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Abstract 

Work-related musculoskeletal disorders (WMSDs) remain a critical challenge in 

labour-intensive professions, often leading to disability, reduced productivity, and 

significant healthcare costs. Common ergonomic risk factors, such as repetitive tasks, 

heavy lifting, and awkward postures, contribute to localised muscle fatigue, which 

over time can cause chronic injury according to fatigue failure theory. Although 

observational risk assessments are widely used and influential in setting standards for 

WMSD prevention, they primarily offer static, reactive evaluations of ergonomic risk 

and fatigue. This thesis introduces a System for Activity-aware Fatigue Evaluation 

(SAFE) framework using torque-based biomechanical endurance modelling to predict 

the time to physical fatigue during static and dynamic tasks in an individualised and 

task generalisable manner. The framework addresses limitations of ergonomic 

assessments, force-based endurance models, and other wearable ergonomic systems. 

The feasibility of the framework was demonstrated using a custom MATLAB 

application supporting wearable data streaming, manual entry of anthropometric and 

task-related data, and output of endurance metrics. This solution shows potential for 

proactive fatigue forecasting in real-time and fills important gaps in the field. 

Preliminary testing with a torque-based endurance model showed large errors for one-

handed static (28.62%) and two-handed dynamic (49.21%) fatiguing shoulder flexion 

tasks which led to exploring alternative models and inputs. Subsequently, six different 

models and four different methods of obtaining maximum torque (𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥), an 

input which indicates the maximum strength of the individual, were compared. This 

included regression models that predicted 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 based on individual factors 

developed in the present work (R2≈.6, P<.05). However, a novel method to determine 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 with the new improved consumed endurance (NICE) model produced the 

lowest errors across all model-𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 combinations for all tasks. The new method 

achieved RMSE=19.11 s compared to the errors of other models and methods which 

ranged from 41.08 s to 65.54 s. The novel method developed used data from a static 

task at a given load relative to the maximum voluntary contraction (MVC) force to 

solve for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. The torque-based endurance modelling approach is an 

important contribution that replaces traditional force inputs with torque, improving 
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prediction accuracy and allowing the model to account for multi-joint dynamics, and 

therefore different tasks, and inter-individual variability. 

The system developed to validate the SAFE framework comprises of inertial 

measurement units, pressure insoles, and a custom MATLAB application to 

continuously refine predictions based on upper extremity configuration, task type, and 

load, requiring minimal manual input. Prior to deployment of the framework, the 

influence of these sensor types on endurance predictions was assessed offline where 

predictions were calculated using non-wearable data (laboratory-based equipment and 

manual input) and wearables data. Pressure insoles were not found to be a reliable 

method for estimating the load (mean absolute errors of 29.8%), and it was decided to 

automate the input of task-related parameters, such as external load, component shape 

and geometry, using task prediction methodologies. Machine learning techniques were 

employed to identify task types using pressure insole data with high accuracy (83% 

for 5 s window), demonstrating the feasibility of automated load input to the endurance 

model while achieving explainability and enabling low data throughput. 

The SAFE framework was preliminarily tested during simulated industrial tasks with 

human subjects. Results confirmed the reliability of joint angle estimation compared 

to gold-standard technology (RMSD≤13.9°, MAE≤10.6°, .51≤CMC≤.95). Very 

strong correlations between the endurance metric describing cumulative fatigue, 

consumed endurance (CE), with subjective fatigue ratings (rmm≥.883, P < .001), and 

time (rmm≥.909, P < .001) demonstrated the strong potential of the framework as a 

task generalisable (adjusting predictions using task-specific coefficients) yet 

individualised (using the novel approach to calculate 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, consideration of 

anthropometrics and individuals’ perception of fatigue) tool for WMSD prevention. 

Endurance measures generated by the framework successfully differentiated between 

ergonomically high- and low-risk tasks (P<.050) while overcoming the shortcomings 

of self-report measures and ergonomic risk assessment tools. This is the first known 

implementation of an endurance model with task classification into a wearable 

ergonomic system, offering a biomechanical perspective grounded in real-world data 

rather than purely theoretical models, with applicability to various dynamic tasks 

involving the upper extremities. This work marks a step toward proactive real-time 

physical fatigue management and potentially WMSD prevention.
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Chapter 1 Introduction 

In recent years, technological advancements have significantly transformed industrial 

operations which are reshaping the role of workers. In Chapter 1, the concept of the 

smart factory worker is explored as well as the key trends, risks and challenges in the 

rapidly evolving area of smart factories and Industry 5.0 scenarios. Here, the problem 

addressed in the thesis is identified: high ergonomic risk, physical fatigue and muscle 

fatigue. The gaps in the state-of-the-art are outlined and the research question, 

hypothesis, and objectives that address these gaps in the course of the thesis are stated. 

Finally, the thesis structure and scope are outlined.  

1.1 Background 

This section provides the context for the research presented in this thesis. It begins by 

outlining how technological advancements are changing the nature of industrial work, 

with a focus on the smart factory worker. The section then explores the central 

challenges of ergonomic risk, physical fatigue, and work-related musculoskeletal 

disorders (WMSDs). 

1.1.1 The Smart Factory Workforce of the Future 

Industry 4.0 is a broad term that encompasses societal and technological changes that 

are possible due to developments in information and communications technology 

(ICT) such as internet of things (IoT) [1], [2], [3], [4], big data analytics [2], [3], cloud 

computing [2], [3], artificial intelligence (AI) [3], [4], robotics [3], [4], and extended 

reality [4], [5]. Using these technologies, productivity can be improved in a holistic 

manner in manufacturing contexts by considering the environment, machinery and 

workforce [6]. In terms of workforce, a human-centric approach to prioritise 

sustainability and well-being is possible with such technologies which can better equip 

them to navigate obstacles and difficulties in occupational environments; this concept 

is called Operator 4.0 [4], [7], or Resilient Operator 4.0 [6], or the smart factory 

worker of the future [4], which was first presented by Romero et al. (2016) [7]. 

Operator 4.0 exists within the context of Industry 4.0 and focuses on leveraging the 

indispensable physical, cognitive and sensorial abilities of humans while also 

leveraging the strengths of automation and Industry 4.0 technologies [4], [7], [8]. 
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However, alongside these technological advances, workers remain exposed to 

substantial physical demands, particularly during manual handling tasks, where 

WMSDs continue to be a leading cause of occupational ill-health. 

Even though Industry 4.0 and Operator 4.0 are an active research area, a new concept 

of the fifth industrial revolution was established in 2017 and gained wider recognition 

in 2021 [9]. Building on the technologies and focus of Industry 4.0 and Operator 4.0, 

Industry 5.0 considers the entire industrial ecosystem, and the concept hones in on a 

“human-centric collaborative economy within a world facing population growth, 

resource constraints, and increasing interconnectedness” [1], [8]. There is a strong 

focus on resilience and sustainability, and operators can co-exist and work 

synergistically alongside machines in human-automation symbiosis, or in human 

cyber-physical systems, as opposed to machines replacing humans in work 

environments [1], [3], [4], [6], [7], [8]. 

Areas of research in terms of monitoring manufacturing workers’ activities in these 

industrial revolutions include the super-strength operator (increasing strength and 

resistance), the virtual and augmented operator (using augmented and virtual reality 

tools), the healthy operator (using wearable devices to ascertain their state), the smart 

and analytical operator (using intelligent assistants, AI and big data tools), the 

collaborative operator (in tandem with robots), and the social operator (using social 

networks to quickly adapt to challenges) [10]. According to a systematic review [4], 

studies relating to Operator 4.0 tend to focus on worker augmentation, smart 

manufacturing, and even super-strength workers through the use of exoskeletons, and 

a shift in perspective to health prioritisation is key for the operator, as opposed to 

technology or productivity prioritisation. While these technological advances promise 

much, they also introduce new health and safety (H&S) challenges, particularly in the 

realm of ergonomic risk.  

1.1.2 Ergonomic Risk, Fatigue and WMSDs  

The Occupational Safety and Health Administration (OSHA) [11] and European 

Agency for Safety and Health at Work (EU-OSHA) [12] websites outline five 

categories of hazards to workers: safety (such as falls, electrical hazards, dangerous 

machinery), chemical (hazardous gases or liquids), biological (dangerous viruses, 

bacteria or moulds), physical (extreme noise, temperatures or light) and ergonomic 
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(manual activities, body positions, or working conditions that cause strain), and EU-

OSHA also includes psychosocial risks. Psychosocial risks mainly arise due to the 

context in which the work is performed and can result in poor outcomes 

psychologically, physically or socially [13]. These risks result from poor work design 

(excessive loads, conflicting work demands), poor organisational management 

(ineffective communication, poorly managed organisational change, lack of support 

from management, job insecurity), or a poor social context (harassment, difficult 

colleagues/customers, lack of support from colleagues). A ‘hazard’ has the potential to 

cause harm while ‘risk’ considers the possible extent of harm and its likelihood [14], 

both will be used interchangeably since ‘hazard’ is mainly used by OSHA and ‘risk’ is 

mainly used by EU-OSHA. Various European surveys [15], [16] indicate that 

ergonomic risks are the most commonly reported by workers, therefore, ergonomic 

risk is the focus of the thesis. 

Ergonomic Risks and WMSD Prevalence 

An EU-OSHA report, the European Survey of Enterprises on New and Emerging Risks 

(ESENER) [15], surveyed more than 45,000 workplaces in 33 European countries in 

2019 and found risk factors that resulted in WMSDs were most frequently identified. 

Related survey questions and the percentage of respondents who experienced these 

risks included “prolonged sitting” (61%), “repetitive hand or arm movements” (65%), 

and “lifting or moving heavy loads” (52%). These factors are linked to ergonomic risks 

and the latter two risks saw notable increases compared to the 2014 ESENER report 

[15]. Psychosocial risks such as “long or irregular working hours” (21%) were 

reported less than other risks in this category such as “difficult interactions with 

customers” (59%) and “time pressure” (45%). Large organisations were more likely 

to report higher risks and tended to focus on safety risks more than WMSD prevention 

or psychosocial risks, although small organisations also tended towards the latter [15]. 

The 2019 ESENER report also revealed that 90% of injuries and absenteeism were 

caused by WMSDs [15]. 

Furthermore, according to the 6th European Working Conditions Survey (EWCS) [16] 

which surveyed 44,000 workers in 35 European countries, 33% of workers feel 

exhausted “most of the time” or “always” at the end of the workday and are more 

likely to say their H&S is at risk as a result, although long working hours and shift  
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Figure 1: Tasks that involve high ergonomic risk (such as repetition, heavy loads, sustained contractions and 

awkward postures) lead to localised muscle fatigue and, over time, WMSDs. 

work greatly affected this response. The most reported health problems were backache 

(43%) and muscular pains in the neck and upper limbs (42%), followed by headaches 

(35%), overall fatigue (35%), muscular pain in lower limbs (29%), anxiety (15%), skin 

problems (8%) and hearing problems (6%). These values are in alignment with other 

studies that assess WMSD prevalence in industry [17]. Similar to the most prevalent 

risks in European workers today from the ESENER [15] and EWCS [16] reports, a 

systematic review [4] found that ergonomic, psychosocial, and safety (in terms of 

injury and accidents) risks are most pertinent to the smart factory worker of the future. 

Since the most prevalent risks are ergonomic in nature (ESENER [15], systematic 

review [4]), and the majority of the most common health issues can be classified as 

WMSDs (EWCS [16]), it can be concluded that ergonomic risk and WMSDs are the 

most pressing factors affecting operator health; therefore, these interrelated issues are 

addressed in the thesis. 

Fatigue-Failure Theory and Impact of WMSDs 

Perhaps the term musculoskeletal disorders (MSDs) was best described by Lind et al. 

(2023) [18]: “MSDs is an umbrella term for injuries and illnesses of the locomotor 

apparatus (i.e., tendons, ligaments joints, nerves, vessels, and other supporting 

structures involved in locomotion)” and disorders acquired as a result of or advanced 

by work activities are referred to as WMSDs. MSDs and WMSDs related to repetitive 

motion, overuse and sustained stress can also be called cumulative trauma disorders 

which mainly affect soft tissues [19]. They are broadly divisible into two categories: 

traumatic (where WMSD is associated with an event or action) and idiopathic (where 

WMSD is brought about through gradual mechanical degradation and is influenced by 

confounding factors) - regardless, the cause is primarily biomechanical [20].  

There are many different theories to explain the presence of MSDs, as discussed by 

Kumar (2002) [20], such as the multivariate interaction theory (injury is caused by a 

High 
Ergonomic 

Risk

Localised 
Muscle 
Fatigue

WMSDs
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combination of biomechanical, psychosocial and individual differences), the 

differential fatigue theory (injury is caused by asymmetry and imbalance during tasks), 

the cumulative load theory (injury is caused by certain thresholds of load and repetition 

being met) and the overexertion theory (injury is caused by exertion exceeding the 

tolerance of the individual). All theories agree that the source of such disorders is 

biomechanical and, realistically, they are all at play to differing extents and interact 

with one another to cause an acute or cumulative injury [20]. The fatigue failure theory 

[21] and cumulative trauma theories [19], [22], account for these interactions and state 

that mid-air, repetitive tasks (even with low loads) [15], [16], [18], [19], [21], [23], 

[24], [25], [26], working with heavy loads [15], [19], [22], [25], sustained contractions 

[18], [22], [27], [28] and working in awkward postures [16], [18], [19], [29] increase 

ergonomic risk and lead to localised muscle fatigue [30], [31], [32], compounding in 

WMSDs over time, Figure 1. Manual handling tasks, defined as “any transporting or 

supporting of a load, by one or more workers, including lifting, putting down, pushing, 

pulling, carrying or moving of a load”, are major contributors to such disorders [33], 

[34]. Such tasks are prevalent in industry contexts [35], thus contributing to a high 

prevalence of WMSDs in this field [17]. 

This occurs because when these biomechanical factors exceed an individual’s ability 

and there is not adequate time for recovery [18], [19] the exposures cause residual 

strain, inflammation, and pain which in turn affect the tissue’s ability to recover from 

and adapt to stresses [20]. More specifically, the exposures may cause muscles to 

fatigue at differing rates, resulting in altered kinetics and kinematics that are not 

optimal (such as redistributed loading, co-contraction and altered muscle synergies), 

especially when the loading is not proportional to the individual capabilities (i.e., 

differential fatigue and overexertion theories). This results in reduced ability to recover 

from and adapt to stresses. It is also important to consider the visco-elastic properties 

of many tissues in the locomotor apparatus which exhibit time-dependent deformation 

and may undergo permanent structural changes once stress thresholds are exceeded. 

Importantly, such thresholds are lowered over time as a result of reduced load-bearing 

capacity due to cumulative fatigue (i.e., cumulative load and overexertion theories). 

The exposures may also lead to microstructural damage to the locomotor apparatus, 

and even though biological tissues are capable of healing, complete tissue repair is not 

possible without sufficient rest and recovery, further elevating injury risk. When 
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repeated over time, these conditions “set the stage for injury even if the stress does not 

rise extraordinarily” [20]. Unfortunately, many occupations require these movements, 

postures and loads for long durations or high intensity without sufficient rest time [18], 

resulting in a high incidence of WMSDs.  

According to the Health and Safety Executive (HSE) in the UK [36], WMSDs 

typically begin with symptoms such as “aches and pains, tenderness, weakness, 

tingling, numbness, cramp, burning, redness and swelling” as well as “stiffness, pain 

or reduced movement in [the] joints” and overtime lead to conditions such as gorilla 

hand syndrome [37], trigger thumb [38], carpal tunnel syndrome [24], [25], [36], [38], 

tendonitis [24], [36], [38] and osteoarthritis [36]. As reported by the EWCS [16], 

WMSDs relating to the back and upper limbs are most common. A large proportion of 

employees (70%) reported engaging in work that entailed tiring or painful postures 

and 13% of these respondents experienced this work more than three quarters of the 

time [16]. Similarly, approximately 70% of respondents’ work comprised of repetitive 

hand movements, and 31% of this was present in over three quarters of their work 

[16]. Women and older age groups suffer from WMSDs most often [39]. Workers in 

physically demanding industries such as construction, warehousing, agriculture, 

healthcare, and manufacturing are particularly susceptible to fatigue and WMSDs 

[15], [17], [24], [38], [40], [41], thus, the focus on WMSDs in the context of smart 

factories in the thesis. The prevention of WMSDs is the responsibility of many parties, 

including the employer, employee, ergonomists and occupational health professionals, 

regulatory bodies and unions. Responsibilities include training, workload 

management, reporting issues, research and developing solutions, compliance with 

and enforcement of regulations. 

In terms of impact, WMSDs are a leading cause of workplace absences, disability, and 

economic burdens globally [15], [40], [42], [43]. People with WMSDs have poorer 

health outcomes, decreased quality of life, and WMSDs can lead to early retirement 

[40]. The cost of WMSDs, including direct costs for treatment and indirect costs due 

to productivity and absences, result in 2% of the gross domestic products (GDP) in 

Europe [3], [40], [44], and financial burdens due to medical costs are also present on 

an individual level [40]. Besides from costs, fatigue and WMSDs can have detrimental 

impacts on the worker with regard to physical and psychological wellbeing [40]; there 

are also impacts on the organisation in terms of reduced quality [45], [46] and 
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productivity [47], [48], [49], [50], process interruptions [46], [51] and high staff 

turnover rates [49]. Fatigue also leads to increased mistakes [50], injuries [52], 

accidents [47] and negatively affects well-being [53].  

It seems reasonable to expect that the growing trend of increased automation and use 

of ICT would lead to a reduction of manual activities and thus WMSDs, however this 

is not the case [54]. Mathiassen (2006) [55] discussed the state and trends in industry 

and the service sector, such as the focus on reducing time losses which leaves fewer 

tasks for workers to complete and fewer job rotation options, resulting in fewer 

opportunities for biomechanical variation and recovery [55]. The same can occur when 

temporary workers are hired during high production periods and are given simple tasks 

[55], [56]. This, combined with results from recent surveys indicating a high 

prevalence of WMSDs [15], [16], reviews stating that ergonomic risks are pertinent to 

smart factory workers in the future [4], and the extent of the negative impact of 

WMSDs on workers and organisations alike [40], highlight that WMSDs are a 

persistent, growing issue that must be curtailed. 

The mechanistic relationship between ergonomic exposure, neuromuscular fatigue, 

altered load distribution, and cumulative tissue damage underscores the importance of 

monitoring fatigue as an early indicator of WMSD risk, and serves to benefit the 

interests the entire industrial ecosystem [4], [48]. This thesis addresses these 

challenges by focusing on the mitigation of physical and muscular fatigue, as well as 

ergonomic risks in factory/manufacturing contexts using Industry 4.0 and 5.0 

technologies, which offer new opportunities to enhance workforce health and 

wellbeing. This aligns with the previously identified recommendation to prioritise the 

health of the operator [4] and the goals of Operator 4.0 [4] and Industry 5.0 [1], [3], 

[4], [6], [7], [8]. 

Research Landscape 

While risk factors for WMSDs are well-established, it is important to understand the 

trends in research topics, funding and investment in the research landscape 

surrounding fatigue monitoring. The area has significantly evolved over the past 

decade as publications in this domain have surged, bibliometric analysis shows a year-

on-year increase in publications addressing muscle or physical fatigue and ergonomic 

risk. Between 2014 and 2024, documents in English with the terms muscle or physical  
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Figure 2: Number of documents per year in Scopus (as of 28/04/2025) 

fatigue or ergonomic risk with monitoring, prediction, estimation or detection (and 

excluding keywords that relate to the fatigue of materials and fatigue in relation to the 

elderly and specific diseases) increased from 528 to 1364 per year (Figure 2). This 

growth is driven by advances in wearable technologies and data analytics, as notable 

keywords in the results were wearable sensors and wearable technology, surface 

electromyography (EMG), heart rate, biomechanics, endurance, questionnaires, 

algorithm, machine learning (ML), workload, muscle strength and workers.  

This scientific momentum is mirrored in funding trends. Horizon Europe, among other 

initiatives, has substantially invested in research targeting occupational health. 

Projects that finished between 2022 and 2024 with budgets exceeding €4 million, such 

as those listed below highlight the EU's commitment to developing innovative 

preventive strategies. These investments underscore the socio-economic relevance of 

fatigue prediction systems in high-risk professions, especially for the smart factory. 

• Smart glasses for multifacEted visual loss mitigation and chronic disEase 

prevention indicator for healthier, saFer, and more productive workplAce foR 

ageing population [57] (EU contribution ≈ €4 million). 

• FlExible assembLy manufacturIng with human-robot Collaboration and digital 

twin modEls [58] (EU contribution ≈ €6.3 million). 

• Smart environments for person-centered sustainable work and well-being [59] 

(EU contribution ≈ €4 million). 
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• Smart Working environments for all Ages [60] (EU contribution ≈ €4 million) 

• Personalised Body Sensor Networks with Built-In Intelligence for Real-Time 

Risk Assessment and Coaching of Ageing workers, in all types of working and 

living environments [61] (EU contribution ≈ €4 million). 

• Smart, Personalized and Adaptive ICT Solutions for Active, Healthy and 

Productive Ageing with enhanced Workability [62] (EU contribution ≈ €4 

million). 

1.2 Identified Gaps in the State-of-the-Art 

A comprehensive review of existing literature (see Chapter 2) revealed several 

consistent limitations in current approaches to ergonomic risk, physical fatigue and 

WMSDs. These gaps are discussed in detail in 2.2.6 Identified Gaps in the State-of-

the-Art but are summarised here to show the motivation for the research framework. 

Despite an abundance of research in the field, there is a lack standardisation and 

generalisability. An array of measurement methods, such as, ergonomic risk 

assessments [63], [64], [65], [66], theoretical muscle models [30], [67], [68], [69], 

empirical endurance models (summarised in [70], [71]), subjective scales [72], [73], 

[74], etc., produce different outputs, each with its own limitations. This diversity of 

perspectives has led to poor comparability across studies, limited reproducibility, and 

inconsistent outcomes [3], [18], [75]. The lack of consensus in defining and 

quantifying fatigue, heterogeneous datasets, and limited real-world validation further 

constrain progress toward practical, generalisable solutions. 

A number of reviews have highlighted the need for continuous, real-time systems 

capable of proactively mitigating WMSDs through wearable technologies aligned 

with Industry 4.0 and 5.0 developments [3], [4], [18], [76], [77], [78], [79]. However, 

persistent gaps remain. There is a lack of consideration of dynamic movements and 

varied arm configurations [3], [75], task generalisability while maintaining 

individualisation [70], [80], [81], or automated load input in such systems. From a 

user-centred standpoint, practical barriers such as comfort [75], [82], privacy [3], [18], 

[83], and data transparency [84], [85] also influence acceptance, leaving a gap between 

technological capability and workplace integration. In addition, while machine-

learning methods show potential [3], [83], [86], there is a lack of explainability in 
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classifier decisions [87], and there is a need for large, diverse datasets [76], [79] that 

have limited adoption in occupational contexts. 

The present thesis addresses many of the aforementioned challenges through the 

development of a torque-based endurance modelling and task classification 

framework that enables proactive fatigue forecasting. Specific challenges (which are 

discussed in more detail in 1.3.2 Research Gaps Addressed and Novel Contributions) 

this work targets are the absence of: (i) consideration of dynamic arm movements and 

configurations; (ii) task-generalised predictive models; (iii) inclusion of individualised 

parameters and strength measurement; (iv) automated load input; (v) explainable task 

classification; and (vi) predictive forecasting methods for WMSD prevention. By 

integrating wearable sensors, task classification, and endurance modelling within an 

interpretable software application, the framework contributes toward methodological 

standardisation and practical translation of ergonomic monitoring in the smart factory 

workforce of the future. 

1.3 Research Framework 

Building on the background and gaps in the state-of-the-art, this section introduces the 

research hypothesis and objectives of the thesis. It outlines the overall structure and 

scope of the research and identifies specific research gaps that the thesis aims to 

address. These gaps highlight the limitations of current fatigue and ergonomic risk 

management and establish the need for the novel methods proposed in this thesis. 

1.3.1 Research Hypothesis and Objectives 

The prevalence of WMSDs and the indication that they are not declining reveal that 

current established workplace measures are not effective at reducing the pervasiveness 

of this issue. Additionally, these areas continue to attract substantial interest and 

ongoing investment, as reflected in recent bibliometric trends and European funding 

initiatives, Figure 2. In response to this, the thesis proposes a framework that leverages 

Industry 4.0 and 5.0 technologies and embodies the principles of the healthy operator, 

offering a more effective way to reduce WMSD risk and improve workplace health 

outcomes compared to existing interventions. The framework developed in this thesis 

presents a methodology for physical fatigue prediction using wearable sensor data 

from inertial measurement units (IMUs) and pressure insoles, accounting for both 
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Figure 3: Fatigue forecasting system consisting of IMUs, pressure insoles and custom application 

individual and task-related parameters, Figure 3. It is hypothesised that an 

individualised, task-specific fatigue forecasting model, integrating motion monitoring 

with automated load input, will improve the accuracy and reliability of physical fatigue 

predictions compared to existing methods. Moreover, implementing these models in a 

wearable system with a graphical user interface (GUI) enables proactive fatigue 

forecasting, helping to mitigate ergonomic risks, reduce localised muscle fatigue, and 

lower the prevalence of WMSDs. The overarching research question is therefore: Can 

a wearables-based system for physical fatigue prediction be developed that 

accounts for individual abilities and generalises across different tasks? 

To address this research question, the following objectives have been defined: 

• Objective 1: To develop an individualised model for physical fatigue 

forecasting. 

• Objective 2: To develop a model that accounts for task-related parameters 

during fatigue forecasting by continuously monitoring motion and by 

automating load input. 

• Objective 3: To develop and test a physical fatigue forecasting system 

comprised of wearable sensors and a custom application implementing the 

individualised and task-specific models. 

 Objective 1 refers to the integration of individual parameters with a forecasting 

model. Thus far, the thesis has briefly explored how some interventions are more 
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proactive than others, and for effective WMSD mitigation, forecasting approaches that 

allow timely intervention by producing predictions prior to the onset of fatigue are 

more impactful. This will be discussed in more detail in 2.1.2 Measurement and 

Prediction Methods. In this research work, endurance models that predict the time until 

fatigue are chosen as a proactive forecasting approach. These models already 

incorporate basic individual and task-specific parameters such as 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 and the 

external load, indicating a positive starting point to tackle this objective. However, 

there are many problems associated with these models, covered in detail in section 

2.1.2 Measurement and Prediction Methods. The work carried out as part of Objective 

1 aims to address the many limitations and concerns surrounding endurance models, 

including increased personalisation parameters to generate individualised endurance 

predictions. The model adopts a torque-based approach as opposed to a force-based 

approach which sees a change in the variable used to measure maximum strength, 

which was previously maximum force (𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥) to now maximum torque 

(𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥). A novel approach to determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 also aids in producing more 

individualised endurance predictions. 

Objective 2 focuses on integrating the adjusted endurance model with wearable 

sensors to automate task-related inputs and contributing towards adaptability to 

different tasks. As mentioned in the thesis introduction, IMUs are commonly used for 

motion data tracking and pressure insoles present a lesser explored means of 

generating load data for fatigue and ergonomic risk applications as they are typically 

used to detect falls, awkward postures and activities in occupational studies. Task 

prediction via wearable sensors offers a way to achieve automated load input, as 

different tasks are associated with different components, loads and geometries. The 

torque-based model also sees the inclusion of new parameters that enable arm 

dynamics and therefore any upper body task to be accounted for, contributing to 

Objective 2. This, combined with automatic load input from pressure insoles means 

that the model can perform predictions for any upper extremity task that is performed. 

Objective 3 aims to develop a physical fatigue forecasting framework and system that 

integrates the endurance model from the work on Objective 1 with the task-specific 

motion and load data from wearables from the work on Objective 2. This is facilitated 

by a custom application that enables the input of individual and task information and 
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the display of endurance metrics and is validated during simulated industry tasks in a 

laboratory setting. 

1.3.2 Research Gaps Addressed and Novel Contributions 

While a detailed summary of the state-of-the-art methods that are used to address 

WMSDs is provided in the next chapter, this section details the novelty and specific 

gaps that are addressed with the proposed framework. This research addresses key 

gaps (Figure 4) in current physical fatigue prediction methods, including limited 

consideration of dynamic movements, insufficient individualisation, and lack of task-

adaptive prediction. By integrating wearable sensors, torque-based endurance 

modelling, and automated task classification, the proposed framework lays the 

groundwork for proactive, real-time fatigue forecasting. Explainable elements 

enhance model interpretability, while implementation as a wearable application 

ensures practical deployment in occupational environments. Together, these 

contributions advance both methodological rigor and real-world applicability, 

providing a foundation for safer, ergonomically informed workplaces. 

