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Abstract

Integrating collaborative automation in manufacturing often fails because it neglects workers’ expectations, which leads to insufficient acceptance
and negative employee experiences. This paper presents a comprehensive human-centred methodology for evaluating collaborative automation
systems by examining four key dimensions: task, automation, people and organisational characteristics. The approach combines qualitative as-
sessments with quantitative indicators. Two industrial application cases applying collaborative robotics illustrate the application of the method and
highlight its usefulness in identifying areas for improvement. The methodology has proven to be a practical assessment that helps practitioners

quickly identify key areas of focus without initially requiring extensive quantitative analyses.

© 2025 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the International Programme committee of the 58th CIRP Conference on

Manufacturing Systems

Keywords: collaborative robotics; human factors; industry 5.0;

1. Introduction

The traditional focus on automation capabilities, with lim-
ited attention to workers, has created a gap between the po-
tential and the effectiveness of collaborative automation sys-
tems. Motivated by this issue, this paper provides a method-
ology to assess collaborative automation systems, considering
human-centred and organisational aspects necessary to max-
imise collaborative automation systems’ potential [5]. Collab-
orative automation aims to support workers by sharing work-
loads and promoting human-automation teamwork, optimising
production, and enhancing worker well-being [18, 10]. How-
ever, poorly designed or managed systems can add to worker
demands rather than serve as a resource [22, 5].

The Job Demands-Resources (JD-R) Model explains the link
between job characteristics, well-being, and organisational out-
comes [7]. Job demands, such as high pressure and ineffective
leadership, can lead to job strain, reducing efficiency and moti-
vation, thereby negatively affecting organizational performance
[2]. Conversely, environments where job resources like social
support and user-friendly interfaces foster well-being. More-
over, resources encourage job crafting, enabling employees to
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actively shape their roles by adjusting task execution or sug-
gesting technological enhancements[8]. Considering the dual
potential of collaborative automation as either a strain or sup-
port to workers, it is crucial to examine its integration through
the lens of the JD-R Model: “Is collaborative automation a de-
mand or a resource?”

The paper is organised as follows: Section 2 reviews rele-
vant literature, Section 3 presents the methodology, Section 4
discusses its application in two industrial use cases, and Sec-
tion 5 outlines future research.

2. Existing Methods and Frameworks

To guide designers and managers of automated technology,
this article introduces a comprehensive methodology based on
the JD-R Model, which identifies the criteria for assessing tech-
nology demands and resources. From this perspective, a liter-
ature review has been conducted on collaborative automation
assessment and adoption methods involving job quality, au-
tomation and robotics acceptance, and workers’ well-being in
collaborative automation, particularly in collaborative robotics.
Other works propose similar methodologies. However, the one
proposed in this paper provides a practise-friendly approach
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that includes a structured checklist and rating scales to facil-
itate the evaluation and optimization of collaborative automa-
tion solutions. For example, valuable conceptual frameworks
for evaluating human-robot collaboration provide a broader and
more theoretical approach [12]. In contrast, our work provides a
structured and rapid methodology for direct implementation in
industrial settings. Moreover, by integrating task, automation,
organisation and human factors, the proposed methodology en-
sures a comprehensive assessment that not only considers tech-
nical performance but also enhances worker well-being and or-
ganisational effectiveness [1].

Some authors focus on the personal factors of workers, like
cognitive workload, collaboration fluency, trust, acceptance,
satisfaction, stress, and usability [3, 15, 9]. Other contributions
also consider technical, organisational, and societal factors
[20, 16]. Similarly, a systematic literature review on human-
centred approaches to Human-Robot Collaboration (HRC) sug-
gests workers and task design factors [21]. All these contribu-
tions can be clustered into four dimensions: worker, task, au-
tomation and organisational characteristics.

Task characteristics: this dimension reflects the proper-
ties of tasks within collaborative settings, such as pace, repet-
itiveness, complexity, autonomy, and flexibility [2, 13, 23].
Operators benefit from autonomy in decision-making; hence,
technology should not constrain them by enforcing rigid, pre-
programmed actions, as this would undermine their decision-
making capacity. Achieving a balanced workload between hu-
mans and automation is critical, as predictable and informative
systems can reduce workload and prevent errors arising from
overload or underload conditions.

Automation characteristics: this dimension addresses au-
tomation attributes, such as predictability, transparency, flexi-
bility, and usability [23, 6, 3]. Worker satisfaction depends on
comprehending the system’s state and functionality. Frustration
arises when system objectives are unclear. Predictable automa-
tion enables anticipation of its actions, reducing stress caused
by unmet expectations. Tailoring automation to accommodate
individual needs and working styles can enhance satisfaction.
Flexibility for diverse tasks is key in HRC environments.

