of both
humans and robots [28;29]. At the core of these control strategies lies
the ability to achieve responsive, safe, and adaptive interaction through
techniques such as impedance control, shared autonomy, and real-time
intent recognition, which are essential for enabling seamless
human-robot collaboration in dynamic industrial settings. Additionally,
the architectural framework of human-robot systems plays a crucial role
in ensuring that collaborative efforts are harmonised, scalable, and
resilient to evolving production demands [4]. The architectural frame-
work serves as a key enabler by providing a modular, layered structure
that integrates perception, control, and actuation, allowing seamless
coordination between humans and robots. Its adaptability and scal-
ability make it essential for deploying flexible, responsive HRCSs that
can evolve with changing industrial demands.

It is anticipating such future developments that this paper focuses on.
With this work, we aim to propose a comprehensive HRCSs framework
as a conceptual tool that integrates safety, design challenges, and
enabling technologies, motivated by practical applications in various
industrial contexts. This is further outlined in the next Section 2. It is
important to note that while a robust architectural framework is a
foundational enabler for effective human-robot collaboration, the aim of
this paper extends beyond merely proposing such a framework. Instead,
it seeks to synthesise the broader spectrum of enablers, design chal-
lenges, safety standards, and human factors that collectively influence
HRCS development, thereby situating the proposed architecture within
a holistic understanding of what is required to design collaborative
systems that are not only technically sound and efficient, but also safe,
compliant with standards, and well-aligned with human needs and
expectations.

2. HRCSs conceptual framework

Our framework adopts an integrated approach that combines
technology-driven interventions, legal and regulatory standards, and a
human-centric, bottom-up perspective. This framework is illustrated in
Fig. 1.

Critically, the foundation of this framework is rooted in a stringent
adherence to international safety standards, particularly within the
safety dimension of human-robot collaborative environments. ISO
standards such as ISO 12,100, ISO/TS 15,066, and ISO 10,218 are
pivotal in guiding risk assessment, design, and implementation pro-
cesses, ensuring that collaborative robots operate safely alongside
human workers.

The model further addresses the core design challenges inherent in
HRCSs, such as ergonomic workspace design, task allocation, workers’
psychological safety, and the challenge of trusting collaborative robots.
In this systems, collaborative robots are deployed to complement, rather
than replace, human workers. The human operator retains control and
focuses on the cognitive aspects of production, while collaborative ro-
bots handle physically demanding tasks, reducing the risk of work-
related musculoskeletal disorders (WMSD) and enhancing overall
workplace safety [28,30] (Black and Neumann, 2021). These aspects are
critical to creating environments that are not only physically safe but
also supportive of cognitive and emotional wellbeing, thereby fostering



S. Asif et al.

Robotics and Computer-Integrated Manufacturing 97 (2026) 103102

Design
Safety Challenges
ISO 12100, ISO/TS 15066 Ergonomic Design
Risk Assessment Task Allocation
Worker's Psychological safety
Safe HRC Design
and Interfaces
Trust
Al Driven Design
Safety-Driven AdaMons
Enabling Tech 5 yqressing Cognitive Load
Al in Control

Strategies & HRI

Enablers

Fig. 1. HRCSs Conceptual Framework.

a work environment conducive to trust and cooperation.

Enabling technologies, particularly those driven by Al, play a critical
role in this framework. The integration of AI into HRCSs enhances
perception, decision-making, and adaptability, enabling collaborative
robots to interact dynamically with human workers in real-time. This
synergy between Al and robotic systems with human workers not only
optimises task performance but also maintains a high standard of safety
and efficiency.

As a conceptual foundation for the proposed HRCS framework, we
invoke the emerging Industry 5.0 paradigm introduced by the European
Commission, which emphasizes a transition to a more sustainable,
human-centric, and resilient industrial model [31]. Industry 5.0 com-
plements the tech-centric Industry 4.0 era by shifting focus from
shareholder value to stakeholder value, placing worker well-being at the
center of production while leveraging new technologies for broad soci-
etal benefit beyond mere productivity gains. In essence, it calls for
integrating sustainability, resilience, and human-centricity into indus-
trial value creation [32] — a holistic orientation that aligns technological
innovation with societal needs and environmental stewardship.

Aligned with these principles, Industry 5.0 advocates a harmonious
integration of smart technologies with human capabilities in pursuit of
its human-centric and sustainable goals. Unlike the automation-centric
ethos of Industry 4.0, the Industry 5.0 approach prioritizes human-
-machine collaboration, with advanced technologies augmenting
human labor rather than replacing it. This paradigm leverages the
respective strengths of humans (creativity, problem-solving) and intel-
ligent machines (precision, data processing) to foster synergistic work
environments that boost productivity while safeguarding worker well-
being and promoting sustainable practices.

In essence, framework is characterized by a layered and modular
structure that tightly orchestrates the system’s perception, control, and
actuation components into a cohesive whole. At the lower levels, sensor
and perception modules continuously capture real-time data about the
environment and human partner actions, feeding this information to

higher-level decision or control layers that interpret the context and
generate appropriate robot responses; these commands are then carried
out by actuation modules at the execution layer. This design establishes
a continuous, low-latency data flow from observation to action, enabling
the human and robot to work in synchrony and respond swiftly to each
other’s changes. The modular nature of the architecture not only fosters
clear separation of concerns (each layer or module handles a specific set
of functions) but also provides significant adaptability and scalability in
dynamic industrial contexts. New sensors, algorithms, or even addi-
tional robots and tasks can be integrated as interchangeable modules
with minimal reengineering, allowing the system to be reconfigured or
expanded to accommodate changing production requirements while
maintaining stable performance and coordinated human-robot
workflows.

The subsequent sections of this paper provide a detailed exploration
of each element of the framework. Section 3 delves into the safety
standards and protocols essential for HRC, offering a comprehensive
overview of the ISO standards relevant to collaborative robotics. Section
4 examines the design challenges associated with HRCSs, including the
considerations for creating safe and ergonomic workspaces, addressing
task complexity, and ensuring psychological safety. Section 5 focuses on
the enablers of HRCSs, such as control strategies, Al integration, and
architectural frameworks that support seamless HRI. Finally, Section 6
presents practical applications of HRCSs, followed by an exhaustive
discussion and conclusion in Section 7, synthesising key insights and
implications for future research and industry practices.

3. Safety
3.1. Safety standards
In HRCSs, robot safety is indeed an important consideration in the

design and operation of robotic systems. There are several factors which
are essential to prioritise physical safety, implement systematic safety
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measures, strengthen cybersecurity, ensure safe HRI, and conduct
thorough risk assessments to achieve optimal robot safety.

This section will review the safety standards in the field of robotics
and automation, which are used to guide the process of robot design and
operation.

Type A basic safety standards: These standards provide general
requirements that apply to all machinery, including robotics systems,
and are intended to protect against the most significant hazards that can
arise during the operation of machinery [33]. It typically covers topics
such as the design and construction of machinery, the use of guards and
protective devices, and the provision of safety signs and labels. Examples
of Type A basic safety standards include ISO 12100 and ISO 14121.

Type B generic safety standards: These standards provide more
specific requirements for the safety of machinery and control systems
and are typically based on the principles and requirements outlined in
the Type A basic safety standards. These standards may be developed for
specific types of machinery or industries and provide a higher level of
safety protection. These standards are typically developed by industry-
specific organisations or committees and are based on the specific
risks and hazards associated with a particular type of machinery [33,
34].They may include requirements for the design and construction of
the machinery, as well as requirements for the use and maintenance of
the machinery or industries. They are further divided into B1 and B2
sub-category, B1 address specific safety aspect whereas B2 covers safety
aspect of safeguarding and provide specific requirements for the safety
of conveyors and human-machine interfaces, respectively. Examples
include ISO 13849 and IEC 61508 [33].

Type C machine safety standards: These standards may be specific
to a particular model or make of robot or robotic device. These standards
provide detailed requirements for the safety of a particular robot or
robotic device and may include requirements for design, construction,
use, and maintenance. These standards are intended to be used in
conjunction with Type A basic safety standards and Type B generic
safety standards to provide a higher level of safety protection for specific
models or makes of machinery. These standards for robotics are typi-
cally developed by the manufacturer of the robot or robotic device and
are based on the specific risks and hazards associated with that partic-
ular model or make of machinery. They may include requirements for
the design and construction of the robot or robotic device, as well as
requirements for the use and maintenance of the machinery. Examples
of Type C machine safety standards include ISO 13849 (safety of ma-
chinery control systems or specific models of industrial robots) and IEC
61508 (functional safety of electrical/electronic/programmable elec-
tronic safety-related systems) [33,34].

In addition to these, there are several categories of safety standards
that are commonly used in the field of robotics: Functional safety stan-
dards: These standards focus on the safe operation of a system, including
the safe performance of functions and the prevention of accidents. Ex-
amples include ISO 13849 and IEC 62061. Safety-related control systems
standards: These standards focus on the design and construction of
safety-related control systems, including the use of safety-related sensors
and actuators. Examples include ISO 13849 and IEC 61508. HRI stan-
dards: These standards focus on the design and operation of robots in the
presence of humans, including the safe physical interaction between
humans and robots. Examples include ISO 10218 and ISO/TS 15066
(these are introduced in the next section). Safety of machinery stan-
dards: These standards focus on the design and construction of ma-
chinery, including the use of safety-related control systems. Examples
include ISO 12100 and ISO 14121. Cybersecurity standards: These
standards focus on the protection of automation systems from cyber-
attacks and the maintenance of system integrity. Examples include
ISO/IEC 62443 and NIST 800-82 [34-36].

There are various safety standards developed by International Or-
ganization for Standardization (ISO) or and IEC (International Electro-
technical Commission) that apply to robotics, depending on the specific
industry and application of the robotics technology. Some common

Robotics and Computer-Integrated Manufacturing 97 (2026) 103102

standards falling under type A, type B and type C safety standards for
robotics safety (Table 1).

It is important for manufacturers and users of robotics technology to
be aware of and adhere to the relevant safety standards to ensure the
safe operation of their robotics systems. There are several types of safety
standards that are commonly used in the field of robotics Collaborative
Robot Operations.

Collaborative robots are designed to work alongside humans in a
shared workspace. There are four main types of Safety control modes in
HRCSs systems (Table 2):

The existing safety standards for HRCSs, such as ISO 10218, ISO/TS
15066, and IEC 61508, interact with each other in ways that can
sometimes create challenges for seamless implementation [11]. While
these standards provide a comprehensive framework for ensuring safety
in robotics, their overlap, particularly between Type B and Type C
standards, can lead to redundancies and confusion over which re-
quirements take precedence. There are significant overlaps between
Type B and Type C standards in safety-related control systems, protec-
tive measures, risk assessment, and human-machine interfaces. These
overlaps can cause duplication in safety assessments, conflicts in
implementation, and confusion over which standards to prioritise,
leading to potential inefficiencies in the safety validation process [37].

Additionally, the sequential application of these standards, where
general principles are first established before moving to specific ma-
chine requirements, may not adequately address the dynamic nature of
modern robotics, especially when Al is involved [38]. Traditional reg-
ulatory mechanisms struggle to keep pace with the dynamic nature of Al
systems, necessitating new approaches to ensure safe and ethical
deployment. This creates a need for more integrated and adaptive
frameworks that can accommodate the continuous real-time safety as-
sessments required by Al-driven systems.

Despite their comprehensiveness, these standards reveal significant
gaps when faced with emerging technologies in robotics [37]. Al and
machine learning, for instance, introduce new challenges that existing
standards do not fully account for, such as the unpredictable behaviour
of robots that learn and adapt in real time. Similarly, cybersecurity, a
growing concern in interconnected robotic systems, is not sufficiently
integrated into the safety standards, leaving potential vulnerabilities
that could compromise physical safety. Moreover, the current standards
do not adequately address the HF involved in HRCSs, such as the psy-
chological impact on workers, which is increasingly important as robots
become more pervasive in industrial environments.

The limitations of these standards are further highlighted by their
static nature, which does not align well with the dynamic capabilities of
modern robotic systems [37,38]. Many of these standards were devel-
oped with traditional, non-autonomous robots in mind and struggle to
keep pace with advancements like autonomous robots and Al. This lag in

Table 1
Safety standards and their classification.
Standard Type  Description
1SO 12100 A This standard provides safety principles for the design of
machinery, including robotics systems. The standard is
type A standard and applies a general framework for risk
management process and provides guidelines for
minimising risks of injury to operators and other people
who may come into contact with the machinery.
1SO 14121 A This standard that provides a process for identifying
hazards, evaluating risks and selecting measures to reduce
the risks for machinery, including robotics systems.
1SO B Safety of machinery - Interlocking devices associated with
14119:2013 guards - Principles for design and selection
1SO B Safety of machinery - Safety distances to prevent danger
14120:2015 zones being reached by the upper and lower limbs - Part 2:

Minimum gaps to avoid crushing of parts of the human
body

*Complete table available in appendix.
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Table 2

Types of collaborative safety control modes— visual description.

oA

Type a — safety rated monitoring stop (SRMS)

Type b — hand guidance (HG)

&

Type ¢ — speed and separation monitoring (SSM)

® .

f=

Type d — power and force
limiting (PFL)

Types
Description

Application
Type

Operation

Robot Setup

SRMS

Safety rated
monitored stop:
In this safety
mode, the robot
immediately
stops its
movements
when a human
operator enters
a defined safety
area. This mode
prevents
collisions and
ensures the
safety of human
operators
working
alongside
robots [36].

This is suitable
when the robot
works mostly
independently
with occasional
human
interaction.

When a human
enters a
predefined
restricted area,
the robot comes
to a complete
stop (servo on,
brakes
applied). It
resumes motion
only after safety
parameters are
reset (e.g.,
human leaves
the safety
scanner’s red
zone).

Standard
industrial
robot.

HG

Hand
guidance: This
mode allows
human
operators to
manually
manoeuvre the
robot without
external force.
It enhances
flexibility and
adaptability,
enabling
precise
adjustments
and closer
collaboration
between
humans and
robots. []

It is used for
path teaching
or hand-
guiding the
robot.

The human
switches the
robot to
TEACH mode
for path
teaching, and
the robot
operates with
safety guards
in PLAY mode
during regular
operation.

Standard
industrial
robot with an
additional
sensing device
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Table 2 (continued)

oA

Type b — hand guidance (HG)

' \‘Ilr

f=

Type d — power and force
limiting (PFL)

Type ¢ — speed and separation monitoring (SSM)

for hand devices (e.g., limiting
guiding. safety features and
scanner or rounded
light shapes for
curtain). force
dissipation
in case of
impact.
Example Human Quick and Loading jigs, Machine
performs a easy path removing tending,
secondary teaching, finished picking, and
operation on a robot guiding products. packing,
workpiece during seat assembly,
while the robot assembly in etc
holds it. the car body.

standardisation means that by the time new standards are published,
they may already be outdated, failing to address the latest technological
developments. Additionally, the testing and validation procedures out-
lined in these standards are often insufficient for ensuring the safety of
cutting-edge technologies, particularly in validating the safety of
Al-driven decision-making processes. These aspects are summarised in
Table 3.

A more forward-looking perspective emphasises the need for dy-
namic and adaptive safety standards that can evolve in real-time, mir-
roring the technologies they regulate [39]. The traditional sequential
approach, where basic safety principles are established before moving
on to specific machine requirements, may not fully address the com-
plexities inherent in modern, Al-driven HRCSs systems [38]. As Al en-
ables robots to learn and adapt their behaviours in real-time, there is a

Table 3
Critical Interactions, Gaps, and Limitations in HRCSs Safety Standards.
Aspect Key Issues Impact
Interaction Overlaps between Type B& C ~ Redundancies, Confusion in
Between standards, Sequential compliance, Challenges in
Standards application, Inadequate for real-time safety assessments

dynamic Al-driven systems

Gaps in Standards Lack of AI/ML integration, Increased risks in Al

SSM PFL
Speed and Power and
separation force
monitoring: limiting:
This mode This node
limits the restricts the
robot’s force amount of
and speed force and
within torque
designated exerted by
safety zones the robot,
to prevent keeping it
collisions or within safe
accidents. limits to
Sensors prevent
monitor injury or
distance and material
trigger a damage. It
safety stop if ensures the
robot gets robot can
too close to work safely
the human alongside
operator human
[36]. operators
[35].
It uses laser Robot works
scanners, alongside a
light human
curtains, or without
vision additional
systems to safety
track the devices.
worker’s
position.
The robot The robot
operates monitors
within external
predefined forces
safety zones, applied to
adjusting its body and
speed or takes action
stopping (e.g., stop,
when a retreat) to
human is ensure
detected safety.
within these
zones.
Standard Non-
industrial standard
robot with industrial
additional robot, with
safety special
sensing force-

Limitations of
Standards

Global
Harmonisation
Issues

Insufficient cybersecurity
measures, Inadequate focus
on HF and psychological
impacts

Static nature, Lag in
responding to advancements,
Inadequate testing/
validation for cutting-edge
technologies

Inconsistent regional
requirements, Complicated
compliance, Potential
inhibition of global
innovation

applications, Vulnerability to
cyber-attacks, Neglect of
worker well-being

Outdated standards,
Inadequate safety measures,
Barriers to adopting new
technologies

Compliance complexity for
multinationals, Fragmented
global deployment, Stifled
innovation
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corresponding need for safety protocols to transition from static,
one-time assessments to continuous, real-time evaluations. This evolu-
tion could involve the development of Al-driven safety monitors that
dynamically adjust to changes in both the environment and robot
behaviour, thereby providing an additional layer of protection.

Furthermore, as robots become increasingly interconnected within
industrial networks, the potential for cyber-attacks grows, necessitating
a more comprehensive integration of cybersecurity measures within
HRCSs safety standards. Future safety protocols must ensure that HRCSs
systems are resilient to both physical hazards and digital threats [37].
This includes implementing encrypted communications, robust access
controls, and continuous monitoring for cyber threats as essential
components of the safety certification process.