While disadvantages exist for wearable sensing technologies, they also present great 

opportunity for continuous worker monitoring and to create more proactive prediction 

methods of prevention WMSDs [3], [75], thus wearable sensors are utilised in the 

research work in the thesis. However, solely relying on objective metrics may present 

issues as the individuals’ perception is also an important consideration. For this reason, 

 

Figure 4: The key gaps identified and how the thesis addresses them 
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Table 1: Work to combat endurance modelling disadvantages in the research work described in the thesis 

Problem Solution Section 

Lack of standardised methods to 

measure maximum strength. 

Developing a novel method to determine 

maximum strength. 
3.1, 3.3 

Lack of consideration of dynamic 

tasks. 

Introducing dynamic parameters via the 

consideration of torque as opposed to force. 
3.2, 3.3 

Disagreement on presence of 

endurance limit. 

Comparing models with and without an 

endurance limit (asymptote). 
3.3 

Lack of comparisons between 

models and inputs. 

Comparing multiple models and inputs. 

Open-access publication of dataset. 
3.3 

Lack of generalisability of 

models. 

Comparing existing models instead of 

developing a new model for this dataset. 

Open-access publication of dataset. 

3.3, 5 

Lack of generalisability to 

different tasks. 

Consideration of dynamic parameters during 

complex, industry-type tasks. 

Open-access publication of data. 

3.2, 3.3, 5 

Variability in muscle group and 

posture. 

All arm configurations are accounted for with the 

adjusted endurance model. 
3.2, 3.3, 5 

Lack of consensus on the 

influence of individual 

differences. 

Inclusion of additional individual parameters. 

Performance of statistical analyses for 

correlation. 

Open-access publication of dataset. 

3.2, 3.3, 5 

 

a subjective questionnaire that enables continuous self-reported fatigue measurement 

without task interference is also used in the present work.  

Many disadvantages of endurance models are described in section 2.1.2 Measurement 

and Prediction Methods, and the thesis contributes to mitigating for these 

disadvantages, see Table 1, highlighting the novelty in the work on endurance models 

in the thesis. No torque-based endurance model has previously been used to predict 

physical fatigue for loaded, dynamic manual handling tasks, underscoring a key, 

original contribution of this work. In addition to dealing with many limitations of 

endurance models (Table 1), the application of the torque-based approach aids in 

dealing with gaps in the field in Figure 4, further justifying the selection of this 

modelling methodology in the thesis. For example, alterations made to the endurance 

model in the process of this work sees the inclusion of additional individualised 

parameters into the endurance model for calculation of the predicted ET, such as arm 

segment lengths and masses. The integration of wearables with the adjusted endurance 

models enables these parameters to be considered on a continuous, dynamic basis, 

supporting future real-world deployment. The projected time to fatigue output presents 

proactive, predictive capabilities, and aligns with the goal of delivering a forecasting 

solution, which is a significant gap in the current literature. In addition, this output 
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represents a move towards increased standardisation, allowing it to easily be compared 

to other work with the same output (time to fatigue). In terms of generalisability, which 

is a key concern relating to endurance models and fatigue in the literature, the system 

considers arm configuration for the prediction calculation (via wearable sensors and 

the modified endurance model for dynamic tasks), therefore predictions are specific 

to the movements of the task. Generalisability of the SAFE framework is taken a step 

further in the research work by the development of a task detection algorithm using 

pressure insoles that dynamically adapts the load and task-related endurance 

coefficients inputted to the endurance model based on the detected task type and alters 

the predictions by detecting activity/rest phases. These features underscore the 

significant contribution of the thesis work as they are required in real working 

environments where tasks change throughout a shift period. 

Overall, the predictive capabilities of endurance modelling presents a promising 

approach for the research in the thesis, considering the Hajifar et al. (2021) [77] call 

for proactive, predictive approaches, especially when deployed with wearable sensors 

as this enables continuous monitoring. To date, endurance modelling has been tested 

using vision-based detection systems in human machine interface (HMI) research 

under unloaded conditions and for a 2 s static “dwell time”, not for loaded manual 

handling tasks [37], [88]. Therefore, the use of wearable sensors with endurance 

modelling and task classification for manual handling applications presents a novel, 

objective and direct approach for predicting fatigue, allowing timely intervention, and 

thus the potential reduction of WMSDs.  

In order to highlight the gaps addressed and novel contributions of the thesis research 

work, Table 2 compares the proposed system to current systems existing in 

commercial and research domains that pertain to upper body WMSD intervention 

using wearables in the context of manual handling tasks. While the next chapter 

explores the state-of-the-art in more detail, a comparison of the thesis system to 

systems that have been deployed in real-time or demonstrate strong potential for real-

time implementation is a key starting point to establish the contributions of the present 

work. The beginning of the table lists commercial systems which are very basic in 

nature, typically consisting of one or two sensors, with the exception of the XSens 
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Table 2: Commercial and research systems integrating wearables for ergonomic risk or fatigue monitoring, detection or prediction of the upper body during manual handling activities,, including 

the present work. 

Solution/ Author Types of sensors 
Commercial or 

Research 
Measurement/ Algorithm Comments 

Automatic 

load 

input? 

Feedback? 

Kinetic Reflex [89] IMU (1) Commercial Detects high risk bending, 

reaching and twisting, posture 

correction. 

Worn on worker’s belt.  No Vibrotactile 

SafeWork Sensor 

[90] 

IMU (1) Commercial Detects awkward postures, 

posture correction. 

 

Work vest with platform with 

analytics for workers, managers and 

safety leader.  

No Vibrotactile 

Honeywell 

Bioharness [91] 

PPG, 

temperature, 

IMU (1), GPS 

Commercial Fatigue monitoring using 

physiological indicators related to 

heart and breath rate, 

temperature, activity and posture 

in real-time as well as location. 

Chest-worn device.  No Visual 

Ergo Live and Ergo 

Expert [92] 

IMU (up to 17) Commercial Produces standardised ergonomic 

reporting based on posture and 

loads. 

Wearable data inputted to 

simulation software (XSens and 

third party).  

No Visual 

Vignais et al. 

(2013) [93] 

IMU (7) and 

goniometer 

Research Produces standardised ergonomic 

reporting based on posture and 

loads (RULA), posture 

correction. 

Assessed the upper body during MH 

tasks in industrial environment. 

No Visual (via AR) 

and Auditory 

Peppoloni et. al 

(2016) [94] 

IMU (3), EMG 

(3) 

Research Produces standardised ergonomic 

reporting based on posture and 

loads (RULA, SI), muscle effort 

and fatigue estimation. 

Assessed the upper body during 

pick and place task. 

No No 

Arroyave-Tobon 

and Osorio-Gomez 

(2017) [95] 

Markerless 

MoCap 

Research Produces standardised ergonomic 

reporting based on posture and 

Assessed the upper body during 

“air-modelling” manufacturing 

No Visual (via AR) 
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Solution/ Author Types of sensors 
Commercial or 

Research 
Measurement/ Algorithm Comments 

Automatic 

load 

input? 

Feedback? 

loads (RULA), posture 

correction. 

tasks, i.e. the components exist in a 

virtual space. 

Mengoni et al. 

(2018) [96] 

Markerless 

MoCap 

Research Produces standardised ergonomic 

reporting based on posture and 

loads (RULA), posture 

correction. 

Assessed the upper body during 

manufacturing tasks and uses AR 

for object recognition. 

No Visual 

Lins et al. (2018) 

[97] 

IMU (15),  Research Produces standardised ergonomic 

reporting based on posture and 

loads (OWAS), posture 

correction. 

Experiment evaluated the optimal 

vibrotactile pulse length and 

repetition while standing. 

No Vibrotactile 

Kim et al. (2018) 

[98] 

IMU (17), EMG 

(5), Force plate 

Research Estimates joint overloading based 

on load and posture. 

Full body assessment during 

manufacturing tasks. 

Yes Vibrotactile 

Yu et al. (2019) 

[99] 

Markerless 

MoCap, PI 

Research Estimates current joint 

capabilities and fatigue index 

using a muscle model. 

Full body assessment during 

construction tasks. 

No No 

Manghisi et al. 

(2020) [100] 

Markerless 

MoCap 

Research Produces standardised ergonomic 

reporting based on posture and 

loads (RULA), posture 

correction. 

Assessed the upper body during 

manufacturing tasks and training. 

No Auditory and 

Vibrotactile 

Cerqueira et al. 

(2020) [101] 

IMU (4) Research Produces standardised ergonomic 

reporting based on posture and 

loads (RULA, LUBA), posture 

correction. 

Smart garment for assessment of the 

upper body during assembly tasks 

completed with a cobot. 

No Vibrotactile and 

Visual 

Giannini et al. 

(2020) [102] 

IMU (17), EMG 

(2) 

Research Produces standardised ergonomic 

reporting based on posture and 

loads (ISO 11228, NIOSH 94-

110, Snook and Ciriello method, 

Smart garment for assessment of the 

full body during MH tasks. 

No Visual 
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Abbreviations: IMU = Inertial measurement unit; PPG = Photoplethysmography; RULA = Rapid upper body limb assessment; AR = Augmented reality; MoCap = Motion 

capture; OWAS = Ovako working posture analysing system; REBA = Rapid entire body assessment; PERA = Postural ergonomic risk assessment; EMG = Electromyography; 

LUBA = Loading on the Upper Body Assessment; ISO = International Standards Organisation; NIOSH = National Institute for Occupational Safety and Health; SI = Strain 

index; MH = Manual handling; PI = Pressure insoles; Cobot = Collaborative robot; ML = Machine learning. 

Solution/ Author Types of sensors 
Commercial or 

Research 
Measurement/ Algorithm Comments 

Automatic 

load 

input? 

Feedback? 

REBA, SI), fatigue monitoring 

via EMG. 

Battini et al. (2022) 

[80] 

IMU (17 for the 

body, 14 for the 

hands and 

fingers), activity 

tracker (ECG, 

heart rate, 

temperature, 

respiration, 

microphone) 

Research Produces standardised ergonomic 

reporting based on posture and 

loads (OWAS, RULA, REBA, 

PERA), posture correction, 

fatigue monitoring via 

physiological indicators. 

Assessed the body during 

manufacturing tasks and training. 

Cables are used to connect the 

hand/finger IMUs. 

No Visual  

Trkov et al. (2022) 

[103] 

Accelerometer 

(3), PI 

Research Continuously outputs NIOSH 

score based on detected task 

Full body assessment during MH 

tasks. ML used to detect tasks and 

load, with NIOSH lifting index 

compute from classified task and 

pre-recorded inputs. 

Yes No 

O’Sullivan et al. 

(Present work) 

IMU (3), PI Research Fatigue prediction using torque-

based endurance modelling. 

Upper body assessment during MH 

tasks. Explainable ML used to 

classify tasks and continuous, 

endurance metrics are generated. 

Yes Visual 
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systems (Ergo Live, Ergo Expert) [92] that integrate motion data into simulation 

software. The basic commercial systems [89], [90], [91] focus on posture correction, 

however, the algorithmic specifics or scientific basis of the thresholds are not apparent 

due to the proprietary nature of the technology and lack of publicly available 

information. The Honeywell Bioharness [91] also assesses fatigue by analysing 

physiological indicators. The XSens systems [92] produce standard ergonomic 

reporting, there are multiple assessments that output non-standardised risk scores 

indicating the level of ergonomic risk. There are also custom systems in research that 

provide this reporting, which account for the majority of solutions (10/17) in Table 2 

[80], [93], [94], [95], [96], [97], [100], [101], [102], [103]. Ergonomic risk scores are 

not a proactive means of preventing WMSDs in the context of continuous operator 

monitoring, as high risk needs to be exhibited over an extended period of time before 

intervention can take place but this method can be effective when combined with 

feedback for posture correction [104].  

Other algorithms used in wearable systems in research include joint loading estimation 

[98], muscle fatigue estimation [99], and the present work, which adopts a torque-

based endurance model for a predictive solution. This work is the only solution in 

Table 2 that proactively forecasts the presence of physical fatigue based on kinetic 

upper extremity data from wearable sensors using an endurance model, allowing 

timely intervention prior to fatigue onset. 

Regarding external load, a key component of fatigue and ergonomic risk calculation, 

some studies [93], [96] assumed the components were below a load of 2 kg which does 

not impact the risk score in those cases, while other studies [100], [101] don’t mention 

how load data is inputted to the ergonomic assessments, but it can be assumed that the 

load is assumed to be less than 2 kg, or loads are manually inputted, similar to Battini 

et al. (2022) [80] and Giannini et al. (2020) [102]. This is a significant disadvantage 

as it is not possible to ascertain the risk score without manual input, which interferes 

with the operator’s work. In other words, while many of the solutions listed in Table 2 

operate in real-time, not all of them are producing outputs in real-time without manual 

input, in which case they are simply streaming sensor data without meaningful, 

actionable outputs. In a real work environment, operators’ tasks are continuously 

changing throughout a work period, many tasks comprise of multiple subtasks, and 

pausing work to input component parameters is not a realistic solution.  
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Vignais et al. (2013) [93] recommended that task adaptability must be integrated into 

such systems via object recognition, this can enable component parameters such as 

load to be automatically generated without manual input, but a wearable system other 

than the present work has not implemented this to date. Other task- or object-related 

work in Table 2 includes Mengoni et al. (2018) [96] who employs object recognition 

with augmented reality (AR), not to automatically input load, but to check the 

assembly progress and provide instructions to aid the operator throughout the task. 

Activity recognition takes place in the system by Giannini et al. (2020) [102] but for 

the purpose of determining the optimal risk assessment for the task being performed, 

since different risk assessments are generally better suited to a particular set of 

activities. Kim et al. (2018) [98] used force plates to obtain load and centre of pressure 

(CoP), however, force plates are not suitable for a real working environment as force 

plates do not allow for mobility. Trkov et al. (2022) [103] is the only system, aside 

from the present work, with the potential to consider load in real-time as tasks change 

throughout a work shift. That study involved manually calculating National Institute 

for Occupational Safety and Health (NIOSH) lifting index scores for each task and 

task classification was used to identify the current risk score due to its association with 

that task. Similarly, the present work uses task classification, but to generate the 

required external load input (and other component parameters) using pressure insoles, 

since specific components are associated with each task, negating the need for manual 

input and allowing for mobility during tasks. Explainable ML methods are used in the 

present work as this is an important factor in the context of occupational H&S. 

Moreover, the endurance modelling in the present work predicts endurance metrics for 

any upper arm positioning based on arm dynamics, unlike the Trkov et al. (2022) [103] 

set-up which remains limited to predefined tasks for which risk assessment has already 

taken place and is constrained by the typical limitations of ergonomic risk assessments. 

The use of feedback to correct and train posture to result in lower ergonomic risk is a 

common practice, with visual, including the present work, (8/16) [80], [92], [93], [95], 

[96], [101], [102] and vibrotactile (6/16) [89], [90], [97], [98], [100], [101] methods 

most commonly used. AR has been used for feedback purposes [93], [95], where 

operators can simultaneously interact with the real and virtual worlds, the latter of 

which acts as a visual feedback mechanism. However, in the case of Arroyave-Tobon 

and Osorio-Gomez (2017) [95], AR was also used for “air-modelling”, where the 
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ergonomics of assembling virtual objects was examined. The system in the thesis uses 

a GUI to provide visual feedback to users to display warnings and current fatigue 

status on a continuous basis. 

A key novelty of the research work presented in the thesis is that it provides a unified 

framework for WMSD prevention. The most common approaches can be broadly 

divided into operator monitoring or ergonomic risk assessment, as is evident in Table 

2 and will be made clear in the next chapter, Chapter 2 State-of-the-Art in Workplace 

Fatigue, Wearables, and WMSD Prevention. Therefore, this work represents a 

convergence of these two originally separate approaches to WMSD prevention into a 

unified framework with potentially multiple uses, the relevancy of which depend on 

the user. Firstly, for the worker, visual feedback via the application can inform the 

individual when to take a break, and fatiguing movements or postures can be easily 

identified which may help with self-directed training to avoid awkward positions in 

future work. The system can aid with prioritising operator health in the smart factory 

of the future by the addressing the persistent ergonomic risks that workers face on a 

daily basis while being adaptable to different tasks without interference. For the 

manager and ergonomist professional, the identification of fatiguing movements can 

inform the delivery of training programs to workers, assessments of tasks and 

workstations can be carried out, and the impact of ergonomic improvements to tasks 

and workstations can be tracked. In addition, the effect of tasks on different individuals 

can be monitored in order to contribute to individualised scheduling, work targets and 

task rotations. The wide range of potential uses and relevancy to multiple user types 

denotes a meaningful contribution to the field. 

While Balkin et al. (2011) [105] only considered physiological indicators as a means 

of online operator monitoring, the research work described in the thesis combines 

online operator monitoring with a biomechanical model to provide fatigue forecasting 

information to users, enabling action to be taken to prevent fatigue thus WMSDs prior 

to its onset. This represents a more proactive, streamlined approach to upper body 

WMSD prevention for manual handling tasks using Industry 4.0 and 5.0 technologies 

than existing commercial and research solutions in Table 2.  

Finally, the pipeline proposed in this thesis introduces a novel method for fatigue 

prediction that integrates wearable sensing, biomechanical modelling, and task 
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classification to dynamically predict endurance during manual handling tasks. Unlike 

existing approaches that rely on manual input during offline analysis and mostly 

ergonomic risk assessments, this system computes shoulder joint-level endurance 

metrics using IMU-derived kinematics, pressure insole-derived task classification, and 

subject-specific predictions via endurance modelling. By integrating joint angle and 

task computation with biomechanical endurance predictions tailored to the individual's 

body dimensions and movement patterns, the SAFE framework offers a unique and 

practical solution for proactive injury prevention in physically demanding professions 

that is applicable to numerous dynamic tasks. This integrated approach marks a 

significant step forward in bridging the gap between lab-based biomechanical analysis 

and field-deployable real-time ergonomic monitoring tools. 

1.3.3 Thesis Structure and Scope 

Figure 5 outlines the structure of the thesis. Chapter 2 provides a more detailed 

exploration of the state-of-the-art that informed the thesis hypothesis under 

investigation. The research work undertaken can be divided into endurance modelling, 

task classification and demonstration of the fatigue forecasting framework and are 

described in Chapters 3 to 5 respectively (based on peer reviewed publications), each 

with subchapters associated with peer-reviewed publications describing the 

experimental work. Implications and limitations of the results and future work are 

deliberated in the thesis discussion in Chapter 6. 

The structure of the thesis follows section 3, ‘Thesis Based on Publication’, of the 

UCC Thesis Policy document1. The research conducted during this PhD has been 

disseminated through peer-reviewed publications and conference presentations and 

was recognised with the Wrixon Research Excellence Award (a prestigious Tyndall 

student award) in November 2024. The relevant publications are linked to thesis 

chapters in Appendix 1, with DOIs listed in Appendix 2 and author contributions 

specified using CRediT author statements in Appendix 3. Additional publications 

outside the scope of the thesis, published during the PhD, are listed in Appendix 4. 

Technical chapters correspond to three conference papers in tier-one conference 

proceedings, three journal papers, one of which is under review at the time of thesis  

 
1 https://www.ucc.ie/en/academicgov/policies/gs-policies/phd_regs/ 
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Figure 5: Thesis structure 

submissions, and two open-access datasets [106], [107]. Minor changes to the 

published research work, as permitted by the UCC Thesis Policy, are noted at the 

beginning of each thesis section. Such changes typically include additional analyses, 

extended literature overview, or omission of repetitive background information that is 

presented in Chapters 1 and 2 of the thesis. 

This research adopts a quantitative approach to achieve the project objectives and 

utilises both subjective and objective measurement methods. Anthropometrics, 

wearable sensor data, time until fatigue failure, maximum voluntary contraction 

(MVC) force, subjective questionnaires and task specific data are collected throughout 

1 Introduction

2 State-of-the-
Art

3 Endurance 
Modelling

4 Load and 
Task 

Estimation

6 Discussion

5 Framework 
Validation

Technical 
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Figure 6: SAFE framework overview. 

the research work described in the thesis. While subjective scales can be used as a 

qualitative approach, the ordinal scales that describe the participants’ exertion is used 

for quantitative analysis in this research. Statistical and ML modelling methods are 

used to address the research question. This approach entails rigorous data collection 

and analysis, enabling a holistic view of physical fatigue that accounts for diverse 

tasks, individual differences and confounding factors. 

Figure 6 shows the proposed SAFE framework. The inputs to the endurance model 

include manually inputted individual and task-related parameters (blue boxes) and 

streamed data for measuring plantar pressure and arm segment orientations (red 

boxes). These data are acquired and processed (grey boxes) using the application to 

calculate torque and 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 (inputs to the endurance model), the former changes 

over time for dynamic tasks and the latter remains static for each load level (%MVC). 

Task classification is used to tune the endurance prediction based on activity status 

and determine the task-related parameters and task-related endurance coefficients that 

are inputted to the endurance model. Thus, endurance metrics are calculated using the 

models developed in the course of the thesis (grey boxes), data are visualised and 

exported using the application (green boxes). 

The experiments conducted, variables measured and outputs that are associated with 

each objective and thesis chapter are described and summarised in Appendix 5.The 

first endurance modelling technical chapter, 3.1 Estimation of Maximum Shoulder and 

Elbow Joint Torque Based on Demographics and Anthropometrics, describes the 

development of regression models that use individual demographic and 
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anthropometric data to estimate 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 for the shoulder and elbow joints that can 

inputted to the endurance model. Instead of manual maximum strength measurement 

using a dynamometer being required from individuals when the system is being used 

in an occupational setting (which can be time consuming and requires specialised 

equipment and thus are not suitable for deployment in a real working environment), 

this model requires quick and easy to measure inputs while also providing 

individualised values. To achieve this, the first experiment gathered anthropometrics, 

demographics and 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 data from participants, followed by multiple linear 

regression to generate the models. However, the regression models were compared to 

other methods of calculating 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 in section 3.3 Improving Dynamic 

Endurance Time Predictions for Shoulder Fatigue: A Comparative Evaluation and it 

was found that a different novel approach more accurately predicted endurance in an 

individualised, cheap manner that does not required specialised equipment such as a 

dynamometer. The novel method, using a ‘calibration task’, required joint angles, 

individual data (anthropometrics and experimental ET) and external load parameters 

to determine the maximum strength inputs.  

Continuing with Objectives 1 and 2, a second experiment was conducted to analyse 

how the torque-based model, which was originally designed for unloaded conditions 

in HMI research, predicted endurance for manual lifting tasks, described in section 3.2 

Validation of Endurance Model for Manual Tasks. Lifting tasks were performed until 

fatigue (validated using maximum holding time and a subjective questionnaire) at 30 

to 45% of the individuals’ maximum producible force in a static and dynamic manner, 

both of which were conducted with the dominant hand and the latter of which was also 

conducted with both hands. The accuracy of the predictions from the endurance model 

suggested that more refinements to the model were required, and alternative means of 

generating the inputs should be considered. This led to the third experiment described 

in 3.3 Improving Dynamic Endurance Time Predictions for Shoulder Fatigue: A 

Comparative Evaluation in which fatiguing shoulder elevation tasks were conducted 

at two standardised intensities (25% and 45%) using torque inputs. Time to fatigue 

was recorded and additional wearable sensors collected physiological data while 

motion capture was used to generate joint angles, and the load was manually inputted 

to the model. Different models using the torque-based approach and different methods 

of generating 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 (including the regression models from the first experiment) 
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were compared to see which approach minimised the error. The relationship of 

individual parameters to experimental and predicted ET were also assessed. This work 

showed that the regression models generated from the first experiment did not 

minimise the prediction error, instead a new novel method to determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 

proved to reduce the errors significantly. Torque and experimental time to fatigue 

during the calibration task are required to determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 at each load level. 

An important aspect of this work is that fatigue data were not used to generate a new 

model in the thesis but were compared to existing models in an effort to enhance model 

generalisability as many researchers generate a new model that suit their own data. 

The data from this experiment were also used in a preliminary analysis for Objective 

2 which is described in section 4.1 Evaluating Wearable Sensor Technologies for 

Predicting Shoulder Endurance, where data from different sensors were used to 

generate endurance predictions. Three different combinations of manual inputs and 

sensors, moving from a non-wearable lab-based approach to a wearable approach, 

were used to generate the joint angles and load inputs. Comparing these methods 

enabled assessment of how sensor type and data source affect model accuracy. Method 

1 served as the non-wearable lab-based reference (“best-case”) scenario, while 

Methods 2 and 3 represented increasingly wearable but potentially less precise 

measurement configurations. This comparison quantifies the trade-off between model 

performance and measurement feasibility, offering insight into the potential for real-

world implementation of the approach. The results showed that near real-time 

prediction was feasible but only if efforts were made to counteract drift and bias 

associated with pressure insoles as this alone could not be used to determine the 

external load. This research work aided in determining the method of inputting the 

task-related parameters to the endurance model, i.e. task classification. 

To achieve Objective 2 and to deal with the pressure insole issues established in section 

4.1 Evaluating Wearable Sensor Technologies for Predicting Shoulder Endurance, a 

new experiment was conducted which saw participants wear pressure insoles and carry 

out industry-type tasks. Explainable ML methods were used to predict the task type 

based on force data alone (most studies utilise IMU sensors in the pressure insoles), 

detailed in section 4.2 AI-based Task Classification Using Pressure Insoles for 

Occupational Safety. The explainable approach employed in this analysis, using 

random forest (RF) and Shapley Additive explanation (SHAP), which is the 



 

27 

  

explainability analysis used, denotes a move away from the ‘black box’ approach that 

is usually associated with ML techniques which is of utmost importance as 

transparency in decision making is crucial in occupational H&S issues. Through these 

results, it was evident that task classification could be used to determine what tasks 

are being performed so that (i) task-related external load parameters (e.g., mass and 

dimensions) can be automatically inputted to the model, (ii) task-related endurance 

coefficients can be applied to adjust predictions based on task type, and (iii) drift and 

bias regarding acquired force values to determine external load mass can be avoided. 

To achieve Objective 3 and validate the SAFE framework, the final experiment, 

described in Chapter 5, involved subjects wearing a custom system composing of 

IMUs, pressure insoles and application while performing industry-type tasks. Tasks 

that exhibited high and low ergonomic risk were performed and subjective and 

objective exertion data were gathered to validate the subjects’ state. Workstation set-

ups were assessed using ergonomic risk assessments to validate the level of ergonomic 

improvements. Repeated measures correlation and Wilcoxon signed-rank tests found 

that the endurance metrics calculated using the SAFE framework successfully 

distinguished low- from high-risk tasks and were highly correlated with time and 

subjective fatigue scores. Task-dependent endurance coefficients were calculated to 

tune endurance predictions based on self-reported exertion scores. This work 

contributed to the finalised SAFE framework shown in Figure 6. 

Ethical approval is a key methodological consideration since the studies required the 

participation of human subjects, and was granted by the university’s ethics committee, 

the clinical research ethics committee of the cork teaching hospitals (CREC), under 

the reference numbers ECM 4 (p) 6/7/2021 and ECM 3 (i) 09/08/2022 and ECM 4 (h) 

22/10/2024 & ECM 5 (3) 12/11/2024 & ECM 3 (xxxx) 11/03/2025. All participants 

were healthy individuals with no neurological or cardiovascular disorders and 

provided written, informed consent. They were recruited through word of mouth and 

UCC email cascades. Approved documentation included the participant information 

leaflet which was provided to participants regarding the purpose of the research, 

equipment used, and any potential risks associated with the research, and the consent 

form and data protection form which outlines the consent of the individual to 

participate and for their data to be used in accordance with general data protection 

regulations (GDPR).  
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Chapter 2 State-of-the-Art in Workplace 

Fatigue, Wearables, and WMSD Prevention 

This chapter reviews existing research and developments relevant to fatigue 

assessment, ergonomics, and wearable technologies. Section 2.1 outlines fundamental 

concepts of muscle fatigue, including its definitions, classifications, underlying 

physiological mechanisms, and current measurement and intervention methods. 

Section 2.2 examines the broader landscape of related studies, focusing on key reviews 

in ergonomics, wearable systems, and fatigue management, with particular emphasis 

on upper-body applications. Finally, Section 2.3 synthesises the insights drawn from 

these works to identify current research gaps and inform the direction of the thesis. 

2.1. Understanding and Assessing Fatigue in the 

Workplace 

This section provides an overview of how fatigue is defined, classified, and influenced 

by various factors and what occurs on a physiological level during localised muscle 

fatigue. Then, current measurement methods and intervention strategies are reviewed 

which highlight the need for improved solutions. 