Worker characteristics: this dimension encompasses the
skills, expertise, attitudes towards automation, and interper-
sonal relationships of individuals within collaborative environ-
ments [6, 19, 16]. Resistance to collaborative automation may
stem from fears of job replacement or insufficient technical
competence, contributing to job strain. Practical knowledge and
hands-on experience foster confidence and positive attitudes to-
wards automation.

Organisation characteristics: this dimension captures
strategies for integrating automation and managing the work-
force, including training, recognition, and support structures
[19, 4]. Comprehensive training enhances workers’ skills in in-
teracting with automation, while regular feedback and recog-
nition boost motivation and job satisfaction. Effective commu-
nication and support mitigate uncertainty about new technolo-
gies. Involving workers in automation planning and providing
problem-solving support are essential for successful implemen-
tation.

3. The Human-centred Methodology

The methodology, outlined in Fig. 1, is implemented through
a concise checklist to facilitate the assessment of collaborative
automation. It also incorporates four key indicators, one per
characteristic, to provide an overview of the current level of
implementation of collaborative automation systems, determin-
ing whether it functions more as a resource or a demand. It is
organised into four key domains: task, automation, worker, and
organisation. Each domain includes relevant items to be evalu-
ated qualitatively along a gradient from 1 to 3 !. Additionally,
quantitative indicators enhance the assessment depth.

This methodology is specifically tailored for designers and
managers, emphasising accessibility and ease of use, as demon-
strated by the two use cases. Simplicity and rapid applicability
are critical in professional environments where time and re-
source constraints often prevail. By serving as an initial, ap-
proachable layer of assessment, this methodology enables prac-
titioners to quickly identify key areas of focus without be-
coming mired in extensive quantitative analyses at the outset.
This approach facilitates early intervention and promotes itera-
tive improvements. While acknowledging potential subjectivity
and non-exhaustiveness, the methodology encourages thought-
ful reflection rather than prescribing rigid actions, fostering a
deeper engagement with the complexities inherent in each di-
mension of collaborative systems.

Collaborative Automation Assessment
Qualitative assessment
Task Organisation

T1 — Autonomy. O1 - Training and skill development.

T2 - Variety . 02 - Feedback and recognition.

T3 - Complexity. 03 — Communication transparency.
Workers Collaborative Automation

W1 - Skills and experience.

W2 - Trust. Al - State transparency.

A2 - Behaviour predictability.
A3 - Adaptability to workers.
A4 - Adjustability to tasks.
AS - Usability.

W3 - Job security.

W4 - Job crafting and satisfaction.

W5 - Relationship with colleagues.
W6 - Relationship with executives.

Quantitative assessment

Workload
distribution

NASA TLX

Performance Interruptions

Fig. 1: The main elements of the methodology.

Sections 3.1, 3.2, 3.3, and 3.4 refer respectively to the char-
acteristics of task, automation, workers, and organisation that
have to drive the design and adoption of collaborative automa-
tion, that support the assessment. All these characteristics must

! For ease of use, a three-level scale was chosen to ensure that the methodol-
ogy remains suitable for practitioners and accessible in the industry. It is con-
sistent across different dimensions, whereas a more detailed (e.g., five-level)
scale would lead to ambiguous assessment criteria, making it more difficult for
non-experts to recognise minor differences between levels. In this way, a clear
distinction is made between inadequate, acceptable and optimal conditions.
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be evaluated with respect to a task” supported by a collaborative
automation system together one or more workers.

3.1. Task Characteristics

T1 - Autonomy. The space for creativity, flexibility, and adapt-
ability of humans during the task.
1. Poor: little control over timing, decisions and methods of
completing the task.
2. Moderate: partial autonomy over timing, decisions and
methods.
3. Adequate: significant control over timing, decisions and
methods.
T2 - Variety. Variability in the operations undertaken by the
worker within the task.
1. Poor: operations are mechanical and repetitive.
2. Moderate: same operations most of the time.
3. Adequate: task varying in pace, content, location, etc.
T3 - Complexity. Complexity of the operations in terms of ex-
perience and skills required.
1. Poor: routine, well-defined tasks requiring limited experi-
ence and skills.
2. Moderate: involving several steps, requiring moderate
problem-solving skills
3. Adequate: operations requiring advanced problem-solving,
critical thinking, and adaptability.