In addition to physical and digital safety, it is also crucial to consider
the psychological safety of human workers. Future safety standards
should incorporate specific guidelines that address the cognitive and
emotional well-being of workers interacting closely with robots [40].
This includes designing robots with user-friendly interfaces and imple-
menting measures to mitigate anxiety or stress that may arise from
working alongside machines operating with near-human autonomy. By
addressing these factors, safety standards can better support the overall
well-being of workers, fostering a more effective and harmonious
HRCSs.

3.2. Monitoring HRCSs

To ensure safe operations and prevent physical contact between ro-
bots and workers in the shop floor, safe HRCSs implementations have
incorporated various technologies, including real-time collision avoid-
ance systems [41-43]. These systems provide warnings and take pre-
ventive measures to avoid any potential collisions that could cause harm
to humans [44] . One of the challenges in implementing a safety
distance-related constraint in task allocation is to design tasks in a way
that adjusts the collaborative robot speed based on the proximity to the
operator. By incorporating this constraint, the collaborative robot’s
speed can be decreased when it is closer to the operator, ensuring a safe
distance. By reducing the speed of collaborative robots, the likelihood
and severity of potential accidents can be significantly reduced [45,46].
As the distance increases, the speed can be increased, thus improving
system performance and safety. This approach allows for a dynamic
adjustment of speed based on the proximity between humans and
collaborative robots, ensuring both efficient task completion and the
well-being of the operators involved. However, it’s important to note
that reducing motion speed can have a trade-off with production effi-
ciency and overall performance [47,48] .

Cybersecurity is critical in robotics design since robots and auto-
mation systems become potential targets for cyber-attacks as they are
increasingly connected and integrated with the digital infrastructure.
Implementing secure communication protocols, data encryption, and
intrusion detection systems safeguards against unauthorised access
[49-51] (Table 4).

Safe collaboration of operators and industrial robots is also achieved

Table 4
Key ISO Standards Governing Safety Requirements for Industrial and Collabo-
rative Robots.

Standard Description

ISO 10218- Safety requirements for industrial robots. Covers design,
1:2011 construction, and performance of robots, safety requirements for

integration, and risk assessment.

ISO 10218- Safety requirements for industrial robots. Focuses on robot
2:2011 systems and integration.

ISO/TS Technical specification for collaborative robots. Defines
15066:2016 processes for the safe integration of collaborative robots into

HRCSs systems and protection of human operators.

* Complete table available in appendix
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by detecting the human-robot positions and interaction in the
manufacturing processes. A key aspect of HRCSs tasks is the ability of the
robot to perceive and understand its environment in order to perform
tasks effectively [52-55]. It may also be possible to adapt system per-
formance, based on physiological measures (such as muscle fatigue [56]
and to reinforce positive and safe behaviour during HRCSs through
nudges [57] if the system has such awareness. Perception systems play a
vital role in enabling this by providing the robot with the ability to
detect, recognise, and understand objects and other elements in the
environment [58-60]. However, developing effective perception sys-
tems for HRCSs tasks comes with several challenges, such as the need for
accurate and reliable object detection and recognition, real-time per-
formance, robustness to environmental conditions, and integration with
other systems [61-64]. In this section, we will briefly discuss these
challenges, explore some of the existing research questions related to
perception systems in HRCSs tasks, and highlight the importance of
these systems for enabling effective and efficient task performance.

Developing effective perception systems for HRCSs tasks presents
several challenges that must be addressed. The first challenge is the need
for accurate and reliable object detection and recognition. Perception
systems must accurately detect and recognise objects of different shapes,
sizes [61], and materials [65] while handling occlusions and variations
in lighting and background [53,66,67]. The second challenge is
real-time performance, which is necessary in many industrial settings
where robots need to perform tasks quickly and efficiently. The large
amounts of data that must be processed can make real-time performance
a challenge [61,68,69]. The third challenge is robustness to environ-
mental conditions. Industrial environments are often challenging due to
variations in lighting, temperature, humidity, and other factors that can
affect the performance of perception systems [70-74]. Perception sys-
tems must be robust enough to handle these variations and continue to
operate effectively. The fourth challenge is integration with other sys-
tems. Perception systems must be integrated with other systems such as
motion planning, control, and task execution to perform tasks effectively
[63,68,70]. This requires careful design and coordination of the
different systems to ensure smooth and efficient operation.

Effective and efficient task performance in HRCSs tasks heavily relies
on perception systems. However, developing these systems can be
challenging due to several factors. Perception systems need to detect and
recognise objects of various shapes, sizes, and materials while handling
occlusions and variations in lighting and background accurately and
reliably. Furthermore, these systems need to operate in real-time to meet
production demands, be robust enough to withstand environmental
conditions, and integrate seamlessly with other systems such as motion
planning, control, and task execution to ensure smooth operation.

4. Section 4 - design challenges

This section reviews the relevant challenges at the task level in
HRCSs. The list is not meant to be exhaustive but aims to present the
current scientific debates. The technical dimensions, including health
and physical safety issues and control systems (including perception)
were discussed in the previous section. Here, we focus on some socio-
organisational considerations that take into account the human and
psychological experience of workers with collaborative robots, which
are critical for creating a positive and productive work environment,
where workers feel comfortable and empowered while working along-
side collaborative robots.

4.1. Issues of perceived and psychological safety

As described in the previous section, ensuring physical safety in
HRCSs is paramount and involves designing robots that do not pose a
risk of physical harm to humans. 1.5.0 places significant importance on
adopting a human-centric approach when designing safe HRCSs and
promoting worker comfort and wellbeing (L. Li & and Duan, n.d.) [75].
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This approach ensures that the design of such systems prioritises the
physical and ergonomic aspects, considering factors such as workstation
layout, equipment design, and ergonomic considerations to minimise
physical strain and reduce the risk of injuries [58].

Safety is not only physical—it is also perceived and psychological
[76]. The subjective perception of safety by human workers refers to
how humans perceive and interact with collaborative robots on a per-
sonal or emotional level, beyond just their functional capabilities. The
Human Factors (HF) literature has extensively investigated the
socio-technical factors that can influence the psychological and
emotional states of workers. factors such as trust, user experience, and
acceptance of collaborative robots as operational aids on the shop floor
are pivotal—particularly across diverse tasks and human-robot work
configurations [77-79].

In recent research on integrating ethical principles into the design of
HRCSs, Callari et al. [22] argue that ensuring both physical and psy-
chological safety requires a comprehensive approach. This entails not
only complying with regulatory safety standards and embedding safety
features into the design of collaborative robots but also fostering a safety
culture where psychological wellbeing is a priority. Such a culture
should encourage the continuous reporting of incidents without fear of
reprisal, while also addressing concerns related to surveillance, perfor-
mance pressure, and mental health [22]. Ethical principles must be
embedded into organisational practices to create a human-centric
environment that balances technological progress with workers’ cogni-
tive and emotional needs [80].

However, the psychological impact of HRCSs on workers is still
underexplored [25,34,44,49-51,81,82]. Notably, HRCSs has the po-
tential to engender psychological harm, including increased levels of
stress, burnout, or anxiety among workers [83,84]. Similarly, recent
research is attempting to comprehend the role of emotions and
embodied experiences associated with a subjective perception of HRCSs,
aiming to provide valuable insights into this multifaceted domain.
Arguably, this stream of research requires additional consideration and
investigation (van Wynsberghe, Ley and Roeser, 2022).

Working alongside collaborative robot systems could present psy-
chological challenges for workers in terms of performance expectations.
The distinctive attributes of collaborative robots and ML/AI systems,
characterised by their precise timing and movements, can create psy-
chological pressure on human workers to replicate a similarly precise
and efficient mechanical performance that is not inherent to human
nature. Consequently, employers may expect such high-performance
levels from human workers, observing the efficiency with which auto-
mation carries out its designated tasks [85]. This phenomenon, driven
by the pursuit of heightened productivity and cost reduction, has the
potential to contribute to an increased dehumanisation of work within
factory settings (e.g., Foxconn) or logistics hubs (e.g., Amazon) [28],
consequently giving rise to inevitable psychological challenges. On the
contrary, when the motion of collaborative robots is excessively slow
due to safety measures, it may evoke feelings of frustration among
workers and potentially hinder their situation awareness.

Recent studies [43,86,87] have examined the psychological
perception of social distancing in the context of regulating the spatial
interaction between humans and collaborative robots. The aim is to
create work environments where humans feel more comfortable when
collaborating closely with robots. It is argued that proxemic behaviours
should consider individual characteristics, such as gender and prior
experience with robots, in order to maximise human comfort during
close collaboration [88]. These considerations are particularly crucial in
industrial settings, where the trajectories of robots have the potential to
cause psychological discomfort for workers [89].

Trust is a multifaceted concept, and can refer to workers’ cognition
and perceptions during actual collaboration with robots on the factory
floor [90,91]. This includes concerns related to mistrust or over-trust in
the capabilities and reliability of robots, examining workers’ cognition
and perceptions regarding actual collaboration with robots on the
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factory floor [92]. Critically, if these aspects are not properly addressed,
they can lead to detrimental consequences such as work-related stress,
burnout, or depression [56].

According to Lu and colleagues’ review [89], safety awareness is
identified as a critical psychological aspect within HRCSs [89]. Criti-
cally, safety awareness refers to the workers’ understanding of potential
hazards related to the location, activities, and status of Collaborative
robots in the shared workspace. Research indicates that higher stress
levels can lead to decreased situation awareness, potentially increasing
the likelihood of incidents. Therefore, they suggest countermeasures to
enhance situation awareness and promote a safer working environment
within HRCSs. These include ensuring that workers are continuously
informed and kept in the loop through warnings before engaging in
high-risk activities. Additionally, they recommend implementing visual
and audible signals to effectively communicate information about
collaborative robot motion to the workers.

4.2. Task complexity and allocation

Traditionally, industrial robots and workers have operated sepa-
rately on production lines due to safety considerations. As anticipated in
the Sectionl, HRCSs’ configurations regard: in coexistence configura-
tions, collaborative robots complete processes on their own without
human intervention or monitoring, therefore, with ‘human out of the
loop’ processes; ‘semiautonomous’ or ‘human in the loop” where tasks
between human and collaborative robots are performed sequentially or
simultaneously, such as in synchronous work configurations; in coop-
eration work configurations, both the worker and the cobot work on
separate tasks within the same process, and in such processes, humans
are ‘on the loop’ and can perform monitoring and supervisory roles [93,
94].

While all three paradigms can maximize operational efficiency from
a company’s perspective, the semiautonomous “human in the loop”
model is particularly attractive because it combines robotic precision
and repeatability with human cognition and adaptability. However,
identifying tasks that allow for truly seamless and natural interaction is
challenging. Recent reviews of human—cobot task allocation highlight
that neglecting task trade-offs can harm workers: when collaboration
cannot run in parallel, human idle time increases costs and may lead to
unbalanced physical and mental workloads [95].

Early approaches to human-centric task assignment often relied on a
linear resource-utilization model, aiming primarily to reduce physical
fatigue or stress (Tsarouchi et al., 2016). Ergonomics-driven designs
sought to relieve operators of the most strenuous activities [96], and the
proliferation of advanced sensors has accelerated collaborative robotic
system adoption [97]. Yet even today, many robot systems are
conceived from a purely task-focused perspective, without fully
considering the operator’s routine or acceptance of new technology
([98]; Tsarouchi et al., 2016),

Emerging frameworks instead evaluate workplace workflows and
operator habits to determine where automation can enhance (and not
replace) human roles. By engaging users early, these approaches foster
greater acceptance of collaborative robotic systems and promote more
effective collaboration ([99]; Tausch & Kluge, 2022).

All of this means that the consideration of allocating tasks is one that
must be done carefully, with a variety of aspects in mind and a recog-
nition that such allocation may be required to change dynamically.
There are a number of approaches that can support such activities,
outlined below.

4.2.1. Task allocation as a function of performance optimisation

Task allocation in HRCS regards the strategic assignment of specific
tasks between humans and robots to optimise the performance and ef-
ficiency of the collaborative system [100]. This process involves
considering factors such as the complexity of the task, the physical re-
quirements, the level of automation, and the overall goal of the
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collaborative work environment [80].

Physical tasks that are repetitive, dangerous, or demand high pre-
cision are typically entrusted to robots, which can exploit their superior
speed, accuracy and endurance. This not only enhances throughput but
also mitigates the risk of musculoskeletal injuries—such as strains,
sprains or repetitive-stress disorders—among human workers [101].
Furthermore, robots can perform tasks with greater precision and con-
sistency, reducing the likelihood of human error and operator incidents.
This can include situations where operating heavy machinery or
handling dangerous substances may pose a risk to human operators.

Conversely, tasks that rely heavily on human cognitive skills—such
as decision-making, problem-solving and real-time adaptation—are
allocated to human operators. While this division aims to optimize
resource utilization, it does not always account for the ergonomic or
cognitive load imposed on the human, potentially increasing mental
workload and reducing process efficiency [29].

Recent Industry 4.0—and emerging Industry 5.0—research has
begun to integrate ergonomic and physical-fatigue considerations into
the allocation process. Instead of fully offloading all strenuous activities,
these approaches focus on assistive interventions, such as adaptive er-
gonomic support, to improve human comfort and performance [102,
103]. Some systems now incorporate real-time physiological data from
operators—heart rate, muscle activity or posture—to dynamically
reassign tasks in response to growing physical fatigue, thereby
enhancing both comfort and productivity [104,105]. Although these
developments show promise for reducing physical strain, their effects on
cognitive workload and long-term benefits remain under investigation
through longitudinal studies.

Task complexity regards the distribution of both physically and
cognitively demanding activities between humans and robots [95]. An
optimal allocation framework must therefore balance these dual
aspects—leveraging robotic strengths in speed and precision while
preserving critical human involvement in tasks requiring judgment and
flexibility—to achieve a truly efficient and ergonomic collaborative
process.

4.2.2. Task allocation as a function of responsibility distribution

A complimentary consideration, and in some cases stand-alone
approach, is determining who is responsible for robot operation
contribute to task complexity as the distribution of responsibilities af-
fects the level of coordination and cooperation between humans and
robots [100]. Decisions need to be made regarding who has primary
control over the robot and who is responsible for supervising its actions
[106]. This includes considering whether the human operator is actively
controlling the robot’s movements or if the robot operates autono-
mously under certain conditions, and cooperates with the worker in
several tasks. Critically, collaborative tasks in HRI often require humans
to engage in anticipatory thinking and decision-making. This may
involve predicting the robot’s actions, understanding its intentions, and
making decisions accordingly. The cognitive workload associated with
these processes can vary depending on the complexity of the task, the
level of automation, and the degree of uncertainty involved. Managing
the cognitive workload effectively is crucial for maintaining situational
awareness and ensuring efficient collaboration. In fact, studies show that
greater responsibility allocation to human counterparts, results in
greater task completion in particular taking into account their cognitive
workload and spare mental capacity [107]. This indicates that clarity
and responsibility allocation towards operator can improve their psy-
chological wellbeing, at the same time improving task efficiency.
However, as such allocation would not take into account dynamically
changing situations, the long term effects are debatable.

4.2.3. Task allocation as a function of user routines

From the sections above it is evident that the assignment and
collaborative modes depending on the process steps has received the
most attention over the recent years [55,98,108], less often it was
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investigated the task allocation in the systems where the cognitive de-
mands increase due to monitoring collaborative robot would be
accounted for and integrated into task performance [109] and teach-
ing/educating programmes of efficient allocation and overall organisa-
tion impact [97]. Regardless of the analytical depth - whether focusing
solely on the immediate process or incorporating an organizational
perspective - these methods consistently depend on analyzing agent
capabilities and task characteristics.

The main drawbacks of the task allocation depending on the agent
capabilities and task requirements is the decrease in independence and
self-determinism, which can have impact on operator engagement and
acceptance according to the Self Determination Theory [110]. In the
cases where operators have limited control of process change and their
working environment, it can result in greater rejection rates/ decreased
trust as well as decreased psychological safety [111]. The potential so-
lution is designing of the system fitting within operator performed
processes and routines [112].

Recent research [113] has expanded on responsibility attribution by
evaluating task performance when task allocation considers human
operator preferences. These studies show improved efficiency through
adaptive task planning; however, identifying the operator’s preference
for leading or following roles prior to task execution remains critical. By
aligning task allocation with individual user preferences and routines,
system performance and user satisfaction can be significantly enhanced.
Furthermore, recent studies have examined autonomous role allocation
in human-robot teams that dynamically considers human preferences
and capabilities [114]. This approach has demonstrated high usability,
as indicated by participant feedback.

A thorough understanding of the user routines and cognitive steps,
decision-making points allows to introduce automation where the help
is meaningful for the user and is going to contribute towards the
decreased cognitive workload and greater engagement of the new pro-
cess [99]. Afterall, when agency and autonomy to decide task allocation
is dependent on the needs of operator or even left to themselves to
allocate, increase the acceptance and satisfaction with the new process
(Tausch & Kluge, 2022).

4.3. Workforce skill alignment in HRCSs

Questions of task allocation influence workforce skills and skilling. In
Industry 4.0 much of the debate around workers’ skills has been framed
through a narrow, technocentric lens that focuses on the ’skills gap’ [19,
115]. This narrative often positions workers as lagging behind techno-
logical progress, thus necessitating intervention to acquire digital and
STEM-related skills [116]. Within this framing, the rapid deployment of
automation, artificial intelligence, and smart manufacturing technolo-
gies is frequently associated with a risk of large-scale unemployment
unless workers are retrained or reskilled to meet new technological
demands [117]. However, technological transformation has brought not
only new digital demands but also a growing complexity of skills.
Workers are now expected to develop hybrid competencies that blend
technical proficiency, digital literacy, and cognitive flexibility [118].
Skill complexity involves not just knowing how to operate new systems,
but also understanding and managing integrated workflows, antici-
pating disruptions, and collaborating effectively with increasingly
autonomous machines [12,21].