2.1.1 Fatigue: Definitions, Classifications, and Contributing 

Factors 

As discussed in section 1.1.2 Ergonomic Risk, Fatigue and WMSDs , high ergonomic 

risk leads to localised muscle fatigue in the short term and can lead to WMSDs 

overtime. The thesis focuses on fatigue prediction to proactively mitigate upper body 

WMSDs for manufacturing smart factory workers. Therefore, an overview of fatigue, 

and more specifically muscle and physical fatigue, is provided in this section prior to 

outlining measurement methods. 

Definition and Complexity of Fatigue 

Fatigue is a complex phenomenon with “physical, neuromuscular, psychological, 

mental and emotional aspects” [23], [27], [108] and has many accepted definitions 

[27], [83], [109], [110]. It has been described as a “hypothetical construct” linking 

causal factors to safety-related outcomes [47], a “non-specific symptom” that takes 
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the form of exhaustion and reduced capacity for voluntary tasks [111], a reduction in 

muscle force-generating capacity [112], and even a “biological drive for recuperative 

rest” [47]. These varied descriptions underscore the ambiguity surrounding fatigue, 

often explicitly acknowledged through terms such as “non-specific.” Beyond 

WMSDs, fatigue is also associated with cardiovascular diseases, cancer, 

gastrointestinal disorders, and obesity [83]. 

Figure 7 shows that contributing factors (work, lifestyle, individual [40]) that have 

been found to affect fatigue (sleepiness, mental fatigue, muscle fatigue and physical 

fatigue [47]), and safe recovery is possible once the decision is made to rest. However, 

if the operator decides, or is required, to continue working (green decision point in 

Figure 7), this can lead to impaired performance capabilities in the short term (and 

cause accidents [47], mistakes [50] and injuries [52]), and over time lead to WMSDs 

[35] and the associated knock-on effects of absences, disability and financial burdens 

[15], [40], [42], [43], Figure 7.  

Contributing and Confounding Factors 

Confounding factors associated with work include loading and recovery time and the 

ratio between them [19], [27], heavy loads [40], task complexity and variability versus 

mental stimulation and monotony [47], i.e. ergonomic risk. Factors relating to lifestyle 

choices include smoking and high body mass index (BMI) [40]; and individual  

 

Figure 7: The relationship between contributing factors, fatigue and WMSDs. Factors and fatigue types highlighted 

in red are addressed in the present work. 
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differences relate to gender, age, general health [40], and sleep homeostasis [47], 

[109]. The array of contributing factors results in difficulties quantifying, predicting, 

and thus, preventing fatigue. For instance, while a worker’s fatigue may stem mainly 

from physical exertion, factors such as demographics, emotions, and time of day also 

influence its onset. Moreover, studies show that tasks are perceived as more physically 

demanding when psychological demands are higher and control over the work 

environment is lower [82]. These examples illustrate the multifactorial nature of 

fatigue and the difficulty in isolating specific causes or predicting distinct fatigue types 

due to the interrelation of contributing variables. 

Categorisations of Fatigue 

Fatigue is often classified as acute or chronic, depending on whether rest can restore 

performance [83], [111]. It may also be grouped into central, peripheral, and 

psychological types [111], which dynamically interact and make isolating single 

causes difficult. However, in occupational H&S research, alternative frameworks are 

commonly applied. Fatigue categorisations considered in the present work include the 

four types of fatigue identified by Williamson et al. (2011) [47] in the context of 

occupational H&S: sleepiness, mental fatigue, physical fatigue, and muscle fatigue, 

Figure 7.  

Mental fatigue is defined as “a general sensation of weariness, a disinclination for any 

effort, feelings of inhibition and impaired mental performance, and reduced efficiency 

and alertness” [113] and a strong focus of mental fatigue and sleepiness is present in 

the context of transport occupations and shift work in the literature [47], [86]. On the 

other hand, physical fatigue is defined as a decline in overall performance caused by 

physical exertion [114] and muscle fatigue is a decrease in the ability to produce 

maximum force (𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥) [111], or the required or expected force [115]. While 

mental fatigue and sleepiness can be present in shift work and excessive workload 

scenarios in manufacturing occupations, muscle and physical fatigue are strongly 

associated with manufacturing occupations and manual handling in general.  

The physical, repetitive and complex nature of manual handling tasks in industry 

contexts considered in the thesis encourages a shift in focus to physical and muscle 

fatigue in an acute context and are thus highlighted in red in Figure 7. Furthermore, 

since it was found that “upper limbs are more prone to fatigue than lower limbs” [110] 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/alliesthesia
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/mental-performance
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which aligns with the increased prevalence of WMSDs of the upper extremities 

compared to the lower extremities (EWCS [16]), justifying the focus on the upper 

extremities in the thesis. Work and individual factors are highlighted in Figure 7 as 

these contributing factors are addressed in the course of the thesis. 

Ambiguous and varied definitions of fatigue, alternative methods of categorising 

fatigue (acute/chronic; central/peripheral/psychological; sleepiness/mental/physical/ 

muscle) and the array of confounding factors result in a lack of standardised and 

generalised approaches in the field (discussed in section 2.1.2 Measurement and 

Prediction Methods). 

Physiological Mechanisms of Muscle Fatigue 

From a physiological perspective, the decreased ability to produce force during muscle 

fatigue is caused by any failures upstream of the cross-bridge, which can constitute 

metabolic or vascular systems, or ionic components [111], [116]. Muscular contraction 

occurs via a process called cross-bridge cycling, where myosin and actin molecules 

attach within the muscle cell using chemical energy from the breakdown of adenosine 

triphosphate (ATP), and the onset of muscle fatigue can be attributed to failures in the 

systems that contribute to the functioning of this process or the accumulation of muscle 

by-products, for example lactic acid and phosphates [111], [116], [117]. The 

mechanisms that cause fatigue can vary with sex due to anatomical and physiological 

differences [118].  

Recovery occurs when these metabolites are removed via blood flow through the 

muscle [110], [116]. In addition, Frey Law and Avin (2010) [71] discussed how 

endurance time (ET), the period of time a task can be maintained until fatigue, depends 

on “variations in fibre type …, motor unit distribution/activation …, neural activation 

…, task specificity …, and/or absolute force/muscle cross-sectional area”. Within a 

muscle, a single motor neuron activates the muscle fibres in its motor unit and Ma et 

al. (2015) [119] described the two types of motor units: slow-twitch (type I) and fast-

twitch (type II). Fast-twitch motor units are capable of producing a higher force more 

rapidly than slow-twitch fibres but are less resistant to fatigue [99], [119]. Due to this, 

force and torque generation capacity decrease more rapidly under higher workloads 

and full recovery after fatigue can only take place until all motor units are recovered 

[99], [119]. Intensity, duration, environmental conditions and the type of contraction 
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also influence muscle fatigue [23], [120]. More specifically on contraction type, blood 

flow begins to be restricted (also called ischemia) at approximately 20% of MVC force 

by intramuscular pressure [121], causing a reduced oxygen supply, a build-up of 

metabolites and pH decrease, and thus muscle fatigue. Meanwhile, dynamic 

contractions cause a pumping effect of blood flow, increasing oxygen supply to the 

muscle and the rate of metabolite removal [120], thus a lower rate of fatigue 

progression is typically observed during dynamic compared to isometric tasks. In 

practice, MVC force, measured using a dynamometer, is often treated interchangeably 

with 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 and is widely used as the reference for normalisation (i.e., %MVC), 

as is the case in the thesis. Strictly speaking, however, MVC represents the highest 

force a subject can voluntarily produce, whereas the true maximal force capacity, 

𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥, of the muscle is typically greater and can only be estimated through 

methods such as electrical stimulation or biomechanical modelling. Visser and van 

Dieen (2006) [28] proposed mechanisms through which upper-extremity muscle 

disorders can arise from a biochemical and physiological point of view, which include 

impaired blood flow, calcium ion accumulation, and overloading of type I motor units, 

among others. 

Summary and Relevance to Thesis 

To conclude, fatigue is a complex occurrence with multiple interrelated contributing 

factors. Muscle and physical fatigue are the focus of the thesis and the endurance 

modelling work in Chapters 3 and 5 incorporates both individual demographics and 

task characteristics to account for these interrelated factors. Analyses are also 

performed to uncover relationships between fatigue and these factors. The overall aim 

of the system utilising the SAFE framework in the thesis is to intervene on workers at 

the correct moment to help them decide if they should rest or continue working (see 

the green decision point in Figure 7) and thereby reduce the negative impacts of fatigue 

both in the short term (due to performance impairment) and long term (due to 

WMSDs), Figure 7. Different methods of measuring fatigue and ergonomic risk focus 

on different contributing factors to varying extents and will be explored next.  

2.1.2 Measurement and Prediction Methods 

This section provides an overview of the various methods used to assess and predict 

ergonomic risk and fatigue. It first outlines the general categories of available 
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approaches, followed by a summary of how these methods have been integrated into 

computational and sensor-based techniques in recent years. Finally, it evaluates the 

strengths and limitations of existing measurement and prediction methods within this 

context. 

Overview of Methods 

Yu et al. (2019) [99] categorised physical fatigue measurement into subjective and  

objective methods, and mentioned there are self-report, observational and direct 

methods of collecting data in these categories, Figure 8. These methods are presently 

used in workplaces and in research to measure or predict fatigue and ergonomic risk. 

Figure 8 summarises the subcategories of physical fatigue measurement, where 

subjective is subjective questionnaires and objective includes muscle development 

models, physiological indicators and biomechanical methods (which includes 

ergonomic risk assessments and endurance models). Each of these methods used to 

assess fatigue and ergonomic risk to reduce the risks of WMSDs are summarised and 

compared in Table 3 (key examples of each method are discussed in more detail in 

Appendix 6). 

The biomechanical category includes methods that assign high-risk scores for 

awkward postures or set a threshold that cannot be exceeded, as well as posture- and 

exerted force-based methods that consider both postures and loads, such as, ergonomic  

 

Figure 8: Methods to physical fatigue measurement and the associated data collection methods according to Yu et 

al. (2019), each of which are discussed in this section. 
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Table 3: Summary and comparison of measurement methods 

Method Description Pros Cons 
Method Type 

Data Collection 

Type Examples 

Sub. Obj. S O D 

Subjective 

Questionnaires 

Worker 

perceptions of 

fatigue, pain, 

psychosocial 

factors, task 

difficulty, 

effort and 

complexity. 

• Quick, easy and 

cheap to deploy 

• Often used as gold-

standard fatigue 

reference measure 

• Some have been 

correlated to 

physiological 

indicators (not all) 

• Effective for low 

load levels 

• Subjective – affected by 

dishonesty, emotions, 

motivation, individual pain 

perception, situational factors 

• Ability to self-detect fatigue is 

impeded while in a fatigued state 

• Can interfere with tasks 

• Difficult to achieve precise 

values 

• Inconsistent classification of 

fatigue levels 

X  X   

Borg Rate of Perceived 

Exertion (RPE) and Borg 

CR10 scales [72], Need for 

Recovery Scale [122], 

NASA task load index 

(TLX) [73], Karolinska 

Sleepiness Scale (KSS) 

[74] 

Ergonomic Risk 

Assessments 

Assessing 

ergonomic 

risk due to 

task 

parameters 

such as load, 

repetition, 

asymmetry 

and duration. 

• Can be used to 

assess the 

ergonomics of 

different 

workstations, tools 

and individuals 

carrying out tasks 

• Scores can account 

for individual 

percentiles 

• Semi-subjective 

• Affected by between- and 

within-observer variance 

• Intervention takes place after 

high-risk movements are 

performed (potentially for 

extended periods) 

• Assesses several static snapshots, 

not entire task 

• Gross categorisations which are 

often inconsistent with other 

assessments 

• Anthropometry often not 

considered 

X X  X X
2
 

NIOSH Lifting Equation 

[65], Rapid Entire Body 

Assessment (REBA) [64], 

Rapid Upper Limb 

Assessment (RULA) [63], 

Threshold Limit Value 

(TLV) by the ACGIH for 

Lifting and Hand Activity 

[66] 

 
2 Ergonomic risk assessments can be considered a direct approach when direct sensing technologies (either wearables, simulation or camera-based systems) are used to generate risk scores. 
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Method Description Pros Cons 
Method Type 

Data Collection 

Type Examples 

Sub. Obj. S O D 

Endurance 

Models 

Predicting 

time to 

physical 

fatigue using 

empirical 

models. 

• Models for different 

tasks, range of joint 

angles, individual 

factors, principle 

joint or muscle 

group 

• Proactive method as 

it predicts ET, 

allowing for 

intervention to take 

place prior to the 

onset of fatigue 

• Not applicable to dynamic tasks 

as they assume constant force, 

isometric conditions 

• Models often developed using 

unskilled workers 

• Endurance limit
3
 is contested 

• Lack of generalisability to 

different tasks, range of joint 

angles 

• Affected by individual 

variability, especially at low 

%MVCs 

• Influence of individual 

differences is unclear 

• Lack of standardisation 

regarding the methods that are 

used to calculate 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥  and 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥  

 X   X
4
 

 

Rohmert’s MET model 

[123], summaries provided 

by Frey-Law and Avin 

(2010) [71], El ahrache 

(2006) [70], Consumed 

endurance [37], New 

improved consumed 

endurance model [88] 

Muscle Models 

Estimating 

fatigue using 

fatigue 

development 

mechanisms. 

• Theoretically 

developed based on 

physiological fatigue 

mechanisms 

• Consider differences 

between muscle 

groups, postures, 

recovery, diffusion 

rate of muscle by-

products 

• Often lacks experimental 

validation 

• Often difficult for real-time 

deployment due to presence of 

multiple complex parameters 

• Struggle to account for 

submaximal contractions 

• Estimations are not adjusted 

based on joint configurations. 

 X   X 

Models based on the cross-

bridge [30], relationships 

between muscle force-pH 

and accumulation of muscle 

by-products [69], [110], 

motor unit principles [68], 

[108], [124], [125] 

 
3 Endurance limit is the relative force that can be produced without fatigue 
4 Endurance models can be considered a direct approach when direct sensing technologies (either wearables, simulation or camera-based systems) are used to generate predictions. This has only been done in human 

machine interface research in unloaded conditions, not for manual handling tasks under dynamic, loaded conditions. 
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Method Description Pros Cons 
Method Type 

Data Collection 

Type Examples 

Sub. Obj. S O D 

• Further research 

required for 

prediction 

capabilities 

• Can be applicable to 

dynamic conditions 

• Lack of standardisation 

regarding the methods that are 

used to calculate 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥  and 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥  

 

Physiological 

Indicators 

Detecting 

physiological 

changes, such 

as 

cardiovascular 

and 

electromyogra

phic, due to 

fatigue. 

• Can measure 

physiological 

response in real-time 

• Wearables for 

physiological 

measurement are 

compact, portable, 

wireless 

• Can be uncomfortable, especially 

with direct skin attachment  

• Impacted by lack of defined 

fatigue thresholds (regarding 

subjective scores and 

physiological thresholds) 

• Impacted by noise, bias, drift  

    X 

Subjective scores mapped 

to physiological signals 

[86], [126], [127], [128], 

[129], [130], [131]. 

 

Abbreviations: Sub. = Subjective; Obj. Objective; S = Self-report; O = Observational; D = Direct; ACGIH = American Conference of Governmental Industrial Hygienists. 
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risk assessments. Biomechanical methods (i.e. ergonomic risk assessments and 

endurance models, Figure 8 and Table 3) also include models that measure physical 

fatigue due to workload in terms of force or torque at a joint or muscle level through 

simulation software such as 3DSSPP [132], OpenSim [133] and AnyBody Modelling 

System [134]. Endurance models are included in this category as these models 

estimate the time to fatigue based on force or torque parameters. Some muscle 

development models also consider force and torque, but they have a distinct category 

within objective measurement, Figure 8, as they model physiological changes that 

occur during fatigue. 

Additionally, Figure 8 details the data collection methods associated with each 

category, where self-report methods are associated with the subjective category and 

observational and direct data collection methods are associated with objective physical 

fatigue measurement. Self-report entails diary entries, interviews and, most frequently, 

subjective questionnaires [135], [136], where the opinion of the worker is taken into 

account regarding their exertion level or the complexity or difficulty level of a task. 

This method is cost-effective and relatively easy to deploy to a large cohort but can be 

time consuming and distracting to the task at hand. 

Observational methods involve an ergonomics professional reviewing video footage 

or shadowing a worker while completing their tasks, usually to generate risk scores 

associated with postures or loads via ergonomic risk assessments. They are not 

considered to be entirely objective as results are influenced by the ability of the 

assessor [99], [137], and can lack repeatability, accuracy and reliability [18], [138]. 

This method is time consuming since multiple days of footage are often required to 

understand the risk associated with all tasks in a particular job [99]. While ergonomic 

risk assessments are still referred to as an observational data collection method [139], 

direct approaches using wearable sensor technologies are increasingly being used in 

research, using tools such as computer vision, IMUs or optical motion capture 

(MoCap).  

Direct methods involve using goniometers (angle measurement), dynamometers 

(force measurement), tape measures, distance measuring wheels, stop watches and 

wearable sensors to monitor risks and workers’ state. Wearable sensors can measure 

aspects of physical work such as intensity (load magnitude, extent of non-neutral 
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postures), repetition (frequency of force exertions and motions), and duration (length 

of activity, sustained non-neutral postures) [140], [141] as these have been found to 

affect H&S, and physical and mental health [41]. Wearables are also used to measure 

the posture of workers for input to muscle models and ergonomic risk assessments in 

research. In addition, wearables are used to measure physiological indicators which 

are related to fatigue directly, such as increased heart rate measured using 

photoplethysmography (PPG) or measuring increased sweat using galvanic skin 

response (GSR) or electrodermal activity (EDA). Simulation programmes are 

considered an observational approach by some authors [139] and a direct approach by 

others [99], and direct measurements from cameras and wearables can be combined 

with simulation programmes that integrate muscle models or ergonomic risk 

assessments. 

Methods of measuring fatigue are often used in conjunction with one another, for 

example, a subjective questionnaire can be used to gain insight into an individual’s 

perception during a fatiguing task or act as a validation tool for the presence or absence 

of fatigue where fatigue monitoring/estimation is taking place through physiological 

indicators, endurance or muscle models [86], [142]. This marks the introduction of the 

fatigue reference measure which is a significant component to any fatigue study, where 

the state of the individual is ascertained prior to the fatiguing task, and it verifies that 

the task did in fact induce fatigue and some methods can be used to identify the point 

at which fatigue occurs, and is typically done using a subjective questionnaire [68], 

[86], although EMG [120] and PPG [143] have also been used. 

Computational and Sensor-Based Methods  

In the pursuit of more effective strategies to evaluate and mitigate WMSDs, 

technology-driven methods have become increasingly valuable. Two key approaches 

in this domain are wearable sensor technologies and computational simulations. 

Simulations allow for the modelling of ergonomic scenarios, enabling researchers to 

predict injury risks and assess intervention strategies without direct human testing. 

Meanwhile, wearable sensors provide objective data on workers' movements, 

postures, and physiological responses, offering insights into biomechanical strain and 

potential risk factors. 
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In ergonomic simulation tools, human body models are generated and the model’s 

activities are simulated, resulting in ergonomic evaluation indices [136]. Lowe et al. 

(2019) found that biomechanical modelling through simulation software was the fifth 

most used ergonomic assessment tool. Examples of such software include Siemens 

Jack [144], BoB [145], RAMSIS [146], and 3DSSPP [132], and they calculate 

parameters such as spinal compression and shear forces, forces, torques and 

cumulative parameters. These tools are suitable for planning and use in early task and 

workstation design phase, however, they are not suitable for real-time [147], and they 

require high experience in 3D modelling and the included ergonomic evaluation 

indices can be limited [136].  

According to Lind et al. (2023) [18], wearables can be referred to as both devices or 

systems as they can consist of many sensors (to detect a physical input) that make up 

an instrument (to measure or manipulate variables), and many instruments can make 

a device (electronic or mechanical system that performs tasks) and a system is a set of 

devices or instruments. This section uncovers the fundamental features of wearable 

technologies and the opportunities they present, how they can be applied in the field, 

and the most common wearables in the field. 

Wearable sensors are a direct method of data collection and have been used for 

physiological monitoring or integrated with ergonomic risk assessments or muscle 

fatigue models [138], [148]. Wearable sensors negate the disadvantages of 

observational methods in terms of repeatability and observer differences, they are 

small, portable, compact, and relatively cheap they can easily be worn by an individual 

while they are operating in a working environment [75], [80], [138], also, they are 

suitable for continuous, long-term monitoring [86]. The non-invasive aspect of the 

devices also aids in protecting a user’s privacy [126] compared to methods such as 

blood lactate monitoring, and wireless connectivity facilitate timely interventions 

without interference during work activities [3], [75], [138]. Wearables are not 

dependent on the location of the individual as is the case with other imaging tools, 

such as computer vision, but is dependent on the placement of the sensor on the body 

of the operator [41]. These features mean that wearables are suitable candidates for 

use in fatigue and ergonomic risk management in industry environments for worker 

wellbeing improvement, WMSD reduction and increased efficiency [126], [137], 

however they are also prone to problems such as noise, magnetic interference, 
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incorrect placement, repeatability issues, risk of moving/dislodging the sensor if a 

vigorous movement is involved [75], [110]. Other important considerations include 

the fact they need to be charged [99] and the desired metric needs to be greater than 

the noise of the signal which can occur due to motion artefacts [41].  

Wearables can be used to monitor an individual’s movements and physiological state 

as well as assessing the effectiveness of WMSD prevention measures, such as assistive 

devices or systems developed for automated ergonomic risk, or new H&S protocols 

[18], [148]. In research, they can enable collaborative robots (cobots) to more 

effectively match an operator’s movements or state [10], [149] and help with training 

[10], [18] or task allocation [150]. Dornelles et al. (2022) [10] systematically reviewed 

Industry 4.0 technologies related to workers in manufacturing (for example, virtual 

reality, digital twin, environment and machine sensors, etc.) and only wearable devices 

were found to relate to monitoring health and ergonomics of workers, which is aligned 

with the goal of the thesis.  

Balkin et al. (2011) [105] identified the manner in which wearable technology can be 

utilised for work H&S in occupational environments. Firstly, fitness for duty detects 

the alertness of an individual prior to beginning their workday. Secondly, online 

operator monitoring takes place throughout an entire work period and attempts to use 

physiological indicators to detect the onset of fatigue. Finally, performance 

monitoring with wearable sensors can identify if the rate of work or output has 

decreased, it can measure the accuracy of movements to detect tiredness and lack of 

concentration, which may denote mental or physical fatigue. It must be noted that if a 

failure is found using performance monitoring methods, fatigue has already occurred, 

rendering it too late for preventative measures to be put in place. Balkin et al. (2011) 

[105], did not include ergonomic risk tools, endurance models, or muscle-development 

models in these classifications, although they have been used in conjunction with one 

another in research (described in more detail later in the thesis) and the SAFE 

framework achieves online operator monitoring with predictive endurance modelling.  

The five ergonomic modelling frameworks of Hajifar et al. (2021) [77] were reordered 

from least to most proactive in [3]: descriptive modelling (identifying associations 

between variables and outcomes), explanatory modelling (identifying one or more 

factors that lead to or produce an outcome), cross-sectional predictive modelling 
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(using statistical or machine learning models to predict an outcome based on 

independent variables), real-time monitoring (detecting statistically significant 

changes in measured outcomes), and forecasting (predicting future values of a 

dependent variable). Forecasting is considered the most proactive, as it enables timely 

interventions by leveraging data from sensors and wearable technologies. 

Rather surprisingly, Lowe et al. (2019) [139] noted no difference in the use of direct 

measurement methods, including goniometers, dynamometers and wearable sensors 

(namely EMG, optical and non-optical MoCap), between their 2019 survey and an 

almost identical survey by Dempsey et al. (2005) [151]. This slow uptake may be 

attributed to organisational structures (which are discussed further in the thesis 

discussion) or to factors assessed in a 2018 survey [152], also assessing the views of 

ergonomists. The researchers believed that slow uptake of wearables was affected by 

“employee data privacy and compliance, sensor durability, information validity and 

efficacy” [75]. Regardless, there is a growing trend in the use of wearables in 

ergonomic interventions in current research [137] and they are set to play a large role 

in occupational H&S in the future [10]. Additionally, the discussion details how uptake 

can be improved with a device deploying the framework presented in the thesis in 

terms of simplified calibration and increased comfort by using a minimal number of 

sensors, exploring who should have access to user data, getting feedback from 

workers, among many other methods. 

A systematic review by Martins et al. (2021) [86] explored wearables used for fatigue 

monitoring with ML approaches, and the main inputs for physical and muscle fatigue 

were motion (using optical MoCap technology and IMUs), muscle activity data from 

EMG, heart and breath rate features from PPG and electrocardiogram (ECG) sensors, 

GSR from on-skin electrodes, and skin temperature from temperature sensors. 

Reviews by Lim and D’Souza (2020) [75] and Stefana et al. (2021) [137] found that 

pressure insoles are also used in ergonomic studies. IMU, MoCap, EMG, PPG, GSR, 

and pressure insole sensors are now briefly discussed and shown in Figure 9. 

Inertial sensors include accelerometers, which range from uniaxial to triaxial and 

measure linear acceleration, and gyroscopes which measure angular velocity, and 

IMUs which include both a triaxial accelerometer, gyroscope, and triaxial 

magnetometer [75]. IMUs use both an accelerometer and a gyroscope to measure 3D 
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rotations, and the accelerometer can be used to deal with the limitations of gyroscope 

data (which suffer from drift) and vice-versa, as gyroscope data are used to correct 

orientation errors from accelerometer caused by gravity [75]. Magnetometers measure 

magnetic fields and the magnetometer in an IMU enables the sensor’s orientation in 

terms of earth’s geomagnetic field to be found, although it can be affected by local 

magnetic field disturbances. IMUs are considered a non-optical method of motion 

capture [153]. 

In the context of reducing ergonomic risk and fatigue, IMUs provide data on the rate 

of movement and an indirect estimation of joint angles, although there is a lack of 

standardised methods using such sensors for joint angle estimation [41], [75]. A 

narrative review by Lim and D’Souza (2020) [75] note their use in real work settings 

is not common but conclude that inertial sensing is a “viable tool for online 

biomechanical exposure assessment and real-time feedback towards proactively 

identifying and mitigating the risk of work-relevant MSDs”.  

MoCap refers to optical systems being used to convert real movements into digital 

data, generally in combination with markers placed on bony prominences of the body 

[153]. Markers can be active (reflective) or passive (infrared LEDs), but optical 

MoCap does not necessarily need to include markers, for example, computer vision-

based methods. Optical MoCap is considered the gold-standard for motion analysis 

and different analyses or biomechanical software packages can be used to generate 

biomechanical statistics from MoCap data to validate motion-related features 

generated from IMU [75]. In terms of analysing movements during physical fatigue 

and ergonomic risk in real work environments, MoCap faces difficulties regarding 

dependence on the location of the individual [147] and the markers attached to clothing 

or skin may interfere with work to a greater extent than other wearable devices such 

as IMU which feature fewer attachments.  

EMG measures muscle activity, primarily due to changes in calcium ions during cross-

bridge cycling during contraction [41]. Surface EMG, henceforth referred to as EMG, 

is non-invasive and enables researchers to study the onset of fatigue by means of 

analysing the physiological and biochemical changes in the lead up to failure [120], 

and EMG-related features have shown correlation to the Rapid Upper Limb 

Assessment (RULA, [63]) ergonomic risk assessment [154] and Borg [37], [155], 
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Figure 9: Most commonly used wearable sensors in the field, (a) electromyohraphy (EMG), (b) 

photoplethysmography (PPG), (c) inertial measurement units (IMU), (d) pressure insoles, (e) electrodermal 

activity (EDA) or galvanic skin response (GSR), (f) Empatica smart watch 

especially at higher loads [23], [156]. The use of EMG as an objective fatigue 

reference measure bypasses the pitfalls presented by subjective questionnaires, such 

as influence of emotional state and motivation on scores, and some researchers view 

it as the gold-standard [127], but EMG is not without limitation. No generalised 

standard exists for muscle fatigue detection via EMG [120], [157], there is no 

consensus on the indicators to use for specific tasks [120], [157], and some indicators 

are not valid at low levels of exertion [37]. EMG poses issues in terms of repeatability 

due to placement, cross-talk [37], [138], [157], differing anatomies (such as high 

BMI), and increased muscle temperature during the onset of fatigue [148], [158]. It is 

not suitable for long-term monitoring [127], for example throughout a work shift, and 

is often viewed as a semi-invasive sensor as it requires direct attachment to the skin. 

PPG is an optical technique to measure changes in blood volume and features from 

PPG sensors, such as heart rate, heart rate variability, and respiration rate, have been 

used to detect both physical and mental fatigue [86]. Although the accuracy of this 

sensor is sensitive to motion, skin colour and ambient lighting. GSR, also called EDA, 

refers to measuring the electrical conductance of the skin which can change when 

sweat is produced from glands as a result of emotional or psychological factors. 

