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Abstract: Industry 5.0 emphasizes human-centered manufacturing through a systematic integration of enabling 
technologies, including Augmented Reality (AR) and Artificial Intelligence (AI). While Industry 4.0 technologies 
enhance operational efficiency, they also introduce significant cognitive demands on human operators, particularly in 
maintenance tasks, requiring robust frameworks for mental workload assessment and workplace ergonomics 
optimization. This study presents a systematic literature review (SLR), updated to May 2025, which allowed to 
classify cognitive workload assessment methods into three main approaches: subjective, physiological, and 
behavioural approaches, highlighting the predominant use of one method for each category (NASA-TLX 
questionnaires, EEG-based monitoring, and eye-tracking techniques respectively). Furthermore, the study examines 
digital technologies used to support cognitive workload management, such as Virtual Reality (VR) training systems, 
haptic feedback devices, and Decision Support Systems (DSS). Key findings reveal research gaps in real-time task 
allocation based on cognitive workload, dynamic decision-making frameworks, and human factors integration in DSS 
architectures. This review highlights the need for a developing comprehensive, real-time DSS solution that combine 
physiological and psychological metrics to enhance operator well-being and production efficiency within Industry 4.0 
environments. 

Keywords: Cognitive workload assessment, Decision Support System, Industry 5.0, Maintenance, Systematic 
Literature Review.

1. Introduction 

The Fifth Industrial Revolution (Industry 5.0) represents a 
human-centered production model enhancing safety, 
flexibility, and resilience in industrial ecosystems 
(European Commission, 2021; Xu et al., 2021). Unlike 
automation-focused paradigms, Industry 5.0 fosters 
human–machine collaboration and emphasizes workplace 
safety through comprehensive risk assessment and 
adaptive production methods (Yi et al., 2024). Increased 
flexibility in Industry 4.0 factories imposes higher 
cognitive demands on operators, especially in maintenance 
tasks essential for production continuity. These demands 
require robust safety protocols and real-time monitoring 
systems to prevent accidents due to mental overload 
(Afzal et al., 2024; Fang et al., 2024). Maintenance tasks 
inherently carry high risks, necessitating targeted training 
and adaptive task allocation based on operators’ cognitive 
states (Di Pasquale et al., 2024). Although technologies 
such as Augmented Reality (AR) and Artificial Intelligence 
(AI) aim to support operators, they can also increase task 
complexity and cognitive load (Longo et al., 2020; Yang et 
al., 2024). Recent efforts toward adaptive Decision 
Support Systems (DSS) integrating physiological data 

show promise (Oliveri et al., 2025, 2024; Anders et al., 
2024). However, current frameworks often lack systematic 
integration of workload assessment into decision-making. 
This study addresses these gaps through a systematic 
literature review (SLR) updated to May 2025, aiming to 
classify cognitive workload assessment methods, identify 
digital technologies for mental workload management, 
and evaluate adaptive human-centered DSS in industrial 
maintenance. Accordingly, the following research 
questions have been set: 

RQ1: What cognitive workload assessment models have 
been applied in the context of industrial maintenance 
within Industry 4.0 environments? 

RQ2: How are these models integrated with digital 
technologies to support mental workload management 
and decision-making in human-centered maintenance 
systems? 

The paper is structured as follows: Section 2 describes the 
methodology; Section 3 presents the quantitative analysis; 
Section 4 discusses qualitative findings and emerging 
trends; Section 5 concludes the study and outlines future 
directions. 
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2. Methodology 

This study adopts the PRISMA Protocol to execute a 
Systematic Literature Review (SLR) proposed by (Denyer 
and Tranfield, 2009), with emphasis on the specific 
research objective, i.e. to identify and classify cognitive 
workload assessment models applied to industrial 
maintenance tasks in Industry 4.0 settings. A 
comprehensive bibliometric search was executed through 
the Scopus database, using a query which incorporates 
terminological variants related to cognitive load, 
assessment, maintenance operations, and digital 
technologies integration, to search in titles, abstracts, and 
keywords. The search, limited to English-language 
documents returned 900 records (on May 12, 2025). The 
Scopus search was executed as part of the 
DESDEMONA project, which started in December 2023 
The selection process, shown in Figure 1, implemented 
rigorous inclusion and exclusion criteria: only studies 
related to human operators in industrial maintenance 
contexts, and presenting models, tools, or digital solutions 
specifically designed for cognitive workload evaluation, 
were retained. 