Workers’ reskilling and upskilling are key towards Industry 5.0. In
the literature, reskilling refers to acquiring entirely new competencies to
transition into different roles as a response to workplace changing dy-
namics and conditions and adoption of new technology [118,119]. The
emergence of collaborative robotics, in particular, necessitates a
nuanced understanding of system behaviour, safety protocols, trouble-
shooting procedures, and production flow dynamics [120]. Critically,
manufacturing demands workers capable of overseeing complex,
semi-autonomous systems, maintaining situational awareness, and
exercising critical judgement in real-time. Thus, the skills required in
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smart factories are not merely additive; they are integrative, blending
cognitive, technical, and experiential forms of knowledge into new
constellations of practice [12,121]. Within this context, upskilling is
about deepening or expanding current skills, and includes developing
systemic understanding and the ability to manage process continuity,
quality  assurance, and human-robot collaborative = work-
flows—functions central to future operational resilience [12,118].

The deployment of collaborative robots in manufacturing raises
concerns regarding the phenomenon of deskilling—where technology
simplifies or reduces workers’ tasks [122]. Evidence shows that their
integration can inadvertently simplify job tasks, diminishing the
complexity and autonomy traditionally associated with certain roles
[12]. Deskilling can be found in early stages of human-cobot interaction,
particularly in coexistence and synchronisation configurations where
robots perform repetitive or monotonous activities independently or
sequentially with minimal human involvement [12]. In such settings,
workers can be reassigned to peripheral monitoring or support tasks that
require less decision-making, technical complexity, or creative engage-
ment. This simplification risks eroding not only technical competences
but also the workers’ sense of professional agency, pride, and meaning in
their work [123].

4.4. The question of designing usable robots

Designing technologies that ensure positive user experiences (UX) in
HRI is critical for the acceptance and success of robotic technologies.
Positive UX is not only about safety and acceptability but also about
creating a beneficial and enjoyable interaction. If users have negative
experiences, they may be reluctant to engage with robots, hindering the
acceptance of future technologies. Human-friendly design can balance
the safety and optimal performance requirements of collaborative robots
with psychologically acceptable design principles that address workers’
expectations through ergonomic and user-friendly interfaces, thereby
helping to mitigate psychological distress on the shop floor [124-126].

Systematically designing and evaluating UX is essential, particularly
for social robots, where positive user experiences underpin their societal
proliferation. According to ISO 9241-11 the usability is “The extent to
which a product can be used by specified users to achieve specified
goals, with effectiveness, efficiency and satisfaction in a specified
context of use.” [127]. The information exchanges between humans and
robots while performing any given task are performed through an
interface that includes all commands to enable this interaction (ISO
8373:2012, ISO 11064-5:2008) [128]. Communication modalities
within interaction modes can include speech, facial expressions, dis-
plays, and augmented reality.

Traditionally, this interaction has been made possible through a

Table 5
Challenges and approaches in designing user-centered HRI.
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programmable controller, where the user requires specific training to be
able to make the robot move in a certain sequence. That sequence is
created by recording/saving several robots poses that are executed
cyclically in a predefined order to perform a task, sometimes taking into
account external signals to be able to have a basic interaction with the
surrounding environment of the robot [30]. Even though this kind of
interaction is not intuitive and requires the user to be trained, it has been
useful for industrial environments to automate repetitive tasks. Never-
theless, with the widespread adoption of robotics in other fields where
the environment and workspace of the robot is less structured, such as
the surgical field, this kind of interaction is not enough. Table 5 provides
a clear overview of the various challenges in HRI design, the approaches
taken to address these challenges, the goals of each stage, key activities
involved, and the specific challenges each approach addresses (Table 6).

Research highlights four key trends in HRI UX. Firstly, UX is crucial
and often used to argue for the positivity of certain features or aspects,
though it can be superficial without addressing deeper complexities.
Secondly, UX aspects are frequently neglected in favour of robot-centric
studies, which may result in less valuable research outcomes. Thirdly,
UX evaluations typically occur post-interaction, which might bias re-
sponses as participants reflect on their experiences after the fact. Lastly,
there is a significant need for better theoretical and methodological
knowledge about evaluating UX in HRI, as many robot developers lack
awareness of established methodologies [129].

4.5. Trust

Trust in HRCSs will need ongoing work as the systems develop and as
our understanding and familiarity develops. Trust can have a critical
impact on success due to its impact on acceptance and adoption of
systems, but work is still needed to understand different aspects of trust
[130].

In an industrial setting, establishing and maintaining a connection
between humans and robotic systems is crucial for harnessing the
anticipated advantages offered by both parties (for instance, time and
cost savings from the robotic agent, as well as the human agent’s
reasoning, creativity, and decision-making abilities), all while ensuring
that essential non-functional requirements like reliability and safety are
met. To ensure the successful deployment of systems, it is necessary to
comprehend the human agent and design systems based on our under-
standing of human cognition and decision-making processes.

The establishment of trust in such systems is widely acknowledged as
a crucial factor for their full adoption by end users. Without trust, the
systems may not be utilised to their maximum potential and could
potentially compromise both system and human safety [111]. Human
trust in automated systems can be conceptualised as a continuum,

Challenges Understanding user needs Designing for emotional needs  Prototyping and testing Evaluating and refining Managing expectations
designs
Description Identifying and understanding Creating interactions that are Developing and testing various Continuously evaluating Ensuring that user
users’ practices and needs emotionally fulfilling, prototypes to identify the best designs to identify and expectations are aligned
through interviews and addressing feelings of features and designs. correct UX issues. with the robot’s
observations. loneliness, etc. capabilities.
Approach Field data collection, user Designing features like face- Exploring different design Using formative and Transparent
interviews, and observations. tracking and communication. options (anthropomorphic, summative evaluation communication of the
zoomorphic, etc.). methods. robot’s capabilities.
Goals Understanding specific user Translating user needs into Managing and adjusting user Refining robot features Achieving realistic and
needs in different contexts. specific UX goals and design expectations before finalising and interaction achievable user
concepts. the design. capabilities based on expectations.
feedback.
Key User research, needs assessment. Conceptual design, emotional Iterative prototyping, user Continuous feedback Expectation management,
Activities interaction design. testing. loops, usability testing. user education.
Challenges Misunderstanding user needs, Creating meaningful Identifying the most suitable Ensuring the robot meets ~ Preventing negative user
Addressed designing irrelevant features. interactions, addressing interaction models and features.  user expectations and experiences due to

loneliness.

goals.

misaligned expectations.
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ranging from complete system abandonment (disuse) to complete sys-
tem reliance and dependency (misuse) [131,132], with neither extreme
being ideal.

We can consider the impact of trust in different dimensions, such as
performance, process and purpose [133]; the impact on trust of indi-
vidual differences, such as personality traits [81,134,135], culture [81,
135-1371, mood [138,139] and self-confidence [140,141]; and recog-
nise that, in human automation systems, trust is recognised to have both
affective and cognitive features [142-144].

There is a widely held belief that human trust in automated systems
consists of two distinct components: general (propensity) trust and
specific (dynamic) trust. Both components are influenced by various
factors that impact how humans trust automated systems. General trust,
or propensity to trust, refers to an individual’s overall inclination to trust
any automated system. It is developed by considering past experiences
with different types of automated systems, both similar and dissimilar,
and reflects their judgments and assumptions based on prior knowledge
and experiences across a wide range of technologies and situations. On
the other hand, specific trust, or dynamic trust, is the trust an individual
has in a particular automated system. It is based on the judgment that
the automated system possesses appropriate characteristics to success-
fully perform a specific task within a specific context, even when there is
a possibility of adverse consequences. This type of trust is specific to the
given automated system and the situation at hand [145].

Trust can have clear impacts on technology acceptance, but impact
on trust can also have a lasting impact on the people involved in the
system. It is something that can be gained and lost and will be dynamic
across the life of the system.

The relationship between a human and a robot (or similar system),
the development of understanding within the system, supporting affinity
and development of social cues will impact the success and acceptance
of the system. What is perhaps less clearly understood is the impact that
this will have on the human, their wellbeing and psychological safety.

5. Enablers

The successful implementation of HRCSs relies on the seamless
integration of safety, design, and control strategies, making it essential
to address each aspect holistically. Safety standards form the bedrock of
HRCSs systems, establishing the necessary protocols to protect both
humans and robots during their interactions. These standards are not
just regulatory requirements; they are vital for creating environments
where robots can work alongside humans without compromising safety.
Implementing advanced safety measures such as collision detection,
emergency stop mechanisms, and real-time monitoring ensures that the
physical interaction remains secure, reducing the risk of accidents.

Beyond physical safety, the design of HRCSs systems must also
consider the psychological well-being of human workers [76]. An er-
gonomic workspace, combined with intuitive interfaces, is crucial to
fostering trust and reducing cognitive load. When workers feel safe and
confident in their interactions with robots, they are more likely to
engage effectively, leading to higher productivity and lower stress
levels. This human-centered design approach is necessary to address the
psychological challenges that can arise, such as anxiety or mistrust,
which could otherwise undermine the collaboration.

Moreover, advanced control strategies and Al integration are critical
enablers that enhance the adaptability and efficiency of HRCSs systems
[146]. These technologies allow robots to dynamically respond to
changes in the environment and human behaviour, ensuring that the
collaboration remains smooth and effective even in complex, unpre-
dictable scenarios. By prioritising safety, ergonomic design, and adap-
tive control, HRCSs systems can achieve a balanced and sustainable
integration of robots into human workspaces, fostering both innovation
and worker well-being.
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5.1. Control strategies

Collaborative robots are designed with the intention of being easily
manoeuvred and exhibiting a certain level of flexibility in their posi-
tional stability, thereby fostering a receptive environment for human
interaction. Achieving this objective necessitates the utilisation of con-
trol techniques that deviate from traditional tight-position controllers.
Instead, control approaches such as direct torque control, selective po-
sition control, hybrid control, and their respective variants such as
impedance control, robust control, and adaptive control, are employed.
These alternative control strategies enable the robot’s joints to operate
in a manner that accommodates human interaction while maintaining
the desired level of collaboration.

Control strategies in the context of HRCSs are pivotal elements that
underpin the effective and safe interaction between humans and robots
in collaborative environments. These control strategies are essential to
orchestrate seamless cooperation while considering the presence of
human operators and ensuring the overall safety and efficiency of tasks.
The following control strategies are commonly employed in HRC:

First, safety-critical control strategies prioritise safety by incorpo-
rating measures such as collision detection and avoidance, monitoring
forces and torques, and implementing emergency stop mechanisms to
prevent harm to both humans and robots during interactions [147].
Second, shared control strategies strike a balance between human
expertise and robot precision, allowing both entities to contribute to task
execution effectively while maintaining safety. Third, compliance con-
trol strategies endow robots with compliance and adaptability during
interactions to minimise the risk of injury or damage by responding to
external forces. Task-level control strategies focus on high-level task
goals rather than individual motions, improving task efficiency, while
adaptive control strategies enable robots to adjust behaviour in
real-time, addressing dynamic and unpredictable situations. Haptic
feedback control enhances user situational awareness by providing
tactile sensations during interactions. Human intent inference algo-
rithms enable robots to anticipate user actions and respond proactively
[146]. Motion planning and trajectory generation strategies ensure
efficient and collision-free robot movements during task execution.
Force and impedance control strategies regulate forces and torques,
ensuring safe interactions during physical contact. Multi-robot coordi-
nation is crucial in scenarios with multiple robots, preventing conflicts
and ensuring efficient task execution [148]. Additionally, user-friendly
control interfaces facilitate effective communication and cooperation
between humans and robots. Lastly, control mode switching allows users
to transition between different control modes depending on task re-
quirements and trust levels in robot capabilities. These control strategies
are selected and fine-tuned to align with specific collaborative applica-
tion needs, ultimately ensuring safe and efficient HRCSs across various
domains such as manufacturing, healthcare, and service robotics.

The choice of control strategy depends on the specific application
and the level of collaboration between humans and robots. Successful
HRCSs systems carefully select and integrate control strategies to opti-
mise performance, safety, and user experience.

Common parameters in robotics control strategies, including those
utilised in HRCSs, encompass a diverse range of factors tailored to
specific control approaches and application contexts. These parameters,
pivotal to optimising robot performance and ensuring safety, constitute
fundamental elements of control system design as illustrated in Fig. 2.
Among these parameters are set points, dictating desired values or
states for the robot to attain, gains that govern control system responses,
and trajectory parameters for defining the robot’s motion character-
istics. Force thresholds, safety margins, and collision detection
parameters are indispensable in ensuring safe physical interactions and
avoiding accidents. Control time constants influence the robot’s
responsiveness and stability, while joint limits preserve mechanical
integrity. In HRCSs, parameters related to HRI, such as reaction times,
force limits during contact, and allowable joint torques, are pivotal for
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Fig. 2. Human Robot Interaction generic architecture for control strategies.

safety and comfort. Moreover, the selection of control modes, error
tolerances, and adaptation rates play significant roles in shaping the
robot’s behaviour and performance. These parameters are meticulously
adjusted and fine-tuned throughout the robot’s development and
deployment to align with specific application requirements and safety
standards, ensuring optimal and secure operation.

5.2. Al in HRCSs

The integration of Al in HRCSs has brought significant advancements
and improvements in various collaborative tasks. By leveraging Al
techniques for perception and sensing, action and motion planning, and
HRCSs, robots can work alongside humans more effectively, enabling
enhanced productivity, safety, and efficiency.

Accurate perception and sensing capabilities are crucial for robots to
understand their environment and interact with humans effectively. Al
techniques, such as computer vision and object recognition, enable ro-
bots to identify and interpret objects, gestures, and human actions in
real-time [72]. Through sensor fusion and environment modelling, ro-
bots integrate data from different sensors (e.g., cameras, depth sensors)
to create a comprehensive representation of their surroundings. Ad-
vancements in speech and natural language processing allow robots to
understand and respond to human commands, enabling seamless
communication [149].

Efficient action and motion planning are essential for robots to
perform tasks collaboratively with humans. Al-driven path planning and
collision avoidance algorithms help robots navigate dynamic environ-
ments safely and efficiently [15,46]. Task planning and scheduling al-
gorithms, as discussed in Section 4.1, assist robots in allocating and
coordinating tasks effectively, considering dependencies, resource
availability, and human preferences. Reinforcement learning and

adaptive control further empower robots to improve their
decision-making over time through continuous interaction and feedback
[4,150].

Effective interaction between humans and robots is central to suc-
cessful collaboration. Gesture and emotion recognition algorithms allow
robots to interpret human expressions and emotions, supporting more
intuitive and natural interactions [34,151,152]. Dialog systems and
language understanding tools help robots comprehend and generate
human language, facilitating clear task coordination [4].

The integration of Al in HRCSs directly supports the principles of HF
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by making interactions more intuitive, reducing cognitive load, and
fostering a user experience that is both efficient and user-friendly. The
ability of Al to dynamically adapt to the environment and learn from
interactions not only enhances the technical performance of HRCSs
systems but also builds trust—a critical aspect of HF—by ensuring that
robots operate safely and reliably in collaboration with humans.

Furthermore, Al contributes to the psychological safety of human
workers by enabling robots to respond to emotional cues and personalise
interactions based on individual user preferences. This personalisation is
closely tied to HF, as it ensures that the system is responsive to the
unique needs and capabilities of each user, leading to higher user
satisfaction and better performance outcomes. By monitoring and
responding to the emotional states of human operators, Al helps create a
supportive and empathetic interaction environment, addressing the
emotional and psychological dimensions of HF.

However, there are still challenges to overcome and opportunities for
further research and development. HRCSs continues to evolve, pre-
senting exciting research opportunities such as cognitive abilities and
context awareness, multimodal collaboration and shared autonomy,
human-centered design, user experience, and scalability and general-
isation in Al-enabled collaboration. These research directions aim to
address existing challenges, enhance the capabilities of collaborative
systems, and ensure the seamless integration of humans and robots in
various domains. The synergy between Al and HF paves the way for a
future in HRCSs where technological innovation and human-centered
design work in concert to create safe, efficient, and supportive collab-
orative environments.

The challenges presented in HRCSs necessitate a comprehensive
approach that goes beyond isolated technical solutions, requiring an
integration of human-centered design, control strategies, and ergonomic
considerations. Ensuring physical safety in collaborative environments
is paramount, but it cannot be the sole focus. As this paper has explored,
the psychological safety and well-being of human workers must be
equally prioritised. The success of HRCSs systems hinges on the devel-
opment of trust between humans and robots, which is influenced by the
design of intuitive interfaces, transparency in robot behaviour, and the
adaptability of control systems.

The enablers discussed, particularly advanced control strategies and
Al integration, are crucial in addressing these challenges. For instance,
adaptive control mechanisms that respond in real-time to human actions
not only enhance physical safety but also reduce cognitive load,
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fostering a work environment where human operators feel secure and
supported. Similarly, Al-driven perception systems play a dual role in
improving task performance while ensuring that the interaction remains
intuitive and natural, thus supporting both technical efficiency and
psychological comfort.

This interdisciplinary approach, which merges insights from ro-
botics, human factors, psychology, and industrial design, is essential for
the development of HRCSs systems that are not only effective but also
sustainable in real-world applications. By addressing the physical,
cognitive, and emotional dimensions of HRI, the proposed control
strategies and Al integrations pave the way for a future where robots and
humans collaborate seamlessly. This multi-faceted strategy, which bal-
ances technical innovation with a deep understanding of human needs,
is critical for advancing HRCSs in a manner that truly enhances both
productivity and the human experience.