3.2. Collaborative Automation Characteristics

A1l - State transparency. Accessibility and comprehensibility
for the worker of the processes underlying automation.
1. Poor: the system does not inform the worker about its state
and logics.
2. Moderate: the system provides some information to the
worker about its state and logics.
3. Adequate: the system provides clear and consistent infor-
mation to the worker about its state and logics.
A2 - Behaviour predictability. Predictability and coherence of
the system behaviour with respect to the workers’ expectations.
1. Poor: the automation shows unpredictable behaviour.
2. Moderate: the automation has some unpredictable be-
haviour.
3. Adequate: the automation’s behaviour is predictable with
workers’ expectations.
A3 - Adaptability to workers. Capacity of the automation
system to adapt dynamically its behaviour to the workers’ be-
haviour.
1. Poor: the automation is not adaptable.
2. Moderate: the automation is partly adaptable.
3. Adequate: the automation is largely and dynamically adapt-
able.
A4 - Physical support. Capacity of the automation system to
be flexible enough to fit the workers’ physical demands (e.g.,

2 The task refers to a specific set of activities or operations carried out as part
of the production process to convert raw materials into finished products.

body height, hand dominance) and individual way of working
to ensure physical and mental relief.

1. Poor: the automation is not or is poorly adjustable to phys-
ical preferences.

2. Moderate: a few automation characteristics and functions
can be adjustable.

3. Adequate: automation functions and settings are highly ad-
justable to workers’ needs and preferences.

AS - Ergonomics. The ability of the automation system’s inter-
face to be user-friendly and ergonomically structured, featur-
ing clear symbols, consistent feedback, practical input mecha-
nisms, and seamless interaction.

1. Poor: the interface is poorly designed; the interaction is
frustrating.

2. Moderate: the interface usability is limited in some of
its features (e.g., difficulty in manipulating the controls,
poor feedback, etc.)

3. Adequate: automation interface and interaction are er-
gonomically designed.

3.3. Workers Characteristics

W1 - Skills and experience. Suitability and familiarity of the
workers’ skills, knowledge, and experience with the automation
system.
1. Poor: skills, knowledge, and experience must be signifi-
cantly developed.
2. Moderate: skills, knowledge, and experience require fur-
ther integration.
3. Adequate: workers possess the necessary skills, knowl-
edge, and experience, not requiring additional training.
W2 - Trust. Trust in the robot is tied to the sense of control over
the situation, safety in carrying out activities, and the reliability
of automation.
1. Poor: the worker completely trusts or does not trust the au-
tomation system.
2. Moderate: the worker considers the automation reliable in
certain aspects.
3. Adequate: trust is well-balanced, and the autonomy distri-
bution between the parties is functional.
W3 - Job security. Workers consideration on the threat of au-
tomation as a replacement concern.
1. Poor: workers feel easily replaceable by automation.
2. Moderate: workers are concerned that automation may
eventually replace them.
3. Adequate: workers feel valued and not easily replaceable
by automation.
W4 - Job crafting and satisfaction. Workers’ perceptions of
automation in relation to their job’s control space and adapt-
ability to individual needs.
1. Poor: workers see no benefit in introducing automation.
2. Moderate: workers have concerns about their ability to
adapt and control their job characteristics.
3. Adequate: workers are satisfied with their jobs and view
automation as a supportive tool.
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W5 - Relationship with colleagues. The influence of the
automation solution on maintaining relationships among col-
leagues in the work environment.

1. Poor: there is no possibility for interaction with colleagues

during the task.

2. Moderate: interaction with colleagues is possible only at

certain times.

3. Adequate: interaction with colleagues is always possible.
W6 - Relationship with executives. Workers’ perceptions of
the management’s regard for their well-being and interests dur-
ing the implementation of new technologies.

1. Poor: executive decisions are perceived as not considering

workers’ well-being.

2. Moderate: executives’ decisions are perceived as partially

considering workers’ well-being.

3. Adequate: executives are perceived as trustworthy and have

the well-being of workers in mind.

3.4. Organisation Characteristics

O1 - Training and skill development. Capacity of the organi-
sation to provide comprehensive training programs to enhance
technical skills in working with collaborative automation and
adaptability to changing work demands.
1. Poor: training is absent or superficial, covering only some
technical procedures.
2. Moderate: training programs focus primarily on technical
procedures.
3. Adequate: training programs enhance workers’ skills,
adaptability, and proactivity.
02 - Feedback and recognition. Capacity of the organisation
to provide feedback and recognition for workers’ contributions
in task execution and working with collaborative automation.
1. Poor: no feedback is provided.
2. Moderate: feedback is given only on rare occasions.
3. Adequate: feedback is frequent and comprehensive.
03 - Communication transparency. Efforts of the organisa-
tion in offering details about the timing, methods, and impacts
of collaborative automation implementation before, during, and
after installation.
1. Poor: no information is provided.
2. Moderate: information is superficial.
3. Adequate: information is clear and comprehensive.