Features from temporal and frequency spectrums of GSR data have been used to 
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predict fatigue and stress, and they have been placed on neck, shoulders, hands and 

fingers [86]. Pressure insoles are specialised shoe inserts embedded with sensors to 

measure the distribution and intensity of pressure across the foot, they can be used to 

estimate total ground reaction forces and the CoP of ambulation. In terms of fatigue 

and ergonomic risk management, pressure insoles provide valuable data regarding 

movement, posture, coordination and activity classification [137], [159]. 

In the thesis, data from IMUs and pressure insoles were used to generate the required 

inputs to the fatigue prediction models relating to kinematics, task and load, and in 

line with minimising the number of sensors (for comfort and suitability real-time 

applications in the future), additional sensors such as EMG, GSR and PPG were not 

included. MoCap was used in experiments to validate the IMU-derived joint angles.  

Evaluation of Measurement and Prediction Methods 

It was mentioned that “[a]mbiguous and varied definitions of fatigue, alternative 

methods of categorising fatigue… and the array of confounding factors result in a lack 

of standardised and generalised approaches in the field” and the diverse range of 

fatigue and ergonomic risk measurement methods explored in this section demonstrate 

this. The overview of methods in this section is important to outline the diverse 

landscape of approaches used in the field, along with advantages and disadvantages. 

It provides a solid basis from which to justify the chosen methodology in the thesis 

which, as mentioned, utilises an endurance modelling approach due to its predictive 

capabilities, and extensive work is completed to address the disadvantages of 

endurance models mentioned earlier. 

In this section, it was shown that different methods of measurement produce different 

outputs and this can result in difficulties comparing the accuracy and effectiveness of 

alternative approaches in the field; subjective questionnaire scores can represent 

exertion, difficulty, fatigue or task complexity level on scales of varying ranges, 

ergonomic risk assessment scores do not consider fatigue per se and generate values 

associated with particular postures, loads, frequencies and other individualisation or 

task considerations, endurance models output predicted ET, while muscle 

development models and methods based on physiological indictors often output an 

estimated fatigue level, subjective questionnaire score, or MEF. In addition, the goal 

can differ greatly between studies, for example, some focus on detecting fatigue so 
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that the worker can be notified to rest or adjust their posture, while others focus on 

adjusting tasks, targets, tools or the environment in such a way that exertion levels are 

reduced, and the information can also be used for worker selection [75]. 

Muscle models are theoretically developed from a physiological perspective, while 

endurance models primarily adopt a mechanical approach, incorporating factors such 

as force and 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥. Endurance models are derived empirically and have been 

tested in real world scenarios, although they are only valid for the specific conditions 

under which they were developed [110]. Furthermore, endurance models output ET 

predictions which is valuable since it can be considered a forecasting approach that 

predicts fatigue prior to its onset, enabling timely intervention to take place, which is 

more effective for WMSD prevention than less proactive approaches that detect or 

estimate the current fatigue level or MEF [3], [77]. The predictive capabilities of 

endurance models is a key reason for utilising this approach in the thesis. 

Endurance models and some muscle models utilise 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 or 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 

information to determine the strength of the individual. However, there is a lack of 

standardisation regarding the methods that are used to calculate this input. One 

endurance model [37] calculated 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 using one 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 value for males and 

another for females taken from 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 tables [160]. One muscle model [68] used 

a 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 model based on gender and elbow and shoulder joint angles [161]. An 

endurance model designed using subject data [162] found MVC force using 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 

values from a dynamometer, and models that included arm length and weight [161]. 

Chaffin provided guidelines for consistent strength measurement using force meters 

[163], and some studies used their own measured MVC values for inclusion in their 

models or to validate recovery or fatigue [27], [88], [119], but pushing directions 

varied and did not always align with the direction of movement during the task 

performed in the study. In addition, they did not always mention enough details for 

replication and did not refer to specific guidelines, such as Chaffin et al. (1975) [163]. 

Thus, the lack of a standardise methods for generating this important variable is 

assessed in the thesis. 

There are other methods of measuring fatigue such as analysing blood lactate levels at 

prescribed intervals [120] and blood oxygen levels [164], using performance related 

measures with neuro-behavioural tasks that intermittently test abilities like reaction 
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time [86], [109], detecting behavioural-based methods via yawning and eye closures 

[86], measuring the change in maximum producible force or torque at prescribed 

intervals [119], [165], [166], [167] or simply observing the participant and recording 

the time to which the task position can no longer be maintained [71], [120]. While they 

are often easily standardised, these methods only “detect” fatigue after it has occurred 

meaning timely intervention is not enabled and they significantly interfere with the 

work being performed. Neuro-behavioural tasks and behavioural-based methods also 

experience these disadvantages while focussing on mental fatigue, and the blood 

lactate approach is invasive.  

Studies using other measurement methods outside endurance modelling will continue 

to be discussed throughout the thesis because other methods (namely questionnaires 

and ergonomic risk assessments) are used as fatigue reference measures, and the 

studies provide valuable insights in terms of placement and processing of wearables, 

experimental protocols, and analysis techniques. The methods discussed in this section 

provides a basis to discuss the implementation of WMSD prevention strategies in 

current workplaces (next section) and the literature (2.2 Literature Review). 

2.1.3 Current Fatigue and WMSD Interventions 

In this section, the policies, standards and systems in place to assuage WMSDs in 

occupational settings today are discussed. It is important to understand the context in 

which the proposed system will operate and the policies and standards it will be subject 

to. Interventions to reduce ergonomic risk, fatigue and WMSDs are implemented in 

the form of legislation, ergonomic interventions, international standards organisation 

(ISO) standards, guidelines, best practices and health promotion [40]. Standards are 

influenced by tables of maximum allowable weights [168] and ergonomic risk 

assessments [139], [151] and endurance models [162]. However, there is disagreement 

regarding the generalisability and reliability of these standards. According to some 

researchers [42], [138], [162], [169], [170], ISO standards should be used with caution. 

While ISO standards are voluntary, this section will also look at mandatory policies in 

place for WMSD prevention. In addition, many commercially available wearable 

sensor systems integrate such standards and perform ergonomic risk assessments or 

monitoring physiological indicators. Table 4 provides an overview of these 

interventions, including mandatory policies, ISO/EN standards, and commercial  
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Table 4: Summary and comparison of current interventions 

Intervention 

Method 

Description Examples Mandatory? Comment 

Occupational H&S 

Policies 

European directives outline how 

employers are required to address 

risks and integrate ergonomics and 

human factors into workplace; these 

are translated into policies in 

member states which recommend 

specific tools. 

MAC [171], ART [172], RAPP 

[173]
5
 

Yes European directives are vague and don’t recommend 

specific tools, and the scientific basis for tools 

recommended by UK and Ireland H&S bodies is not 

provided. H&S bodies enforce these regulations and 

provide information to employers regarding risk 

management. 

ISO and EN 

Standards 

Standards that define principles, risk 

assessment methods, and design 

recommendations to minimize 

physical strain and reduce the risk of 

WMSDs. 

ISO 11226 recommends the OWAS 

[174], RULA [63], REBA [64]; 

ISO 11228-1 recommends NIOSH 

Lifting Equation [65]; ISO 1228-2 

recommends the Snook and Ciriello 

tables [168]; and ISO 11228-3 

recommends the OCRA [175]. 

No No transparency provided on how the MH ISO 

standards were developed, scientific basis for the 

standards is not clear. ISO standards influence EN 

and member state standards and mandatory policies. 

Lack of attention given by the scientific community 

to the ISO standards. 

Commercial 

Systems 

Wearable systems that are used to 

assist workers, or monitor workers’ 

postures or physiological parameters, 

oftentimes providing real-time 

alarms to alert when rest or posture 

changes are required. 

Exoskeletons [176], [177], [178], 

[179], Wearable systems [89], [90], 

[91], [92]. 

No Many devices operate in real-time to improve 

ergonomics or assist workers carrying out MH tasks. 

No guidance provided to employers from H&S 

governing bodies regarding recommended and tested 

products. 

Abbreviations: MAC = Manual handling assessment chart; ART = Assessment of repetitive tasks of the upper limbs; RAPP = Risk assessment of pushing and pulling; H&S = 

Health and safety ; ISO = International Standards Organisation; EN = European norm standards; WMSDs = Work-related musculoskeletal disorders; OWAS = Ovako working 

posture analysing system; RULA = Rapid upper limb assessment; REBA = Rapid entire body assessment; NIOSH = National Institute for Occupational Safety and Health; 

OCRA = Concise index for the assessment of exposure to repetitive hand movements of the upper limbs; MH = Manual handling. 

 
5 These tools are recommended by the H&S governing bodies in Ireland and the UK that align with the EU directive for occupational H&S 
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Table 5: Current ergonomic tools used in occupational settings. 

Product Description Examples Standard 
Sensor/ 

Mechanism 
Comment 

Pen and 

Paper, 

Software 

Tools 

Ergonomic risk assessments 

completed using 

observational data collection 

methods, final risk scores 

are calculated using a 

template using pen and 

paper or software tools. 

Paper templates, excel 

worksheets, or 

programmes that help to 

calculate scores based on 

observations. 

Ergonomic risk assessments. None. Most commonly used method for 

completion of observational ergonomic 

risk assessments [139]. 

Simulation 

Tools 

Simulates workstation 

parameters and  

generates ergonomic risk 

assessment scores, force or 

torques using human body 

models. 

Siemens Jack [170] 

(Figure 10a), BoB [178], 

RAMSIS [179], and 

3DSSPP [107]. 

Ergonomic risk scores, spinal 

compression, shear forces. 

None, IMU, 

MoCap or 

EMG. 

Not suitable for real-time, typically used 

in early task design [147], available 

ergonomic indices can be limited [136]. 

Wearable sensor data can be integrated 

into simulations for post-task analysis. 

Mobile 

Applications 

Wide variety of application, 

can be used as a software 

tool to perform ergonomic 

risk assessments, or for 

distribution of training 

information, or to connect 

sensors and monitor workers 

in real-time and provide 

warnings based on different 

measurement approaches, 

for example, endurance 

modelling, muscle models or 

physiological monitoring. 

Ergodroid (software tool 

for ergonomic risk 

assessments, Figure 10b) 

[180], Apecs: Body 

Posture Evaluation 

(markerless posture 

estimation) [181]. 

Ergonomic risk assessments.  None. Use is relatively low as it is in the early 

adoption phase, but has high potential 

for impact [139], especially for 

integration of endurance models, 

muscle models physiological 

monitoring through direct data 

collection means. 
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Product Description Examples Standard 
Sensor/ 

Mechanism 
Comment 

Commercial 

Exoskeletons 

Transfer load from the upper 

body to the legs, in some 

cases using a purely 

mechanical system that 

operates by means of pulleys 

and cables. This can help to 

reduce strain and fatigue and 

switch between tasks. 

Skelex 360 from Skelex, 

(Figure 10c) [176], 

AirFrame by Levitate 

Technologies (Figure 

10d) [177], SuitX by 

Ottobock (Figure 10e) 

[178], Noonee Chairless 

Chair (Figure 10f) [179]  

None Spring-loaded 

mechanism with 

pulleys and 

cables (Skelex, 

AirFrame, 

SuitX,), 

Mechanical 

locking and 

load-bearing 

frame  

Battery-less systems that focus on the 

super-strength worker, not necessarily 

health prioritisation. Very expensive, for 

example Skelex 360 costs €2995, 

Chairless Chair costs €2190. 

Commercial 

Wearable 

Sensor 

Systems 

Sensor-based devices that 

monitor posture, movement, 

and muscle activity in real 

time to detect risky motions 

and provide feedback or 

alerts to reduce the risk of 

musculoskeletal injuries. 

Kinetic Reflex (Figure 

10g) [89] 

Not publicly available, likely 

uses a posture threshold limit 

IMU (around 

the belt). 

Often operate in real-time to alert 

operators regarding dangerous postures 

(except forXSens Ergo) which allow for 

proactive WMSD management. Many 

systems based on ISO standards, the 

scientific basis of which are unclear 

[169], [170]. Ergo Expert allows for 

integration to third party simulation 

software and the input of custom 

models. Wearable systems, such as 

EMG, IMU and MoCap, can be used by 

ergonomists. Battery life, trust issues 

with AI, lack of consideration of force 

are limitations. 

SafeWork Sensor by 

StrongArm (Figure 10h) 

[90] 

Not publicly available, likely 

uses a posture threshold limit 

IMU (vest). 

Honeywell Bioharness 

(Figure 10i) [91] 

Not publicly available, monitors 

fatigue using kinetic and 

physiological sensing 

PPG, 

temperature, 

IMU, GPS 

(worn on chest). 

Xsens Ergo [92] (Figure 

10j,k) 

RULA [63], REBA [64], UNE 

1005-4 

IMU (up to 17 

for full body). 

Xsens Ergo Live [92] 

(Figure 10j,k) 

DIN, EN and NIOSH standards 

Xsens Ergo Expert [92] 

(Figure 10j,k) 

DIN (German), EN (European) 

and NIOSH standards 

Abbreviations: IMU = Inertial measurement units; MoCap = Motion capture; EMG= Electromyography; WMSD = Work-related musculoskeletal disorder; IMU = Inertial 

measurement units; RULA = Rapid upper limb assessment; REBA = Rapid entire body assessment; DIN = German norm; EN = European norm; NIOSH = National Institute 

for Occupational Safety and Health, AI = Artificial intelligence. 
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Figure 10: Ergonomic tools currently used in occupational settings, (a) Jack Siemens, an example of a simulation tool, (b) 

Ergodroid mobile application GUI, (c) Skelex 360, (d) AirFrame, (e) SuitX, (f) Noonee Chairless Chair, (g) Kinetic Reflex, (h) 

StrongArm SafeWork Sensor with harness and touchscreen device for alerts and insights, (i) HoneyWell BioHarness 3, (j) 

Movella XSens MT Awinda, (k) user interface with an example of a warning visually displayed  

systems used in practice. Full details of the directives, standards and current commercial 

systems are provided in Appendix 7. 
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The focus now shifts to the practical tools employed in workplaces to ensure compliance with 

ergonomic and safety regulations and to carry out risk assessments accordingly. These tools 

include software and pen-and-paper methods, simulation tools, mobile applications, 

exoskeletons, and specific commercial wearable sensor systems on the market. Table 5 

summarise these tools, their applications, and relevant standards, while Figure 10 shows the 

tools in the order they are discussed in the table. Note that the detailed description of current 

commercial devices listed in Table 5 is provided in Appendix 7. Finally, an assessment of 

current interventions in place to assuage WMSDs is provided next in this section. 

Assessment of Current Interventions 

There is no clear indication that assessment methods recommended by standards (such as ISO 

and EN) are based on scientific evidence, and even seem to be based on “personal opinion” 

according to some researchers [169], [170]. According to Armstrong et al. (2018) [169], it was 

unclear if ergonomic ISO standards are generally accepted by the research community and they 

suggested that they are not as very few articles in the literature have paid attention to the 

standards [169], however, the standards were referred to with some current systems (Table 5). 

This includes XSens Ergo (Figure 10j,k) which utilises European standards to set thresholds, 

and Scale Fit with Ergo Live which provides ergonomic reports based on DIN, EN and NIOSH 

standards; as previously mentioned, German and European standards are heavily influenced by 

ISO standards. While these standards are voluntary guidelines, the concerning reality is that 

researchers and manufacturers are designing new systems around these guidelines.  

Unlike ergonomic ISO standards, which seem to have very little transparency regarding the 

authors and the process undertaken to develop them [169], EU directives, which have 

ultimately been rolled out as laws in member states, have a clear process and undergo thorough 

debates, external reviews and revisions. 90/269/EEC is most relevant EU directive for reducing 

WMSDs and specifically mentions its goal is to reduce WMSDs of the back, although shoulder 

and upper limb are the most common type of WMSDs [15], [16], and no other directive within 

89/391/EEC specifically relates to these. Additionally, 90/269/EEC was drafted in 1990 and is 

still in force6. While much research in ergonomics has taken place since 1990, it is not 

 
6 The specific directive for minimum safety and health requirements for the manual handling of loads where 

there is a risk of back injury to workers, 90/269/EEC, was drafted in 1990 and consolidated in 2007 and 2019, 

meaning it is still in place but with additional amendments added to the bottom of the directive, amendments from 

those years relate to how directives are developed and changed. 
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necessary to change the directives as the statements therein are quite broad and thus are still 

applicable, and they do not recommend specific risk assessments as the standards do. 

The Health and Safety Authority (HSA) in Ireland recommends the manual handling 

assessment chart (MAC tool) [171], risk assessment of pushing and pulling (RAPP tool) [173], 

and assessment of repetitive tasks of the upper limbs (ART tool) [172] because they are used 

by the Health and Safety Executive (HSE) UK. However, neither organisation provides a 

scientific justification for selecting these tools over the many others available in the field. There 

are no recommendations for specific wearable device systems for physiological monitoring or 

ergonomic risk assessments, which should be provided to employers or ergonomists who 

require guidance on choosing between systems on the market. Nevertheless, it is important to 

mention that work completed by national occupational H&S organisations such as the HSA 

and HSE UK, like conducting inspections and providing online tools for risk assessment and 

manual handling training, is imperative to WMSD risk reduction in workplaces today. 

A review by Valero et al. (2016) [81] compared multiple assessment methods including 

ergonomic assessment tools: RULA [63], Rapid Entire Body Assessment (REBA) [64], Ovako 

Working Posture Analysing System (OWAS) [174], quick exposure check (QEC) [182], and 

the posture, activity, tools and handling assessment (PATH) [183] and some recommended by 

the UK HSE and HSA: MAC [171], ART [172], in terms of their ability to measure amplitude, 

duration and frequency of tasks. All methods assess amplitude, only ART and QEC consider 

duration, and all methods except REBA assess frequency. These results show that the 

recommended ART tool in Ireland and the UK succeeds in capturing all of the essential aspects 

of work, supporting the recommendation, although the tool does not appear on the ergonomic 

survey [139], indicating its use is not widespread. 

Exoskeletons potentially reduce WMSDs in a manner that offers assistance and reduces strain 

on the worker and is oftentimes battery-less. However, exoskeletons often claim to enable 

workers to lift heavier loads which repeats the emphasis on creating super-strength operator as 

opposed to the emphasis on worker health as recommended by Ciccarelli et al. (2023) [4]. 

Most of the wearable devices on the market include an IMU, often incorporated as just a single 

sensor which is a positive point from a comfortability perspective for the wearer but can be a 

significant drawback in terms of accuracy and reliability [75], for example the SafeWorker 

Sensor [90], (Figure 10h), is placed on the back and the Reflex [89], (Figure 10g) , is placed at 

the pelvis. The number and placement of sensors depend on the parameters that are being 
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measured and the movements being monitored [75] but it is unclear what exact parameters and 

models are used to initiate an alarm/vibrotactile feedback in these devices as this is proprietary 

information to the manufacturer. These systems also face weaknesses such as limited operation 

time before requiring charging, for example, the Honeywell Bioharness [91], (Figure 10i), 

operates for 12-28 hours and has a 3-hour charge time. The lack of available rigorous validation 

studies and consensus on how raw data are integrated is a  notable  limitation as are 

compatibility issues across operating systems and the risks of device fatigue (physical and 

mental fatigue arising from prolonged digital device use or continuous information processing) 

and over-dependency [184]. In addition, it is not clear who owns user data and how the data 

will be used making it vulnerable to security breaches and may foster prejudice against certain 

user groups, also, individuals may have issues trusting the decision made by AI algorithms 

posing issues for acceptance of the technology [184]. 

A key strength of current systems is the inclusion of multiple ergonomic risk assessments (as 

seen in all Movella Xsens Ergo products) and real-time analytics tools (such as SafeWorker 

Sensor, Ergo Live, Ergo Expert) which enhance their effectiveness. On the downside, a key 

concern is the reliance on EN and ISO standards for setting thresholds (all Movella Xsens Ergo 

products). Additionally, such systems do not automatically measure external loads or forces as 

they rely solely on IMUs, requiring manual input instead. This creates a gap in real-time risk 

evaluation, highlighting the need to estimate external load based on task type or use pressure 

insoles for load estimation. 

In conclusion, there are structures and authorities in place to ensure measures are taken to 

reduce ergonomic risk, fatigue and WMSDs in occupational settings. However, WMSDs 

remain a significant global issue, indicating the need for further research into new methods and 

systems to better address their prevention. The system developed in the present research 

focuses on operator health and builds upon the strengths of current ergonomic interventions 

(Table 4 and Table 5), such as the use of wearable sensors for measuring kinetic data, 

monitoring and alerts. The system has notable improvements compared to current commercial 

tools (Table 5) such as estimating load and task and focussing on fatigue prediction rather than 

current risk estimation, which represents a more proactive approach. The reliance on ISO and 

EN standards, along with the numerous limitations associated with current systems (Table 5), 

suggests considerable room for improvement in both guidelines and systems is needed and the 

present work aims to counteract the disadvantages by moving away from ergonomic risk 
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assessments and towards a solution that is suitable for dynamic conditions and can adapt to 

different upper body tasks in an automated manner. 

2.2 Literature Review 

While 2.1. Understanding and Assessing Fatigue in the Workplace defined fatigue and key 

methods, this subsection explores how those methods are applied in research and identifies 

gaps in the research. This section analyses the key reviews, research and studies in the areas of 

wearable technologies, ergonomics and fatigue management and provides a comprehensive 

overview of current state-of-the-art in these fields. These can be used to understand general 

research directions and trends, as well as methodologies employed and modelling approaches. 

Despite differences in scope, ranging from shoulder-specific reviews to broader analyses of 

fatigue studies employing ML, the reviews presented in this chapter consistently highlight 

similar research gaps and propose comparable recommendations. This chapter begins with 

general ergonomics and Industry 4.0 topics, then narrow the focus to reviews that specifically 

relate to the upper body, as these were found to be amongst the most pressing WMSDs [15], 

[16]. However, reviews that focussed on the whole body noted that most studies address the 

upper body regardless [80], [137]. 

2.2.1 Wearable Technologies for Occupational Well-Being 

Some reviews touch on research streams and gaps in the area of developing human centric 

workplaces. Recommendations relating to human aspects identified by a review on Industry 

4.0 in general [78] include the use of wearable devices to continuously monitor the worker, 

workload and ergonomic issues, the use of personal protective equipment (PPE) to improve 

worker H&S, and further investigation into stress and psychosocial risks. In addition, findings 

from a working group on “Human factors and ergonomics in industrial and logistic system 

design and management” [185] suggest a focus on individualised and age-friendly solutions. 

An Operator 4.0 review [4] also suggests a focus on addressing the ageing population as well 

as predictive and proactive approaches as opposed to approaches that are reactive or 

exclusively preventative. Gaps identified by this review [4] include addressing magnetic 

disturbances in inertial sensing, real-time monitoring that the operator has access to (not just 

managers and ergonomists), inclusion of multiple sensors, consideration of mental fatigue and 

emotional responses and the use of data fusion. 
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Bavaresco et al. (2021) [186] highlighted studies that use IoT technology (most commonly 

wearables) for occupational well-being monitoring. Many studies measure motion data 

alongside other physiological indicators such as heart rate [187] and EMG [188]. These studies 

and systems usually aim to generate warnings when physiological parameters are outside the 

normal range [187], [189]. Other interesting applications of wearables in the context of Industry 

4.0 includes examples where access to specific work areas was enabled depending on the 

workers state [190], and another where environmental sensors alerted the individual to unsafe 

conditions [191]. The use of wearables for psychological monitoring are another avenue of 

research, where a common goal is to ascertain the mental state of the individual by detecting 

drowsiness, lack of attention and stress [189], [190]. The authors found that ML is commonly 

integrated into studies that involve wearables and IoT for occupational wellbeing, occasionally 

with data fusion techniques, to detect and classify unsafe movements, falls, and work activities, 

to count repetitive actions, to estimate mental state, and to activate a safety lock depending on 

facial recognition [186]. 

2.2.2 Ergonomic Applications of Wearables 

Stefana et al. (2021) [137] performed a systematic literature review on wearable devices for 

all aspects of ergonomics, although all of the devices were found to relate to physical 

ergonomics, one to cognitive ergonomics, and none to organisational ergonomics. Devices 

included a smart watch, pressure insoles, smart glasses, body-mounted smart phone and sensor 

systems. Sensor systems accounted for the majority of the devices reviewed and are considered 

advantageous as different sensors at different points on the body mean that a diverse set of 

measured variables are used in the risk assessment and the setup is not “bulky”, saying this, 

there was a lack of attention to the lower extremities. Almost all of the sensor systems included 

IMUs, ranging from two to 17 sensors, yet there is no established protocol for the placement 

of these sensors and sensor systems were occasionally complimented by EMG and heart rate 

sensors. For some authors [101], the work focussed on maintaining the minimum number of 

sensors without sacrificing performance. 

From the 24 papers reviewed, it was established that the main purpose of the devices was for 

ergonomic assessment (16/24), ergonomic improvement (3/24) or both (5/24). For assessment, 

most devices considered postures during different tasks measured using IMUs or pressure 

insoles, sometimes in conjunction with EMG, while other studies analysed biomechanical 

loads and overexposure risks. Studies that focused on reducing the risk factor used a smart 
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watch, smart glasses, and a robot, while the remaining studies aimed to assess and improve 

risks in real-time via GUIs, vibrotactile feedback and alarms. In some cases, ML was used to 

recognise dangerous situations, and the authors recommended this integration in the analysis 

of ergonomics, especially with the use of feedback. Most devices (21/24) were proposed for 

workers, mainly construction and industrial, and referred to at least one standard, either 

ergonomic risk assessments (such as RULA or NIOSH), or ISO standards (ISO 11226, 11228-

1 or 11228-3). The authors recommended demonstration in real contexts as only 4/24 studies 

did so, another four studies described both real contexts and simulations or experimental tests, 

while the remaining studies were completed in only simulations or experimental tests. 

Lind et al. (2023) [18] focused more specifically on wearable motion capture devices 

(specifically accelerometer and IMU) in ergonomics for the prevention of WMSDs of the trunk 

and upper limbs in real-work settings. The authors mentioned that motion capture with 

ergonomic risk assessment is in its early stages but show great potential in increasing the 

quality of risk assessments typically performed by self-report and observational methods which 

are considered subjective and semi-subjective. Additionally, these tools do not feature a 

continuous scale and often categorise risk into broad categories. Emerging advantages include 

continuous measurement, real-time assessment and feedback, and tracking improvements in 

technique as a result of feedback. The use of AI and ML with this technology shows promise, 

such as performing risk assessments using computer vision, reducing signal noise, analysis 

with other wearables and the potential for ergonomic assistants. Virtual reality technology can 

also be used for feedback or training. 

Several factors relating to the usability and feasibility of wearable ergonomic systems need to 

be improved, such as, long-term wearer comfort, battery life, time needed to don and doff, 

stability of wireless connection, analysis and reporting software for practitioners, researchers 

and workers. The needs can depend on the customer, for instance, researchers are willing to 

deal with high costs, longer calibration and data collection time if accuracy and precision are 

high, whereas practitioners in the field generally do not have access to such resources and ease 

of use is preferred. Other areas to improve on include dealing with magnetic interference on 

IMUs, developing standardised methods for joint angle measurement using IMU (especially 

for the wrist), using angular velocity for the difficult measurement of task repetitions (it has 

been unclear what amplitude thresholds were required to count a repetition), and ensure privacy 

for the wearer. There is a need for standardised protocols in sensor placement, data analysis, 
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hardware used and reference postures, meaning the neutral or baseline position used to measure 

and evaluate the angles of body segments relative to each other. 

Lind et al. (2023) [18] made reference to the 2018 European joint research project report that 

provides research-based guidance for practitioners, researchers and policy makers on 

‘Assessing Arm Elevation at Work with Technical Systems’ [192]. The report acknowledges 

that excessive arm elevations are linked to WMSDs, particularly in the shoulder and neck, and 

it recommends using technical systems such as accelerometers and IMUs for measurements 

over self-reports, it also highlights the need for accurate data and standardised measurement 

with the technical systems. Nevertheless, there is no presence of the report findings in standards 

or policies, there are no recommendations for employers regarding specific systems, and the 

report is only referred to in a research context. 