6. Applications

The practical applications of HRCSs show how integrating safety
protocols, ergonomic design, and advanced control strategies ensures
seamless, efficient, and safe interactions. These elements work together
to create HRCSs systems that are adaptable, secure, and user-friendly,
enhancing productivity across various real-world industrial settings.
Robots have become indispensable in the manufacturing industry,
particularly in performing repetitive tasks like welding, painting, and
assembly [153,154]. Collaborative robots, for instance, in pick and place
applications, a human operator guides the robot to pick up objects and
place them in specific locations, which finds application in packaging,
palletising, and machine loading/unloading tasks [155]. An example is
the LWR-III robot used for bin picking, equipped with a camera for
object detection, and generating accurate environment models using the
DLR 3D modeller [156].

Collaborative robots play a vital role in inspection and quality con-
trol processes during manufacturing. These robots can be programmed
to measure and inspect product dimensions, identify defects, and detect
variations in quality. They assist human operators in ensuring high
product standards. Furthermore, in maintenance and repair tasks,
collaborative robots prove invaluable. They excel at inspecting and
repairing equipment located in challenging or inaccessible areas, such as
high ceilings or pipelines [75,157]. This collaboration between robots
and human operators streamlines maintenance operations and enhances
workplace safety.

Logistics and warehousing applications have also benefited signifi-
cantly from the use of collaborative robots. Companies like Amazon and
Ocado employ robots in picking and placing items in warehouses or
transporting goods between locations (“Robots Handling the Groceries,”
[158]). This integration has resulted in improved efficiency and reduced
labour costs in these sectors. Similarly, collaborative robots find
increasing utilisation in medical and pharmaceutical fields. They
perform tasks such as surgery, rehabilitation, as well as packaging and
inspection, working alongside human operators to ensure precision and
efficiency [159].

In the automotive and aerospace industries, collaborative robots
assist human operators in various tasks [160]. For instance, Audi
introduced HRCs in their production process, known as PART4you,
where robots and humans work together without any safety barriers
[156,161]. In this application, robots raise components from boxes and
hand them over to workers in an ergonomically designed manner.
Similarly, in BMW plants, door assembly is carried out without safety
fences. Robots with roller heads seal doors with maximum precision,
protecting the electronics housed within [156].

Lastly, collaborative robots are increasingly employed in agriculture
and forestry. They perform tasks such as planting, harvesting, and
pruning, enhancing productivity and efficiency in these sectors [159].
Overall, collaborative robots have revolutionised manufacturing pro-
cesses, offering improved efficiency, reduced costs, and enhanced
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product quality in various industries [154].
7. Discussion and conclusion

This paper has presented a comprehensive examination of the issues
and challenges associated with the design and implementation of HRCSs
on the manufacturing shop floor, particularly within the evolving In-
dustry 4.0 and future Industry 5.0 paradigms. As explored, collaborative
robots are designed for easy maneuverability and flexibility, creating an
environment conducive to seamless interaction with humans. However,
the effective implementation of HRCSs necessitates addressing consid-
erations at both technical/engineering and HF/sociological levels [6,
28]. The ongoing research into strategies, precision, safety, and adapt-
ability underscores the importance of a human-centric approach in
ensuring that HRCSs can meet the diverse demands of real-world
applications.

The proposed framework introduced in Section 2 provides a struc-
tured approach to address these multifaceted challenges. This frame-
work is essential in guiding the integration of smart and intelligent (i.e.
with embodied AI) technologies while maintaining a focus on the social
and design challenge that are critical for effective collaboration in
HRCSs. Control strategies, as discussed, play a pivotal role in fostering
effective and safe collaboration between humans and robots. Various
control techniques—including safety-critical, shared, compliance, task-
level, adaptive, haptic feedback, human intent inference, motion plan-
ning, trajectory generation, force and impedance control, multi-robot
coordination, user-friendly interfaces, and control mode switch-
ing—are instrumental in orchestrating collaborative efforts across
diverse domains [34]. The careful selection and integration of these
control strategies are tailored to specific applications and collaboration
levels, ensuring optimised performance, safety, and a positive user
experience [25,34].

Moreover, this framework can be effectively applied to the emerging
1.5.0 paradigm. 1.5.0 emphasises a more human-centric approach, where
technology enhances human capabilities rather than replacing them,
focusing on sustainability, resilience, and the well-being of workers. The
integration of HRCSs within this context aligns perfectly with the goals
of 1.5.0. The framework’s focus on safety, ergonomic design, and psy-
chological well-being is crucial in creating environments that are not
only efficient but also supportive of the human workforce [114]. The use
of AI and adaptive control strategies, as discussed in the framework,
supports the dynamic and evolving nature of I.5.0 environments, where
real-time adaptability and human-centered design are critical.

The recent integration of AI techniques further transforms the
organisation of labour involving human and collaborative robotic sys-
tems. Al empowers these systems with the ability to perceive, reason,
learn, and communicate with humans, fostering enhanced interaction
and coordination in collaborative tasks. Accurate perception, facilitated
by AI techniques like computer vision and object recognition, enables
robots to interpret real-time environmental cues. Al-driven improve-
ments in action and motion planning ensure robots navigate dynami-
cally while prioritising safety, and AI’s role in task planning, scheduling,
and reinforcement learning enhances robots’ adaptability and decision-
making capabilities [145]. Moreover, safety protocols and ergonomic
design are seamlessly integrated with Al to guarantee optimal collabo-
rative environments. However, challenges and research opportunities
persist, particularly in addressing cognitive abilities, context awareness,
multimodal collaboration, shared autonomy, human-centered design,
user experience, and scalability in Al-enabled collaboration [162,163].

The proposed framework’s multidisciplinary approach is crucial in
this context, as it ensures that the integration of Al and control strategies
within HRCSs systems is aligned with human-centered design principles.
A critical discussion of current safety standards in HRCSs reveals sig-
nificant gaps and limitations, especially when considering the dynamic
capabilities of modern robotic systems and Al integration. The overlap
between Type B and Type C safety standards can lead to redundancies
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and confusion, while the sequential application of these standards may
not fully address the complexities inherent in Al-driven HRCSs systems
[34,40]. These challenges highlight the need for more dynamic and
adaptive safety standards that can evolve in real-time, mirroring the
technologies they regulate. Furthermore, the integration of cyberse-
curity measures within HRCSs safety standards is essential to protect
against the growing risk of cyber-attacks in interconnected robotic sys-
tems [81]. The future of HRCSs safety protocols must ensure that sys-
tems are resilient to both physical hazards and digital threats, with
continuous real-time safety assessments and a strong focus on
human-centered design [160]. Addressing these gaps is critical for
ensuring that HRCSs systems can achieve both high performance and
safety in increasingly complex and dynamic environments.

From a social and design perspective, this review has considered the
perceived experience of human workers when interacting with collab-
orative robots. Creating intuitive interaction interfaces that facilitate
natural communication is crucial. Managing cognitive workload to
prevent overload for both humans and robots is a delicate balancing act,
building trust through transparent behaviour, and addressing ethical
concerns are vital aspects of successful collaboration [22,26]. The pro-
posed framework in this paper emphasises these aspects by ensuring that
Al and control strategies are implemented in a way that supports human
cognitive and emotional needs. To deepen our understanding of the
psychological ramifications of HRCSs, it is essential to extend our focus
to broader organisational and societal implications, such as educational
programmes, changes in employment dynamics, and job roles in the
evolving landscape of human labour amid escalating automation [56].
This involves integrating ethical considerations into HRCSs to foster a
culture of responsible robotics, promoting the development of guide-
lines and frameworks that facilitate ethical decision-making throughout
the implementation and operation of HRCSs [22,162].

Ethical considerations towards Industry 5.0 are paramount, partic-
ularly as collaborative robotic systems become more integrated into
industrial settings [22]. In these configurations, humans must retain a
central role not only in task execution but also in overseeing, guiding,
and adapting collaborative processes. Human autonomy and agency are
essential; robots should be conceptualized not as replacements but as
aids that extend human capabilities without diminishing human
discretion or control [12]. The moral dimensions of workforce skilling
also demand attention, including the provision of inclusive, accessible
pathways that respect different learning needs, protect the dignity of
ageing workers, and support diverse contributions across the workforce
[22]. Skilling initiatives must affirm individuals as knowledgeable,
adaptable agents within evolving production ecosystems. To ensure
effective integration of HRCSs, a collaborative design approach is crit-
ical. Involving workers directly in the design of human-robot
tasks—particularly concerning usability, safety, and workflow adapta-
tion—supports the development of systems that are not only technically
efficient but also ethically sustainable. Such participatory engagement is
key to safeguarding human agency, enhancing system usability, and
fostering environments where technological innovation strengthens,
rather than undermines, meaningful human work [164].

In conclusion, the future of HRCSs in industrial settings is promising
but fraught with challenges that necessitate a holistic approach. The
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successful implementation of HRCSs systems will require not only ad-
vancements in robotic technologies and Al but also a concerted effort to
address the human and ethical dimensions of collaboration [34,114].
The proposed framework provides a comprehensive structure for inte-
grating these elements, ensuring that safety, trust, and intuitive inter-
action are prioritized in the development of collaborative environments.
Achieving a balance between technical innovation and the human
experience is essential for the sustained success of HRCSs. This balance
calls for a comprehensive examination of the socio-economic landscape,
promoting interdisciplinary discussions that span psychology, sociology,
and economics to understand the extensive impacts of collaborative
robotics on individuals and societies.

Future research should continue to explore the complex interplay
between technology and HF in HRCSs, with an emphasis on developing
frameworks that support the sustainable and responsible integration of
robots into the workforce. A task-oriented approach, which considers
stakeholders’ goals and essential requirements, such as reliability,
maintainability, and supportability, is critical. This method streamlines
workflows and aids in creating an environment that encourages the
acceptance and integration of technology. Delving into the crucial en-
ablers of HRCSs, including Al-driven decision-making, adaptive control
strategies, and advanced safety protocols, will be essential for shaping
intuitive and effective human-robot partnerships. By embracing a broad,
multidisciplinary approach, it is possible to fully capture the complex
interplay between the technical and social dimensions characteristic of
advanced HRCSs, ensuring that the integration of robots into the
workforce enhances both productivity and the human experience [44,
165].

Collaborative robot case studies
https://research.aimultiple.com/Collaborative-Robot/.
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Standard Type  Description

1SO 12100 A

This standard provides safety principles for the design of machinery, including robotics systems. The standard is type A standard and applies a general

framework for risk management process and provides guidelines for minimizing risks of injury to operators and other people who may come into

contact with the machinery.

13

(continued on next page)


https://research.aimultiple.com/Collaborative-Robot/

S. Asif et al. Robotics and Computer-Integrated Manufacturing 97 (2026) 103102
(continued)

Standard Type  Description

1SO 14121 A This standard that provides a process for identifying hazards, evaluating risks and selecting measures to reduce the risks for machinery, including
robotics systems.

ISO 14119:2013 B Safety of machinery - Interlocking devices associated with guards - Principles for design and selection

1SO 14120:2015 B Safety of machinery - Safety distances to prevent danger zones being reached by the upper and lower limbs - Part 2: Minimum gaps to avoid crushing of
parts of the human body

1SO 14121:2007 A Safety of machinery - Risk assessment - Part 1: Principles

ISO 14122-1:2016 B Safety of machinery - Permanent means of access to machinery - Part 1: General requirements

1SO 14123-1:2015 Bl Safety of machinery - Safety distances to prevent danger zones being reached by upper and lower limbs - Part 1: Principles, selection of values

1SO 13849 Bl This standard provides guidelines for the design, installation, and maintenance of control systems including safety-related control systems used in
machinery such as robotics systems.

IEC 62061 Bl This standard defines criteria and recommendations for the design, development, integration and validation of safety-related control systems (SCS) in
machinery.

IEC 61508 A This standard provides guidelines for the functional safety of electrical, electronic, and programmable electronic safety-related systems.

ISO 10218 C This standard provides safety requirements for industrial robots and robotic devices, it covers design, construction, and performance of robots, safety
requirements for integration and risk assessment and reduction in robotic systems.

1SO 10218-1:2011 C Robots and robotic devices - Safety requirements for industrial robots - Part 1: Robots

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

ISO/IEC 62443 NC This is a standard that provides guidelines for industrial control systems cybersecurity. It covers the design, implementation, operation, and
maintenance of secure industrial control systems. It also provides guidance on threat modeling, security risk assessment, security policies, and
incident response.

1SO 13482 C This standard provides safety requirements for personal care robots, focused on safety for human operators and other people who may come into
contact with them.

1SO 8373:2021 C This is a standard that provides safety requirements for industrial robots. It covers the design, construction, commissioning, installation, use, and
maintenance of robots, as well as measures to protect people during the operation and maintenance of robots, and integration of robots into a larger
system.

ISO 8373:2012 C Robots and robotic devices - Safety requirements for industrial robots

1SO/TS 15066 C This standard is a technical specification for collaborative robots, or Collaborative Robots. It defines a process for the safe integration of Collaborative
Robots into a human-robot collaboration (HRC) system. This also covers protection of people during the operation of Collaborative Robots.

1SO 14159 B This standard is a standard that provides safety requirements for conveyors. It covers the design, construction, installation, commissioning, operation,
maintenance, and decommissioning of conveyors, as well as measures to protect people during the operation and maintenance of conveyors.

1SO 11064 B This is a standard that provides guidelines for the design of human-machine interfaces. It covers topics such as ergonomics, layout, visibility, and
operation of human-machine interfaces.

NIST 800-82 NC This is a guideline issued by the National Institute of Standards and Technology (NIST) that provides recommendations for securing industrial control
systems, including robotics systems. It covers topics such as risk management, incident response, security controls, and assessment methods.

ANSI/RIA R15.06 B An American standard for industrial robot safety, it also covers measures to protect people during the operation and maintenance of robots.

UL 60730 A This provides safety requirements for electronic control products for appliances and other robotic devices; includes requirements for the testing,
evaluation, and listing of control products.

1SO 10218 B This standard specifies the safety requirements for industrial robots, including the design and construction of robots, as well as their integration into
work environments.

ISO 13482 C This standard is specific to personal care robots and covers the safety requirements for robots that are intended to interact with people in domestic or
similar environments.

ISO/TR 20218- C This standard focuses on ensuring the safe interaction between humans and robots during collaborative operations. It is a Technical Report (TR) that

1:2018 provides guidelines for the safety of collaborative industrial robot systems.
ISO 19649:2017 B This standard is for the safety of mobile robots and helps in minimizing risks associated with mobile robot operation and enhancing safety in various

1SO 18646:2016
ISO 14539:2000
ISO/TR
13309:1995

ISO 11593:1996
1SO 9946:1999
1SO 9787:2013
ISO 9409:2004
1SO 9283:1998

applications.

These standard addresses safety requirements for non-industrial robots, including service and medical robots, to ensure safe and reliable use.
This standard defines methods for measuring the energy consumption of robots, helping assess their efficiency and promote sustainability.
This standard offers safety guidelines for industrial robots, including risk assessment and protective measures.

This standard specifies requirements for robot positioning performance, evaluating accuracy and repeatability.

This standard provides guidelines for programming industrial robots to standardize and enhance efficiency.

This specifies graphical symbols for industrial robots, facilitating communication and safety.

In this standard it defines dimensions and mounting flange interface of robot wrists for compatibility with end-effectors.
It offers guidelines for determining robot repeatability and accuracy in specific tasks.

*NC is not categorised

Table 6
Available commercial collaborative robots.
ROBOT Payload DOF  Reachability = Repeatability — Speed Weight Collaboration**  Application*
ABB - Yumi — IRB 14000 0.5 kg 7 559 +0.02 mm 1500 mm/s 38¢g A, D
mm 185°/s -
400°/s
ABB GoFa 5 5kg 6 950 mm +0.02 mm 2200 mm/s 28 kg A,C D 4, 20, 24, 32, 37
ABB GoFa 12 12 kg 6 1270 mm +0.02 mm 2000 mm/s 48 kg A,C D 4, 20, 24, 32, 37
ABB GoFa 10 10 kg 6 1520 mm 4+0.02 mm 2000 mm/s 51 kg A,CD 4, 20, 24, 32, 37
ABB SWIFTI CRB 1100 - 4 4 6 580 mm +0.01 mm 5050 mm/s 21 kg A,B,C 4, 20, 21, 32, 28, 13, 37
ABB SWIFTI CRB 1300 - 11 11 kg 6 900 mm +0.08 mm 6200 mm/s 75 kg A, B, C 4,15, 32, 20, 21, 24
ABB SWIFTI CRB 1300 - 10 10 kg 6 1150 mm +0.04 mm 6200 mm/s 77 kg A, B, C 4,15, 32, 20, 21, 24
ABB SWIFTI CRB 1300 - 7 7 kg 6 1400 mm +0.07 mm 6200 mm/s 79 kg A,B,C 4,15, 32, 20, 21, 24
Aubo i5 5kg 6 880 mm +0.05 mm 2800 mm/s 24 kg A,B,C,D 4,5, 10, 15, 17, 25, 12, 28, 30, 33, 34,
22,23,19
Bosch (fanuc) APAS 2 kg 6 911 mm 40.03 mm 500 mm/s 230 kg 23
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Table 6 (continued)

ROBOT Payload DOF  Reachability = Repeatability = Speed Weight Collaboration**  Application*
Comau - Aura 170 kg 6 2790 mm +0.1 mm 2000 mm/s 1615kg A,B,CD 7,4, 3,9, 20, 24, 32
500 mm/s*

Doosan M0609 6 kg 6 900 mm +0.3 mm 1000 mm/s 27.5kg A,B,CD 4, 20, 12, 35, 10, 25, 24, 27, 28
Doosan M0617 6 kg 6 1700 mm +0.1 mm 1000 mm/s 35.5 kg 4, 20, 12, 35, 10, 25, 24, 27, 28
Doosan M1013 10 kg 6 1300 mm +0.5 mm 1000 mm/s 34 kg 4, 20, 12, 35, 10, 25, 24, 27, 28
Doosan M1509 15 kg 6 900 mm +0.3 mm 1000 mm/s 33 kg 4, 20, 12, 35, 10, 25, 24, 27, 28
Denso Wave Collaborative 6 kg 6/7 908 mm +0.03 mm 2100 mm/s NA A,B,C,D 4,12,1, 27,29