3.5. Quantitative Indicators

Q1 - Workload Distribution. This describes allocating task-
related work between the human operator and collaborative au-
tomation. It must be measured as the percentage of total task
cycle time the worker spends on the task. For optimal distri-
bution, the worker’s workload should constitute 40-60% of the
total task cycle time.

Q2 - Interruptions. This evaluates the frequency and impact
of disruptions that impede task completion, such as unexpected
system alerts, system stoppages, or manual intervention. Us-
ing system monitoring tools or event logs, measurement meth-
ods include tracking and logging interruption events, including

their frequency, duration, and impact on task completion time.
It must be measured as the number of interruptions that exceed
the task cycle time. Acceptable limits would be fewer than two
interruptions per shift, with minimal task delay.

Q3 - Quality. This quantifies the efficiency and effectiveness
of completing tasks or achieving goals within the collaborative
automation setup. It must be measured comparing the in-quality
units over the total produced ones.

Q4 - NASA Task Load Index (NASA-TLX). This measures
perceived workload across multiple dimensions such as men-
tal demand, physical demand, temporal demand, effort, perfor-
mance, and frustration. The measurement must be performed
using the NASA-TLX [14] questionnaire to gather subjec-
tive ratings from workers. The assessment must follow the
NASA-TLX’s procedure, and the worker must have experi-
enced the Work Cell (WC) and its process for at least one
shift. Scores should ideally remain within a moderate workload
range, avoiding excessive mental or physical demands to ensure
optimal performance and well-being.

4. Industrial Application Cases

The methodology was applied to evaluate the tasks within
two WCs (Fig. 2) that demonstrate different approaches towards
collaborative automation adoption. These WCs adopt collabo-
rative robots. Results are reported in Table 1.

(a) Work cell 1

(b) Work cell 2

Fig. 2: Analysed work cells.

WC 1 (video industrial setting) operates within a Small and
Medium Enterprise (SME) specialised in hand tools, involv-
ing high-dexterity tasks performed by skilled artisans with lim-
ited technological proficiency. Tasks, primarily manual or semi-
automated (e.g., polishing), incorporate a collaborative robot
(UR10) for welding and polishing hand-tweezers in a shared
workspace, as detailed in [17]. Quick parameterisation proce-
dures simplify use for non-experts, though worker involvement
remains limited. The cell includes a mobile UR10 station, weld-
ing/polishing machines, a workbench, a feeding system, an au-
tomatic jig, and a laser scanner.