Ranavolo et al. (2018) [138] assessed the use of wearables for risk assessment at work. IMU, 

EMG (both are most frequently used) and dynamometers were used to generate risk 

classifications through standardised ergonomic risk assessments or instrument-based 

approaches. Instrument-based approaches classified lifting tasks into low/high levels of risk, 

and in some cases, they rely entirely on objective data from wearables (relating to trunk 

inclination, joint angles, and muscle activity) and have been found to correlate to standardised 

ergonomic risk assessments. The most frequently assessed tasks were lifting and manual 

handling with low loads and high frequency, and a small portion of the studies assessed real 

working tasks. The authors believe the instrument-based approach for direct risk assessments 

and evaluating new standardised tools is favourable in light of the concerns regarding ISO 

standards raised by Armstrong et al. (2018) [169], see section 2.1.3 Current Fatigue and 

WMSD Interventions, and the lack of accuracy, repeatability and reliability of ergonomic risk 

assessments. In terms of the ideal system, they recommend the use of IMU and EMG “without 

doubt”, preferably embedded in “plastic suits” that also act as assistive devices [193]. Pressure 

insoles may provide valuable information regarding ground reaction forces, and visual tracking 

may be useful for ergonomic risk assessments. They suggest future work should address the 

critical limitation of the inability to determine lifting frequency using instrumental methods. In 

addition, the sensor number trade-off was discussed as a high number of IMUs, while providing 

accuracy and reliability, will lead to a long data transfer time, potentially limiting real-time use. 
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2.2.3 Fatigue Assessment and Modelling 

Santos et al. (2016) [23] performed a systematic review to assess the influence of task design 

on upper limb fatigue. This review mainly looks at assembly tasks which are relevant to factory 

workers and are highly repetitive low-load tasks (<20% MVC). The authors assessed job 

rotation, cycle time (time to complete a task from start to finish), duty cycle (percentage of 

active time compared to total cycle time), work pace and work-rest schemes on upper limb 

fatigue. While rest breaks had some positive effects on subjective ratings, no consistent results 

were observed for the effects of job rotation on subjective and objective ratings, and personal 

factors and study duration were found to affect results the most. The authors also echoed the 

need for studies to be conducted in real work environments. 

Kheiri et al. (2023) [3] delved into forecasting applications in upper limb fatigue modelling, 

which is of primary interest in the thesis since WMSDs relating to the upper extremities are the 

most common [15], [16]. This review aimed to extend the adjacent area of human reliability 

modelling (which refers to using historical data to make predictions about future outcomes) to 

ergonomics practices as it is traditionally employed to reduce human errors when working with 

machines through cognitive, task and environmental modelling. The review offers a 

comprehensive overview of existing fatigue management approaches for the shoulder and 

provides valuable recommendations for future research. 

ET and features extracted from wearable sensors (mainly from EMG) were utilised as both 

dependent (the outcome, measured value) and independent (the value causing or influencing 

outcome) variables, while task factors (load, frequency, duration, intensity, working angles and 

distances, etc.) and participant-related parameters (gender, age, height, etc.) were typically 

independent variables, and muscle strength, fatigue and Borg rate of perceived exertion (RPE) 

score were dependent variables. 

The main modelling techniques of the reviewed studies were statistical or biomechanical, or a 

combination of both. Statistical models included were used to compare the effect of task 

factors, muscle groups on fatigue, or to develop prediction models for fatigue, recovery or heart 

rate. Statistical modelling methods “fall short of capturing deeper levels of association among 

the different aspects involved in fatigue development” and the authors mention it is important 

to use methods beyond the classical statistical methods if the goal is generalised models. The 

authors also mention that classical methods cannot account for confounding factors. 

Biomechanical models, according to the authors of this review, refer to theoretical muscle 
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models and this method enabled the identification of fatigue indicators and the relationship 

between them. However, the differences in biomechanical modelling approaches and outputs 

(for example, pH, force, subjective exertion) makes it difficult to compare them.  

According to this review, the main gaps and opportunities in the field of upper limb fatigue 

modelling are as follows: Lack of consideration of dynamic tasks (most studies considered 

static tasks) and task dynamics, meaning “past kinematic sequences”; Lack of real-time update 

to human conditions (few models had the capability to adapt predictions in real-time due to 

lack of wearable sensors and lack of adaptive models); Lack of fully considering multi-modal 

information for analysis (data fusion techniques can aggregate data from multiple sources); 

Lack of considering entire shift or continuous working over days (shorter experiments may not 

provide results that are representative of fatigue throughout an entire work shift); Lack of 

addressing data heterogeneity (this can relate to worker information or measurement devices 

and is important for ML approaches); Lack of addressing data privacy (this was considered in 

none of the reviewed studies, and individualised models are a contentious topic); Lack of 

recruiting actual workers (students from universities made up the majority of the subjects in 

these studies and there can be significant difference between skilled and unskilled workers 

during manual handling tasks in terms of muscle fibre activation, posture, and feet stability, 

and a lack of female participants was also noted).  

2.2.4 Machine Learning and Artifical Intelligence in Ergonomics and 

Fatigue Modelling 

Moshawrab et al. (2022) [83] details the AI algorithms used for physical fatigue detection, 

estimation, forecasting and classification with physiological indicators and details the 

challenges in the field. Main challenges include the lack of a standard and unified fatigue 

classification scale, lack of knowledge about clear thresholds of vital signs for severe fatigue, 

user technology adoption and engagement, as well as privacy, noise, artefacts and links to 

diseases. This is consistent with other literature reviews concerning ML with physiological 

monitoring via wearables, such as Martins et al. (2021) [86] who also discussed the lack of 

tasks with a long duration in real work environments, the lack of validated data acquisition 

systems, classification differences in subjective scales, lack of addressing data imbalances 

(when one data label is more common than the others), the importance of the fatigue reference 

measure, and selecting an experimentation task that resembles the target application. Imran et 

al. (2024) [194] built on the review by Martins et al. (2021) [86] but excluded some screening 
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criteria and focused more on the use of physiological signals and associated analyses. This 

review recommended modelling multiple aspects of fatigue through multiple synchronised 

sensors, and to study the interaction between physical and mental fatigue. 

Chan et al. (2022) [76] identified three areas of research for ML with WMSD prevention in 

general: understanding the incidence and severity of WMSDs, the risk factors of WMSDs, the 

underlying mechanisms of WMSDs, and to develop and evaluate interventions for WMSD 

prevention. Future recommendations for the research field include access to code and data, 

personalisation of models, and intervention implementation. In terms of using ML in 

manufacturing ergonomics, Lee et al. (2021) [79] found that data availability and small, 

incomplete datasets pose a challenge for future research, and warns that correlation may not be 

enough to develop models or policies as it does not always mean causation and the change of 

fatigue level over time needs to be considered. The author echoed the need for studying the 

interaction between physical and mental fatigue. In addition, a review by Adelino et al. (2024) 

[195] found that integration of ML and AI into human factors and ergonomics research is still 

limited. 

2.2.5 Innovative Approaches for Upper Limb WMSD Prevention 

1.3.2 Research Gaps Addressed and Novel Contributions highlighted and summarised key 

wearable ergonomic systems in the literature which form an important portion of the state-of-

the-art landscape. A detailed comparison between these methods and the framework presented 

in the thesis was explored in that section and informed the thesis hypothesis and objectives. 

Other key studies include Hincapie-Ramos et al. (2014) [37] and Li et al. (2023) [88] who 

employed a torque-based approach to endurance modelling, substituting force terms with 

torque terms, in HMI research with virtual reality (VR) systems. This approach generated a 

metric to assess the ergonomics of brief, unloaded mid-air hand positions as such movements 

are common in VR interactions. 

2.2.6 Identified Gaps in the State-of-the-Art 

There is an extensive range of views on how WMSDs can be prevented, from biofeedback 

posture training to systems integrating ergonomic assessment tools and theoretical models to 

methods relying solely on pre-set posture thresholds from disputed international standards or 

physiological indicators with undefined thresholds. The array of alternative approaches in 

practice and in research and differing perspectives on WMSD prevention has led to a lack of 
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standardisation in the field and difficulties in comparing accuracy, repeatability and reliability 

of approaches due to differing outputs, lack of task generalisability, and lack of standards when 

it comes to wearables. Regardless of these issues that need to be overcome, there are also 

valuable lessons that can be learned from this diverse array of perspectives that can be applied 

to the system in the thesis. 

Consistent themes are raised by the reviews which can inform the direction of the research in 

the thesis. Many of the reviews align with the recommendation for real-time systems for 

proactive WMSD mitigation via continuous, real-time monitoring and acknowledge the role 

wearables play in this and their alignment with the industrial revolutions underway [3], [4], 

[18], [76], [77], [78], [79]. Wearables also present the ability to continuously map 

biomechanical exposures and arm dynamics which was also called for by reviews [3], [75]. 

There are common problems associated with approaches that solely rely on physiological 

indicators, such as data heterogeneity [3], lack of defined thresholds to define exertion states 

[83], the lack of a standardised fatigue scales [76] and inconsistent fatigue classifications [86] 

to relate these thresholds to, and the presence of data imbalances in such datasets [86]. 

In addition to the standardisation problem with fatigue scales [83], standardisation problems 

exist with the use of wearable sensors: there are no standard placements [75], [137], or standard 

methods for joint angle extraction [18], [41], [75], or standard analysis methods [3], [18], [192], 

hardware used [18], [192] or reference postures [18], or the method of determining 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 

or 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. Other problems include dealing with magnetic disturbances [4], [18] and 

balancing the trade-off between number of sensors with performance and accuracy [4], [75], 

[137], [138], transfer time [138] and comfort [75]. Other standardisation issues include the 

differences in outputs produced by different modelling approaches depending on the method 

of dealing with WMSDs [3], for example ergonomic risk assessments have their own unique 

scale of risk scores in gross categories [18], [80], ML models output binary or multilevel fatigue 

categories [86], and biomechanical models output ET [70], [71], [119] or predicted Borg RPE 

score [68], [196] or maximum exertable force (MEF) [124]. 

In terms of the goal of the wearable systems, some focussed on assessment and others on 

improvement and training, or both [137], and prediction/forecasting are much less common 

[3]. A form of feedback was present across most systems in the literature, regardless of the 

goal, including visual feedback via a GUI, or auditory or haptic feedback [18], [80], [137]. The 

main features assessed related to posture [137] where cut-off points, based on custom, ISO or 
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NIOSH standards [80], [137], [138], initiated a visual, auditory or vibrotactile response, in a 

few cases ergonomic risk indices were calculated in real-time and initiated a warning [80]. 

Training and feedback were found to be an effective approach to reducing ergonomic risk, 

although visual feedback was found to be more invasive than auditory or vibrotactile feedback 

in terms of interference with work [75], [81]. In addition to training, integration of ergonomics 

with risk or accident detection has also been suggested [137], [186]. 

Some studies were conducted in a laboratory setting and others in work settings, and 

researchers are calling for more models and devices to be tested in real-work scenarios with 

real workers [3], [18], [23], [86], [137], [138], [197], and over more realistic work periods [3], 

[86]. Moreover, the type of work is also important to consider, tasks at lower loads have not 

shown consistent findings [23] and if work is cyclical, it is possible to extrapolate work 

exposures from a short sample to an entire day, but this is more difficult to do in situations 

where work is not cyclical (for example where loads, frequency and duration vary throughout 

the day) and different assessments need to be carried out over multiple individuals over a long 

period of time which can be very expensive and time consuming [75], [198]. Lifting tasks, 

either via pick and place or heavy manual handling lifting, were most common [86], however 

there is difficulty measuring the number of repetitions in a consistent and effective manner 

[18], [138]. There are also problems with generalisability of ergonomic risk assessments and 

biomechanical models for different tasks [70], [80], [81]. 

Many of the research devices show alignment with ISO and EN standards [80], [137], [138], 

and existing ergonomic risk assessments [18], [80], [137], [138], similar to devices that are 

currently on the market [184]. Furthermore, substantial differences have been found between 

these standards and other models in research [199]. As previously discussed, the reliance on 

such standards is a cause for concern [138] but the integration of these standards into European 

legislation makes it difficult for researchers to avoid them. In terms of the ergonomic risk 

assessments, there are positives in terms of wearables addressing their semi-subjectivity and 

lack of repeatability compared of the observational approach, but they face limitations in terms 

of generalisability and classification due to lack of continuous scale and broad categorisations 

[18], [80]. Some reviews [18], [138] highlighted new risk assessments that utilised sensor data 

for risk score generation on a continuous scale which can help to avoid classification problems 

and provide more precise scores than the traditional ergonomic risk assessments, and the two 

types of assessment were found to correlate in some cases. 
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The reviews detail that the use of ML in the field shows promise but it is still relatively 

unexplored and it may be successful in uncovering underlying relationships with confounding 

factors since classical analysis has limitations in this regard [3], [4], [18], [195]. It may also 

prove useful if data fusion approaches are used [3], [4], [18], [186]. However, there are some 

serious drawbacks to the use of ML that have not been adequately addressed in the literature, 

such as the correlation-causation issue [79], and differences in the classification of subjective 

scales [86]. The lack of explainability in classifier decisions [87] is also a cause for concern, 

especially since H&S is concerned. There is a requirement for complete, large, diverse datasets 

which are not currently available [79] and these should be made open access [76], however, 

participation, privacy and user acceptance are obstacles to this [184]. ML studies are usually 

combined with physiological indicator data from wearable sensors [86], [194], meaning the 

issues associated with this data (such as standardisation, lack of experienced workers and real 

work settings, etc.) are also present in such studies.  

Many reviews [3], [18], [83] touch on privacy issues of ergonomic and fatigue devices. Privacy 

concerns have potential to affect user acceptance and compliance and it leaves the field in a 

difficult position when combined with the recommendations for consideration of personal 

factors in endurance, fatigue and risk assessments [3], [200]. While individuals should have 

the choice to opt in or out of wearables, large diverse datasets are required to generate systems 

that are not biased [41]. Surveys have been carried out on ergonomist practitioners regarding 

barriers to uptake of wearable devices in work environments and privacy is consistently a 

primary concern [75], [152]. In a case of working with cobots and chatbots [200], it was found 

that demographic and work-related data were seen as non-sensitive, thus shareable, by the 

workers and they were more willing to share personal data when the system was more fun and 

trustworthy (in terms of speed of the cobot, etc.), and there were personal benefits in terms of 

their health. According to these surveys, other concerns include worker compliance, sensor 

durability, cost/benefit ratio of using wearables, and information validity and efficacy [18], 

[75]. More specifically on worker compliance, there seems to be a paradoxical relationship in 

the literature between workers reacting negatively to being monitored and welcoming the 

employer taking an interest in their health [152]. Therefore, a key part of deploying such 

systems is giving the worker access to their own information, which is echoed by other authors 

[4], [136]. 

The main concerns mentioned affect user acceptance of these devices in work places [83], in 

addition to competitor actions [201] and technology readiness affects adoption and acceptance 
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[18]. Stefana et al. (2021) [137] touch on this topic as the inclusion criteria included a ready to 

wear category, which comprised of smart glasses, watches and pressure insoles, while sensor 

systems usually did not fall under this category and accounted for the majority of studies. Other 

areas mentioned by Lind et al. (2023) [18] that affect user acceptance and the deployment of 

these devices include long term wearer comfort, battery life, time needed to take on and take 

off, and stability of wireless connection. A study on IMU comfort [82] found that they were 

comfortable to wear for long working shifts, although this can depend on sensor location [75] 

and gender (females reported lower discomfort than males) [82]. Ultimately, the workforce 

needs to be involved in choosing technologies for a successful adoption of such technology 

[201].  

Finally, some of the reviews called for the development of personalised models and a more 

in-depth analysis into individual parameters [3], [4], [23], [76], [185], especially age due to 

the trend of an aging workforce [4], [185]. Other suggestions include examining the 

association between physical and mental fatigue [4], [79], [194], consideration of emotions 

[4], [79], and psychosocial risks [78]. 

2.3 Thesis Rational and Research Direction 

The state-of-the-art in the preceding sections highlights the complexity of physical fatigue and 

its implications for musculoskeletal health in occupational settings. While fatigue has been 

explored from multiple perspectives, including physiological, biomechanical, and perceptual, 

its assessment and estimation remain diverse. Current methods vary widely in scope and 

applicability and tend to focus on either the detection of fatigue once it has occurred or the 

evaluation of ergonomic risk factors, rather than enabling proactive management or prevention. 

Assessments such as RULA, REBA, and ART, though widely adopted, assess only partial 

dimensions of work and are often unsuited to fast-changing or non-standardised industrial 

tasks. Although endurance models present predictive capabilities, they traditionally rely on 

simplified, static inputs that limit generalisability. More recent wearable technologies offer 

objective data and show promise for continuous assessment, but challenges persist in load 

estimation accuracy, algorithm validation, and generalising models across diverse tasks and 

populations. Workplace standards and assessment tools derived from ISO and EU directives 

remain constrained by limited transparency, inconsistent scientific grounding, and outdated 

task representations.  
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Collectively, these findings reveal a clear need for systems that are predictive, individualised, 

task-generalisable and have the potential to operate in real-time moving beyond risk detection 

toward active prevention of WMSDs. A notable gap exists regarding predictive modelling and 

practical monitoring of workers under dynamic task conditions. 

The design of the system in the thesis takes key gaps identified in the state-of-the-art as it 

acknowledges the importance of the need for a cohort of participants with gender balance, 

generalised models that are applicable to different tasks, and open access datasets. The work 

also deals with recommendations, such as consideration of arm dynamics, and predictive and 

proactive forecasting solutions and actionable insights for users through a GUI. While the 

inclusion of subject information is a concern from a privacy perspective, some researchers 

believe it can provide more meaningful insights, thus individualised fatigue management by 

means of wearables, GUI and subject-specific information is presented in the thesis. 

Additionally, in terms of the opportunities that applications present, Lowe et al. (2019) [139] 

stated “[g]iven the ubiquity of smartphones and mobile apps … this seems to be an opportunity 

for development and an enhancement of existing approaches” when specifically referring to 

the completion of ergonomic assessments in the workplace today. This is also pertinent to 

online monitoring and providing feedback as applications provide a cheap, accessible means 

of delivering practical and actionable information to users. 

In conclusion, through the use of wearable sensors, torque-based endurance modelling, 

explainable task classification, the research work in the thesis addresses the following main 

gaps and lays a strong foundation for real-time application: 

• Lack of consideration of dynamic movements and different arm configurations 

(Chapter 3 and 5) 

• Limited generalisability across tasks (Chapter 4 and 5) 

• Lack of consideration of individual parameters (Chapter 3 and 5) 

• Absence of automated load input (Chapter 4 and 5) 

• Lack of explainability in classifier decisions (Chapter 4) 

• Lack of proactive, predictive methods (Chapter 3 and 5) 
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Chapter 3 Endurance Modelling 

This chapter focuses on working towards achieving Objective 1 (aiming for forecasting and 

individualisation) and Objective 2 (aiming for task generalisability and automatic input of 

model parameters by continuously extracting data from wearables) due to: 

1. the forecasting nature and increased individualisation of torque-based endurance 

models compared to traditional endurance models,  

2. working towards more accessible and accurate measures of individual maximum 

strength for input into endurance models,  

3. consideration of any static and dynamic tasks with the upper extremities and the 

adjustment of ET predictions based on these movements, 

4. testing the models during lifting activities, a movement which is involved in a variety 

of manual handling tasks such as load-bearing walking, pick and place and assembly, 

5. using wearable sensors for inputting parameters into the endurance model. 

The studies presented in this chapter are based on the following manuscripts: 

• [202]: P. O’Sullivan, M. Menolotto, B. O’Flynn, and D. S. Komaris, ‘Estimation of 

Maximum Shoulder and Elbow Joint Torques Based on Demographics and 

Anthropometrics’, in 2022 44th Annual International Conference of the IEEE 

Engineering in Medicine & Biology Society (EMBC), Glasgow, Scotland, United 

Kingdom: IEEE, Jul. 2022, pp. 4346–4349. doi: 10.1109/EMBC48229.2022.9870906. 

• [203]: P. O’Sullivan, M. Menolotto, B. O’Flynn, and D.-S. Komaris, ‘Validation of 

Endurance Model for Manual Tasks’, in 2023 45th Annual International Conference of 

the IEEE Engineering in Medicine & Biology Society (EMBC), Sydney, Australia: 

IEEE, Jul. 2023, pp. 1–5. doi: 10.1109/EMBC40787.2023.10341139. 

• [204]: P. O’Sullivan, M. Menolotto, B. O’Flynn, and D.-S. Komaris, ‘Improving 

dynamic endurance time predictions for shoulder fatigue: A comparative evaluation’, 

Appl. Ergon., vol. 125, p. 104480, May 2025, doi: 10.1016/j.apergo.2025.104480. 

This chapter focuses on the investigation of the empirical biomechanical modelling portion of 

the SAFE framework through a series of studies. The first experiment, described in section 3.1 

Estimation of Maximum Shoulder and Elbow Joint Torque Based on Demographics and 

Anthropometrics, examines how anthropometric and demographic data can be used to predict 

maximum shoulder and elbow joint torque for the development of a method of calculating 
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𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. In terms of novelty, the models allowing for cheap, quick and individualised 

determination of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 using basic anthropometric measurements and does not require 

specialised equipment. The second experiment detailed in section 3.2 Validation of Endurance 

Model for Manual Tasks investigates how a torque-based endurance model predicts fatigue 

during manual tasks. This is the first case of deploying a torque-based endurance model to 

static, dynamic and two-handed loaded conditions for manual handling applications. The third 

endurance modelling experiment, described in section 3.3 Improving Dynamic Endurance 

Time Predictions for Shoulder Fatigue: A Comparative Evaluation, involves comparing 

different torque-based endurance models with different methods of generating 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 to 

determine which methods are best suited to predicting ET for shoulder elevation tasks across 

sex, load level (%MVC) and movement type, i.e. static or dynamic.  

This work represents a key contribution of the thesis, where the endurance modelling and 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 calibration method was shown to accurately predict fatigue for loaded static and 

dynamic tasks. Through the torque-based endurance modelling, individualisation is achieved 

via inclusion of anthropometric parameters such as arm segment lengths and masses, and the 

novel calibration approach that results in load-specific strength measurement for an individual. 

Furthermore, task generalisation is achieved via the continuous adjustment of endurance 

predictions based on joint angles, upper extremity CoM with respect to the shoulder and hand-

held item parameters, which in combination with application to dynamic tasks, results to 

applicability of the model to any upper extremity task in the sagittal plane. In this way, the 

present approach goes beyond traditional force-based endurance models that account for 

isometric conditions and a specific task or muscle group, as well as the methods to measure 

strength which vary from study to study. Additionally, the dataset was made publicly available 

to aid with addressing the lack of publicly available open access sensor data in the field. This 

work forms the basis of future work (described in Chapter 5 System for Activity-aware Fatigue 

Evaluation (SAFE) Framework: Predictive Fatigue Modelling for Occupational Tasks) that 

applies this method of endurance modelling to industry-type tasks. 

3.1 Estimation of Maximum Shoulder and Elbow Joint 

Torque Based on Demographics and Anthropometrics 

This section is based on work published in the proceedings of the 44th IEEE Engineering in 

Medicine and Biology Conference [202] and was presented in Glasgow, UK in July 2022, 

Appendix 8. 
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In the original conference article, the data of 19 subjects (nine females) were analysed, however 

since then, additional 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 data and participant demographics and anthropometrics were 

collected in the experiments that proceeded. Consequently, the analysis was repeated with a 

sample size of 53 subjects (24 females) to further strengthen the models. While the original 

analysis produced strong correlations for the prediction of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 of both the shoulder and 

elbow joint models, with R2 values of .6 and .7 respectively (P<.005), there are numerous 

benefits of a repeat analysis in this case, including increased sample size, the use of adjusted 

R2 instead of R2 to account for the number of independent variables more effectively, and the 

inclusion of results from statistical tests that address many statistical assumptions and 

considerations associated with multiple linear regression, some of which were omitted from 

the original conference paper for brevity. More detailed justification for repeating the analysis 

can be found in 3.1.4 Discussion. 

3.1.1 Introduction 

Human joint torque is relevant to a wide variety of contexts, such as sports performance, health, 

ergonomics, and robotics. For example, in robotics, human joint motion and torque were 

analysed to replicate natural joint movements and to improve ergonomics for collaborative 

human-machine tasks in industry [205], [206]. Research shows there is a link between high 

rotational torques in baseball pitching and overuse injuries of the shoulder [207], and the 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, sometimes referred to as strength [162], [208], affects the fatigue an individual 

experiences when carrying out manual tasks [37], [68]. 

In terms of modelling torque, Otis et al. (1990) [209] explored the effects of direction on the 

shoulder joint torques of dominant and non-dominant arms and Günzkofer et al. (2011) [210] 

completed similar work to model elbow joint torques in various directions. Other research 

investigated the impact of handle orientation on MVC force measurement which can be used 

to design assistive equipment for workers [211], and found that handles positioned 90° from 

the force direction maximised strength. Chaffin et al. (1999) [161] developed a model to 

summarise the effect of flexion angles and gender on 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, while Coury et al. (1998) 

[212] did so for adduction-flexion posture combinations and included weight and gender in the 

final models. On the other hand, some studies requiring 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 data use a set 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 

value for males and females to calculate 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, for example one endurance model [37] 

utilised 87.2 N for females and 101.6 N for males produced at the elbow joint from tables by 

Tan et al. (1994) [160]. 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 can also change with ethnicity, age and sex [213], [214].  
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Other research showed that position, direction of movement, and grip affect the maximum 

elbow joint torque a person can produce [215]. Testing involved individuals pushing against a 

dynamometer at various joint angles, hand positions (supination/pronation), with and without 

a handle (to test the influence of grip), and the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was recorded in flexion. Some of 

the same conditions that the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was reported by this research (flexion in sagittal plane, 

supination, with handle) was implemented in the present study since flexion movements in the 

sagittal plane is particularly relevant to industry type manual handling tasks. MVC 

measurement guidelines from Chaffin (1975) [163] were also adhered to in the present study. 

Furthermore, forearm circumference, volume and muscle thickness have an effect on the 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 [215], [216], thus these factors were considered in the present work. In addition, 

joint torque predictions have been made from muscle response data using EMG techniques 

with success [217], [218]. However, the methods employed to measure such parameters were 

time consuming, i.e., water tank for measuring forearm volume [215], or required specialized 

equipment, i.e., magnetic resonance imaging or EMG for muscle thickness and activity [216]. 

Therefore, a compromised approach to simplify the process involved measuring forearm 

circumference using a measuring tape, and a weighing scale that measures body composition 

parameters to obtain muscle %.  

This study aimed to develop models for the prediction of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 of the shoulder and elbow 

joints that can be used to obtain a measure of maximum strength for input to endurance models 

for application in occupational settings. The models can significantly simplify and accelerate 

measurement processes and negate the need for specialised equipment. The existing research 

described above provided the grounds for the variables chosen as inputs for the estimation 

models, with a preference for easily and quickly measured parameters. The research can also 

be applied to sporting, clinical and industrial domains to help reduce the frequency of injuries. 

3.1.2 Methodology 

Demographic and anthropometric data of 53 participants (24 females) were recorded (Table 6). 

The clinically validated OMRON BF511 Body Composition Monitor [219] was used to 

measure the body’s composition parameters, and a measuring tape to measure the forearm girth 

of the dominant arm (self-reported). Three measurements of forearm circumference were taken 

while the arm was in supination, at the proximal, middle, and distal end of the forearm, and the 

mean value was found.  
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The MVC produced at the shoulder joint was tested with the arm outstretched straight ahead 

(shoulder flexed to 90°) with the palm supinated causing the shoulder, wrist, and elbow joints 

to be in alignment, Figure 11 (left). The 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 produced at the elbow joint was tested with 

the elbow joint flexed 90° relative to the upper arm in the sagittal plane, and the palm in 

supination, Figure 11 (right). Participants were seated to minimize the influence of the 

participant’s body mass and size on the measurements; the thighs were horizontal, the feet 

rested on a footrest attached to the adjustable seat, and the back was upright [163], [215]. The 

participant assumed a seated position that allowed the handle of a Walfront NK-500 push/pull 

dynamometer to touch their palm during testing. The plastic handle and clamp for the 

dynamometer were custom designed, and 3D printed using polylactic acid (PLA) and a fused 

filament modelling printer. The settings of the dynamometer were adjusted to record the peak 

force produced. The participants were asked to perform a MVC as they pressed against the 

dynamometer in the shoulder testing position, Figure 11 (left). Three MVC measurements were 

recorded with a rest of 1-min between measurements [163]. After the appropriate seat 

adjustments were made for the elbow testing position, Figure 11 (right), three force values were 

recorded in the elbow testing position while locking the shoulder joint and bending the elbow 

joint only. Again, there was a 1-min rest between recordings. 