 

Figure 1. PRISMA Protocol 

After the exclusions made on the topic based on abstract 
screening, a backward snowballing was performed 
reaching the final number of 82 relevant papers, which 
were included for full-text reading. Key information was 
extracted and organized to document multiple dimension 
of investigation: assessment model types (e.g., subjective 
evaluation, physiological measurement, behavioural 
observation), technological implementation (e.g., sensor-
based monitoring, AI-based systems, data acquisition 
platforms), research methodological approaches (e.g. 
research design frameworks, data collection, analytical 
procedures), and key findings (e.g. theoretical 
contributions, empirical outcomes, case studies, 
implementation challenges). These elements formed the 
basis for both quantitative and qualitative analysis in the 
subsequent sections. 

3. Quantitative analysis  

The bibliometric analysis highlights a steady growth in 
research interest on cognitive workload in industrial 
maintenance, with publications accelerating markedly over 
the past decade (Figure 2). Early works (1994–2010) were 

sporadic, while post-2015 contributions increased 
exponentially, aligning with the transition from 
automation-centered Industry 4.0 to the human-centered 
paradigm of Industry 5.0. 

 

Figure 2. Distribution of Papers per year  

Regarding publication types, journal articles dominate 
(55%, n=45), followed by conference proceedings (40%, 
n=33) and book chapters (5%, n=4), reflecting a shift 
toward more consolidated, peer-reviewed research 
outputs. Geographically, the United States leads with 21 
publications, followed by Italy (13), Germany (8), and 
China (7), highlighting strong engagement from North 
America and Europe, with growing involvement from 
Asia and Latin America (Figures 3-4). Methodologically, 
two main categories emerge: t
heoretical assessments (26 papers) including literature 
reviews and conceptual frameworks, and analytical 
assessments (23 papers) focused on model development 
and empirical evaluations. Fewer studies address 
technology development (14), case studies (5), surveys (5), 
and real-world application cases (9), revealing a gap 
between conceptualization and practical implementation. 
Overall, the distribution shows robust conceptual 
development but a limited number of empirical 
validations, indicating challenges in integrating cognitive 
workload assessments into dynamic industrial 
environments. 

4. Qualitative analysis  

The qualitative analysis of the literature reveals 
heterogeneous methodological paradigms and theoretical 
frameworks addressing cognitive load management, 
decision support systems (DSS), and maintenance 
operations within Industry 5.0 contexts (Illankoon and 
Tretten, 2021; van Oudenhoven B. et al., 2023). While 
each contribution has advanced specific domains 
understanding, from cognitive ergonomics to immersive 
training and organizational fit models, none of them 
suggests integrated solutions that synthesize real-time 
cognitive workload assessment with dynamic allocation of 
maintenance tasks. Despite an extensive exploration of 
technologies implementations and evaluation methods, 
the literature still lacks a comprehensive framework able 
to supports decision-making based on cognitive 
conditions of human operators during operational 
activities. However, recent studies have increasingly 
converged toward integrated ecosystems that combine 
physiological monitoring, predictive analytics, and 
decision-making interfaces, particularly in uncontrolled or 
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realistic industrial environments (Anders et al., 2024; Oliveri et al., 2024). 

Figure 3. Correlation between type of research and country of origin of the first author 

 
Correlation between year of publication and country of origin of the first author
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2025 - until May 1 1 1 3 1 7
2024 1 1 1 1 2 2 4 2 14
2023 1 1 1 1 2 2 1 5 14
2022 1 1 1 2 1 6
2021 1 1 1 1 1 1 2 8
2020 1 1 1 1 1 3 8
2019 1 1 1 1 4
2018 1 1 2
2016 1 1 2
2013 1 1 1 3
2012 1 1 2
2011 1 1 2
2010 1 1
2008 1 1
2007 1 1
2006 1 1
2003 1 1
2001 1 1
2000 1 1
1997 1 1
1995 1 1
1994 1 1

TOTAL 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 3 3 4 7 8 13 21 82  
Figure 4. Correlation between year of publication and country of origin of the first author. 