Robotta
Denso Wave Collaborative 12 kg 6/7 1303 mm +0.04 mm 2500 mm/s NA A,B,C D 4,12,1, 27,29

Robotta Pro
Fanuc CR-35iA 35 kg 6 1813 mm +0.03 mm 750 mm/s 386 kg A,C D 4, 20, 11, 13, 37, 24, 25, 27, 5
Fanuc CR4A 4 kg 6 550 mm +0.01 mm 1000 mm/s 48 kg A, C D 4,20, 11, 13, 37, 24, 25, 27, 5
Fanuc CR7iA 7 kg 6 717 mm +0.01 mm 1000 mm/s 53 kg A,C D 4,20, 11, 13, 37, 24, 25, 27,5
Fanuc CR-7iA/L 7 kg 6 911 mm +0.01 mm 1000 mm/s 55 kg A,C D 4,20, 11, 13, 37, 24, 25, 27, 5
Fanuc CR-14iA/L 14 kg 6 911 mm +0.01 mm 500 mm/s 55 kg A, C D 4,20, 11, 13, 37, 24, 25, 27, 5
Fanuc CR-15iA 15 kg 6 1441 mm +0.02 mm 800 mm/s 255 kg A, C D 4,20, 11, 13, 37, 24, 25, 27, 5
Fanuc CRX-5iA 5 kg 6 994 mm +0.03 mm 1000 mm/s 25 kg A, C D 4, 20, 11, 13, 37, 24, 25, 27, 5
Fanuc CRX-10iA/L 10 kg 6 1418 mm +0.04 mm 1000 mm/s 40 kg A,C D 4, 20,11, 13, 37, 24, 25, 27, 5
Fanuc CRX-20iA/L 20 kg 6 1418 mm +0.04 mm 1000 mm/s 41 kg A, C D 4,20, 11, 13, 37, 24, 25, 27, 5
Fanuc CRX-25iA 25 kg 6 1889 mm +0.05 mm 1000 mm/s 135 kg A,C D 4,20, 11, 13, 37, 24, 25, 27, 5
Festo — BionicCollaborative Robot 1.5 kg 7 NA +1 mm NA 6 kg 31, 20, 8, 2
Festo Collaborative Robot 3 kg 6 670 mm 40.3 mm NA ~17kg 31, 34, 8, 20, 18, 16
Franka Emika 3kg 7 855 mm +0.1 mm 20000 mm/s 18 kg 20, 4, 12, 29, 31, 6, 10, 28, 33, 15
Hanwha HCR-12A 12 kg 6 1300 mm +0.05 mm 1200 mm/s 53 kg NA 20, 18, 4,12, 35,11,17, 13
Hanwha HCR-5A 5 kg 6 915 mm +0.05 mm 1500 mm/s 21 kg NA 20, 18, 4,12, 35,11, 17,13
Hanwha HCR-3A 3kg 6 630 mm +0.05 mm 1000 mm/s 13 kg NA 20,18, 4,12, 35,11, 17,13
Kassow KR810 10 kg 7 850 mm +0.1 mm 1800 mm/s 24 kg NA 4,17, 35,11, 28, 31, 23, 26, 36
Kassow KR1018 18 kg 7 1000 mm +0.1 mm 2400 mm/s 34 kg NA 4,17, 35, 11, 28, 31, 23, 26, 36
Kassow KR1205 5 kg 7 1200 mm +0.1 mm 1800 mm/s 25 kg NA 4,17, 35,11, 28, 31, 23, 26, 36
Kassow KR1410 10 kg 7 1400 mm +0.1 mm 2400 mm/s 35 kg NA 4,17, 35, 11, 28, 31, 23, 26, 36
Kassow KR1805 5 kg 7 1800 mm +0.1 mm 2400 mm/s 38 kg NA 4,17, 35, 11, 28, 31, 23, 26, 36
Kawasaki CL103N 3 kg 6 590 mm +0.02 mm 200°/s NA
Kawasaki CL105N 5kg 6 800 mm +0.02 mm 200°/s NA
Kawasaki CL108N 8 kg 6 1300 mm +0.02 mm 200°/s NA
Kawasaki CL110N 10 kg 6 1000 mm +0.02 mm 200°/s NA
Kinova Link 6 Collaborative 6 kg 6 1000 mm 4+0.1 mm 2000 mm/s 23.45 11, 20,9, 4, 21,1, 35

Robot kg
KUKA LBR IIWA 7 7 kg 7 800 mm +0.1 mm 22.3 12, 4, 21, 9, 35, 20, 24
KUKA LBR IIWA 14 14 kg 7 820 mm +0.15 mm 90 -180°/s 29.5 kg 12, 4, 21, 9, 35, 20, 24
Kuka LBR iisy 3 R760 3kg 6 760 mm +0.1 mm 22.8 kg 12, 4, 21, 9, 35, 20, 24
Kuka LBR iisy 6 R1300 6 kg 6 1300 mm +0.05 mm NA 12, 4, 21, 9, 35, 20, 24
Kuka LBR iisy 8 R930 8 kg 6 930 mm +0.05 mm 43.2 kg 12, 4, 21, 9, 35, 20, 24
Kuka LBR iisy 11 R1300 11 kg 6 1300 mm +0.05 mm 46.3 kg 12, 4, 21, 9, 35, 20, 24
Kuka LBR iisy 15 R930 15 kg 6 930 mm +0.05 mm 43.2 kg 12, 4, 21, 9, 35, 20, 24
MARBI Robotics - Speedy 6 6 kg 6 800 mm +0.1 mm 145 -275 28 kg NA

°/s

MABI Robotics - Speedy 10 10 kg 10 1384.5 mm +0.1 mm 120-180°/s  28kg NA
MARBI Robotics - Speedy 12 12 kg 12 1250 mm +0.1 mm 75 - 275°/s 35 kg A,B,C,D
Mitsubishi ASSISTA 5 kg 6 910 mm +0.03 mm 1000 mm/s 20 kg 21,4,3
MRK Systems KR5 SI 5 kg 6 1423 mm +0.04 mm NA NA SRMS 18, 20
Omron TM5 700 6 kg 6 700 mm +0.05 mm 1100 mm/s 22.1 kg A,B,C D 4,22,9, 29, 20,12, 8, 33
Omron TM5 900 4 kg 6 900 mm +0.05 mm 1400 mm/s 22.6 kg 4,22,9, 29, 20,12, 8, 33
Omron TM12 12 kg 6 1300 mm +0.1 mm 1300 mm/s 32.8kg 4,22,9,29,20,12,8,33
Omron TM14 14 kg 6 1100 mm +0.1 mm 1100 mm/s 32.5kg 4,22,9,29, 20,12, 8, 33
Omron TM16 16 kg 6 900 mm +0.1 mm 1100 mm/s 32.2kg 4,22,9, 29, 20,12, 8, 33
Omron TM20 20 kg 6 1300 mm +0.1 mm 1300 mm/s 33 kg 4,22,9,29,20,12,8,33
Productive Robotics — OB7 5 kg 7 1000 mm 4+0.1 mm 2000 mm/s 24 kg 20, 3, 21, 17, 35, 24, 31, 4, 13, 10
Rethink Robotics -Sawyer 4 kg 7 1260 mm 4+0.1 mm 1500 mm/s 19 kg A,B,C D 17,13, 31, 12, 30, 35, 20
Siasun SCR5 3Kg 7 600 mm +0.2 mm 800 mm/s 18 kg 18,19,4, 3
Siasun SCR5 5 kg 7 800 mm +0.2 mm 1000 mm/s 33.8kg 18,19,4,3
Staubli — TX2touch-60 4.5 kg 6 920 mm +0.03 mm 8.4 m/s 51 kg A,B,C D
Staubli — TX2touch-90XL 10 kg 6 1450 mm +0.04 mm 11.6 m/s 116 kg A, B,C D
Techman TM5-900 4 kg 6 900 mm +0.05 mm 1400 mm/s 22.5kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27, 8
Techman TM5- 700 6 kg 6 700 mm +0.05 mm 1100 mm/s 22.1 kg A,B,C,D 3,20, 31, 10, 18, 3, 34, 27, 8
Techman TM12 12 kg 6 1300 mm 4+0.1 mm 1300 mm/s 32.8kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27, 8
Techman TM14 14 kg 6 1100 mm +0.1 mm 1100 mm/s 32.5kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27, 8
Techman TM16 16 kg 6 900 mm +0.1 mm 1100 mm/s 32kg A,B,C D 3, 20, 31, 10, 18, 3, 34,27, 8
Techman TM20 20 kg 6 1300 mm +0.1 mm 1100 mm/s 32.8 kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27, 8
Techman TM5S 5 kg 6 900 mm +0.03 mm 180 - 225°/s  22.1 kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27,8
Techman TM7S 7 kg 6 700 mm +0.03 mm 180 -225°/s  22.1kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27, 8
Techman TM12S 12 kg 6 1300 mm +0.03 mm 1300 mm/s 32.8kg A,B,C,D 3,20, 31, 10, 18, 3, 34, 27, 8
Techman TM14S 14 kg 6 1100 mm +0.03 mm 1100 mm/s 32.5kg A,B,C,D 3, 20, 31, 10, 18, 3, 34, 27, 8
Techman TM25S 25 kg 6 1902 mm +0.05 mm 1100 mm/s 32.8kg A,B,C D 3, 20, 31, 10, 18, 3, 34, 27, 8
Universal Robots — UR3 3 kg 6 500 mm +0.1 mm 1000 mm/s 11 kg A,B,C,D 21,5, 20, 22,11, 35,4, 7
Universal Robots — UR5 5 kg 6 850 mm 4+0.1 mm 1000 mm/s 18.4 kg A, B,C,D 21,5, 20,22,11,35,4,7
Universal Robots -UR10 10 kg 6 1300 mm 4+0.1 mm 1000 mm/s 28.9 kg A,B,C D 21,5, 20, 22,11, 35,4, 7

(continued on next page)
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ROBOT

Payload DOF  Reachability = Repeatability

Speed

Weight Collaboration**  Application*

Universal Robots -UR16
Universal Robots “-UR20
Yaskawa Motoman HC10

+0.1 mm
+0.1 mm
+0.1 mm

16 kg
20 kg
10 kg

()l e}

1200 mm

130 - 250°/s

A,B,C,D
A,B,C,D
A,B,C,D

21,5, 20, 22,11, 35,4,7
21,5, 20, 22, 11, 35, 4, 7

45 kg 4,11, 38

Available commercial collaborative robots.

Chart with date (x) and Payload Y

-

— SRMS, B - SSM, C - HG, D - PFL.

* Application:

O 0N UAWN R

e
= O

W W WWWWWWNNNDNDNNNNNDNREER B =P 2=
NOUDA,WNHFHFOOONINNITDWNFEFOOUONOU DA WDN

Data

. Additive Manufacturing
. Air blowing

AGV/AMR

. Assembly

Bagging
CNC Machine

. Depowdering
. Dispensing
. Finishing

. Gluing

. Grinding

. Healthcare

. Inspection

. Insertion

. Kitting

. Labelling

. Laser cutting

. Loading

. Machining

. Machine tending
. Material handling
. Mobile manipulation
. Moving

. Palletizing

. Packaging

. Patrol Robot

. Pick and Place

. Polishing

. Processing

. Scientific research
. Screwing

. Screwdriving

. Soldering

. Sorting

. Tagging

. Testing

. Welding.

availability

No data was used for the research described in the article.

References

[11

[2]

[3]

[4

=

[5]

[6]

C.O. Klingenberg, M.A.V. Borges, J.A.do V. Antunes, Industry 4.0: what makes it
a revolution? A historical framework to understand the phenomenon, Technol.
Soc. 70 (2022), https://doi.org/10.1016/j.techsoc.2022.102009.

G. Beier, M. Matthess, L. Shuttleworth, T. Guan, D.I. de Oliveira Pereira Grudzien,
B. Xue, E. Pinheiro de Lima, L. Chen, Implications of industry 4.0 on industrial
employment: a comparative survey from Brazilian, Chinese, and German
practitioners, Technol. Soc. 70 (June) (2022) 102028, https://doi.org/10.1016/j.
techsoc.2022.102028.

A. Silva, A. Correia Simoes, R. Blanc, Supporting decision-making of collaborative
robot (cobot) adoption: the development of a framework, Technol. Forecast. Soc.
Change 204 (2024) 123406, https://doi.org/10.1016/j.techfore.2024.123406.
C. Zou, K. Chandan, Y. Ding, S. Zhang, ARDIE: AR, Dialogue, and Eye Gaze
Policies for Human-Robot Collaboration, 2023.

1SO/TS 15066, ISO/TS, 15066: Robots and Robotic Devices
Robots. 2016, 2016.

L. Liu, F. Guo, Z. Zou, V.G. Duffy, Application, development and future
opportunities of Collaborative Robots (Cobots) in manufacturing: a literature

Collaborative

16

[7]

[8

[9]

[10]

[11]

[12]

[13]

review, Int. J. Hum.-Comput. Inter. 40 (4) (2024) 915-932, https://doi.org/
10.1080/10447318.2022.2041907.

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

C.S. Franklin, E.G. Dominguez, J.D. Fryman, M.L. Lewandowski, Collaborative
robotics: new era of human-robot cooperation in the workplace, J. Safety. Res. 74
(2020) 153-160, https://doi.org/10.1016/J.JSR.2020.06.013.

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

S. El Zaatari, M. Marei, W. Li, Z. Usman, Cobot programming for collaborative
industrial tasks: an overview, Rob. Auton. Syst. 116 (2019) 162-180, https://doi.
org/10.1016/j.robot.2019.03.003.

C.J. Conti, A.S. Varde, W. Wang, Robot action planning by commonsense
knowledge in Human-Robot collaborative tasks, in: 2020 IEEE International 10T,
Electronics and Mechatronics Conference (IEMTRONICS) 1-7, 2020, https://doi.
org/10.1109/IEMTRONICS51293.2020.9216410.

J.de A. Dornelles, F., A. Néstor, A.G. Frank, Collaborative or substitutive robots?
Effects on workers’ skills in manufacturing activities, Int. J. Prod. Res. 61 (22)
(2023) 7922-7955, https://doi.org/10.1080/00207543.2023.2240912.

S. Raisch, K. Fomina, Combining Human and artificial intelligence: hybrid
problem-solving in organizations, Acad. Manag. Rev. 50 (2) (2024) 441-464,
https://doi.org/10.5465/amr.2021.0421.


https://doi.org/10.1016/j.techsoc.2022.102009
https://doi.org/10.1016/j.techsoc.2022.102028
https://doi.org/10.1016/j.techsoc.2022.102028
https://doi.org/10.1016/j.techfore.2024.123406
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0163
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0163
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0053
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0053
https://doi.org/10.1080/10447318.2022.2041907
https://doi.org/10.1080/10447318.2022.2041907
https://doi.org/10.3390/safety7040071
https://doi.org/10.3390/safety7040071
https://doi.org/10.1016/J.JSR.2020.06.013
https://doi.org/10.3390/robotics8040100
https://doi.org/10.1016/j.robot.2019.03.003
https://doi.org/10.1016/j.robot.2019.03.003
https://doi.org/10.1109/IEMTRONICS51293.2020.9216410
https://doi.org/10.1109/IEMTRONICS51293.2020.9216410
https://doi.org/10.1080/00207543.2023.2240912
https://doi.org/10.5465/amr.2021.0421

S. Asif et al.

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

S. Patil, V. Vasu, K.V.S. Srinadh, Advances and perspectives in collaborative
robotics: a review of key technologies and emerging trends, Discover Mech. Eng.
2 (1) (2023) 13, https://doi.org/10.1007/s44245-023-00021-8.

N. Najmaei, M.R. Kermani, Applications of artificial intelligence in safe human-
robot interactions, IEEE Trans. Syst. Man Cybern. Part B 41 (2) (2011) 448-459,
https://doi.org/10.1109/TSMCB.2010.2058103.

M. Piccarozzi, L. Silvestri, C. Silvestri, A. Ruggieri, Roadmap to Industry 5.0:
enabling technologies, challenges, and opportunities towards a holistic definition
in management studies, Technol. Forecast. Soc. Change 205 (2024) 123467,
https://doi.org/10.1016/j.techfore.2024.123467.

European Commission. Directorate-General for Research and Innovation,
Industry 5.0: Human-centric, Sustainable and Resilient, Publications Office of the
European Union, 2020, p. 2020.

D.A.de J. Pacheco, B. Iwaszczenko, Unravelling human-centric tensions towards
industry 5.0: literature review, resolution strategies and research agenda, Digital
Bus. 4 (2) (2024) 100090, https://doi.org/10.1016/j.digbus.2024.100090.

P. Rikala, G. Braun, M. Jarvinen, J. Stahre, R. Hamalainen, Understanding and
measuring skill gaps in industry 4.0 — a review, Technol. Forecast. Soc. Change
201 (2024) 123206, https://doi.org/10.1016/j.techfore.2024.123206.

D. Horvat, J. Angela, C.M. Lerch, Fostering innovation by complementing human
competences and emerging technologies: an industry 5.0 perspective, Int. J. Prod.
Res. 63 (3) (2025) 1126-1149, https://doi.org/10.1080/
00207543.2024.2372009.

L. Gamberini, P. Pluchino, Industry 5.0: a comprehensive insight into the future
of work, social sustainability, sustainable development, and career, Austral. J.
Career Develop. 33 (1) (2024) 5-14, https://doi.org/10.1177/
10384162241231118.

T.C. Callari, R. Vecellio Segate, E.-M. Hubbard, A. Daly, N. Lohse, An ethical
framework for human-robot collaboration for the future people-centric
manufacturing: a collaborative endeavour with European subject-matter experts
in ethics, Technol. Soc. 78 (2024) 102680, https://doi.org/10.1016/j.
techsoc.2024.102680.