The 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was calculated with: 

𝑇 =  𝐹 ×  𝑑 (Equation 3.1.1) 

where T is torque (Nm), F is the force (N) measured by the dynamometer and d is the length 

(m) from the acromion to mid-palm (d1, Table 6), measured with a measuring tape. Similar 

was done for the maximum elbow joint torque, using the distance from the elbow to mid-palm  

Table 6: Subject information 

Parameter Mean ± Standard Deviation Range [min max] 

Age (years) 31 ± 8 [21 62]  

Height (m) 1.73 ± .08 [1.58 1.95] 

BMI (kg/m2) 24.4 ± 3.4 [18.4 31.6] 

Muscle % 33.5 ± 6.2 [18.6 45.2] 

Fat % 27.0 ± 9.0 [10.1 52.5] 

Visceral Fat 5.9 ± 2.8 [2 13] 

Mean forearm circumference (cm) 22.6 ± 3.5 [17.5 31.0] 

Acromion to mid-palm, d1 (cm) 66.4 ± 5.4 [56.2 86.0] 

Olecranon to mid-palm, d2 (cm) 32.5 ± 3.2 [27.5 45.5] 

Shoulder Maximum Force (N)  67.6 ± 27.9 [24.5 141.7] 

Elbow Maximum Force (N) 120.6 ± 53.9 [45.6 281.2] 

Shoulder Maximum Joint Torque (Nm) 45.6 ± 20.6  [16.1 99.5] 

Elbow Maximum Joint Torque (Nm) 40.1 ± 20.3 [13.0 102.3] 
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Figure 11: Testing positions for (left) shoulder and (right) elbow 

 

(d2, Table 6). Arm length measurements from published anthropometric tables [220] were, on 

average, .3% and 7.7% higher than the manual measurements for the arm segments, indicating 

that the measurements were aligned with recorded anthropometrics in the literature. 

Scatter plots mapped the relationship between the independent variables (IVs) and the 

dependent variables (DVs) to check for linearity. Following this, the variables with the highest 

correlations were run through multiple linear regression analysis with each DV separately and 

three different types of variable selection methods were applied: stepwise, backward, and 

forward; each of these methods either add or delete variables from the model based on their 

statistical significance and provide the input IVs to the model. This was required as it is 

important to achieve a balance between having too many and too few IVs in the model - a high 

number of IVs will explain a high proportion of the DV but will also increase the variance of 

prediction. The variable selection methods help to narrow down to the best IVs.  

3.1.3 Results 

No non-linear relationships were found in the scatter plots between the IVs and the DVs, see 

Appendix 9 for the shoulder 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 and Appendix 10 for the elbow 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 relationships, therefore, no transformations were required. Moderate to strong 

linear relationships were found between height, weight, fat %, muscle %, and average forearm 

circumference and both DVs.  

For each variable selection method and each DV, the coefficients of the multiple linear 

regression equation were statistically significant (P<.05) for only the forward and stepwise 

variable selection methods, which in fact produced the same coefficients – indicating the best 

models were achieved. The stepwise results tables are shown in Appendix 11 and Appendix 12 
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for shoulder and elbow models respectively. The highest adjusted R2 were .634 and .597 for 

each DV respectively, and a significance of P<.001 in the ANOVA tables indicate that at least 

one of the IVs have a statistically significant relationship with the DVs. The following IVs (and 

the statistical significance of their coefficients) produced the highest adjusted R2 value for the 

shoulder 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 model: height (P<.001), average forearm circumference (P=.009), muscle 

% (P=.011), with a statistical significance of P<.001 for the constant term, Appendix 11. The 

following IVs (and the statistical significance of their coefficients) produced the highest 

adjusted R2 value for the elbow 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 model: height (P<.001), average forearm 

circumference (P=.023), with a statistical significance of P<.001 for the constant term, 

Appendix 12. The models are shown in Equation 3.1.2 and Equation 3.1.3 below. It must be 

noted that the models are only valid for the ranges of IVs shown in Table 6. Height is in meters, 

forearm circumference in cm.  

𝑆ℎ_𝑇𝑚𝑎𝑥 = 108.76(𝐻𝑒𝑖𝑔ℎ𝑡) + 1.56(𝐹𝑜𝑟𝑒𝑎𝑟𝑚𝐶𝑖𝑟𝑐. )

+ .98(𝑀𝑢𝑠𝑐𝑙𝑒%) − 210.25 

 

(Equation 3.1.2) 

𝐸𝑙_𝑇𝑚𝑎𝑥 = 157.82(𝐻𝑒𝑖𝑔ℎ𝑡) + 1.36(𝐹𝑜𝑟𝑒𝑎𝑟𝑚𝐶𝑖𝑟𝑐. ) − 262.93 (Equation 3.1.3) 

The analysis was repeated for males and females separately because a large difference was 

noted between males and females for the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 of both joints (Figure 12), however the 

analysis produced no statistical significance, meaning there was no justification for separate 

male and female models. 

 

Figure 12: Clustered bar graph of the means and standard deviations of the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 for the shoulder and 

elbow by gender. 
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Several assumptions exist for multiple linear regression to be valid; these are linearity, equal 

variances of residuals and normality of residuals. Linearity was checked (Appendix 9 and 

Appendix 10) and variances were checked by plotting the independent variables against the 

residuals, Figure 13 and Figure 14, which are deemed constant if the plot is homoscedastic, 

that is, there is no trend in the data and it is dispersed randomly in a horizontal band with no 

outliers, which can be observed in the plots. Normality was checked via normal probability 

plots of the residuals, Figure 15, where large deviations from the line denote deviation from 

normality, which was not the case for the residuals in this study. Other considerations exist such 

  

 

 

Figure 13: Residuals for (top left) height, (top right) muscle 

%, and (bottom right) forearm circumference against 

shoulder 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 

 

 

 

 

 

Figure 14: Residuals for (left) height and (right) forearm circumference against elbow 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 
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Figure 15:Normal probability plots of the residuals for (left) the shoulder max torque model and (right) the 

elbow 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 model. 

as multicollinearity (when one IV is a linear combination of the other IVs), which poses an 

issue as it increases the variances of the regression coefficients and makes the regression model 

less stable. Multicollinearity can be tested with the variance inflation factor (VIF), which is not 

desirable if greater than ten, and the highest VIFs are 2.24 and 1.28 for each of the models 

(Appendix 11 and Appendix 12). Influential cases must also be examined, these are data that 

appear to have a large influence on the calculation of regression coefficients, this does not pose 

an issue when Cook’s distance is less than 1, and the highest Cook’s Distances are .23 and .42 

for each of the models. 

3.1.4 Discussion 

In this work, demographic and anthropometric parameters were linked to the maximum 

shoulder and elbow joint torque of 53 individuals. Multiple linear regression analysis identified 

height and forearm circumference as strongly influencing joint torques of both males and 

females, but muscle % was also significant for the shoulder model. In contrast, to other models 

[161], [212] that deemed weight a significant parameter. Two separate regression models 

described the combined effects of these parameters on shoulder and elbow 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. 

Adjusted R2 values were approximately .6, indicating strong relationships between the IVs and 

DVs. The results in this study are in alignment with the literature since there is a notable 

difference between the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 of males and females, however separate models were not 

developed or a gender term was not added, unlike other models [161], [212]. That being said, 

females occupied lower ranges of height, forearm circumference and, in some case, muscle %,  
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Table 7: Comparing subject information between the original analysis and the re-analysis 

 Original analysis (19 subjects) Re-analysis (53 subjects) 

Parameter Mean ± Standard 

Deviation 

Range [min max] Mean ± Standard 

Deviation 

Range [min max] 

Height (m) 1.73 ± .08 [1.62 1.87] 1.73 ± .08 [1.58 1.95] 

Muscle % 31.9 ± 6.4 [18.6 44.9] 33.5 ± 6.2 [18.6 45.2] 

Average forearm 

circumference (cm) 

26.4 ± 2.4 [22.0 31.0] 22.6 ± 3.5 [17.5 31.0] 

with males occupying higher ranges of the variables in general, thereby generating models 

(Equation 3.1.2 and Equation 3.1.3) that intrinsically account for gender differences. Papers 

utilising elbow MVC forces from Tan et al. (1994) [160] use force values of 87.2 N and 101.6 

N for females and males respectively, while the present study found mean MVC forces of 77.4 

N and 156.3 N respectively. This indicates moderate agreeability, especially for females, that 

may be accounted for in equipment differences, slight posture deviations and cohort 

characteristics. The mean joint torque for the shoulder in flexion were lower than values 

reported in Otis et al. [209] which only included male participants between 21 and 35 years, 

approximately 70.0 Nm compared to 45.6 Nm for all subjects, and 60.8 Nm for males only. 

Günzkofer et al. (2011) [210] showed elbow 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 between 30 to 60 Nm for young males 

and females in flexion [210] which is in agreement with the values reported in the present study, 

albeit the range is much larger (Table 6). The number of subjects is in alignment with, or greater 

than, similar studies in the literature, for example, thirty subjects were used to develop 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 models [212].  

In terms of performing the re-analysis after the original conference paper publication, an 

increase in the sample size has multiple benefits, such as increasing the diversity of the cohort 

and increasing the ranges of IVs. In linear regression, the model can only predict outcomes for 

the ranges of IVs that were inputted to the model and extrapolating beyond the measured ranges 

of the IVs is outside the scope of the model. With the larger, more diverse cohort, those ranges 

were increased (highlighted in green in Table 7), thereby improving the applicability of the 

model. There are additional impacts of sample size on linear regression models [221], [222], 

[223]; a general guideline regarding sample size for linear regression suggests that the ratio of 

sample cases to IVs should not fall below 5:1. Another guideline states that samples of up to 

20 subjects are only suitable for simple regression, that is, with only one IV. While the first 

guideline was adhered to in the model in the original conference article, with two IVs and 19 

subjects, the second was not as more than one IV was included in the model generated with a 

small sample size. The repeated analysis in this chapter adheres to both sample size guidelines. 

Sample size also affects practical significance [221], [222], [223], which was achieved in the  
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Table 8: Minimum R2 detected with a power of 80%, Type I error of 5% for varying numbers of independent variables and 

sample sizes 

 Number of Independent Variables (𝜶=.05) 

Sample Size 2 5 10 20 

20 39 48 64 NA 

50 19 23 29 42 

100 10 12 15 21 

original model - Table 8 shows that approximately 39% is the minimum R2 to be found 

statistically significant with a sample size of 20, two IVs, alpha level of .05 and power of 80%, 

the latter of which denotes practical significance. While the number of subjects was increased 

with the repeated analysis, a model with too many independent variables reduces the power of 

the model. However, the minimum R2 required to denote statistical significance with 53 

subjects, and two or three IVs are between approximately 19% and 23%, indicating that 

practical significance was achieved with the re-analysis work as the R2 were above this.  

In the original analysis, forearm volume was determined using the method detailed in [224], 

however, the forearm volume method requires the distances between forearm measurements 

and this information was not collected in the newer cohorts. Nevertheless, measurements of 

the upper, middle and lower forearm were gathered in the initial cohort, thereby making it 

appropriate for use in the new analysis. Girth measurements were also utilised by [212] and 

multiplication of the circumference measurements in the forearm volume method may lead to 

amplified measurement error since they were multiplied and squared on the numerator of the 

equation, further justifying the new forearm measurement approach. 

The novelty of this study not only lies in understanding the relationship between numerous 

individual parameters and 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 and developing a model accordingly, but also in the 

identification of the most relevant factors to produce a model that estimates maximum joint 

torque. Using variable selection methods aided in identifying the minimum number of 

parameters needed for a reliable 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 estimation. The work in this publication means a 

force gauge is not required for each subject in workplace settings; instead, basic anthropometric 

measurements are sufficient for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 estimations for input to the fatigue forecasting 

system being developed in this research work. Additionally, when considering the practicalities 

of deploying such a system by an ergonomist in an occupational setting, minimising the 

measurements required and the use of quick and easy to measure parameters would help to 

streamline their work process. 

The mean and standard deviations of the age of the cohort remains a limitation of the study and 

other planes such as shoulder axial rotation and elbow varus/valgus torques, which are 
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commonly used in sports and some occupational tasks, were not considered and neither were 

submaximal contractions. Although postures and arm configurations were visually inspected, 

restraints similar to those used in other similar studies and guidelines [163], [215] could have 

been used to ensure correction positioning or wearable sensors such as IMU could have been 

used to measure the positions. The models herein useful for the endurance models later in the 

thesis, and for applications that utilise biomechanical data for health, safety and rehabilitation 

purposes, and can be used to reduce the time for processing subjects in studies that require joint 

torque information. 

3.1.5 Conclusion 

Height, forearm circumference and muscle % were found to influence maximum shoulder and 

elbow joint torques and models to describe these relationships were generated using regression 

analysis. The models enable 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 estimation for individuals using basic anthropometric 

measurements in an individualised manner and do not require testing with a dynamometer 

which is useful for the deployment of the fatigue forecasting system concerned in the thesis. 

Thus, the models are used in the comparative analysis that appears in 3.3 Improving Dynamic 

Endurance Time Predictions for Shoulder Fatigue: A Comparative Evaluation. 

3.2 Validation of Endurance Model for Manual Tasks 

This section is based on work published in the proceedings of the 45th IEEE Engineering in 

Medicine and Biology Conference (EMBC) [203] and was presented in Sydney, Australia in 

July 2023.  

3.2.1 Introduction 

MET models have been developed for differing conditions, for example, there are models 

focussed on modelling ET of different muscle groups and joints [70], [71], [225], and specific 

manual handling tasks such as two-handed truck pulling [226], push and pull tasks [227] and 

one-handed carrying tasks [228]. MET models are only applicable to the specific experimental 

conditions under which the data were gathered [70], meaning they are not generalisable to 

different tasks, making them unsuitable for assessing smart factory workers as their tasks 

typically change throughout a shift. In addition, these empirical models assume constant force 

and sustained isometric contractions [229] and differences have been found between ETs of 

static and dynamic tasks [230], meaning such models are not applicable to dynamic tasks, 

which is often the case in the work performed by smart factory workers. Individual differences 
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such as sex [231], [232], and age [225], [231], [233] have shown to impact ET, although this 

has be disputed by other research [233], [234]. 

A torque-based endurance model [37], called the consumed endurance (CE) model, predicted 

ET during mid-air repetitive interactions based on the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 produced by an individual 

around the shoulder joint and the torque at a given moment. While the previous section focused 

on one of the inputs of this modelling approach, i.e., 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, the present section focusses 

on applying the torque-based modelling approach to manual tasks. The CE model (Equation 

3.2.1), derived from Rohmert’s model [123] for static tasks, which describes the decline in 

endurance with increased relative torque, replaces 
𝐹𝑜𝑟𝑐𝑒

𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥
 with 

𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
 to capture changes 

in the moment arm, offering fatigue assessment for dynamic conditions.  

𝐸𝑇_𝐶𝐸 =
1236.5

(
𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
× 100 − 15)

.618 − 72.5 
(Equation 3.2.1) 

The model continuously adjusts ET predictions based on arm configuration, load, acceleration 

of the centre of mass (CoM) of the arm segments and inertia of the arm, and the component 

being held. Replacing force terms with torque terms is commonly done in research with muscle 

models [68], [119], [208], for example, for the same model, one study used the force version 

[119] and another study used the torque version [99], but was not completed with endurance 

modelling up to this point. While the model was applied to simple unloaded hand interactions 

for HMI research, it may allow for the complexity and workload of manual tasks to be 

accounted for by considering these additional parameters compared to traditional endurance 

models that consider 
𝐹𝑜𝑟𝑐𝑒

𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥
. The model also considers anthropometrics such as arm segment 

lengths and arm masses based on the individual’s height and body mass, meaning there is 

increased individualisation in the outputted predictions compared to other MET models that 

only consider 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 as an individualised measure. Consequently, by validating the CE 

model for industry tasks and, if necessary, by adapting the model for industry applications, a 

time to fatigue can be predicted for industry workers. 

This study aimed to validate the CE model for manual lifting tasks in the sagittal plane under 

loaded conditions. As previously mentioned, the rate of fatigue development differs between 

isometric and dynamic contractions, therefore participants performed both static and dynamic 

tasks to understand the ability of the model under both conditions. Twelve subjects completed 

three lifting tasks with weights, static (one-handed) and dynamic (one-handed and two-
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handed), while wearable sensors were used to collect physiological data, and the Borg RPE 

scale [72] acted as a reference measure. It is hypothesised that the model predicts the time to 

fatigue for each subject, for both static and dynamic tasks, and therefore is suitable for use in 

the fatigue forecasting system development described in the thesis. It is important that the 

model is validated for simple lifting movements under static and dynamic conditions before it 

is applied to complex and intricate industry-type tasks. 

3.2.2 Methodology 

Twelve healthy participants (seven females, Table 9) took part in the study. The mean age of 

the cohort was 30 years in the range of [23 62] and weight ranged between [56.3 102.7] with a 

mean of 72.2 kg. Anthropometric measurements were recorded, and the force of MVCs for 

flexion of the shoulder was measured by means of a Walfront NK-500 push/pull dynamometer. 

During the measurement, the arm was outstretched straight ahead in supination with the 

shoulder, wrist and elbow joints in alignment. Participants were seated to minimise influence 

from the lower body, with their back upright, thighs horizontal to the floor and feet on a footrest 

attached to the seat. The seat height was adjustable to enable the participant’s shoulder to be at 

the same height as the force gauge handle which was at the centre of their palm as they pushed 

upwards, moving their shoulder in flexion. MVCs and anthropometric data were used to 

calculate shoulder 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 in flexion. Subjects were divided into two groups, A and B, 

depending on the order they completed the tasks in order to study the influence of task order 

on results. Subjects’ details within each group are shown in Table 9. 

Participants wore the XSENS Awinda shirt, glove and straps to adhere the IMUs (XSENS MTw 

Awinda, Movella, Enshede, Netherlands), sampling at 100 Hz. IMUs were placed on the 

dominant (self-reported) side of the body, to the sternum, shoulder, upper arm, forearm and the 

palm, according to the manufacturer’s recommendations, Figure 16.  

Participants performed three tasks. A static task with the shoulder of the dominant arm held at 

90 ° in flexion, that is, in the same position as the MVC exercise, while holding a weight (Static 

Task); a dynamic task with the dominant hand, moving the shoulder joint from 0 to 90 ° in 

flexion while holding a weight (Dynamic Task); and finally, the Dynamic Task with both hands 

holding the weight (Two-handed Task). The MVC force was used to calculate the weight a 

subject lifted during the tasks, with participants approximately 30% to 45% of their MVC force. 
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Table 9: Subject information 

Parameters All Subjects Group A Group B 

Sex 7 females, 5 males 4 females, 2 males 3 females, 3 males 

Age (years) 30 ± 10 33 ± 14 26 ± 3 

Weight (kg) 72.23 ± 13.18 71.52 ± 12.30 72.95 ± 13.96 

Height (cm) 1.72 ± .06 1.70 ± .07 1.74 ± .05 

Upper arm Length (m) .33 ± .02 .34 ± .02  .33 ± .02 

Forearm Length (m) .26 ± .02 .27 ± .02 .26 ± .02 

Hand Length (m) .20 ± .01 .19 ± .01 .20 ± .02 

Upper arm Radius (m) .05 ± .01 .05 ± .01 .05 ± .01 

Forearm Radius (m) .04 ± .00 .04 ± .00 .04 ± .00 

Hand Radius (m) .03 ± .00 .03 ± .00 .04 ± .00 

Maximum Shoulder 

Joint Torque (Nm) 
49.61 ± 19.86 45.97 ± 20.52 53.25 ± 18.47 

 

Figure 16: IMU placement on the shoulder, upper arm, forearm, hand and torso. 

The hand was in pronation for the tasks in the study, this was done to isolate the shoulder 

muscles and reduce the influence of the biceps for the shoulder tasks. During the study, the 

exertion of subjects was tracked throughout the task by means of the subjective Borg RPE scale 

[72], Appendix 13. 

The Borg RPE score was recorded before the task, and 10 s and 20 s after starting the tasks, 

and every 20 s thereafter [127], [235]. The tasks were completed until the subject was fatigued, 

verbally reporting they were maximally exerted on the Borg RPE scale (17≤), or when they 

were unable to maintain the target task position, or when they were unable to maintain the 

prescribed rate of movement (i.e., 60 beats per min played on a metronome) for the dynamic 

tasks [86], [88], and the experimental ET was recorded. Measuring maximum holding time is 

a common method used to generate endurance curves [70], [71], [88]. The final Borg rating 

was also noted at the end of each recording. Individuals took 10 mins of rest before they began 

the subsequent task; according to upper extremity recovery models [27], [119], [236] no more 

than 6 mins is required for recovery after a fatiguing interaction, and 10 mins was sufficient to 
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reduce subject’s Borg rating to 6 or 7, demonstrating that they were rested. Fatigue is highly 

task-dependent; therefore, subjects were divided into two groups with different task orders: 

Group A’s task order was Static Task, Dynamic Task, Two-handed Task, while Group B’s task 

order was the reverse. 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was calculated using MVC forces and Equation 3.1.1 in the previous section while 

𝑇𝑜𝑟𝑞𝑢𝑒𝑠ℎ𝑜𝑢𝑙𝑑𝑒𝑟 is the sum of the torques acting on the frontal axis of the shoulder joint, 

calculated for each frame based on the IMU-derived joint angles (relative orientation between 

quaternions of adjacent body segments) and the CoM position, using Equation 3.2.2 in static 

conditions and Equation 3.2.3 in dynamic conditions [37]. The torque was calculated for each 

frame based on the joint angles and the CoM position. 

‖𝑇⃗ 𝑠ℎ𝑜𝑢𝑙𝑑𝑒𝑟‖ = ‖𝑟 × 𝑚𝑔 ‖ (Equation 3.2.2) 

‖𝑇⃗ 𝑠ℎ𝑜𝑢𝑙𝑑𝑒𝑟,𝑡‖ = ‖𝑟 × 𝑎𝑐𝑐⃗⃗⃗⃗ ⃗⃗  𝑡 × 𝑚 − (𝑟 × 𝑚𝑔 + 𝐼𝑡𝛼 𝑡)‖ (Equation 3.2.3) 

Where 𝑚 is the mass of the arm and weight, 𝑎𝑐𝑐⃗⃗ ⃗⃗ ⃗⃗   is the acceleration of the CoM, found by double 

differentiation of the distance CoM from the shoulder, 𝑟 , found with Equation 3.2.4 and 

Equation 3.2.5. 𝑎𝑐𝑐⃗⃗ ⃗⃗ ⃗⃗   is the acceleration of the CoM and angular acceleration 𝛼 was found using 

𝑎𝑐𝑐⃗⃗⃗⃗ ⃗⃗  ⃗

‖𝑟 ‖
 [37]. The mass of the weight was halved for the Two-handed task [208]. 

𝐷 = 𝐵 +
𝑊𝑟𝐻𝑎𝑊𝑒𝑚𝑎𝑠𝑠

𝐸𝑏𝑊𝑟𝑚𝑎𝑠𝑠 + 𝑊𝑟𝐻𝑎𝑊𝑒𝑚𝑎𝑠𝑠
𝐵𝐶⃗⃗⃗⃗  ⃗ 

(Equation 3.2.4) 

𝐶𝑜𝑀 = 𝐴 +
𝐸𝑏𝑊𝑟𝑚𝑎𝑠𝑠 + 𝑊𝑟𝐻𝑎𝑊𝑒𝑚𝑎𝑠𝑠

𝐴𝑟𝑚𝑊𝑒𝑚𝑎𝑠𝑠
𝐴𝐷⃗⃗ ⃗⃗  ⃗ 

(Equation 3.2.5) 

Where A, B and C are the CoMs of the upper arm, forearm and hand respectively, D is the CoM  

 

Figure 17: Locations of the centre of mass of the arm. 
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of the forearm (EbWr) and hand and weight (WrHaWe), Figure 17. The dumbbell was assumed 

to act at the CoM of the hand (C). Anthropometric tables were used to determine the mass, 

length and CoM of the arm segments [237], [238]. I denotes the inertia, which was found for 

each frame using the Parallel-Axis Theorem, as described in [220], see Equation 3.2.6. The 

inertia of the segments was summed with the inertia of the dumbbell, which is approximated 

as a sphere in this case. Since the torque varied throughout the dynamic movements, the mean 

predicted ET was extracted as the predicted ET for the task. 

∑𝐼 = 𝑚𝜌0
2 + 𝑚𝑥2 (Equation 3.2.6) 

Where 𝑚 is the mass of the segment, 𝜌0 is the radius of gyration around the centre of gravity 

and 𝑥 is the distance from the shoulder joint.  

3.2.3 Results 

Table 10 shows the experimental and predicted ETs and the ET error. Measured ETs for 

Dynamic Task were slightly longer than those of the Static Task, likely due to the reduced torque 

as the shoulder angle decreased throughout the repetitive movement, however, this was not 

reflected in the mean predicted ET with the model in Equation 3.2.1. The Dynamic Task showed 

the highest errors, regardless of task order and gender, and the ET was consistently 

overestimated. 

Sex affected measured ET, with the average measured ET greater for males in Static and Two-

handed tasks and only slightly less than females for the Dynamic task, however, greater 

variability was observed for females in this task. Predicted ETs for males and females were all 

relatively close, indicating the model did not take the greater variability and generally lower 

MVC forces (Table 9) of females into account. These results indicate that the relative torques 

Table 10: Endurance measurements and predictions. 

  Static Task Dynamic Task Two-handed Task 

Measured 

Endurance Time 

(s)  

(mean ± std) 

All Subjects 63.25 ± 21.13 87.75 ± 34.67 138.42 ± 49.28 

Females 59.14 ± 19.79 93.86 ± 40.40 125.43 ± 39.71 

Males 69.00 ± 21.60 79.20 ± 21.79 156.60 ± 55.27 

Predicted 

Endurance Time 

(s)  

(mean ± std) 

All Subjects 56.01 ± 6.78 165.12 ± 4.47 172.30 ± 3.02 

Females 54.40 ± 3.25 
165.61 ± 

 5.61 
171.56 ± 1.86 

Males 58.27 ± 9.32 164.43 ± 1.74 173.35 ± 3.89 

Endurance Time 

Absolute Error 

(%) 

All Subjects  28.62 ± 23.27 115.45 ± 70.42 49.42 ± 38.72 

Females 35.74 ± 25.85 111.26 ± 81.23 54.98 ± 45.55 

Males 18.66 ± 13.91 121.32 ± 51.03 41.13 ± 24.13 
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for males and females were the same, i.e. the lower 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 values were balanced with 

lower torque generated during the tasks, likely due to anthropometrics as tasks were performed 

identically by all subjects. However, the model successfully predicted higher ETs for Static and 

Two-Handed tasks for males, and for Dynamic tasks for females, which aligns with the 

experimental data (Table 10).  

Figure 18 shows the Dynamic predicted ET was consistently higher than the measured ET and 

while the measured ETs of Dynamic and Two-Handed tasks varied between individuals, the 

predicted ET remained similar. There was no such pattern for the Static task. It is possible that 

group, therefore task order, affected the measured ETs. Group A completed the Two-handed 

Task last, and Group B completed Static first, resulting in lower measured ETs for these group-

task combinations. Group A’s mean experimental ET for the Static task was 77 s as opposed to 

Group B’s 50 s, while Group A and B’s mean experimental ET for the Two-handed task were 

126 s and 151 s, respectively. This is also demonstrated in Figure 19 which shows the mean 

time spent in each Borg RPE exertion zone. Group A participants tended to be more exhausted  

 

Figure 18: Experimental and predicted endurance times. 

 

Figure 19:Mean length of time (s) participants spent in each Borg RPE category. 
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by the final task than Group B, spending most of their time in the maximally exerted zone. 

Likewise, Group B spent most of the Static Task maximally exerted.   

3.2.4 Discussion 

The preliminary work described in this section provided the basis for further experimental 

studies assessing the torque-based CE model. Task order and sex were found to affect the 

measured ETs of subjects, indicating that gender, previous tasks, their workloads, and duration 

must be taken into account in fatigue prediction, even if the individual reported that they were 

fully rested from previous activity. Errors for Dynamic Task were highest across all participants, 

regardless of sex or task order. The number of subjects limits the applicability of the study as 

studies studying ET ranged from ten to 40 [162], [226], [232], [234], [239], [240], and even a 

few over 80 participants [231], [233], although most MET studies consisted of fewer than ten 

participants, as discussed by Mathiassen and Ahsberg (1999) [162]. The narrow age range of 

the cohort, Table 9, was also a limitation and individuals were tested between 30-45% of their 

MVC, however, a range of intensities (i.e. 10 to 20%, 20 to 30%, etc.) in different directions 

should be tested to gain a full understanding of how the model performs under these conditions, 

which is applied in the next study described in section 3.3 Improving Dynamic Endurance Time 

Predictions for Shoulder Fatigue: A Comparative Evaluation.  