 

4.1 Methodological approach for cognitive workload 
assessment 

A range of methodological approaches is used across the 
selected papers for evaluating operators’ cognitive load in 
industrial environments (Shin et al., 2024). Most 
interesting are three frameworks: self-reporting 
assessment methods, physiological monitoring systems, 
and behavioural analysis through eye-tracking. The NASA 
Task Load Index (NASA-TLX) is the predominant self-
report instrument for capturing operators’ subjective 
perceptions of workload dimensions. This instrument 
obtained a widespread adoption due to its recognized 
capability of systematically capturing the perceived mental 
effort, the established validation across different industrial 
contexts (Abbas et al., 2020; Barajas-Bustillos et al., 2020; 

Ghalenoei et al., 2022; Yang et al., 2012). which 
demonstrates its robustness, and the integration capability 
with other assessment methodologies. Advanced 
physiological monitoring techniques, including 
electroencephalography (EEG) and cardiovascular (e.g. 
heart rate) monitoring, provide objective quantification of 
autonomic responses to cognitive stimuli (Du et al., 2020). 
These methods offer real-time monitoring of neural 
activity patterns, objective measurement of 
psychophysiological states, continuous assessment of 
autonomic responses, and temporal resolution in data 
acquisition (Illankoon and Tretten, 2021; Peruzzini et al., 
2018; Van der Grinten M.P. and Houtman I.I.D., 2000). 
Eye-tracking methodologies enable detailed analysis of 
visual attention and cognitive processing mechanisms by 
the systematic monitoring of oculomotor behaviour 
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patterns (Shi et al., 2020; Zyrianov et al., 2020). This 
approach provides high-precision tracking of gaze 
patterns, quantitative analysis of visual attention 
distribution, temporal mapping of cognitive processing 
sequences, and integration with advanced visualization 
technologies. Collectively, these approaches offer robust 
data on mental workload and operator performance. In 
addition to these, recent studies emphasize the use of 
wearable multimodal sensing (EEG, EDA, BVP, skin 
temperature, accelerometers) for real-time cognitive load 
detection in both controlled and uncontrolled 
environments (Apraiz et al., 2024; Hou et al., 2025). These 
approaches represent a methodological leap, allowing for 
continuous, ecologically valid assessment integrated with 
industrial activities. 

4.2 Digital technologies 

The systematic literature review shows a comprehensive 
ecosystem of advanced digital technologies to support 
cognitive load assessment and operator training 
enhancement (Johannsen, 1997). These technologies can 
be classified into distinct functional domains: immersive 
visualization systems, haptic feedback systems, visual 
attention monitoring systems, physiological monitoring 
systems, and integration architectures. Augmented Reality 
(AR) and Virtual Reality (VR) are widely applied to create 
immersive learning environments that enhance spatial 
understanding and performance optimization through 
simulation-based training (Grandi F. et al., 2024; Liu et al., 
2022; Park et al., 2020; Quandt and Freitag, 2021; 
Randeniya et al., 2019; Sermarini et al., 2023; Webel et al., 
2013; Xu et al., 2024). They also could allow real-time 
feedback mechanisms for skill development and risk-free 
experimentation in complex maintenance scenarios (Bi 
and Jia, 2024; Byvaltsev, 2020; Eswaran and 
Bahubalendruni, 2024; Park et al., 2020). Tactile feedback 
devices, particularly haptic gloves, provide sensorial 
augmentation, improving both perception and motor 
control precision during maintenance tasks (Maddahi et 
al., 2013; Shanmugam et al., 2023). They also could allow 
simulation of tactile responses for training purpose and 
integration with immersive environments for skill 
development. High-speed eye-tracking systems are used to 
monitor real-time attention patterns, while semantics-
aware replay tools analyze interaction data to support 
cognitive process interpretation (Xu et al., 2025; Zyrianov 
et al., 2020). Additionally, to capture stress responses and 
motion patterns a set of physiological sensing 
technologies are employed: EEG for brain activity 
assessment, skin temperature for physiological state 
assessment, Blood Volume Pulse (BVP) for stress 
evaluation, Electrodermal Activity (EDA) for monitoring 
stress reaction, and accelerometers for behavioural pattern 
recognition (Grandi F. et al., 2024; Knisely et al., 2021; 
Miyake, 2001; Thomas Kosch et al., 2023). When 
integrated into a DSS, these technologies could 
significantly improve the accuracy and adaptability of real-
time cognitive load assessment, task allocation based on 
operator state, dynamic workflow optimization (Illankoon 
and Tretten, 2021; Xu et al., 2021; Yang et al., 2024). A 
recent trend is the integration of these technologies into 