P. Oeij, K. Lenaerts, S. Dhondt, W.Van Dijk, D. Schartinger, S. Sorko, C. Warhurst,
A conceptual framework for workforce Skills for industry 5.0: implications for
research, policy and practice, J. Innov. Manag. (2024), https://doi.org/
10.24840/2183-0606_012.001_0010.

M. Rangraz, L. Pareto, Workplace work-integrated learning: supporting industry
4.0 transformation for small manufacturing plants by reskilling staff, Int. J.
Lifelong Educ. 40 (1) (2020) 5-22, https://doi.org/10.1080/
02601370.2020.1867249.

P. Chemweno, L. Pintelon, W. Decre, Orienting safety assurance with outcomes of
hazard analysis and risk assessment: a review of the ISO 15066 standard for
collaborative robot systems, Saf. Sci. 129 (2020) 104832, https://doi.org/
10.1016/J.SSCI.2020.104832.

S.R. Fletcher, P. Webb, in: M.I. Aldinhas Ferreira, J. Silva Sequeira, M.O. Tokhi, E.
E. Kadar, G.S. Virk (Eds.), Industrial robot ethics: the challenges of closer human
collaboration in future manufacturing systems A World With Robots:
International Conference On Robot Ethics: ICRE 2015, Springer International
Publishing, 2017, pp. 159-169, https://doi.org/10.1007/978-3-319-46667-5_12.
G. Charalambous, S.R. Fletcher, P. Webb, The development of a Human Factors
Readiness level tool for implementing industrial human-robot collaboration, The
International Journal of Advanced Manufacturing Technology 91 (5) (2017)
2465-2475, https://doi.org/10.1007/s00170-016-9876-6.

J. Chan, G. Distelhorst, D. Kessler, J. Lee, O. Martin-Ortega, P. Pawlicki,

M. Selden, B. Selwyn, After the Foxconn Suicides in China: a roundtable on labor,
the State and civil society in Global electronics, Crit. Sociol. 48 (2) (2022)
211-233, https://doi.org/10.1177/08969205211013442.

L. Liu, A.J. Schoen, C. Henrichs, J. Li, B. Mutly, Y. Zhang, R.G. Radwin, Human
robot collaboration for enhancing work activities, Human Fact. 66 (1) (2024)
158-179, https://doi.org/10.1177/00187208221077722.

A. Ranavolo, G. Chini, F. Draicchio, A. Silvetti, T. Varrecchia, L. Fiori, A. Tatarelli,
P.H. Rosen, S. Wischniewski, P. Albrecht, L. Vogt, M. Bianchi, G. Averta,

A. Cherubini, L. Fritzsche, M. Sartori, B. Vanderborght, R. Govaerts, A. Ajoudani,
Human-robot collaboration (HRC) technologies for reducing work-related
musculoskeletal diseases in industry 4.0, in: Proceedings of the 21st Congress of
the International Ergonomics Association (IEA 2021), 2021. https://api.semanti
cscholar.org/CorpusID:238757758.

M. Breque, L. De Nul, A. Petridis, European Commission: Directorate-General for
Research and Innovation, Industry 5.0 — Towards a sustainable, human-centric
and resilient European industry. Publications Office of the European Union, 2021.
https://data.europa.eu/doi/10.2777/308407.

T. van Erp, N.G.P. Carvalho, M.C. Gerolamo, R. Gongalves, N.G.M. Rytter,

B. Gladysz, Industry 5.0: a new strategy framework for sustainability
management and beyond, J. Clean. Prod. (2024) 461, https://doi.org/10.1016/j.
jclepro.2024.142271.

P. Segura, O. Lobato-Calleros, A. Ramirez-Serrano, E.G. Hernandez-Martinez,
Safety assurance in human-robot collaborative systems: a survey in the
manufacturing industry, Procedia CIRP. 107 (2022) 740-745, https://doi.org/
10.1016/J.PROCIR.2022.05.055.

V. Villani, F. Pini, F. Leali, C. Secchi, Survey on human-robot collaboration in
industrial settings: safety, intuitive interfaces and applications, Mechatronics 55
(2018) 248-266, https://doi.org/10.1016/J.MECHATRONICS.2018.02.009.

M. Hégele, K. Nilsson, J.N. Pires, R. Bischoff, Industrial Robotics, 2016,

pp. 1385-1422, https://doi.org/10.1007/978-3-319-32552-1_54/FIGURES/31.
Springer Handbooks.

17

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

Robotics and Computer-Integrated Manufacturing 97 (2026) 103102

E. Magrini, F. Ferraguti, A.J. Ronga, F. Pini, A. De Luca, F. Leali, Human-Robot
Coexistence and Interaction in Open Industrial Cells ¥, 2019, https://doi.org/
10.1016/j.rcim.2019.101846.

M. Valori, A. Scibilia, I. Fassi, J. Saenz, R. Behrens, S. Herbster, C. Bidard,

E. Lucet, A. Magisson, L. Schaake, J. Bessler, G.B. Prange-Lasonder, M. Kiihnrich,
A.B. Lassen, K. Nielsen, Validating safety in Human-Robot collaboration:
standards and new perspectives, Robotics 10 (2) (2021), https://doi.org/
10.3390/robotics10020065.

Bakirtzis, G., Tubella, A.A., Theodorou, A., Danks, D., & Topcu, U. (2024).
Navigating the sociotechnical labyrinth: dynamic certification for responsible embodied
AL https://arxiv.org/abs/2409.00015.

A. Martinetti, P.K. Chemweno, K. Nizamis, E. Fosch-Villaronga, Redefining safety
in light of Human-robot interaction: a critical review of current standards and
Regulations, Front. Chem. Eng. 3 (2021), https://doi.org/10.3389/
fceng.2021.666237.

B. Su, S. Jung, L. Lu, H. Wang, L. Qing, X. Xu, Exploring the impact of human-
robot interaction on workers’ mental stress in collaborative assembly tasks, Appl.
Ergon. 116 (2024) 104224, https://doi.org/10.1016/j.apergo.2024.104224.
J.-H. Chen, K.-T. Song, Collision-free motion planning for Human-robot
collaborative safety under cartesian constraint, in: 2018 IEEE International
Conference on Robotics and Automation (ICRA), 2018, pp. 4348-4354, https://
doi.org/10.1109/ICRA.2018.8460185.

M. Parigi Polverini, A.M. Zanchettin, P. Rocco, Real-time collision avoidance in
human-robot interaction based on kinetostatic safety field, in: 2014 IEEE/RSJ
International Conference on Intelligent Robots and Systems, 2014,

pp. 4136-4141, https://doi.org/10.1109/1R0S.2014.6943145,

A. Zacharaki, I. Kostavelis, A. Gasteratos, I. Dokas, Safety bounds in human robot
interaction: a survey, Saf. Sci. 127 (2020) 104667, https://doi.org/10.1016/J.
SSCI.2020.104667.

N. Pedrocchi, F. Vicentini, M. Matteo, L.M. Tosatti, Safe Human-robot
cooperation in an industrial environment, Int. J. Adv. Robot. Syst. 10 (1) (2013)
27, https://doi.org/10.5772/53939.

W. Li, Y. Hu, Y. Zhou, D.T. Pham, Safe human-robot collaboration for industrial
settings: a survey, J. Intell. Manuf. (2023), https://doi.org/10.1007/s10845-023-
02159-4.

B.S. Abdullah Mohammed, L. Wang, Active collision avoidance for human-robot
collaboration driven by vision sensors, Int. J. Comput. Integr. Manuf. 30 (9)
(2017) 970-980, https://doi.org/10.1080,/0951192X.2016.1268269.

A. Hanna, S. Larsson, P.L. Gotvall, K. Bengtsson, Deliberative safety for industrial
intelligent human-robot collaboration: regulatory challenges and solutions for
taking the next step towards industry 4.0, Robot. Comput. Integr. Manuf. 78
(2022) 102386, https://doi.org/10.1016/J.RCIM.2022.102386.

A. Palleschi, M. Hamad, S. Abdolshah, M. Garabini, S. Haddadin, L. Pallottino,
Fast and safe trajectory planning: solving the cobot performance/safety trade-off
in Human-robot shared environments, IEEE Robot. Autom. Lett. 6 (3) (2021)
5445-5452, https://doi.org/10.1109/LRA.2021.3076968.

N. Akalin, A. Kiselev, A. Kristoffersson, A. Loutfi, A taxonomy of factors
influencing perceived safety in Human-Robot interaction, Int. J. Soc. Robot.
(2023) 1-12, https://doi.org/10.1007/512369-023-01027-8/FIGURES/2.

P.K.R. Maddikunta, Q.V.B.P. Pham, N. Deepa, K. Dev, T.R Gadekallu, R. Ruby,
M. Liyanage, Industry 5.0: a survey on enabling technologies and potential
applications, J. Ind. Inf. Integr. 26 (2022) 100257, https://doi.org/10.1016/J.
JI1.2021.100257.

S. Robla-Gomez, V.M. Becerra, J.R. Llata, E. Gonzalez-Sarabia, C. Torre-Ferrero,
J. Perez-Oria, Working together: a review on safe Human-robot collaboration in
industrial environments, IEEE Access 5 (2017) 26754-26773, https://doi.org/
10.1109/ACCESS.2017.2773127.

R.K. Khamaisi, E. Prati, M. Peruzzini, R. Raffaeli, M. Pellicciari, UX in AR-
supported industrial Human-Robot collaborative tasks: a systematic review,
Appl. Sci. 11 (21) (2021) 10448, https://doi.org/10.3390/APP112110448.

D. Mukherjee, K. Gupta, L.H. Chang, H. Najjaran, A survey of robot learning
strategies for Human-robot collaboration in industrial settings, Robot. Comput.
Integr. Manuf. 73 (2022) 102231, https://doi.org/10.1016/J.
RCIM.2021.102231.

A. Nourmohammadi, M. Fathi, A.H.C. Ng, Balancing and scheduling assembly
lines with human-robot collaboration tasks, Comput. Oper. Res. 140 (2022)
105674, https://doi.org/10.1016/J.COR.2021.105674.

R. Zhang, Q. Lv, J. Li, J. Bao, T. Liu, S. Liu, A reinforcement learning method for
human-robot collaboration in assembly tasks, Robot. Comput. Integr. Manuf. 73
(2022) 102227, https://doi.org/10.1016/J.RCIM.2021.102227.

A. Buerkle, A. Al-Yacoub, W. Eaton, M. Zimmer, T. Bamber, P. Ferreira, E.-

M. Hubbard, N. Lohse, An incremental learning approach to detect muscular
fatigue in Human- Robot collaboration, IEEE Trans. Hum. Mach. Syst. 53 (3)
(2023) 520-528, https://doi.org/10.1109/THMS.2023.3259139.

1. Nassiuma, Y.M. Goh, E.-M. Hubbard, Positive and negative reinforcement
nudges for Human-robot collaboration using a mixed reality interface, in:
Proceedings of the European Conference on Cognitive Ergonomics 2024, 2024,
https://doi.org/10.1145/3673805.3673844.

A. Bonci, P.D.C. Cheng, M. Indri, G. Nabissi, F. Sibona, Human-robot perception
in industrial environments: a survey, Sensors 21 (5) (2021) 1571, https://doi.
org/10.3390/521051571.

A. Castro, F. Silva, V. Santos, Trends of Human-robot collaboration in industry
contexts: handover, learning, and metrics, Sensors 21 (12) (2021) 4113, https://
doi.org/10.3390/521124113.


https://doi.org/10.1007/s44245-023-00021-8
https://doi.org/10.1109/TSMCB.2010.2058103
https://doi.org/10.1016/j.techfore.2024.123467
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0033
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0033
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0033
https://doi.org/10.1016/j.digbus.2024.100090
https://doi.org/10.1016/j.techfore.2024.123206
https://doi.org/10.1080/00207543.2024.2372009
https://doi.org/10.1080/00207543.2024.2372009
https://doi.org/10.1177/10384162241231118
https://doi.org/10.1177/10384162241231118
https://doi.org/10.1016/j.techsoc.2024.102680
https://doi.org/10.1016/j.techsoc.2024.102680
https://doi.org/10.24840/2183-0606_012.001_0010
https://doi.org/10.24840/2183-0606_012.001_0010
https://doi.org/10.1080/02601370.2020.1867249
https://doi.org/10.1080/02601370.2020.1867249
https://doi.org/10.1016/J.SSCI.2020.104832
https://doi.org/10.1016/J.SSCI.2020.104832
https://doi.org/10.1007/978-3-319-46667-5_12
https://doi.org/10.1007/s00170-016-9876-6
https://doi.org/10.1177/08969205211013442
https://doi.org/10.1177/00187208221077722
https://api.semanticscholar.org/CorpusID:238757758
https://api.semanticscholar.org/CorpusID:238757758
https://data.europa.eu/doi/10.2777/308407
https://doi.org/10.1016/j.jclepro.2024.142271
https://doi.org/10.1016/j.jclepro.2024.142271
https://doi.org/10.1016/J.PROCIR.2022.05.055
https://doi.org/10.1016/J.PROCIR.2022.05.055
https://doi.org/10.1016/J.MECHATRONICS.2018.02.009
https://doi.org/10.1007/978-3-319-32552-1_54/FIGURES/31
https://doi.org/10.1016/j.rcim.2019.101846
https://doi.org/10.1016/j.rcim.2019.101846
https://doi.org/10.3390/robotics10020065
https://doi.org/10.3390/robotics10020065
https://arxiv.org/abs/2409.00015
https://doi.org/10.3389/fceng.2021.666237
https://doi.org/10.3389/fceng.2021.666237
https://doi.org/10.1016/j.apergo.2024.104224
https://doi.org/10.1109/ICRA.2018.8460185
https://doi.org/10.1109/ICRA.2018.8460185
https://doi.org/10.1109/IROS.2014.6943145
https://doi.org/10.1016/J.SSCI.2020.104667
https://doi.org/10.1016/J.SSCI.2020.104667
https://doi.org/10.5772/53939
https://doi.org/10.1007/s10845-023-02159-4
https://doi.org/10.1007/s10845-023-02159-4
https://doi.org/10.1080/0951192X.2016.1268269
https://doi.org/10.1016/J.RCIM.2022.102386
https://doi.org/10.1109/LRA.2021.3076968
https://doi.org/10.1007/S12369-023-01027-8/FIGURES/2
https://doi.org/10.1016/J.JII.2021.100257
https://doi.org/10.1016/J.JII.2021.100257
https://doi.org/10.1109/ACCESS.2017.2773127
https://doi.org/10.1109/ACCESS.2017.2773127
https://doi.org/10.3390/APP112110448
https://doi.org/10.1016/J.RCIM.2021.102231
https://doi.org/10.1016/J.RCIM.2021.102231
https://doi.org/10.1016/J.COR.2021.105674
https://doi.org/10.1016/J.RCIM.2021.102227
https://doi.org/10.1109/THMS.2023.3259139
https://doi.org/10.1145/3673805.3673844
https://doi.org/10.3390/S21051571
https://doi.org/10.3390/S21051571
https://doi.org/10.3390/S21124113
https://doi.org/10.3390/S21124113

S. Asif et al.

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

M. Javaid, A. Haleem, R.P. Singh, S. Rab, R. Suman, Exploring impact and
features of machine vision for progressive industry 4.0 culture, Sens. Int. 3 (2022)
100132, https://doi.org/10.1016/J.SINTL.2021.100132.

J. Fan, P. Zheng, S. Li, Vision-based holistic scene understanding towards
proactive human-robot collaboration, Robot. Comput. Integr. Manuf. 75 (2022)
102304, https://doi.org/10.1016/J.RCIM.2021.102304.

K. Lin, Y. Li, J. Sun, D. Zhou, Q. Zhang, Multi-sensor fusion for body sensor
network in medical human-robot interaction scenario, Inf.Fusion 57 (2020)
15-26, https://doi.org/10.1016/J.INFFUS.2019.11.001.

S. Papanastasiou, N. Kousi, P. Karagiannis, C. Gkournelos, A. Papavasileiou,

K. Dimoulas, K. Baris, S. Koukas, G. Michalos, S. Makris, Towards seamless human
robot collaboration: integrating multimodal interaction, Int. J.Adv. Manuf.
Technol. 105 (9) (2019) 3881-3897, https://doi.org/10.1007/500170-019-
03790-3/TABLES/1.

A. Steinfeld, T. Fong, D. Kaber, M. Lewis, J. Scholtz, A. Schultz, M. Goodrich,
Common metrics for human-robot interaction, in: HRI 2006: Proceedings of the
2006 ACM Conference on Human-Robot Interaction, 2006, 2006, pp. 33-40,
https://doi.org/10.1145/1121241.1121249.

A. Axenopulos, G. Papadopoulos, D. Giakoumis, I. Kostavelis, A.P. Papadimitriou,
S. Sillaurren, L. Bastida, O. Oguz, D. Wollherr, E. Garnica, V. Vouloutsi,

P. Verschure, D. Tzovaras, P. Daras, A hybrid human-robot collaborative
environment for recycling electrical and electronic equipment, in: Proceedings -
2019 IEEE SmartWorld, Ubiquitous Intelligence and Computing, Advanced and
Trusted Computing, Scalable Computing and Communications, Internet of People
and Smart City Innovation, SmartWorld/UIC/ATC/SCALCOM/IOP/SCI 2019,
2019, pp. 1754-1759, https://doi.org/10.1109/SMARTWORLD-UIC-ATC-
SCALCOM-IOP-SCI.2019.00312.

C. Nuzzi, S. Pasinetti, R. Pagani, G. Coffetti, G. Sansoni, HANDS: an RGB-D
dataset of static hand-gestures for human-robot interaction, Data Br. 35 (2021)
106791, https://doi.org/10.1016/J.DIB.2021.106791.

C. Ricolfe-Viala, C. Blanes, Improving robot perception skills using a fast image-
labelling method with minimal Human intervention, Appl. Sci. 12 (3) (2022)
1557, https://doi.org/10.3390/APP12031557.