Males had longer measured ETs than females in two of the tasks (Static and Two-Handed), 

Table 10, which is not in alignment with some literature [118], [234], [234], [239]. However, 

some results are aligned with other studies, such as [231], [241] who found women’s strength 

was significantly less than men (similar to Table 9), and the difference increased with age, but, 

in one study [231], at the same level of %MVC (40%) women’s endurance was greater than 

men (123%), this is similar to the Dynamic task (Table 10). 

The results of the present study illustrated that the CE model can provide a valuable tool for 

estimating ET for static and dynamic lifting tasks about the shoulder joint under specific 

conditions. The choice of using torque instead of force, like in Romhert’s model [123], better 

reflects the change of CoM during the movement, but makes any error in the anthropometric 

data (length and radius of the body segments of the arm) to propagate faster. On the other hand, 

Rohmert’s model has been questioned, especially the presence of an endurance limit at 15% 

indicating that tasks at this exertion level can be maintained indefinitely [70], [162], [235] and 

it was found to overestimate ET for lower SIs, i.e. up to 20% MVC [235]. Due to these 

criticisms, it may be beneficial to assess any other torque-based endurance models in the 
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literature, if present, or to develop a new endurance model. This approach will be performed in 

section 3.3 Improving Dynamic Endurance Time Predictions for Shoulder Fatigue: A 

Comparative Evaluation, especially since the errors indicate that this method of ET prediction 

is not suitable for deployment in the fatigue forecasting system. In addition, the method of 

determining 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 described in section 3.1 Estimation of Maximum Shoulder and Elbow 

Joint Torque Based on Demographics and Anthropometrics [202] should be assessed with the 

CE model and any other torque-based endurance model in future work.  

Future work can involve the reduction of errors and modification of the model to deal with the 

aforementioned shortcomings. For example, modifications may comprise of testing under 

different joint configurations (e.g. by flexing elbow and wrist to differing extents), other 

directions (e.g. internal and external rotation or abduction and adduction) while using one or 

two hands at a range of standardised intensity (SI) levels, i.e. %MVC, and considering the joint 

angles in more than one plane. Figure 18 showed that the model did not account for individual 

differences as much as initially expected since similar ET predictions provided for all subjects 

and they were not in alignment with the measured ET for Dynamic and Two-Handed tasks, 

suggesting that other considerations, such as the influence of body composition parameters and 

exercise level can be investigated in future work. In addition, the influence of task type and task 

order can be assessed in future work. The CE model was used to design more user-friendly 

fatigue reducing user interfaces in VR [37], similarly, this work may provide the basis for a 

more individualised approach to worker-specific target levels and workloads, tool selection and 

fatigue reduction in occupational settings.  

3.2.5 Conclusion 

The torque-based CE model was found to predict the ETs of a loaded and flexed shoulder joint, 

in one-handed static conditions and two-handed dynamic conditions with errors of 28.62% and 

49.21% respectively. Gender was found to affect the predicted ET, especially for the Static task, 

the error 18.66% for males and 35.74% for females. The model significantly overestimated one-

handed dynamic tasks across the cohort, regardless of task order.  

More subjects and a wider range of abilities and ages are required for future work which may 

involve the integration of wearable sensors to gain unbiased physical exertion measurements 

and the modification of the CE endurance model to adjust different joints under load during 

static and dynamic conditions, with one and both hands and at a range of intensities and 

directions.  
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3.3 Improving Dynamic Endurance Time Predictions for 

Shoulder Fatigue: A Comparative Evaluation 

This section is based on work published in Applied Ergonomics in May 2025. Additional 

analyses that were not included in the original publication are included in the thesis; these 

pertain to the inclusion of the regression models for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 from section 3.1 Estimation 

of Maximum Shoulder and Elbow Joint Torque Based on Demographics and Anthropometrics. 

3.3.1 Introduction 

Figure 20 shows different endurance models considered in this section and how the increase in 

relative torque results in differing reductions in endurance capacity, depending on the model. 

As previously mentioned, the CE model (Equation 3.2.1, orange line in Figure 20), derived 

from Rohmert’s model [123] for static tasks, replaces 
𝐹𝑜𝑟𝑐𝑒

𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥
 with 

𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
 to account for 

changes in the moment arm, offering fatigue assessment for dynamic conditions. The CE model 

was applied in unloaded conditions [37] and in loaded conditions with high errors [203], and 

there are disagreements regarding the fixed asymptote (minus 15 in the denominator) not 

reflected in recent empirical findings [70], [88], [162]. The new improved consumed endurance 

(NICE) model (Equation 3.3.1, blue solid line in Figure 20), addressed these limitations by 

removing the asymptote and fitting a power curve to experimental data [88]. 

 

Figure 20: All six endurance models that are assessed in the study, all are in terms of torque/maximum torque. 
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𝐸𝑇_𝐶𝐸 =
1236.5

(
𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
× 100 − 15)

.618 − 72.5 
(Equation 3.2.1) 

𝐸𝑇_𝑁𝐼𝐶𝐸 =
1277.9066

(
𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
× 100)

.7546 
(Equation 3.3.1) 

Frey Law and Avin [71] offered a comprehensive meta-analysis of MET models by fitting 

power and exponential curves to empirical endurance data from multiple studies. The Frey Law 

& Avin power (𝐸𝑇 = 𝑏0 ∗ (𝑀𝑉𝐶)𝑏1) and exponential (𝐸𝑇 = 𝑏0 ∗ 𝑒𝑥𝑝(𝑀𝑉𝐶∗𝑏1)) models 

contain coefficients (𝑏0 and 𝑏1) that describe endurance for different joints as well as 

generalised curves for the whole body in terms of MVC%, also called SI. For example, the 

general power model was expressed as 𝐸𝑇 = 21.92 ∗ 𝑀𝑉𝐶−1.98 and similar to the CE model 

(Equation 3.2.1) which replaced force inputs in Rohmert’s model [123] with torque inputs, the 

force inputs were replaced with torque inputs in these general and shoulder power models 

(Equations 3.3.2 and 3.3.3) and general and shoulder exponential models (Equations 3.3.4 to 

3.3.5) in this work.  

𝐸𝑇_𝐹𝐴_𝑃𝑜𝑤𝑒𝑟𝐺𝑒𝑛𝑒𝑟𝑎𝑙 =
21.92

(
𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
)
1.98 

(Equation 3.3.2) 

𝐸𝑇_𝐹𝐴_𝑃𝑜𝑤𝑒𝑟𝑆ℎ𝑜𝑢𝑙𝑑𝑒𝑟 =
14.86

(
𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
)
1.83 

(Equation 3.3.3) 

𝐸𝑇_𝐹𝐴_𝐸𝑥𝑝𝐺𝑒𝑛𝑒𝑟𝑎𝑙 =
1122.32

𝑒
(

𝑇𝑜𝑟𝑞𝑢𝑒
𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥

)×4.76
 

(Equation 3.3.4) 

𝐸𝑇_𝐹𝐴_𝐸𝑥𝑝𝑆ℎ𝑜𝑢𝑙𝑑𝑒𝑟 =
685.46

𝑒
(

𝑇𝑜𝑟𝑞𝑢𝑒
𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥

)×4.97
 

(Equation 3.3.5) 

This study built on previous research in section 3.2 Validation of Endurance Model for Manual 

Tasks [203] and compared torque-based endurance models (Equation 3.2.1 and Equation 3.3.1 

to Equation 3.3.5, curves in Figure 20) and four methods of obtaining 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 to assess 

their predictive accuracy for fatiguing static and dynamic tasks. The goal was to determine the 

most effective models and inputs for predicting ET and to address the limitations of current 

methods by developing a more individualised approach. By focusing on fundamental tasks, 

this research aimed to lay the groundwork for applying these models to more complex 

industrial tasks. 
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3.3.2 Material and Methods 

Subject parameters, ET and MoCap data for shoulder tasks were extracted from an open-access 

dataset [242] which also includes additional tasks and sensor data.  

Participants 

Twenty-nine participants (14 females) were asked to attend the session fully rested and 

completed a 5-min upper body warm-up prior to data capture. Demographics and 

anthropometrics were gathered (Table 11) using the clinically validated OMRON BF511 Body 

Composition Monitor (Omron Corporation, Kyoto, Japan) [219] and anthropometric 

measuring tape following measurement guidelines [243], [244]. 

Maximum Forces and Sensor Set-up 

MVCs of the shoulder and elbow joints in flexion (Table 11) were measured using a loadcell 

(range=30 kg; accuracy=.02%; non-linearity=.02% F.S.) in the same manner previously 

described in section 3.1 Estimation of Maximum Shoulder and Elbow Joint Torque Based on 

Demographics and Anthropometrics. MVCs and tasks were completed with the dominant arm 

which was defined as the arm used to perform daily tasks. Participants pushed upwards against 

the loadcell using maximum effort for 3 s while maintaining a straight posture three times [67], 

firstly for a practice test, and forces were recorded on the second and third attempts with a 2- 

min break in between [196], [245], the mean of which was used to determine MVC. The closest 

weights to 25% and 45% SI, determined the dumbbell weight lifted during tasks in the study, 

Table 11: Anthropometric and demographic data of participants 

Parameters All Subjects Males Females 

Age (years) 27.7 ± 4.3 28.5 ± 3.6 26.9 ± 4.8 

Height (m) 1.72 ± .09 1.78 ± .07 1.65 ± .04 

Body Mass (kg) 70.48 ± 13.13 78.41 ± 11.11 61.99 ± 9.25 

Body Mass Index (kg/m2) 23.70 ± 3.13 24.55 ± 2.77  22.81 ± 3.25  

Fat % 26.95 ± 7.82 22.64 ± 6.54 31.56 ± 6.28 

Muscle % 33.27 ± 5.71 37.66 ± 3.82 28.56 ± 3.01 

Upper Arm Length (m) .34 ± .04 .36 ± .04 .33 ± .03 

Forearm Length (m) .26 ± .03 .28 ± .04 .25 ± .02 

Hand Length (m) .18 ± .01 .18 ± .01 .18 ± .01 

Shoulder MVC (N) 62.88 ± 23.81 82.78 ± 15.15 41.55 ± 7.04  

Elbow MVC (N) 112.23 ± 53.17 152.69 ± 43.37 68.88 ± 14.43 

Table 12: Ideal and real standardised intensities (%) of the loads lifted in the study. 

Standardised Intensities (%) 

Ideal SI All Subjects Males Females 

25 24.5 ± 3.8 27.1 ± 3.4 21.9 ± 2.0 

45  44.5 ± 4.5 45.8 ± 4.6 43.7 ± 4.0 
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available weights (in kg,) were .5, 1, 2, 3, 4, 5, 6, 7.5, 10, corresponding closely to the desired 

SI, and actual SIs are shown in Table 12. The closest dumbbell load was typically below the 

desired SI for females (for example, 25% SI corresponded to 1.17 kg for one subject, and this 

was rounded down to the available 1kg load, resulting in an actual SI of 21.33%) and the 

opposite was true for males, explaining the differences in actual and desired SI between sexes. 

Ten Prime 13 and 2 Prime 13X OptiTrack cameras (NaturalPoint, Inc., Corvallis, OR, USA), 

sampling at 180 Hz, obtained motion data required for calculating torque. The highest mean 

calibration ray error was .6mm and mean calibration wand error was .1mm. A 27-marker set 

by Optitrack [246] was utilised, enabling tracking of the upper body. Markers were attached to 

the participant using double sided sticky tape and Velcro. 

Tasks 

Subjects completed four tasks, Figure 21: 

• Static at 25% (S25); the shoulder joint was flexed 90° to the trunk with the arm 

outstretched, dumbbell was hand-held in a supinated position, posture was upright. 

• Dynamic at 25% (D25); the shoulder joint was continuously flexed between 0° and 90°, 

where the arm was down by the individual’s side at 0°, and in the static task position at 

90°. 

• Tasks were repeated at 45% load intensity, called S45 and D45. 

Other tasks are included in the dataset [242], and were completed in two different orders, refer 

to the dataset for more information. Furthermore, these tasks involve minimal complexity, 

providing a basic platform to test and compare the models, and a lifting action such as this is 

relevant to manual handling and assembly tasks. SIs of 25% and 45% were chosen as there is 

a rapid decrease in endurance curves around 15-20% SI due to the ischemic effect as a result 

of intramuscular pressure [247], and there is much disagreement about ETs in this range, as 

previously mentioned. Thus, 25% was chosen as the first SI to attain an idea of ETs after this 

rapid decrease, and 45% was chosen as ETs reduce significantly beyond 50% SI. 

For the 25% SI tasks, Borg RPE [72] scores (Appendix 13) were attained before the task, 5 s 

into the task, at 15 s, and every 15 s thereafter [248]. For 45% SI tasks, Borg RPE score was 

acquired before the task, at 5 s, 10 s and every 10 s thereafter [127], [235]. Experimental ET 

was recorded as the time taken to reach a fatigued state, indicated by Borg RPE score ≥ 17 

[86] or when the correct form could no longer be maintained [88]. As previously mentioned, 

measuring maximum holding time is a common method used to generate endurance curves 

[70], [71], [88]. Since endurance models were valid for slow isokinetic cycles lasting 2 s in 
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other research [247], a slightly faster rate (50 beats per min) which still encouraged controlled 

movement was maintained using a metronome, as quicker movements more closely resemble 

the rate of real-world occupational tasks. Regarding rest breaks, 7.5- and 10-min were provided 

for tasks at 25% and 45% SI [27], [67], [119], [236], and tasks could only begin when Borg 

RPE was 6 or 7, indicating a rested state.  

Analysis 

Predicted ET was found using six models (Equation 3.2.1 and Equations 3.3.1 to Equation 

3.3.5) and four methods of obtaining 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, Figure 22. 𝑇𝑟𝑢𝑒 𝑇𝑜𝑟𝑞𝑢𝑒 (𝑇𝑇) is the 

required input to all models and is expressed as 
𝑇𝑜𝑟𝑞𝑢𝑒

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥
, where torque is the sum of the 

torques acting on the frontal axis of the shoulder (Equation 3.2.3, [37], described in the 

previous section in more detail) and was calculated using joint angles extracted from MoCap 

data, anthropometric data (Table 11 and [220]), inertia, angular acceleration and dumbbell load, 

see grey in Figure 22. 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 is the maximum torque produced by the individual 

(Equations 3.3.6 and 3.3.7), see orange and blue boxes in Figure 22.  

Gaps in the position tracking of markers smaller than 90 samples (~.5 s) were filled using cubic 

interpolation via Motive software (NaturalPoint, Inc., Corvallis, OR, USA); larger gaps were 

filled with pattern interpolation using surrounding markers as reference. A 4th degree 

Butterworth filter with a 6 Hz cut-off was used for filtering, takes were exported and run 

through a MATLAB script to extract joint angles. A simplified approach entailed creating 

vectors for arm segments using shoulder, elbow, wrist and finger markers and the angle  

 

Figure 21: Arm position at (left) 0 ° and (right) 90 ° during the tasks. During the static task, the 90 ° position is 

maintained while the arm is flexed between 0-90 ° during the dynamic task at 50 beats per min. 
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between them were found in sagittal plane. 

While torque can be calculated from MoCap data, this method of calculating torque takes the 

hand-held load into account and can be used with wearables, such as IMUs, which future work 

aims to incorporate. Torque remains approximately constant throughout the static tasks (as 

rotational equilibrium is maintained) and it fluctuates throughout each cycle in the dynamic 

tasks as CoM changes. Since 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 is a constant, predicted ET remains fairly constant 

for static tasks and fluctuates throughout dynamic tasks. 

‖𝑇⃗ 𝑠ℎ𝑜𝑢𝑙𝑑𝑒𝑟,𝑡‖ = ‖𝑟 × 𝑎𝑐𝑐⃗⃗⃗⃗ ⃗⃗  𝑡 × 𝑚 − (𝑟 × 𝑚𝑔 + 𝐼𝑡𝛼 𝑡)‖ 

 

(Equation 3.2.3) 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 =
𝑇𝑜𝑟𝑞𝑢𝑒 × 100

√
1277.9066
𝐸𝑥𝑝_𝐸𝑇

0.7546
 

(Equation 3.3.6) 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 = 𝑀𝑉𝐶 × 𝑙 (Equation 3.3.7) 

Since the calculation of torque remains consistent, 𝑇𝑇 varies depending on the method to 

determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. For 𝑇𝑇1, 𝑇𝑇2 and 𝑇𝑇3, 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was approximated by multiplying 

MVC by arm length, the latter of which was the distance from the relevant joint to mid-palm, 

Equation 3.3.7, Figure 22. However, different methods of quantifying MVC exist among 

endurance studies. MVC was measured from the shoulder joint in the NICE study [88], while 

the CE study [37] used 101.6 N for males and 87.2 N for females from elbow MVC tables  

 

Figure 22: Procedure for calculating predicted endurance times for each of the six endurance models with four methods of 

obtaining maximum torque, resulting in 6×4=24 different RMSE values. 
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[160]. Measured MVC from the shoulder (𝑇𝑇1) and elbow (𝑇𝑇2) and sex-based tables (𝑇𝑇3) 

were used to generate three sets of 𝑇𝑇𝑠. Although tasks in this study focussed on shoulder 

elevation, elbow MVC was included as this joint was used in the HMI-related CE study [37] 

which included similar tasks. 

A new method of obtaining 𝑇𝑇 using a calibration task, which is called 𝑇𝑇𝑐𝑎𝑙, was compared 

to the aforementioned 𝑇𝑇𝑠 (𝑇𝑇1, 𝑇𝑇2, 𝑇𝑇3). Instead of measuring MVC, generating 𝑇𝑇𝑐𝑎𝑙 used 

a calibration task to determine the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 that resulted in the correct ET prediction for the 

calibration task conditions; this 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was then used to predict the ET for all other tasks, 

see orange section in Figure 22. In other words, the torque and experimental ET of the 

calibration task were inputted into the models that were rearranged to solve for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, 

Figure 22 shows an example with the NICE model (Equation 3.3.6). The process was 

completed using all models resulting in six 𝑇𝑇𝑐𝑎𝑙 per calibration task.  

All tasks were assessed on their ability to perform as a calibration task; mean and absolute 

mean ET errors (%) were used to compare the predictive ability of the tasks to determine which 

ones perform most effectively as calibration tasks. The 𝑇𝑇𝑠 (𝑇𝑇1, 𝑇𝑇2, 𝑇𝑇3 and 𝑇𝑇𝑐𝑎𝑙) were 

then inputted into each of the six models (Equation 3.2.1 and Equations 3.3.1 to 3.3.5) and the 

ability of different models and 𝑇𝑇𝑠 to predict the experimental ETs of the participants were 

compared. In this way, the impact of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 on ET prediction of the models can be 

ascertained, and the optimal 𝑇𝑇 and model can be selected. 

MATLAB Curve Fitter was used to assess the fit of experimental data to the curves. All subjects 

were analysed, then males and females were analysed separately, firstly for all tasks, then in 

the following groups: static and dynamic tasks, and tasks at 25% and 45% SI. Root mean 

squared errors (RMSEs) of the 𝑇𝑇𝑠 with all six models were examined to understand the impact 

of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 on ET predictions and to identify which models, 𝑇𝑇𝑠 and model-𝑇𝑇 

combinations (e.g. CE-𝑇𝑇1 meaning 𝑇𝑇1 was inputted to the CE model) resulted in the lowest 

error for each sex, movement, and load category. This information may be used to inform which 

models and 𝑇𝑇𝑠 are best suited to a specific cohort of individuals under specific movement or 

load conditions. Experimental data from the NICE study [88] were shared with the authors, to 

enable RMSE comparisons to be made with the present work. 
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3.3.3 Results 

This section presents the key findings of the study, structured around the primary variables and 

factors under investigation. First, the influence of personal factors on fatigue and performance 

metrics was examined, followed by an evaluation of how the choice of calibration task may 

impact model outputs. Finally, the effects of 𝑇𝑇, sex, and task type on the outcomes were 

explored, highlighting significant interactions and trends observed across participant groups. 

Personal Factors 

Mean experimental ETs across all tasks were slightly higher for females (Figure 22). At best, 

moderate Pearson correlation coefficients were achieved when analysing the relationship 

between personal factors and experimental ETs, showing moderate negative relationships 

between muscle % and S25, D25 or D45 (>-.394, P<.05), and moderate positive relationships 

between fat % and D25 or D45 (>.427, P<.05).  

Calibration Task Selection 

To determine which tasks performed best as calibration tasks, each task (S25, S45, D25, D45) 

was analysed to determine which returned the 𝑇𝑇𝑐𝑎𝑙 that yielded the lowest error in the 

predicted ETs for all other tasks. This was tested on all six models to compare how models 

perform with a calibration task. Overall, D45 performed best across all models, producing 

absolute mean ET errors between 20.6% and 22.2%. Following this, tasks were grouped based 

on load, meaning only 25% SI tasks were used to predict ET of 25% SI tasks and the same for 

45% SI tasks, this approach reduced errors compared to using D45 as the calibration task. For 

25% SI tasks, NICE with D25 claimed the lowest mean absolute error (9.5%), while NICE  

 

Figure 23: Mean and standard deviation (black lines) of the experimental endurance times for all tasks for all subjects, males 

and females. 
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with S25 was at 11.7%; S25 performed better than D25 across all other models but with higher 

mean absolute errors than the NICE model. For the 45% SI group: D45 performed better than 

S45 in all models except for NICE, where NICE achieved the lowest error across all models in 

this load group with an absolute mean error of 9.8% for S45 and 11.8% for D45. Based on this 

information and the ease of replication of static compared to dynamic tasks, S25 and S45 were 

selected as calibration tasks for their respective load groups. This means that the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 

generated for each model using tasks S25 and S45 were used to generate 𝑇𝑇𝑐𝑎𝑙, as per Figure 

22, to predict ETs for all tasks at that load. 

Influence of TT, Sex and Task Type  

𝑇𝑇𝑠 were plotted against experimental ET (Figure 24 for 𝑇𝑇1 to 𝑇𝑇3 and Figure 25 for 𝑇𝑇𝑐𝑎𝑙), 

firstly, to show the difference between experimental ETs (data points) and predicted ETs 

according to the endurance models (solid and dashed lines, [37], [71], [88]); secondly, to show 

how 𝑇𝑇 influenced predictions; and finally, to show load, movement and sex differences. 𝑇𝑇𝑐𝑎𝑙 

results are in a separate figure (Figure 25) to the other 𝑇𝑇𝑠 (Figure 24) since 𝑇𝑇𝑐𝑎𝑙 changes 

with load level and the equation used, this is not the case for 𝑇𝑇𝑠 1 to 3, thus 𝑇𝑇𝑠 1 to 3 appear 

in the same figure. Mean predicted ET was plotted in Figure 24 and Figure 25 and since the 

mean torque resulted in the mean predicted ET for both tasks, mean torque was divided by 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 to generate 𝑇𝑇 for these figures. For Figure 24, 𝑇𝑇𝑠 were labelled depending on 

MVC, where 𝑇𝑇𝑠 from measured shoulder and elbow MVCs were 𝑇𝑇1 (red) and 𝑇𝑇2 (purple), 

respectively, and 𝑇𝑇3 (blue) were calculated using literature-reported sex-based MVCs [160]. 

It is evident that 𝑇𝑇 and sex, males in (a) and females in (b), greatly impacted predicted ET; 

for example, 𝑇𝑇3 resulted in a worse fit to the models than 𝑇𝑇1 and 𝑇𝑇2 for males. The wide 

range of female experimental ETs made it difficult to determine which model and 𝑇𝑇, if any, 

were best suited to predicting ET; saying this, 𝑇𝑇3 fitted the models for females better than 

males. Even though the real SIs were within 5% of the target SIs (Table 12), the 𝑇𝑇 range was 

much greater than this due to the influence of parameters that were used to calculate torque, 

such as arm mass and arm length.  
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Figure 24: Different methods of determining maximum torque result in dramatically different true torques, the variable used 

to calculate endurance prediction time, for both (a) males and (b) females. 

 

Figure 25: Calibration true torques plotted against experimental endurance times for all models. Static tasks appear on the 

model curve while dynamic tasks deviate slightly as their true torque was calculated using the torque max of the static task at 

that load. 

In Figure 25, each model is shown individually because a different 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 depending on 

the model in question; a sex breakdown is also provided (circles for males, triangles for 

females). Static tasks appear on the model curve since these tasks were used to generate the 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 that delivered 0% error, while dynamic tasks appear close to the curves, often 

following a consistent trajectory, with females deviating further from the curve in general than 

males with D25. Models typically overestimated the ET of dynamic tasks with this method 

because experimental ET of dynamic tasks (represented by data points) mostly fall under the 
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predicted ET values (represented by curves), except for the NICE model where there seems to 

be a more even distribution of data points. This is the opposite for 𝑇𝑇1, 𝑇𝑇2 𝑎𝑛𝑑 𝑇𝑇3 as they 

frequently underestimated ETs (Figure 24), particularly for 𝑇𝑇3 with males and for 𝑇𝑇2 with 

females. 

The fit of experimental data (using 𝑇𝑇1, 𝑇𝑇2, 𝑇𝑇3, 𝑇𝑇𝑐𝑎𝑙) to each of the models resulted in 24 

RMSEs each for the following categories: all tasks, static tasks, dynamic tasks, tasks at 25% 

and 45% SI, for all subjects, males and females. Figure 26, Appendix 15 and Appendix 16 show 

the RMSEs across all categories, highlighting the models, 𝑇𝑇𝑠, and model–𝑇𝑇 combinations 

that resulted in the lowest errors. Across all tasks and subjects (Figure 26), NICE-𝑇𝑇𝑐𝑎𝑙 

performed the best and lowest RMSEs were generated with this model-𝑇𝑇 combination (RMSE 

is 19.11 s for all subjects, 12.16 s for males and 24.45 s for females). The 𝑇𝑇𝑐𝑎𝑙 column in 

Figure 26 includes the combined RMSE of static and dynamic task, note the 0s RMSE for static 

tasks using 𝑇𝑇𝑐𝑎𝑙, as shown in Appendix 15 (a) and (c) which gives a breakdown of static and 

dynamic tasks by sex. For dynamic tasks, Appendix 15 (b) and (d), NICE-𝑇𝑇𝑐𝑎𝑙 remains the 

best performing model-𝑇𝑇 combination, where the best RMSE for females was reduced from 

56.20 s (best model-𝑇𝑇 without 𝑇𝑇𝑐𝑎𝑙) to 34.58 s (best model-𝑇𝑇 with 𝑇𝑇𝑐𝑎𝑙) and for males 

from 25.21 s (best model-𝑇𝑇 without 𝑇𝑇𝑐𝑎𝑙) to 17.19 s (best model-𝑇𝑇 with 𝑇𝑇𝑐𝑎𝑙). 

Appendix 16 shows a breakdown of SI and sex, where 𝑁𝐼𝐶𝐸-𝑇𝑇𝑐𝑎𝑙 resulted in the lowest 

RMSEs for males (14.31 s) and females (31.07 s) for both tasks at 25% SI (S25 and D25), and 

the remaining model-𝑇𝑇 combinations span the following ranges: 32.41 s (𝐹𝐴_𝐸𝑥𝑝𝑆ℎ𝑜𝑢𝑙𝑑𝑒𝑟-

𝑇𝑇𝑐𝑎𝑙) to 85.81 s (𝐹𝐴_𝐸𝑥𝑝𝐺𝑒𝑛𝑒𝑟𝑎𝑙-𝑇𝑇1) for males and 52.44 s (𝐹𝐴_𝐸𝑥𝑝𝑆ℎ𝑜𝑢𝑙𝑑𝑒𝑟-𝑇𝑇𝑐𝑎𝑙) to 

187.50 s (𝐶𝐸-𝑇𝑇𝑐𝑎𝑙) for females. Similar to 25% SI tasks, 𝑁𝐼𝐶𝐸-𝑇𝑇𝑐𝑎𝑙 resulted in the lowest 

RMSEs for males (9.53 s) and females (15.18 s) for 45% SI tasks, Appendix 16. Remaining 

model-𝑇𝑇 combinations for 45% SI tasks ranged from 12.26 s (𝑁𝐼𝐶𝐸-𝑇𝑇2) to 49.05 s 

(𝐹𝐴_𝐸𝑥𝑝𝑆ℎ𝑜𝑢𝑙𝑑𝑒𝑟-𝑇𝑇3) for males and 21.50 s (𝐶𝐸-𝑇𝑇𝑐𝑎𝑙) to 52.37 s (𝐹𝐴_𝐸𝑥𝑝𝑆ℎ𝑜𝑢𝑙𝑑𝑒𝑟-𝑇𝑇2) for 

females. The introduction of 𝑇𝑇𝑐𝑎𝑙 led to significant reductions of RMSEs across all load levels 

and subjects. There were consistently higher RMSEs for females at both load levels, however, 

𝑇𝑇𝑐𝑎𝑙 narrowed the gap between male and female errors, especially at 25% SI for females, 

67.31 s (best model-𝑇𝑇 without 𝑇𝑇𝑐𝑎𝑙) to 31.07 s (best model-𝑇𝑇 with 𝑇𝑇𝑐𝑎𝑙). R
2 for 𝑁𝐼𝐶𝐸-

𝑇𝑇𝑐𝑎𝑙 were .459 for D25 and .314 for D45, denoting a weak explanation of the variability in 

the data. 
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Figure 26: RMSEs for each model and true torque combination for all tasks, for (a) all subjects, (b) males, (c) females. FAP 

Gen = Frey Law and Avin general power model, FAExp Gen = Frey Law and Avin general exponential model, FAP Sh = Frey 

Law and Avin shoulder power model, FAExp Sh = Frey Law and Avin shoulder exponential model. 