wearable and mobile formats, enabling unobtrusive data 
collection and use in live operational contexts (Anders et 
al., 2024). Some systems now embed biometric feedback 
directly into adaptive DSS platforms, with Digital Twin 
architectures (Villani et al., 2025) serving as cognitive-
aware control layers. 

4.3 Mathematical models 

Some papers introduce mathematical models aimed at 
evaluating cognitive load and predicting operator 
performance (Blood et al., 2023). Cognitive Task Analysis 
and Workload Classification models are used to identify 
key variables influencing task execution, e.g. task-related 
cognitive demands, hierarchical classification of cognitive 
complexity, quantitative assessment of mental workload 
parameters (Barajas-Bustillos et al., 2020; Cavallo et al., 
2021; Johannsen, 1997; Lee and Seppelt, 2023; Lucchese, 
A. et al., 2022). Machine learning algorithms are also 
employed to analyze large datasets and predict cognitive 
load under varying operational conditions (Li et al., 2023; 
Rousopoulou et al., 2022). Recent contributions include 
the use of deep learning architectures, such as 
Transformer-based classifiers, for real-time cognitive state 
inference from multimodal signals (Hou et al., 2025) 
Other models focus on wearable-sensor driven cognitive 
load regression (Anders et al., 2024), expanding the 
potential for dynamic, predictive, and user-specific 
workload management. Despite these methodological 
advancements, significant limitations persist in current 
research: limited development of dynamic mathematical 
models, insufficient integration with operational DSS, 
inadequate validation in industrial maintenance contexts, 
absence of real-time cognitive workload quantification 
frameworks, limited implementation of dynamic task 
allocation algorithms, insufficient adaptation mechanisms 
for varying operational conditions. However, a growing 
body of research is actively addressing these gaps with 
real-time, context-aware modelling and early-stage 
deployment of predictive DSS in Industry 5.0 scenarios 
(Oliveri et al., 2025, 2024). 

 
Figure 5. Conceptual framework of an adaptive DSS for 

cognitive-aware maintenance task allocation 

4.4 Psychological aspects 

The reviewed studies also shed light on psychological 
dimensions crucial to understanding and managing 
cognitive load in industrial settings. Key themes include: 
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 cognitive overload management, specifically for 
complex maintenance operations and tasks with 
high-cognitive demand (Dadashi et al., 2021; 
Digiesi et al., 2022; Stenfors et al., 2013); 

 attentional resources, which focuses on 
enhancing sustained attention during 
operational tasks especially in complex industrial 
environments (Ciccarelli et al., 2023); 

 stress response mitigation, which requires 
systematic intervention strategies, to ensure 
operational effectiveness and decision-making 
process quality (Vona et al., 2025); 

 anxiety regulation, which addresses psychological 
barriers to optimal performance; anxiety is 
influenced by operators’ confidence with the 
task and influence task execution. 

Recent literature emphasizes the incorporation of these 
psychological factors into technical frameworks. DSS 
platforms now use emotion-aware input, physiological 
stress markers, and attention-tracking mechanisms to 
dynamically adapt task allocation, prioritize safety, and 
mitigate anxiety. These systems aim not only to optimize 
performance but also to enhance operator well-being and 
prevent burnout. Many contributions highlight the role of 
advanced technologies (particularly AR and VR) in 
providing real-time visual and tactile feedback, helping to 
redistribute mental workload, prevent fatigue, and 
improve both accuracy and decision-making speed 
(Agnisarman et al., 2019; Ávila et al., 2013; Grandi et al., 
2025; Sermarini et al., 2023). Enhancing attention and 
focus is another frequently cited goal (Chu et al., 2024; 
Roda and Thomas, 2006; Sun, Z. et al., 2023), often 
pursued through the use of eye-tracking systems that 
provide operators with immediate feedback (Zyrianov et 
al., 2020). Furthermore, the assessment of psychosocial 
environmental factors and their impact on cognitive 
performance highlights the importance of a supportive 
work environment for sustaining high operational 
effectiveness, and ergonomics. These psychological 
considerations are essential for the development of DSS 
solutions that not only optimize task allocation but also 
promote operator well-being, supporting sustainable 
operational excellence. 