T. Asfour, F. Paus, M. Waechter, L. Kaul, S. Rader, P. Weiner, S. Ottenhaus,

R. Grimm, Y. Zhou, M. Grotz, ARMAR-6: a high-performance humanoid for
Human-robot collaboration in real-world scenarios, IEEE Robot. Autom. Mag. 26
(4) (2019) 108-121, https://doi.org/10.1109/MRA.2019.2941246.

T. Xue, W. Wang, J. Ma, W. Liu, Z. Pan, M. Han, Progress and prospects of
multimodal fusion methods in physical Human-robot interaction: a review, IEEE
Sens. J. 20 (18) (2020) 10355-10370, https://doi.org/10.1109/
JSEN.2020.2995271.

C. Abah, A.L. Orekhov, G.L.H. Johnston, N. Simaan, A multi-modal sensor array
for Human-robot interaction and confined spaces exploration using continuum
robots, IEEE Sens. J. 22 (4) (2022) 3585-3594, https://doi.org/10.1109/
JSEN.2021.3140002.

N. Berx, W. Decré, 1. Morag, P. Chemweno, L. Pintelon, Identification and
classification of risk factors for human-robot collaboration from a system-wide
perspective, Comput. Ind. Eng. 163 (2022) 107827, https://doi.org/10.1016/J.
CIE.2021.107827.

C. Ge, Z. Wang, Z. Liu, T. Wu, S. Wang, X. Ren, D. Chen, J. Zhao, P. Hu, J. Zhang,
A capacitive and piezoresistive hybrid sensor for long-distance proximity and
wide-range force detection in Human-Robot collaboration, Adv. Intell. Syst. 4 (3)
(2022) 2100213, https://doi.org/10.1002/AISY.202100213.

AX. Inkulu, M.V.A.R. Bahubalendruni, A. Dara, K. SankaranarayanaSamy,
Challenges and opportunities in human robot collaboration context of Industry
4.0 - a state of the art review, Ind. Robot 49 (2) (2022) 226-239, https://doi.org/
10.1108/1R-04-2021-0077 /FULL/PDF.

Lovell, D., Milanovic, V., Kasturi, A., Hu, F., Soni, K., Ho, D., Atwood, B.H., Ristic,
L., Liu, X., & Koppal, S.J. (2022). Optical MEMS enable next generation solutions
for robot vision and human-robot interaction. 12013, 15-29. https://doi.org
/10.1117/12.2613458.

A.C. Simoes, A. Pinto, J. Santos, S. Pinheiro, D. Romero, Designing human-robot
collaboration (HRC) workspaces in industrial settings: a systematic literature
review, J. Manuf. Syst. 62 (2022) 28-43, https://doi.org/10.1016/J.
JMSY.2021.11.007.

E. Eller, D. Frey, Psychological perspectives on perceived safety: social factors of
feeling safe, in: M. Raue, B. Streicher, E. Lermer (Eds.), Perceived Safety: A
Multidisciplinary Perspective, Springer International Publishing, 2019,

pp. 43-60, https://doi.org/10.1007/978-3-030-11456-5_4.

N.C. Barajas, A. Rouchitsas, D.G. Broo, Examining Human-Robot interactions:
design guidelines for trust and acceptance, in: E. Malakhatka, M. Wiberg (Eds.),
Human-Technology Interaction: Interdisciplinary Approaches and Perspectives,
Springer, Nature Switzerland, 2025, pp. 117-137, https://doi.org/10.1007/978-
3-031-78357-9 4.

T. Panchetti, L. Pietrantoni, G. Puzzo, L. Gualtieri, F. Fraboni, Assessing the
relationship between cognitive workload, workstation design, user acceptance
and trust in collaborative robots, Appl. Sci. 13 (3) (2023), https://doi.org/
10.3390/app13031720.

S. Hopko, J. Wang, R. Mehta, Human factors considerations and metrics in shared
space Human-robot collaboration: a systematic review, Front. Robot. Al 9
(2022). https://www.frontiersin.org/journals/robotics-and-ai/articles/10.3389/
frobt.2022.799522.

L. Johannsmeier, S. Haddadin, A hierarchical Human-robot interaction-planning
framework for task allocation in collaborative industrial assembly processes, IEEE
Robot. Autom. Lett. 2 (1) (2017) 41-48, https://doi.org/10.1109/
LRA.2016.2535907.

18

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

Robotics and Computer-Integrated Manufacturing 97 (2026) 103102

S.M. Merritt, D.R. Ilgen, Not all trust is created equal: dispositional and history-
based trust in Human-automation interactions, Hum. Factors 50 (2) (2008)
194-210, https://doi.org/10.1518/001872008X288574.

Y.A. Chinniah, Robot Safety: Overview of risk assessment and risk reduction,

J. Adv. Robot. Autom. 5 (1) (2016) 139, https://doi.org/10.4172/2168-
9695.1000139.

R. Andreasson, B. Alenljung, E. Billing, et al., Affective Touch in Human-Robot
Interaction: Conveying Emotion to the Nao Robot, Int. J. Soc. Robotics 10 (2018)
473-491, https://doi.org/10.1007/s12369-017-0446-3.

E.S. Epel, A.D. Crosswell, S.E. Mayer, A.A. Prather, G.M. Slavich, E. Puterman, W.
B. Mendes, More than a feeling: A unified view of stress measurement for
population science, Front. Neuroendocrinol. 49 (2018) 146-169, https://doi.org/
10.1016/j.yfrne.2018.03.001.

Human Impact Partners, The Public Health Crisis Hidden in Amazon Warehouses,
2021. https://humanimpact.org/wp-content/uploads/2021/01/The-Public-H
ealth-Crisis-Hidden-In-Amazon-Warehouses-HIP-WWRC-01-21.pdf.

J. Mumm, B. Mutlu, Human-robot proxemics: physical and psychological
distancing in human-robot interaction, in: Proceedings of the 6th International
Conference on Human-Robot Interaction, 2011, pp. 331-338, https://doi.org/
10.1145/1957656.1957786.

1. Kostavelis, A. Kargakos, D. Giakoumis, D. Tzovaras, Robot’s workspace
enhancement with dynamic Human presence for socially-aware navigation, in:
M. Liu, H. Chen, M. Vincze (Eds.), Computer Vision Systems, Springer
International Publishing, 2017, pp. 279-288.

L. Takayama, C. Pantofaru, Influences on proxemic behaviors in human-robot
interaction, in: 2009 IEEE/RSJ International Conference on Intelligent Robots
and Systems, 2009, pp. 5495-5502, https://doi.org/10.1109/
TR0S.2009.5354145.

L. Lu, Z. Xie, H. Wang, L. Li, X. Xu, Mental stress and safety awareness during
human-robot collaboration - review, Appl. Ergon. 105 (2022) 103832, https://
doi.org/10.1016/J.APERG0.2022.103832.

G. Charalambous, S. Fletcher, P. Webb, The development of a scale to evaluate
trust in industrial Human-robot collaboration, Int. J. Soc. Robot. 8 (2) (2016)
193-209, https://doi.org/10.1007/512369-015-0333-8.

Law, T., & Scheutz, M. (2021). Chapter 2 - Trust: Recent Concepts and Evaluations in
Human-Robot Interaction (C. S. Nam & J. B. B. T.-T. in H.-R. L. Lyons, Eds.; pp.
27-57). Academic Press. https://doi.org/10.1016/B978-0-12-819472-0.00002-2.
A. Klingbeil, C. Griitzner, P. Schreck, Trust and reliance on AI — An experimental
study on the extent and costs of overreliance on AI, Comput. Human. Behav. 160
(2024) 108352, https://doi.org/10.1016/j.chb.2024.108352.

L. Methnani, A. Aler Tubella, V. Dignum, A. Theodorou, Let me take over:
variable autonomy for meaningful Human control, Front. Artif. Intell. 4 (2021)
737072, https://doi.org/10.3389/frai.2021.737072.

S.H. Ivanov, Automated decision-making, Foresight. 25 (1) (2023) 4-19, https://
doi.org/10.1108/FS-09-2021-0183.

I.El Makrini, K. Merckaert, J.De Winter, D. Lefeber, B. Vanderborght, Task
allocation for improved ergonomics in Human-Robot Collaborative Assembly,
Interact. Stud. 20 (1) (2019) 102-133, https://doi.org/10.1075/is.18018.mak.
0. Ogorodnikova, Human weaknesses and strengths in collaboration with robots,
Period. Polytech. Mech. Eng. 52 (1) (2008) 25-33, https://doi.org/10.3311/pp.
me.2008-1.05.

H. Oberc, C. Prinz, P. Glogowski, K. Lemmerz, B. Kuhlenkétter, Human Robot
Interaction — learning how to integrate collaborative robots into manual assembly
lines, Procedia Manuf. 31 (2019) 26-31, https://doi.org/10.1016/].
promfg.2019.03.005.

Y.Y. Liau, K. Ryu, Task allocation in Human-robot collaboration (HRC) based on
Task characteristics and agent capability for mold assembly, Procedia Manuf. 51
(2020) 179-186, https://doi.org/10.1016/j.promfg.2020.10.026.

M. Nikolova, F. Cnossen, N. Boris, Robots, Meaning, and Self-Determination,
Global Labor Organization (GLO), 2022. http://hdl.handle.net/10419/265866.
F. Ranz, V. Hummel, W. Sihn, Capability-based task allocation in Human-robot
collaboration, Procedia Manuf. 9 (2017) 182-189, https://doi.org/10.1016/j.
promfg.2017.04.011.

C. Petzoldt, M. Harms, M. Freitag, Review of task allocation for human-robot
collaboration in assembly, Int. J. Comput. Integr. Manuf. 36 (11) (2023)
1675-1715, https://doi.org/10.1080/0951192X.2023.2204467.

A. Baratta, A. Cimino, F. Longo, G. Mirabelli, L. Nicoletti, Task Allocation in
Human-robot collaboration: a simulation-based approach to optimize operator’s
productivity and ergonomics, Procedia Comput. Sci. 232 (2024) 688-697,
https://doi.org/10.1016/j.procs.2024.01.068.

M. Klingensmith, S.S. Sirinivasa, M. Kaess, Articulated robot motion for
simultaneous localization and mapping (ARM-SLAM), IEEE Robot. Autom. Lett. 1
(2) (2016) 1156-1163, https://doi.org/10.1109/LRA.2016.2518242.

1. Granata, M. Faccio, G. Boschetti, Industry 5.0: prioritizing human comfort and
productivity through collaborative robots and dynamic task allocation, Procedia
Comput. Sci. 232 (2024) 2137-2146, https://doi.org/10.1016/j.
procs.2024.02.144.

B. Yao, X. Li, Z. Ji, K. Xiao, W. Xu, Task reallocation of human-robot collaborative
production workshop based on a dynamic human fatigue model, Comput. Ind.
Eng. 189 (2024) 109855, https://doi.org/10.1016/j.cie.2023.109855.

A.A. Malik, A. Bilberg, Complexity-based task allocation in human-robot
collaborative assembly, Ind. Robot 46 (4) (2019) 471-480, https://doi.org/
10.1108/IR-11-2018-0231.

P. Segura, O. Lobato-Calleros, I. Soria-Arguello, E.G. Hernandez-Martinez, Work
roles in Human-Robot collaborative systems: effects on cognitive ergonomics for


https://doi.org/10.1016/J.SINTL.2021.100132
https://doi.org/10.1016/J.RCIM.2021.102304
https://doi.org/10.1016/J.INFFUS.2019.11.001
https://doi.org/10.1007/S00170-019-03790-3/TABLES/1
https://doi.org/10.1007/S00170-019-03790-3/TABLES/1
https://doi.org/10.1145/1121241.1121249
https://doi.org/10.1109/SMARTWORLD-UIC-ATC-SCALCOM-IOP-SCI.2019.00312
https://doi.org/10.1109/SMARTWORLD-UIC-ATC-SCALCOM-IOP-SCI.2019.00312
https://doi.org/10.1016/J.DIB.2021.106791
https://doi.org/10.3390/APP12031557
https://doi.org/10.1109/MRA.2019.2941246
https://doi.org/10.1109/JSEN.2020.2995271
https://doi.org/10.1109/JSEN.2020.2995271
https://doi.org/10.1109/JSEN.2021.3140002
https://doi.org/10.1109/JSEN.2021.3140002
https://doi.org/10.1016/J.CIE.2021.107827
https://doi.org/10.1016/J.CIE.2021.107827
https://doi.org/10.1002/AISY.202100213
https://doi.org/10.1108/IR-04-2021-0077/FULL/PDF
https://doi.org/10.1108/IR-04-2021-0077/FULL/PDF
https://doi.org/10.1117/12.2613458
https://doi.org/10.1117/12.2613458
https://doi.org/10.1016/J.JMSY.2021.11.007
https://doi.org/10.1016/J.JMSY.2021.11.007
https://doi.org/10.1007/978-3-030-11456-5_4
https://doi.org/10.1007/978-3-031-78357-9_4
https://doi.org/10.1007/978-3-031-78357-9_4
https://doi.org/10.3390/app13031720
https://doi.org/10.3390/app13031720
https://www.frontiersin.org/journals/robotics-and-ai/articles/10.3389/frobt.2022.799522
https://www.frontiersin.org/journals/robotics-and-ai/articles/10.3389/frobt.2022.799522
https://doi.org/10.1109/LRA.2016.2535907
https://doi.org/10.1109/LRA.2016.2535907
https://doi.org/10.1518/001872008X288574
https://doi.org/10.4172/2168-9695.1000139
https://doi.org/10.4172/2168-9695.1000139
https://doi.org/10.1007/s12369-017-0446-3
https://doi.org/10.1016/j.yfrne.2018.03.001
https://doi.org/10.1016/j.yfrne.2018.03.001
https://humanimpact.org/wp-content/uploads/2021/01/The-Public-Health-Crisis-Hidden-In-Amazon-Warehouses-HIP-WWRC-01-21.pdf
https://humanimpact.org/wp-content/uploads/2021/01/The-Public-Health-Crisis-Hidden-In-Amazon-Warehouses-HIP-WWRC-01-21.pdf
https://doi.org/10.1145/1957656.1957786
https://doi.org/10.1145/1957656.1957786
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0061
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0061
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0061
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0061
https://doi.org/10.1109/IROS.2009.5354145
https://doi.org/10.1109/IROS.2009.5354145
https://doi.org/10.1016/J.APERGO.2022.103832
https://doi.org/10.1016/J.APERGO.2022.103832
https://doi.org/10.1007/s12369-015-0333-8
https://doi.org/10.1016/B978-0-12-819472-0.00002-2
https://doi.org/10.1016/j.chb.2024.108352
https://doi.org/10.3389/frai.2021.737072
https://doi.org/10.1108/FS-09-2021-0183
https://doi.org/10.1108/FS-09-2021-0183
https://doi.org/10.1075/is.18018.mak
https://doi.org/10.3311/pp.me.2008-1.05
https://doi.org/10.3311/pp.me.2008-1.05
https://doi.org/10.1016/j.promfg.2019.03.005
https://doi.org/10.1016/j.promfg.2019.03.005
https://doi.org/10.1016/j.promfg.2020.10.026
http://hdl.handle.net/10419/265866
https://doi.org/10.1016/j.promfg.2017.04.011
https://doi.org/10.1016/j.promfg.2017.04.011
https://doi.org/10.1080/0951192X.2023.2204467
https://doi.org/10.1016/j.procs.2024.01.068
https://doi.org/10.1109/LRA.2016.2518242
https://doi.org/10.1016/j.procs.2024.02.144
https://doi.org/10.1016/j.procs.2024.02.144
https://doi.org/10.1016/j.cie.2023.109855
https://doi.org/10.1108/IR-11-2018-0231
https://doi.org/10.1108/IR-11-2018-0231

S. Asif et al.

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]
[129]

[130]

[131]

[132]

the manufacturing industry, Appl. Sci. 15 (2) (2025), https://doi.org/10.3390/
app15020744.

1. Akli, W. Benhocine, Agent-capability based industrial task assignment with
RFID sensors, Review (2023). https://www.researchsquare.com/article/rs-2
786700/v1.

A. Roncone, O. Mangin, B. Scassellati, Transparent role assignment and task
allocation in human robot collaboration, in: 2017 IEEE International Conference
on Robotics and Automation (ICRA), 2017, pp. 1014-1021, https://doi.org/
10.1109/ICRA.2017.7989122.

M. Gagné, S.K. Parker, M.A. Griffin, P.D. Dunlop, C. Knight, F.E. Klonek,

X. Parent-Rocheleau, Understanding and shaping the future of work with self-
determination theory, Nat. Rev. Psychol. 1 (7) (2022) 378-392, https://doi.org/
10.1038/544159-022-00056-w.

J.D. Lee, K.A. See, Trust in automation: designing for appropriate reliance,
Human Fact. 46 (1) (2004) 50-80, https://doi.org/10.1518/hfes.46.1.50_30392.
T.L. Johnson, et al., How and why we need to capture tacit knowledge in
manufacturing: Case studies of visual inspection, Appl. Ergon. 74 (2019) 1-9,
https://doi.org/10.1016/j.apergo.2018.07.016.

A. Noormohammadi-Asl, S.L. Smith, K. Dautenhahn, To Lead or to Follow?
Adaptive Robot Task Planning in Human-Robot Collaboration, 2024. htt
ps://arxiv.org/abs/2401.01483.

Lamon, E., Fusaro, F., Momi, E.De, & Ajoudani, A. (2023). A unified architecture
for dynamic role allocation and collaborative task planning in mixed Human-robot
teams. https://arxiv.org/abs/2301.08038.

A. Al-Asfour, Y. Zhao, Bridging the skills gap divide in manufacturing:
perspectives from industry leaders, Ind. Commer. Train. 56 (1) (2024) 78-90,
https://doi.org/10.1108/ICT-10-2023-0075.