WC 2 (video lab setting, video industrial setting) was de-
ployed in an injection moulding SME with 25 production lines
staffed by skilled operators and assemblers proficient in ma-
chine tending but not in programming. The WC, using a Uni-
versal Robots UR5e mounted on a manual station, performs
screwdriving via an end-effector and provides workers with
task-specific data through a Human Machine Interface. Empat-
ica E4 wristband data, combined with the dominant hand and
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Work cell 1 Work cell 2
T1 | (1). The process procedures are always the same for the worker. (2). The workers engage in both sequential and parallel processing with the
cobot. They can also choose the desired operations sequence.
T2 | (2). The worker is assigned to the WC supervision and buffer refill. In the | (2). While the worker has some degrees of freedom, he/she mostly performs
remaining time, he/she can be assigned to other jobs. the same routine every three minutes.
T3 | (1). The worker has to refill the buffer and supervise the WC. The technician | (2). The worker has simple tasks to be executed. However, process supervi-
handles the WC setup. sion and cobot interaction require some problem-solving.
Al | (3). Workers have access to a GUI. They can parametrise the part program | (2). The workers can access a GUI that provides information on the assigned
and manage production orders and equipment. tasks. However, no explanations are provided about the decisions.
A2 | (2). If the parametrisation is not properly performed, quality issues may | (3). After a few cycles needed to learn the cobot’s modus operandi, the
occur in the polishing process. worker can easily understand how it operates.
A3 | (1). The WC does not consider this aspect. (2). The cobot adapts its speed in the lab setting based on the distance be-
tween the tool and the worker’s hands.
A4 | (1). The WC does not consider this aspect. (3). The dynamic task assignment considers the worker’s perceived fatigue
and hand dominance.
AS | (2). The GUI assists workers in parameterising the part program by provid- | (2). The interaction mostly relies on the functions of the cobot’s teach pen-
ing all necessary instructions, but it lacks a user-centred design approach. dant and a few other interfaces (e.g., the workbench’s button).
W1 | (2). Parameterisation heavily depends on the workers’ experience with the | (3). The worker has been instructed to re-activate the cobot’s operations in
process. case of issues. No additional skills are required.
W2| (2). With the proper setup, the workers trust the automation solution. Some | (3). All the workers testing the solution provided positive feedback about
non-conformities still need to be solved the interaction with the cobot.
W3 | (2). After an initial sentiment of “a cobot cannot perform these tasks as we | (3). The WC has been designed for human-robot collaboration. It cannot
do”, the workers recognise the technology potential. operate without a worker.
W41 (2). Younger workers demonstrate learning readiness. Conversely, more ex- | (3). All the workers testing the solution provided positive feedback about
perienced workers exhibit less enthusiasm. the possibility of working with cobots in more processes
W5 | (3). The workers can easily interact with their colleagues. (3). The workers can easily interact with their colleagues.
W6 | (2). The WC is the company’s initial venture into this technology. It required | (3). The company now operates two cobotic WCs, relying on worker par-
substantial effort. Workers are currently sceptical. ticipation, supported by a trust-based relationship with executives.
O1 | (2). The company has a plan to train a few of its workers. (1). No specific training is in place; workers learn by working in.
02 | (1). No recognition or feedback procedures are in place. (1). No recognition or feedback procedures are in place.
03 | (2). A comparative analysis between the manual and the cobotic WC has | (2). A comparative analysis between the manual and the cobotic WC has
been performed. been performed.
Q1 | More than 95% of the workload is assigned to the cobot The workload is equally distributed. Depending on the task assignment, the
worker’s workload changes between 60% and 70%
Q2 | Interruptions are rare. During the validation phases, only two occurred in a | Interruptions occurred more than two times a day with new workers with
one-day shift. no experience with the process. With skilled workers, the process can be
quickly restored in less time than the total cycle duration.
Q3 | 100% success rate thanks to the sensorised screwdriver and worker super- | The test performed on four types of tweezers and various batches showed a
vision. 97% success rate.
Q4 | The WC does not consider this aspect. The assessment of 5 workers reported an average of 6.03 (improvement of
35% from the manual WC).

Table 1: Work cells evaluation. The assessment is provided in brackets (< assessment >) and was carried out in a workshop session by the authors in collaboration
with the managers and workers of the companies.

Work-in-Progress (WIP) features, enables dynamic task alloca-
tion between the cobot and worker [11].
The proposed methodology allowed the managers to evalu-

ate if all relevant aspects have been considered to achieve ef-
fective collaborative automation that guarantees workers’ effi-
ciency and well-being while guaranteeing proper execution of
the required tasks and being harmonised within the organisa-
tion. The overall assessment can be represented using radar di-
agrams that identify the characteristics and the single evaluation
criteria that have been adequately addressed and the ones that
would need further improvement or optimisation for each anal-
ysed collaborative manufacturing cell (Fig. 3).

In particular, it can be noted that in the case of WC 1, the
tasks assigned to the human operator are limited and that the
criteria related to the automation and workers’ characteristics
could be further optimised. In contrast, in the case of WC 2,
the organisational aspects should be further addressed and im-

proved to achieve more effective integration. Finally, while WC
1 assigns over 95% of the workload to the cobot, WC 2 re-
flects a more collaborative and flexible task-sharing approach.
Interruptions in WC 1 were minimal but more controlled and
quickly addressed in WC 2, even for inexperienced workers,
highlighting better robustness and recoverability. While WC 1
experienced some cycle time increases despite quality improve-
ments of 30%, WC 2 demonstrated a 17% throughput increase
with a more efficient process flow. Lastly, WC 1 did not con-
sider worker-perceived workload assessments, whereas WC 1
recorded a 35% improvement in perceived workload from man-
ual processes, indicating a superior focus on operator experi-
ence and well-being. The acknowledgement of these problem-
atic aspects also using a visual tool for qualitative aspects, rep-
resenting a powerful starting point for the redesign of tasks and
interactions within the WCs or to guide future developments.
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Fig. 3: Work cells evaluation: aggregated (left) and individual (right)

5. Conclusions

This work introduces a methodology to support the assess-
ment of collaborative automation systems for both designers
and managers, focusing on task, automation, worker, and organ-
isational characteristics. Future improvements target adaptabil-
ity and scalability by employing a modular framework that inte-
grates additional dimensions based on specific industry needs.
Prioritisation methods for characteristics will be developed,
weighted by socio-technical requirements. We will also explore
how the findings from these case studies can be generalised
to guide the design of new collaborative work environments,
transforming lessons learnt into practical implementation.
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