5 Conclusions 

This review reveals a lack of integrated solutions 
combining real-time cognitive workload assessment with 
dynamic task allocation in industrial maintenance. While 
some studies address cognitive load evaluation and 
decision support systems, gaps remain, especially 
regarding real-time frameworks aligning task assignment 
with operators’ cognitive and physical states. 

Research on cognitively demanding maintenance tasks is 
mostly limited to simulations, with few real-world 
implementations addressing ergonomic and safety 
challenges. Although early prototypes 
of adaptive DSS incorporating wearable sensors and 
digital twins are emerging, these remain at experimental 

stages and require further validation. Moreover, current 
approaches insufficiently integrate human factors and 
emotional states into actionable systems for task 
assignment, missing the link between cognitive conditions, 
safety behaviors, and maintenance performance. Future 
research should focus on developing adaptive, human-
aware maintenance systems bridging theory and practice, 
emphasizing safety awareness, risk perception, and human 
reliability. While recent contributions indicate a shift 
toward sensor-driven, cognitively adaptive systems, 
broader empirical validations and cross-sector applications 
are needed to establish robust frameworks for real-time, 
cognitive-aware task allocation. 

Acknowledgements 

This research work is 
part of the activities 
carried out in the context 

of the DESDEMONA project (DEcision Support system 
for the Diagnosis and Evaluation of the Maintenance 
OperatioNs Activities) of the Italian Ministry for 
Universities and Research MUR (Project PRIN – CUP 
D53D2301836 0001) funded by the European Union – 
NextGenerationEU, component M4C2, investment 1.1. 

Bibliography 

Abbas, A., Seo, J., Kim, M., 2020. Exploring the 
Construction Task Performance and Cognitive 
Workload of Augmented Reality-Assisted Rebar 
Inspection Tasks 448–456. 

Agnisarman, S., Lopes, S., Chalil Madathil, K., Piratla, K., 
Gramopadhye, A., 2019. A survey of 
automation-enabled human-in-the-loop systems 
for infrastructure visual inspection. Autom. 
Constr. 97, 52–76. 

Anders, C., Moontaha, S., Real, S., Arnrich, B., 2024. 
Unobtrusive measurement of cognitive load and 
physiological signals in uncontrolled 
environments. Sci. Data 11, 1000. 

Apraiz, A., Blandino, G., Tarhini, A., Pratas, P., Al 
Noman, A., Nguyen, H.N., Lasa, G., Montagna, 
F., 2024. Multi-dimensional Dataset of Stress 
Measurements based on Performance, 
Behavioural, and Perceptual Indicators. Sci. Data 
11, 1340. 

Ávila, S. f., Pessoa, F. l. p., Andrade, J. c. s., 2013. Social 
HAZOP at an Oil Refinery. Process Saf. Prog. 
32, 17–21. 

Barajas-Bustillos, M.A., Maldonado-Macias, A., Ortiz-
Solis, M., Realyvazquez-Vargas, A., Hernández-
Arellano, J.L., 2020. Cognitive Analyses for the 
Improvement of Service Orders in an 
Information Technology Center: A Case of 
Study, in: Karwowski, W., Trzcielinski, S., 
Mrugalska, B. (Eds.), Advances in 
Manufacturing, Production Management and 
Process Control. Springer International 
Publishing, Cham, pp. 188–198. 

Bi, J., Jia, S., 2024. Visualization of Wind Turbine Status 
Based on AR Technology, in: 2024 International 
Conference on Electronics and Devices, 



XXX SUMMER SCHOOL “Francesco Turco” – Industrial Systems Engineering  

Computational Science (ICEDCS). IEEE, 
Marseille, France, pp. 14–20. 

Blood, J.C., Herbert, N.W., Wayne, M.R., 2023. Reliability 
Assurance for AI Systems, in: 2023 Annual 
Reliability and Maintainability Symposium 
(RAMS). pp. 1–6. 