Y.D. Ozkan-Ozen, Y. Kazancoglu, Analysing workforce development challenges in
the industry 4.0, Int. J. Manpow. 43 (2) (2022) 310-333, https://doi.org/
10.1108/1JM-03-2021-0167.

N. Leesakul, A.-M. Oostveen, 1. Eimontaite, M.L. Wilson, R. Hyde, Workplace 4.0:
exploring the implications of technology adoption in digital manufacturing on a
sustainable workforce, Sustainability (6) (2022) 14, https://doi.org/10.3390/
sul4063311.

R.D. Leon, Employees’ reskilling and upskilling for industry 5.0: selecting the best
professional development programmes, Technol. Soc. 75 (2023) 102393, https://
doi.org/10.1016/j.techsoc.2023.102393.

L. Li, Reskilling and upskilling the future-ready workforce for industry 4.0 and
beyond, Inf. Syst. Front. 26 (5) (2024) 1697-1712, https://doi.org/10.1007/
510796-022-10308-y.

M. Hasan, et al., Upskilling and Reskilling in a Rapidly Changing Job Market:
Strategies for Organizations to Maintain Workforce Agility and Adaptability, Eur.
J. Bus. Manage. Res. 9 (6) (2024) 118-126, https://doi.org/10.24018/
ejbmr.2024.9.6.2502.

L. Li, L. Duan, Human centric innovation at the heart of industry 5.0 — exploring
research challenges and opportunities, Int. J. Prod. Res. (2025) 1-33, https://doi.
org/10.1080/00207543.2025.2462657.

S. Waschull, J.A.C. Bokhorst, J.C. Wortmann, Impact of technology on work:
technical functionalities that give rise to new job designs in industry 4.0 BT -
advances in production management systems, in: H. Lodding, R. Riedel, K.-

D. Thoben, G. von Cieminski, D. Kiritsis (Eds.), The Path to Intelligent,
Collaborative and Sustainable Manufacturing, Springer International Publishing,
2017, pp. 274-281.

K. Laaser, J.C. Karlsson, Towards a sociology of meaningful work, Work
Employm. Society 36 (5) (2022) 798-815, https://doi.org/10.1177/
09500170211055998.

M. Lorenzini, M. Lagomarsino, L. Fortini, S. Gholami, A. Ajoudani, Ergonomic
human-robot collaboration in industry: a review, Front. Robot. Al 9 (2023),
https://doi.org/10.3389/frobt.2022.813907.

H.-L. Cao, S.A. Elprama, C. Scholz, P. Siahaya, I. El Makrini, A. Jacobs,

A. Ajoudani, B. Vanderborght, Designing interaction interface for supportive
human-robot collaboration: a co-creation study involving factory employees,
Comput. Ind. Eng. 192 (2024) 110208, https://doi.org/10.1016/j.
cie.2024.110208.

A. Umbrico, A. Orlandini, A. Cesta, S. Koukas, A. Zalonis, N. Fourtakas,

D. Andronas, G. Apostolopoulos, S. Makris, Towards user-awareness in Human-
robot collaboration for future cyber-physical systems, in: 2021 26th IEEE
International Conference on Emerging Technologies and Factory Automation
(ETFA), 2021, pp. 1-8, https://doi.org/10.1109/ETFA45728.2021.9613144.
ISO 9241-11:2018, Ergonomics of Human-System Interaction — Part 11:
Usability: Definitions and Concepts, 2018.

ISO 8373, Robots and robotic devices — vocabulary, in: ISO 8373, 2012.

J. Lindblom, R. Andreasson, Current challenges for UX evaluation of human-robot
interaction, in: C. Schlick, S. Trzcielinski (Eds.), Advances in Ergonomics of
Manufacturing: Managing the Enterprise of the Future, Springer International
Publishing, 2016, pp. 267-277.

A. Sica, H.S. Setra, In technology we trust! but should we?, in: M. Kurosu,

A. Hashizume (Eds.), Human-Computer Interaction, Springer, Nature
Switzerland, 2023, pp. 293-317.

R. Parasuraman, V. Riley, Humans and automation: use, misuse, disuse, abuse,
Hum. Factors 39 (2) (1997) 230-253, https://doi.org/10.1518/
001872097778543886.

J.R. Crawford, Y.M. Goh, E.-M. Hubbard, Generalised Anxiety disorder and
depression on implicit and explicit trust tendencies toward automated systems,
IEEE Access 9 (2021) 68081-68092, https://doi.org/10.1109/
ACCESS.2021.3076681.

19

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]
[156]

[157]

[158]

[159]

Robotics and Computer-Integrated Manufacturing 97 (2026) 103102

J.D. Lee, N. Moray, Trust, control strategies and allocation of function in human-
machine systems, Ergonomics 35 (10) (1992) 1243-1270, https://doi.org/
10.1080/00140139208967392.

J.M. Kraus, Y. Forster, S. Hergeth, M. Baumann, Two routes to trust calibration.
Research Anthology on Cross-Disciplinary Designs and Applications of
Automation, IGI Global, 2022, pp. 910-929, https://doi.org/10.4018/978-1-
6684-3694-3.ch045.

J.L. Szalma, G.S. Taylor, Individual differences in response to automation: the five
factor model of personality, J. Exp. Psychol. Appl. 17 (2) (2011) 71-96, https://
doi.org/10.1037/a0024170.

E. Huerta, T. Glandon, Y. Petrides, Framing, decision-aid systems, and culture:
exploring influences on fraud investigations, Int. J. Account. Inf. Syst. 13 (4)
(2012) 316-333, https://doi.org/10.1016/j.accinf.2012.03.007.

N.T. Ho, G.G. Sadler, L.C. Hoffmann, J.B. Lyons, W.W. Johnson, Trust of a
military automated system in an operational context, Milit. Psychol. 29 (6) (2017)
524-541, https://doi.org/10.1037/mil0000189.

S.M. Merritt, Affective processes in human-automation interactions, Hum. Factors
53 (4) (2011) 356-370, https://doi.org/10.1177/0018720811411912.

C.K. Stokes, J.B. Lyons, K. Littlejohn, J. Natarian, E. Case, N. Speranza,
Accounting for the human in cyberspace: effects of mood on trust in automation,
in: 2010 International Symposium on Collaborative Technologies and Systems,
2010, pp. 180-187, https://doi.org/10.1109/CTS.2010.5478512.

P. de Vries, C. Midden, D. Bouwhuis, The effects of errors on system trust, self-
confidence, and the allocation of control in route planning, Int. J. Hum. Comput.
Stud. 58 (6) (2003) 719-735, https://doi.org/10.1016/51071-5819(03)00039-9.
J.D. Lee, N. Moray, Trust, self-confidence, and operators’ adaptation to
automation, Int. J. Hum. Comput. Stud. 40 (1) (1994) 153-184, https://doi.org/
10.1006/ijhc.1994.1007.

J.D. Lewis, A. Weigert, Trust as a social reality, Soc.Forces 63 (4) (1985) 967-985,
https://doi.org/10.1093/5£/63.4.967.

N. Moray, T. Inagaki, Laboratory studies of trust between humans and machines
in automated systems, Trans. Inst. Meas. Control 21 (4-5) (1999) 203-211,
https://doi.org/10.1177/014233129902100408.

B.M. MUIR, Trust in automation: part I. Theoretical issues in the study of trust and
human intervention in automated systems, Ergonomics 37 (11) (1994)
1905-1922, https://doi.org/10.1080/00140139408964957.

R.C. Mayer, J.H. Davis, F.D. Schoorman, An integrative model of organizational
trust, Acad. Manag. Rev. 20 (3) (1995) 709-734. http://www.jstor.org/stab
le/258792.

C.-M. Huang, B. Mutlu, Anticipatory robot control for efficient human-robot
collaboration, in: 2016 11th ACM/IEEE International Conference on Human-
Robot Interaction (HRI), 2016, pp. 83-90, https://doi.org/10.1109/
HRI.2016.7451737.

Y. Sun, M. Van, S. Mcllvanna, N.N. Minh, S. McLoone, D. Ceglarek, Adaptive
admittance control for safety-critical physical Human robot collaboration, IFAC-
PapersOnLine 56 (2) (2023) 1313-1318, https://doi.org/10.1016/].
ifacol.2023.10.1772.

A.A. Ravankar, A. Ravankar, C.-C. Peng, Y. Kobayashi, T. Emaru, Task
coordination for multiple mobile robots considering semantic and topological
information, in: 2018 IEEE International Conference on Applied System Invention
(ICASI), 2018, pp. 1088-1091, https://doi.org/10.1109/ICASI.2018.8394468.
D. Yongda, L. Fang, X. Huang, Research on multimodal human-robot interaction
based on speech and gesture, Comput. Electric. Eng. 72 (2018) 443-454, https://
doi.org/10.1016/J.COMPELECENG.2018.09.014.

R. Zhang, J. Lv, J. Li, J. Bao, P. Zheng, T. Peng, A graph-based reinforcement
learning-enabled approach for adaptive human-robot collaborative assembly
operations, J. Manuf. Syst. 63 (2022) 491-503, https://doi.org/10.1016/j.

jmsy.2022.05.006.

M. Spezialetti, G. Placidi, S. Rossi, Emotion recognition for Human-robot
interaction: recent advances and future perspectives, Front. Robot. Al 7 (2020),
https://doi.org/10.3389/frobt.2020.532279.

S. Sheikholeslami, Aj. Moon, E.A. Croft, Cooperative gestures for industry:
exploring the efficacy of robot hand configurations in expression of instructional
gestures for human-robot interaction, Int. J. Rob. Res. 36 (5-7) (2017) 699-720,
https://doi.org/10.1177/0278364917709941.

S.G. Ponnambalam, Q. Chang, (Cindy), R.Y. Zhong, I. Kucukkoc, M.

N. Janardhanan, Human-robot collaboration in the next generation
manufacturing and logistics system, Flex. Serv. Manuf. J. 35 (4) (2023) 975-978,
https://doi.org/10.1007/510696-023-09506-W/METRICS.

E.Z. Wang, C.C. Lee, Y. Li, Assessing the impact of industrial robots on
manufacturing energy intensity in 38 countries, Energy Econ. 105 (2022) 105748,
https://doi.org/10.1016/J.ENEC0.2021.105748.

T.B. Sheridan, Human-robot interaction: status and challenges, Hum. Factors 58
(4) (2016) 525-532, https://doi.org/10.1177/0018720816644364.

A. Vysocky, P. Novak, Human - robot collaboration in industry, MM Sci. J. (2016)
903-906, https://doi.org/10.17973/MMSJ.2016_06_201611.

Y.S. Kwon, B.J. Yi, Design and motion planning of a two-module collaborative
indoor pipeline inspection robot, IEEE Trans. Robot. 28 (3) (2012) 681-696,
https://doi.org/10.1109/TR0.2012.2183049.

Robots Handling the Groceries, The Engineer 298 (7895) (2018), https://doi.org/
10.12968/50013-7758(23)90084-x.

V. Tinoco, M.F. Silva, F.N. Santos, L.F. Rocha, S. Magalhaes, L.C. Santos, A review
of pruning and harvesting manipulators, in: 2021 IEEE International Conference
on Autonomous Robot Systems and Competitions, ICARSC 2021, 2021,

pp. 155-160, https://doi.org/10.1109/ICARSC52212.2021.9429806.


https://doi.org/10.3390/app15020744
https://doi.org/10.3390/app15020744
https://www.researchsquare.com/article/rs-2786700/v1
https://www.researchsquare.com/article/rs-2786700/v1
https://doi.org/10.1109/ICRA.2017.7989122
https://doi.org/10.1109/ICRA.2017.7989122
https://doi.org/10.1038/s44159-022-00056-w
https://doi.org/10.1038/s44159-022-00056-w
https://doi.org/10.1518/hfes.46.1.50_30392
https://doi.org/10.1016/j.apergo.2018.07.016
https://arxiv.org/abs/2401.01483
https://arxiv.org/abs/2401.01483
https://arxiv.org/abs/2301.08038
https://doi.org/10.1108/ICT-10-2023-0075
https://doi.org/10.1108/IJM-03-2021-0167
https://doi.org/10.1108/IJM-03-2021-0167
https://doi.org/10.3390/su14063311
https://doi.org/10.3390/su14063311
https://doi.org/10.1016/j.techsoc.2023.102393
https://doi.org/10.1016/j.techsoc.2023.102393
https://doi.org/10.1007/s10796-022-10308-y
https://doi.org/10.1007/s10796-022-10308-y
https://doi.org/10.24018/ejbmr.2024.9.6.2502
https://doi.org/10.24018/ejbmr.2024.9.6.2502
https://doi.org/10.1080/00207543.2025.2462657
https://doi.org/10.1080/00207543.2025.2462657
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0156
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0156
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0156
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0156
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0156
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0156
https://doi.org/10.1177/09500170211055998
https://doi.org/10.1177/09500170211055998
https://doi.org/10.3389/frobt.2022.813907
https://doi.org/10.1016/j.cie.2024.110208
https://doi.org/10.1016/j.cie.2024.110208
https://doi.org/10.1109/ETFA45728.2021.9613144
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0052
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0052
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0051
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0078
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0078
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0078
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0078
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0138
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0138
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0138
https://doi.org/10.1518/001872097778543886
https://doi.org/10.1518/001872097778543886
https://doi.org/10.1109/ACCESS.2021.3076681
https://doi.org/10.1109/ACCESS.2021.3076681
https://doi.org/10.1080/00140139208967392
https://doi.org/10.1080/00140139208967392
https://doi.org/10.4018/978-1-6684-3694-3.ch045
https://doi.org/10.4018/978-1-6684-3694-3.ch045
https://doi.org/10.1037/a0024170
https://doi.org/10.1037/a0024170
https://doi.org/10.1016/j.accinf.2012.03.007
https://doi.org/10.1037/mil0000189
https://doi.org/10.1177/0018720811411912
https://doi.org/10.1109/CTS.2010.5478512
https://doi.org/10.1016/S1071-5819(03)00039-9
https://doi.org/10.1006/ijhc.1994.1007
https://doi.org/10.1006/ijhc.1994.1007
https://doi.org/10.1093/sf/63.4.967
https://doi.org/10.1177/014233129902100408
https://doi.org/10.1080/00140139408964957
http://www.jstor.org/stable/258792
http://www.jstor.org/stable/258792
https://doi.org/10.1109/HRI.2016.7451737
https://doi.org/10.1109/HRI.2016.7451737
https://doi.org/10.1016/j.ifacol.2023.10.1772
https://doi.org/10.1016/j.ifacol.2023.10.1772
https://doi.org/10.1109/ICASI.2018.8394468
https://doi.org/10.1016/J.COMPELECENG.2018.09.014
https://doi.org/10.1016/J.COMPELECENG.2018.09.014
https://doi.org/10.1016/j.jmsy.2022.05.006
https://doi.org/10.1016/j.jmsy.2022.05.006
https://doi.org/10.3389/frobt.2020.532279
https://doi.org/10.1177/0278364917709941
https://doi.org/10.1007/S10696-023-09506-W/METRICS
https://doi.org/10.1016/J.ENECO.2021.105748
https://doi.org/10.1177/0018720816644364
https://doi.org/10.17973/MMSJ.2016_06_201611
https://doi.org/10.1109/TRO.2012.2183049
https://doi.org/10.12968/s0013-7758(23)90084-x
https://doi.org/10.12968/s0013-7758(23)90084-x
https://doi.org/10.1109/ICARSC52212.2021.9429806

S. Asif et al.

[160]

[161]

[162]
[163]

J. Saenz, N. Elkmann, O. Gibaru, P. Neto, Survey of methods for design of
collaborative robotics applications- why safety is a barrier to more widespread
robotics uptake, in: ACM International Conference Proceeding Series, Part F137690,
2018, pp. 95-101, https://doi.org/10.1145/3191477.3191507.

A. Richert, Socializing with Robots, 2018, pp. 97-110, https://doi.org/10.1007/
978-3-319-73546-7_6.

M. Coeckelbergh, Robot Ethics, MIT Press, 2022.

S. Nyholm, Humans and Robots: Ethics, Agency, and Anthropomorphism,
Rowman & Littlefield, 2020.

20

[164]

[165]

Robotics and Computer-Integrated Manufacturing 97 (2026) 103102

F. Carros, T. Storzinger, A. Wierling, A. Preussner, P. Tolmie, Ethical, legal &
participatory concerns in the development of Human-robot interaction: lessons
from eight research projects with social robots in real-world scenarios, I-Com 21
(2) (2022) 299-309, https://doi.org/10.1515/icom-2022-0025.

D.G. Schniederjans, C. Curado, M. Khalajhedayati, Supply chain digitisation
trends: an integration of knowledge management, Int. J. Prod. Econ. 220
(November 2018) (2020) 107439, https://doi.org/10.1016/j.ijpe.2019.07.012.


https://doi.org/10.1145/3191477.3191507
https://doi.org/10.1007/978-3-319-73546-7_6
https://doi.org/10.1007/978-3-319-73546-7_6
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0025
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0105
http://refhub.elsevier.com/S0736-5845(25)00156-5/sbref0105
https://doi.org/10.1515/icom-2022-0025
https://doi.org/10.1016/j.ijpe.2019.07.012

SPACE

https://dspace.org/

Exploring tasks and challenges in human-robot

collaborative systems: areview

Asif, Seemal; Callari, Tiziana C.; Khan, Fahad; Eimontaite, Iveta; Hubbard, Ella-
Mae ...

2026-02-01

Elsevier

https://doi.org/10.1016/j.rcim.2025.103102

Asif S, Callari TC, Khan F, et al., (2026) Exploring tasks and challenges in human-robot
collaborative systems: a review. Robotics and Computer-Integrated Manufacturing, Volume
97, February 2026, Article number 103102

Downloaded from a DSpace repository. https://dspace.org/


https://dspace.org/
https://doi.org/10.1016/j.rcim.2025.103102
https://dspace.org