Byvaltsev, S.V., 2020. Review of the features of 
augmented reality application in the training of 
operators and maintenance staff. IOP Conf. Ser. 
Mater. Sci. Eng. 966, 012121. 

Cavallo, D., Digiesi, S., Facchini, F., Mummolo, G., 2021. 
An analytical framework for assessing cognitive 
capacity and processing speed of operators in 
industry 4.0. Procedia Comput. Sci., Proceedings 
of the 2nd International Conference on Industry 
4.0 and Smart Manufacturing (ISM 2020) 180, 
318–327. 

Chu, C.-H., Weng, C.-Y., Chen, Y.-T., 2024. Enhancing 
manual inspection in semiconductor 
manufacturing with integrated augmented reality 
solutions. J. Manuf. Syst. 77, 933–945. 

Ciccarelli, M., Papetti, A., Germani, M., 2023. Exploring 
how new industrial paradigms affect the 
workforce: A literature review of Operator 4.0. J. 
Manuf. Syst. 70, 464–483. 

Dadashi, N., Golightly, D., Sharples, S., 2021. Modelling 
decision-making within rail maintenance control 
rooms. Cogn. Technol. Work 23, 255–271. 

Denyer, D., Tranfield, D., 2009. Producing a systematic 
review, in: The Sage Handbook of 
Organizational Research Methods. Sage 
Publications Ltd, Thousand Oaks, CA, pp. 671–
689. 

Digiesi, S., Facchini, F., Lucchese, A., Mummolo, G., 
2022. A Model for the Evaluation of the 
Information Processing Rate of Smart 
Operators, in: Lalic, B., Gracanin, D., Tasic, N., 
Simeunović, N. (Eds.), Proceedings on 18th 
International Conference on Industrial Systems – 
IS’20, Lecture Notes on Multidisciplinary 
Industrial Engineering. Springer International 
Publishing, Cham, pp. 236–244. 

Du, J., Zhu, Q., Shi, Y., Wang, Q., Lin, Y., Zhao, D., 
2020. Cognition Digital Twins for Personalized 
Information Systems of Smart Cities: Proof of 
Concept. J. Manag. Eng. 36, 04019052. 

Eswaran, M., Bahubalendruni, M.V.A.R., 2024. AR/VR 
assisted integrated framework of autonomous 
disassembly system for industrial products. 
Comput. Ind. Eng. 196, 110522. 

Ghalenoei, M., Mortazavi, S.B., Mazloumi, A., Pakpour, 
A.H., 2022. Impact of workload on cognitive 
performance of control room operators. Cogn. 
Technol. Work 24, 195–207. 

Grandi F., Khamaisi R.K., Morganti A., Peruzzini M., 
Pellicciari M., 2024. Human-Centric Design of 
Automated Production Lines Using Virtual 
Reality Tools and Human Data Analysis | 
SpringerLink. Lect. Notes Mech. Eng. 

Grandi, F., Morganti, A., Khamaisi, R.K., Peruzzini, M., 
Pellicciari, M., 2025. Enhancing automated 
production lines with human-centricity: how to 

combine virtual reality simulation and human 
data analysis. Int. J. Comput. Integr. Manuf. 1–
25. 

Hou, Y., Xie, Q., Zhang, N., Lv, J., 2025. Cognitive load 
classification of mixed reality human computer 
interaction tasks based on multimodal sensor 
signals. Sci. Rep. 15, 13732. 

Illankoon, P., Tretten, P., 2021. Collaborating AI and 
human experts in the maintenance domain. AI 
Soc. 36, 817–828. 

Johannsen, G., 1997. Cooperative human-machine 
interfaces for plant-wide control and 
communication. Annu. Rev. Control 21, 159–
170. 

Knisely, B.M., Joyner, J.S., Vaughn-Cooke, M., 2021. 
Cognitive task analysis and workload 
classification. MethodsX 8, 101235. 

Lee, J.D., Seppelt, B.D., 2023. Design for Human-
Automation and Human-Autonomous Systems 
| SpringerLink. Springer Handb. Autom. 

Li, C., Zheng, P., Yin, Y., Wang, B., Wang, L., 2023. Deep 
reinforcement learning in smart manufacturing: 
A review and prospects. CIRP J. Manuf. Sci. 
Technol. 40, 75–101. 

Liu, X.-W., Li, C.-Y., Dang, S., Wang, W., Qu, J., Chen, 
T., Wang, Q.-L., 2022. Research on Training 
Effectiveness of Professional Maintenance 
Personnel Based on Virtual Reality and 
Augmented Reality Technology. Sustainability 
14, 14351. 

Lucchese, A., Marino, A., Mossa, G., Mummolo, G., 2022. 
Evaluation of the Complexity of Cognitive-
Oriented Tasks in Planned Maintenance 
Procedures | SpringerLink. 

Maddahi, Y., Zareinia, K., Olson, T., Mueller, W., Sepehri, 
N., 2013. Live-line maintenance training using 
robotics technology, in: 2013 World Haptics 
Conference (WHC). pp. 587–592. 

Miyake, S., 2001. Multivariate workload evaluation 
combining physiological and subjective 
measures. Int. J. Psychophysiol., 
Psychophysiology in 40, 233–238. 

Oliveri, L., Chiacchio, F., Lo Iacono, N., Vitti, M., 
Facchini, F., 2025. Enhancing Maintenance 
Operations in Industry 5.0: A Conceptual User 
Interface Design for Task Assignment. Procedia 
Comput. Sci. 253, 3015–3024. 

Oliveri, L.M., Lo Iacono, N., Chiacchio, F., Facchini, F., 
Mossa, G., 2024. A Decision Support System 
tailored to the Maintenance Activities of 
Industry 5.0 Operators. IFAC-Pap. 58, 186–191. 

Park, K.-B., Kim, M., Choi, S.H., Lee, J.Y., 2020. Deep 
learning-based smart task assistance in wearable 
augmented reality. Robot. Comput.-Integr. 
Manuf. 63, 101887. 

Peruzzini, M., Grandi, F., Pellicciari, M., Campanella, 
C.E., 2018. A mixed-reality digital set-up to 
support design for serviceability. Procedia 
Manuf., 28th International Conference on 
Flexible Automation and Intelligent 
Manufacturing (FAIM2018), June 11-14, 2018, 
Columbus, OH, USAGlobal Integration of 



XXX SUMMER SCHOOL “Francesco Turco” – Industrial Systems Engineering  

Intelligent Manufacturing and Smart Industry for 
Good of Humanity 17, 499–506. 

Quandt, M., Freitag, M., 2021. A Systematic Review of 
User Acceptance in Industrial Augmented 
Reality. Front. Educ. 6. 

Randeniya, N., Ranjha, S., Kulkarni, A., Lu, G., 2019. 
Virtual Reality Based Maintenance Training 
Effectiveness Measures – a Novel Approach for 
Rail Industry, in: 2019 IEEE 28th International 
Symposium on Industrial Electronics (ISIE). pp. 
1605–1610. 

Roda, C., Thomas, J., 2006. Attention aware systems: 
Theories, applications, and research agenda. 
Comput. Hum. Behav., Attention aware systems 
22, 557–587. 

Rousopoulou, V., Vafeiadis, T., Nizamis, A., Iakovidis, I., 
Samaras, L., Kirtsoglou, A., Georgiadis, K., 
Ioannidis, D., Tzovaras, D., 2022. Cognitive 
analytics platform with AI solutions for anomaly 
detection. Comput. Ind. 134, 103555. 

Sermarini, J., Michlowitz, R.A., LaViola, J.J., Walters, L.C., 
Azevedo, R., Kider, J.T., 2023. Investigating the 
Impact of Augmented Reality and BIM on 
Retrofitting Training for Non-Experts. IEEE 
Trans. Vis. Comput. Graph. 29, 4655–4665. 

Shanmugam, M., Venusamy, K., Subin, S., Srivatsan, S., 
Naresh Kumar, O., 2023. A Comprehensive 
Review of Haptic Gloves: Advances, Challenges, 
and Future Directions, in: 2023 Second 
International Conference on Electronics and 
Renewable Systems (ICEARS). Presented at the 
2023 Second International Conference on 
Electronics and Renewable Systems (ICEARS), 
pp. 227–233. 

Shi, Y., Du, J., Zhu, Q., 2020. The impact of engineering 
information format on task performance: Gaze 
scanning pattern analysis. Adv. Eng. Inform. 46, 
101167. 

Shin, H., Rothrock, L., Prabhu, V., 2024. Evaluating 
Technicians’ Workload and Performance in 
Diagnosis for Corrective Maintenance. Sensors 
24, 1943. 

Stenfors, C.U.D., Magnusson Hanson, L., Oxenstierna, 
G., Theorell, T., Nilsson, L.-G., 2013. 
Psychosocial working conditions and cognitive 
complaints among Swedish employees. PloS One 
8, e60637. 

Sun, Z., Chen, T., Meng, X., Bao, Y., Hu, L., Zhao, R., 
2023. A Critical Review for Trustworthy and 
Explainable Structural Health Monitoring and 
Risk Prognosis of Bridges with Human-In-The-
Loop. Sustainability 15. 

Thomas Kosch, Jakob Karolus, Johannes Zagermann, 
Harald Reiterer, Albrecht Schmidt, Paweł W. 
Woźniak, 2023. A Survey on Measuring 
Cognitive Workload in Human-Computer 
Interaction | ACM Computing Surveys. ACM 
Comput Surv 55, 39. 

Van der Grinten M.P., Houtman I.I.D., 2000. Improving 
Work Load and Comfort of Operators on 
Modified Hydraulic Excavators in Rail Road 
Maintenance. Proc. XIVth Trienn. Congr. Int. 

Ergon. Assoc. 44th Annu. Meet. Hum. Factors 
Ergon. Assoc. Ergon. New Millenn. 

van Oudenhoven B., Van de Calseyde P., Basten R., 
Demerouti E., 2023. Predictive maintenance for 
industry 5.0: behavioural inquiries from a work 
system perspective. Int. J. Prod. Res. 

Villani, V., Picone, M., Mamei, M., Sabattini, L., 2025. A 
Digital Twin Driven Human-Centric Ecosystem 
for Industry 5.0. IEEE Trans. Autom. Sci. Eng. 
22, 11291–11303. 

Vona, F., Warsinke, M., Kojić, T., Voigt-Antons, J.-N., 
Möller, S., 2025. User-Centric Evaluation 
Methods for Digital Twin Applications in 
Extended Reality, in: 2025 IEEE International 
Conference on Artificial Intelligence and 
eXtended and Virtual Reality (AIxVR). IEEE, 
Lisbon, Portugal, pp. 142–146. 

Webel, S., Bockholt, U., Engelke, T., Gavish, N., Olbrich, 
M., Preusche, C., 2013. An augmented reality 
training platform for assembly and maintenance 
skills. Robot. Auton. Syst., Models and 
Technologies for Multi-modal Skill Training 61, 
398–403. 

Xu, F., Nguyen, T., Du, J., 2024. Augmented Reality for 
Maintenance Tasks with ChatGPT for 
Automated Text-to-Action. J. Constr. Eng. 
Manag. 150, 04024015. 

Xu, F., Zhou, T., Nguyen, T., Bao, H., Lin, C., Du, J., 
2025. Integrating augmented reality and LLM for 
enhanced cognitive support in critical audio 
communications. Int. J. Hum.-Comput. Stud. 
194, 103402. 

Xu, X., Lu, Y., Vogel-Heuser, B., Wang, L., 2021. Industry 
4.0 and Industry 5.0—Inception, conception and 
perception. J. Manuf. Syst. 61, 530–535. 

Yang, C.-W., Yang, L.-C., Cheng, T.-C., Jou, Y.-T., Chiou, 
S.-W., 2012. Assessing mental workload and 
situation awareness in the evaluation of 
computerized procedures in the main control 
room. Nucl. Eng. Des. 250, 713–719. 

Yang, J., Liu, Y., Morgan, P.L., 2024. Human–machine 
interaction towards Industry 5.0: Human-centric 
smart manufacturing. Digit. Eng. 2, 100013. 

Zyrianov, V., Guarnera, D.T., Peterson, C.S., Sharif, B., 
Maletic, J.I., 2020. Automated Recording and 
Semantics-Aware Replaying of High-Speed Eye 
Tracking and Interaction Data to Support 
Cognitive Studies of Software Engineering 
Tasks, in: 2020 IEEE International Conference 
on Software Maintenance and Evolution 
(ICSME). pp. 464–475. 

 