3.3.4 Discussion 

This section begins with a summary of the key outcomes, followed by a discussion of how the 

method to calculate 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 can influence fatigue estimates. The implications of task type 

(static versus dynamic) are considered, alongside an evaluation of model fit and prediction 

accuracy and the influence of personal factors. Limitations of the study are acknowledged, and 

practical recommendations are offered based on the results. Finally, directions for future 

research are proposed to further advance the field. 

Summary of Findings 

This study built on previous research [203] and used six torque-based endurance models to 

predict ET during lifting and highlighted the impact of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 measurement. Unlike 

traditional models that rely on force inputs and focus on one joint or task [70], [71], [227], 

[235], [249], the described approach accounted for changes in 𝑇𝑜𝑟𝑞𝑢𝑒 and considered three 

joints in the upper extremities, widening the applicability to tasks with different arm 

configurations. The study's findings offer practical recommendations for improving ET 

predictions. By conducting static calibration tasks at multiple load levels researchers can 

determine the optimal 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 for lifting tasks in a standardised and easily reproducible 
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manner. Future work will focus on assessing the generalisability of this method to other manual 

tasks. This approach provides a repeatable method for reducing ET prediction errors and 

presents potential for improving fatigue management in real-world settings. Furthermore, the 

predictive output supports the move towards proactive fatigue prevention for dynamic tasks 

which is lacking in the literature [3], [75], and previously mentioned methods in current 

research, such as [63], [71], [123], [124], [168], [196], do not directly provide. 

Influence of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥  

Results highlighted variations in ET predictions based on the method used to quantify 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. The 𝑁𝐼𝐶𝐸 model, when combined with the calibration approach, demonstrated 

the lowest prediction errors. The 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 used to generate 𝑇𝑇1, 𝑇𝑇2, 𝑇𝑇3 with Equation 

3.3.7 may have faced error propagation while 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 achieved by the calibration method 

did not. Calibration tasks resulted in reduced errors for both static and dynamic tasks, as mean 

errors (mean absolute errors) were 7.63% (11.65%) for both 25% SI tasks and -4.69% (9.8%) 

for both 45% SI tasks, where positive values indicate overprediction and negative to 

underprediction of ET. ET errors were reduced compared to previous work [203] which used 

the 𝐶𝐸 model to predict ET of fatiguing static and dynamic shoulder elevation using only 

measured shoulder forces for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥; mean absolute ET errors (and standard deviations) 

were 28.62% ± 23.27% for static and 115.45% ± 70.42% for dynamic tasks.  

Static versus Dynamic Tasks 

Figure 25 revealed that dynamic tasks exhibited a different endurance trajectory compared to 

static tasks, with lower mean 𝑇𝑇 for dynamic tasks at the same SI, due to torque fluctuating 

during movement. When the arm is outstretched at 90 ° from the trunk, torque is at its peak, 

but torque decreases as the arm moves closer to 0 °, primarily because r decreases. Meanwhile, 

the high torque position was maintained during static tasks, resulting in a shift of the dynamic 

data points to the left (to this lower 𝑇𝑇) compared to the static data points completed at the 

same SI, leading to models generally overpredicting dynamic tasks with 𝑇𝑇𝑐𝑎𝑙 (Figure 25) 

which can lead to H&S concerns in real-world applications (i.e. endurance limit has been 

reached before the model predicts). However, 𝑁𝐼𝐶𝐸-𝑇𝑇𝑐𝑎𝑙, with its lower RMSE, showed a 

more even distribution of dynamic data points, suggesting a better fit and reduced errors 

compared to other models, Figure 25(a). It was found that endurance models can predict ET 

for quicker, more realistically paced tasks for workers compared to force-based models that 

were valid for static tasks and slow movements with sustained contractions [247]. 
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Model Fit and Accuracy 

Frey Law and Avin models [71] showed R2 values between .784 and .897 (using force inputs), 

while the 𝑁𝐼𝐶𝐸 model [88] had an R2 of .572. In the present study, the best-performing model, 

𝑁𝐼𝐶𝐸-𝑇𝑇𝑐𝑎𝑙 showed lower R2 values (.459 for D25 and .314 for D45, P<.01), although these 

were for dynamic movements as opposed to static movements in the aforementioned studies. 

Interestingly, D25 had a better R2 than D45, although D45 performed better in terms of RMSE. 

Despite lower R2, the RMSE of the 𝑁𝐼𝐶𝐸-𝑇𝑇𝑐𝑎𝑙 model (19.11s) was significantly lower than 

the 𝑁𝐼𝐶𝐸 model's RMSE (65.23s) [88], indicating improved predictive accuracy.  

Personal Factors 

Mean experimental ETs across all tasks were slightly higher for females (Figure 23), which is 

in alignment with studies that found females generally exhibit lower fatiguability than males 

during isometric tasks at the same SI [118], [239], [250] - similar trends were found during 

some dynamic tasks [118]. Higher sex-based fatiguability differences were observed for lower 

velocities and SIs, particularly with elbow flexors [118], [250], and similar effects may apply 

to shoulder tasks in the present study. Importantly, muscle group and contraction type affect 

sex differences, where recovery is slower for females in lengthening activations of some muscle 

groups [250], which can be explored in future research. Additionally, lower actual SIs for 

females compared to males (Table 12) may have impacted differences. The inclusion of torque 

denoted increased individualisation compared to force-based models due to the inclusion of 

arm segment lengths and masses in Equations 3.3.5, 3.3.8, and 3.3.9. Contrary to expectations, 

fat % showed a positive relationship with experimental ET, while muscle % had a negative 

relationship. These findings highlight the need for further research to explore the impact of 

personal factors on endurance.  

Limitations 

The number of subjects was in alignment with the literature, but this can vary significantly, 

ranging from 9 [247] and 12 [88], [235] to 40 [162] and 60 [251] participants. A larger dataset 

could achieve a more representative view of the population, and the narrow age range of 

subjects (Table 11) does not represent the working population. Measured arm segment lengths 

could have been considered from the shoulder joint centre [252] instead of the acromion. 

Additional dumbbells, such as a 1.5 kg dumbbell, may have resulted in actual and desired SIs 

matching more closely (Table 12) and may impact sex-based differences. Despite participants 

feeling rested before tasks, there may be a cumulative effect of fatigue that potentially resulted  
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Figure 27: Recommended use of calibration method to determine an individualised maximum torque value for endurance 

prediction. 

in underperformance in final tasks. Other methods of 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 measurement exist, for 

example, [161] determines MVC from loadcell, mass and anthropometrics, and [202] uses 

height and upper forearm volume. These methods and other maximum ET models, listed in 

[124], were not considered. A straight-arm configuration was maintained in all tasks without 

consideration of abduction and bent-arm conditions as was done in the 𝐶𝐸 and 𝑁𝐼𝐶𝐸 studies 

[37], [88]. 

Practical Recommendations 

New ET models were not developed, instead, alternative inputs and models were compared to 

reduce ET prediction errors. Static calibration tasks should be completed with multiple loads 

and the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 corresponding to the load in a manual handling task should be used to 

predict ET, Figure 27. This work established an easily reproducible approach to achieve 

reduced ET errors that take an individual’s fatigability at each SI into account. However, these 

results may not provide optimal 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 for tasks other than lifting; different calibration 

tasks may be more appropriate depending on the specific type of task for which endurance is 

being estimated. This study offered a significant contribution when modelling endurance with 

torque for loaded dynamic tasks and provided an alternative approach to measuring 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 leading to lower errors and potential to reduce errors in more complex tasks. 
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Future Research  

The limitations can be addressed by exploring alternative calibration tasks and comparing the 

calibration approach to other 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 measurement methods. Future research can consider 

posture, individual factors, measured distances to joint centres, applicability to tasks with 

increased complexity, one-handed versus two-handed tasks and cumulative fatigue using the 

dataset [242]. Wearables have been used with ergonomic risk assessments [80], [137] and 

muscle models [99], [196] and may aid in adapting the present work to real tasks and work 

environments. Although a system incorporating endurance models, IMUs for motion tracking, 

and pressure insoles for external load estimation could enable fatigue forecasting [3], [75], 

further research is needed. Thus, a focus on load and task estimation using pressure insoles is 

the focus of the coming chapters. The results contribute to proactive evaluation of work tasks 

and help refine endurance models for ergonomic assessment. By improving fatigue predictions, 

this research supports future advancements in workplace safety and injury prevention, paving 

the way for more advanced risk assessments and fatigue monitoring solutions. 

3.3.5 Conclusion 

Six models and four methods of measuring 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 were used to predict ET of 29 subjects 

under static and dynamic conditions at low and medium SIs. Predictions varied greatly 

depending on the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 employed. A calibration task which determined the optimal 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 and the 𝑁𝐼𝐶𝐸 model produced the lowest RMSEs. For all tasks, the mean RMSE 

was reduced from 41.08 s for the best model without the calibration method to 19.11 s using 

the calibration method for all subjects, from 26.13 s to 12.16 s for males and 51.28 s to 24.45 

s for females. Static tasks at a particular load can be used to calibrate an individual for 

personalised endurance prediction of dynamic tasks and presents opportunities for improved 

ergonomic risk assessment while laying the foundation for physical fatigue detection with 

wearables.  
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Chapter 4 Load and Task Estimation 

This chapter focuses on working towards achieving Objectives 1 and 2 aiming for task 

generalisability and automatic input of model parameters by continuously extracting data from 

wearables: 

1. assessing how the introduction of wearable sensors affects ET accuracies when input to 

the endurance model, 

2. classifying common industry tasks (such as load-bearing walking, pick and place and 

assembly, as well as walking and standing) using pressure insoles to determine task-

based load inputs to the endurance model. 

The studies presented in this chapter are based on the following manuscripts: 

• P. O’Sullivan, M. Menolotto, B. O’Flynn, and D.-S. Komaris, ‘Evaluating Wearable 

Sensor Technologies for Predicting Shoulder Endurance’, in 2025 47th Annual 

International Conference of the IEEE Engineering in Medicine & Biology Society 

(EMBC), Copenhagen, Denmark, doi: https://doi.org/10.1109/embc58623.2025.11253 

989. 

• [253]: P. O’Sullivan, M. Menolotto, A. Visentin, B. O’Flynn, and D.-S. Komaris, ‘AI-

Based Task Classification With Pressure Insoles for Occupational Safety’, IEEE 

Access, vol. 12, pp. 21347–21357, 2024, doi: 10.1109/ACCESS.2024.3361754. 

The work described in this chapter lays the foundation for task generalisability in the SAFE 

framework and contributes towards the extension of the endurance models (developed in the 

previous chapter) to any upper extremity task with any load – a key novel contribution of the 

thesis. The first publication in this chapter, covered in section 4.1 Evaluating Wearable Sensor 

Technologies for Predicting Shoulder Endurance, analyses how ET prediction accuracies 

change depending on the methods used to input parameters into the endurance model, moving 

from a lab-based approach that requires manual input and MoCap data towards a fully wearable 

approach utilising IMUs and pressure insoles. The results served as a pivotal factor in shaping 

the final approach taken to meet the project’s objectives, where automated load input to the 

endurance models in the SAFE framework is performed using task classification. More 

specifically, a load is assigned to a particular task, task classification is used to detect the task 

taking place and inputs the appropriate hand-held item parameters into the endurance model to 

ensure ET predictions are adjusted based on task type. This work also highlighted the 

https://doi.org/10.1109/embc58623.2025.11253
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importance of accurate joint angle measurement as this was shown to impact endurance 

predictions, and thus contributed to the methods for joint angle measurement and analysis in 

Chapter 5 System for Activity-aware Fatigue Evaluation (SAFE) Framework: Predictive 

Fatigue Modelling for Occupational Tasks. Subsequently, section 4.2 AI-based Task 

Classification Using Pressure Insoles for Occupational Safety describes the experiment 

(experiment number 4, Appendix 5) where pressure insoles alone were used to classify 

industry-type tasks using explainable methods, a key novelty of this work. As mentioned in 

Chapter 2 State-of-the-Art in Workplace Fatigue, Wearables, and WMSD Prevention, 

explainable AI methods are crucial for trusting classifier decision in the context of occupational 

H&S, and there is a lack of such methods in research and in the field. The dataset was made 

publicly available to aid with addressing the lack of open access public sensor data in the field.  

The model developed in this chapter is deployed later in Chapter 5 System for Activity-aware 

Fatigue Evaluation (SAFE) Framework: Predictive Fatigue Modelling for Occupational Tasks 

where it is used to tune endurance predictions and assign task-specific endurance coefficients, 

which is discussed in more detail in Chapter 5 System for Activity-aware Fatigue Evaluation 

(SAFE) Framework: Predictive Fatigue Modelling for Occupational Tasks. In addition, this 

model showed strong potential for near real-time deployment which is important for future use 

of the SAFE framework. Overall, this chapter contributes towards expanding the torque-based 

endurance modelling through the use of wearables (Objective 1) and achieving the task 

generalisability related objective of the thesis (Objective 2) and bridges the SAFE framework 

closer to near real-time deployment.  

4.1 Evaluating Wearable Sensor Technologies for 

Predicting Shoulder Endurance 

This section is based on work published in the proceedings of the 47th IEEE Engineering in 

Medicine and Biology Conference and was presented in Copenhagen, Denmark in July 2025. 

4.1.1 Introduction 

This study presents a comparison of different sensors to see how predicted ET is affected for 

dynamic shoulder tasks when the NICE endurance modelling approach is used in conjunction 

with the calibration method defined in section 3.3. This work marks a preliminary step before 

using the established novel method for endurance prediction using wearable sensors (which is 

the goal of future work) and marks the introduction of pressure insoles into the experiments in 
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the thesis. Pressure insoles measure the plantar pressure experienced between the foot and the 

sole of the shoe, and they can be used to estimate total ground reaction forces and the CoP in 

ambulation [254], [255], [256]. While force plates are considered the ‘gold-standard’ for load 

measurement in biomechanics, pressure insoles such as the loadsol® (Novel GmbH, Munich, 

Germany), F-Scan (Tekscan, Massachusetts, USA), and Moticon (Munich, Germany) allow the 

collection of pressure data inside and outside a laboratory setting with good accuracy. The 

present section is the first case of integrating an endurance model with a wearable system for 

loaded tasks to the authors’ knowledge. Therefore, this study analyses offline endurance 

prediction and lays the groundwork for real-time endurance prediction with wearables, and the 

effect of alternative wearables on endurance predictions is assessed. The results will inform the 

design an endurance prediction framework and system for use with the NICE models and novel 

method of estimating 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥. 

4.1.2 Methods 

This section outlines the experimental procedures, modelling strategies, and evaluation 

techniques employed in this study. It begins with a description of the data collection process 

and experimental setup, followed by the methods used for torque estimation. Finally, the 

approach for predicting ET and the evaluation metrics used to assess model performance are 

presented. 

Data Collection and Experimental Protocol 

Anthropometric, demographic, and wearable sensor data of six subjects (Table 13) were 

extracted from a publicly available dataset [242]. MoCap data were collected using Optitrak 

(Natural Point, Inc., Corvallis, OR, USA) and IMUs from MTw Awinda (Xsens Technologies 

B.V., Enschede, The Netherlands) were both used to obtain kinematic information. Loadsol 

pressure insoles from Novel GmbH, Munich, Germany, were used to gather load information 

during the tasks. MoCap used a 27 upper body marker placement, and the system was calibrated 

using a calibration wand and T-pose. IMUs were calibrated on a level surface using a heading 

reset and were then placed on the torso, upper arm, forearm and hand according to the 

manufacturer’s guidelines. Pressure insoles were calibrated using the subject’s mass prior to 

each task and data were acquired using the loadsol application. Two tasks from the dataset are 

included in this study, relating to shoulder elevation movements from 0° to 90°, where a 

metronome at 50 beats per min guided participants’ rate of movement. The task was completed 

with a dumbbell at 25% and 45% of the individuals’ MVC force, measured with a force  
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Table 13: Subject details. 

Subject Details 

Sub No. Sex Age (years) Body mass (kg) Height (m) 

1 male 31 85.9 1.85 

2 male 34 70.9 1.70 

3 female 21 52.0 1.68 

4 male 29 94.5 1.75 

5 male 28 79.1 1.76 

6 female 31 55.2 1.65 

 

 

Figure 28: Details of the three approaches used in the methodology. 

transducer in the measurement position, i.e. shoulder fully flexed and elbow fully extended. 

The dynamic shoulder tasks at 25% and 45% of MVC force are named D25 and D45 in the 

original dataset, and this naming convention changed to 25 and 45 in the present section. All 

tasks were completed until fatigue, the Borg RPE scale [72] was used to ascertain the subjective 

fatigue status of the participants throughout the trial and acted as the fatigue reference measure 

to ensure participants were fatigued at task cessation. 

Torque Estimation Approaches 

As mentioned, the method to determine the optimal 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 was explored in section 3.3 

and was used for this input. The present study looks at three methods of evaluating torque via 

wearable sensors (Figure 28). The methods employed are as follows: Method 1 (M1, non-

wearable approach) used MoCap data to generate joint angles, and the dumbbell mass was 

inputted manually to the model; Method 2 (M2) used IMU data to generate joint angles and the 

dumbbell mass was inputted manually to the model; Method 3 (M3, fully wearable approach) 

used IMU data to generate joint angles and dumbbell mass was estimated from pressure insole 

data. A similar methodology has been employed in studies when investigating errors associated 

Method 1

•MoCap data used for joint angles and manual input of 
dumbbell mass (non-wearable approach)

Method 2

•IMU data used for joint angles and manual input of 
dumbbell mass 

Method 3

•IMU data used for joint angles and pressure insole data 
used for dumbbell mass (fully wearable approach) 
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with the use of wearables compared to gold-standard technologies when estimating hand forces 

during manual handling activities [257]. 

As previously outlined in section 3.2 Validation of Endurance Model for Manual Tasks, the 

calculation of torque involved for each task required the following inputs: arm segment masses 

and lengths, CoM location and acceleration (deduced from joint angle data), dumbbell mass 

and dimensions [37]. Arm segment masses and lengths were taken from the anthropometric 

data in the dataset and were manually inputted to the equation; CoM was deduced from joint 

angle data (from MoCap for M1, IMU data for M2 and M3); dumbbell mass was manually 

inputted for M1 and M2 and determined from pressure insole data for M3. Dumbbell and arm 

inertia were respectively approximated as a sphere and determined using Winter (2009) [220].  

Endurance Time Prediction and Evaluation 

Joint angles determined from MoCap data signifies a non-wearable approach as it cannot be 

easily integrated into a work uniform or environment, but these joint angles act as the ground 

truth and a basis from which to compare the wearable approaches, as is commonly done in 

occupational ergonomic studies [18], [75]. The methods with IMU-enabled joint angle 

detection presents an increasingly wearable approach; the angular distance between the 

quaternions of the appropriate IMUs resulted in the shoulder (torso and upper arm IMUs), 

elbow (upper arm and forearm IMUs) and wrist (forearm and hand IMUs) determined the joint 

angles. For some subjects, an offset was applied to joint angle data from IMU to align with 

MoCap since this represented the ground truth of joint angles in the present study. For M3, 

Equation 4.1.1 was used to determine the estimated dumbbell mass (𝑚̂𝑑𝑢𝑚𝑏𝑏𝑒𝑙𝑙) using pressure 

insole data. The absolute value was used as, for some frames, the total force from each pressure 

insole (𝐹𝑜𝑟𝑐𝑒𝑃𝐼) divided by 9.81 was less than total body mass according to the pressure 

insoles. With the inputs, torque and 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 specified, predicted ET was calculated using 

Equation 3.3.1 for each method and the associated errors were found. 

𝑚̂𝑑𝑢𝑚𝑏𝑏𝑒𝑙𝑙 =
𝐹𝑜𝑟𝑐𝑒𝑃𝐼

9.81
− 𝑇𝑜𝑡𝑎𝑙 𝑏𝑜𝑑𝑦 𝑚𝑎𝑠𝑠 

(Equation 4.1.1) 

4.1.3 Results 

Three different ET predictions were obtained for the dynamic tasks of six subjects using the 

outlined method. Experimental and predicted ETs (named E_ET and P_ET) and associated 

errors are detailed in Figure 29 and Table 14, where the best performing approach for each 
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subject is in bold green. Positive errors indicate overestimation of the predicted ETs compared 

to the measured experimental ETs and negative errors indicate underestimation.  

Mean and absolute mean values for each load level are detailed at the bottom of Table 14, 

where M3 tended to underestimate values for both tasks (-23.8% for task 25 and -15.3% for 

task 45), while overestimation was evident in M1 and M2 for task 25 (29.7% and 24.0% 

respectively). On the other hand, mean errors for task 45 were very low for M1 and M2 (0.6% 

and -1.9% respectively). However, the mean absolute errors tell a different story with errors of 

25.1% and 24.1% respectively, indicating an equal level of under and over estimation of P_ETs 

for task 45 with M1 and M2. Errors also show task dependency (Figure 29) with overestimation 

for task 25 and underestimation for task 45, especially for M1 and M2. 

Across all tasks, M2 has the lowest errors (absolute mean error = 24.8%) and a mean error of 

11.0% indicates general overestimation of ETs when joint angles from IMU data are used. 

Slightly higher errors are observed for M1(absolute mean error = 30.2%) and M3 (absolute 

mean error = 29.8%), with M1 generally overestimating ET (mean error = 15.1%) and M3 

underestimating ET (mean error = -19.5%).  

The IMU joint angles in M2 resulted in reduced errors compared to the MoCap joint angles in 

M1. While the mean absolute error for M3, where IMU are used for joint angles and pressure 

insoles are used for dumbbell mass estimation, is only 5% greater than the best performing 

method, a closer look is required. There is overestimation in ET predictions with IMU data 

Table 14: Experimental and predicted endurance times for each subject and task and the associated errors. 
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) Predicted Endurance Times 

Method 1 Method 2 Method 3 

P_ET (s)a Error (%) P_ET (s) Error (%) P_ET (s) Error (%) 

1 
25 90 103 14.5 92 2.5 101 12.6 

45 55 61 11.1 57 4.0 49 -10.8 

2 
25 62 99 59.1 90 45.3 41 -33.5 

45 34 56 63.9 55 62.5 41 21.6 

3 
25 135 188 39.3 172 27.7 58 -57.2 

45 92 61 -34.0 59 -35.4 36 -60.4 

4 
25 117 99 -15.0 121 3.7 110 -5.8 

45 88 62 -29.5 67 -24.2 67 -23.4 

5 
25 105 103 -1.7 100 -4.6 48 -54.0 

45 80 72 -10.2 73 -8.9 43 -46.2 

6 
25 88 160 82.2 149 69.1 84 -4.8 

45 57 58 2.0 52 -9.6 73 27.4 

x̅ 
25 99.5 125.3 29.7 120.7 24.0 73.7 -23.8 

45 67.7 61.7 0.6 60.5 -1.9 51.5 -15.3 

|x̅| 
25 99.5 125.3 35.3 120.7 25.5 73.7 28.0 

45 67.7 61.7 25.1 60.5 24.1 51.5 31.6 

Abbreviations: E_ET = Experimental endurance time, P_ET = Predicted endurance time 
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Figure 29: ET errors of the three approaches used in the methodology. 

Table 15: The actual and detected dumbbell masses and the associated error. 

Sub Task Real mass (kg) 
Detected mass with pressure 

insoles (kg) 
Error (%) 

1 
25 3.0 2.4 -20.0 

45 5.0 6.6 32.0 

2 
25 3.0 11.4 280.0 

45 5.0 8.1 62.0 

3 
25 1.0 7.9 690.0 

45 2.0 4.8 140.0 

4 
25 2.0 2.5 25.0 

45 3.0 2.9 -3.3 

5 
25 2.0 8.1 305.0 

45 4.0 9.8 145.0 

6 
25 1.0 3.3 230.0 

45 2.0 0.8 -60.0 

x̅ 
25 2.0 5.9 251.7 

45 3.5 5.5 52.6 

|x̅| 
25 2.0 5.9 258.3 

45 3.5 5.5 73.7 

(M2), but when pressure insole data is included, the predictions seem to lead to ET 

underestimation (negative error values in M3, Table 14). Looking at Table 15, this ET 

underestimation is due to the dumbbell masses perceived by the pressure insoles, which are 

greater than the actual mass due to sensor drift and bias. In the endurance model, the heavier 

the load, the shorter the predicted ET, which makes logical and practical sense. However, when 

the detected is heavier than the actual mass, as is the case with M3 (Table 15), this leads to 

underestimation of ET. 
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4.1.4 Discussion 

The results presented enable the following questions to be answered: (a) Does the use of 

wearable sensors affect endurance predictions? (b) Is a fully wearable approach to endurance 

prediction feasible, and if it is not, what changes need to take place to make this feasible?  

Figure 29 and Table 14 aids with answering question (a), where differences can be seen across 

the predicted ETs and errors of the methods. M2 presents the lowest ET errors across the results, 

likely due to differences in joint angle ranges/values detected by the sensors. Due to the nature 

of the NICE model, flexion movements that approach 90° result in lower predicted ETs, as this 

position involves a higher torque resulting in the endurance limit being reached more quickly. 

For this reason, higher shoulder flexion angles lead to lower predicted ETs, which may be the 

case for IMU and MoCap in this study as the mean error of 11.0% for M2 indicated less over 

estimation than the mean error of M1 (15.1%).  

Regardless, the implications of a system with such errors would have negative consequences 

in an occupational setting with real users. The general overestimation of errors in M2 means 

that a notification would alert the user after the endurance limit has been reached, whereas in 

an ideal scenario this would happen before fatigue is reached. The high errors in dumbbell mass 

detection (Table 15) result in higher predicted ET errors (M3, Table 14), therefore the dumbbell 

mass detection methods require improvement before a fully wearable approach is employed. 

This leads us to answer question (b), where the results in this study do not reflect that a fully 

wearable approach is feasible in this manner and adjustments are required to the design of 

future studies to make this approach more effective. 

Improvements to IMU analysis and dumbbell mass estimation may be done via thorough 

periodic calibration and filters for drift correction. Perhaps lifting load estimation based on 

upper body joint kinematics using ML [258] or task classification using pressure insoles can 

be used to input load information as certain loads may be associated with certain tasks. While 

this section showed high errors with insole data, the next section of the thesis proceeds with 

task classification using pressure insole data to explore whether task-specific patterns can still 

yield high classification accuracy.  Additional wearable sensors may improve predictions, by 

considering physiological indicators and additional statistical analyses would provide deeper 

insights into the performance of the methods with the model. 
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From a WMSD prevention perspective, the results demonstrate that a wearable sensor system 

utilising an endurance modelling approach may be effective for predicting physical fatigue in 

occupational settings (once refinements are made), allowing intervention to take place prior to 

fatigue onset. According to reviews in the field [11], [13] such proactivity and real-time 

capabilities are lacking in the literature. A physical fatigue forecasting system based on 

endurance modelling presents an alternative to online operator monitoring via physiological 

indicators which face the aforementioned issues with undefined thresholds and inconsistencies 

with fatigue scales [76], [83], [86]. It also presents an alternative to the ergonomic risk 

assessments that are currently observationally conducted in workplaces [139], and face 

criticisms relating to repeatability, reliability and accuracy [18], [138]. Such a system can 

provide organisations with direct and objective WMSD prevention (typically very expensive 

due to resource demands) thanks to the compact, portable and accessible nature of IMUs and 

pressure insoles, especially compared to lab-based optical MoCap systems and force plates. 

Future work would take the above considerations into account, as well as testing the models 

on work tasks in real-time, in accordance with the gaps identified by Kheiri et al. (2023) [3]. 

Some level of manual input would be required, such as body mass and height where arm 

segment masses and lengths can be found using anthropometric tables [220], [237], and the 

remaining model inputs would be determined automatically via wearable sensors. Initially, 

pressure insole data were expected to contribute to both automated load input and task 

classification in the real-time system, however the results in this section show that significant 

work is required before automated load detection is possible. Therefore, a focus on task 

detection via pressure insoles, explored in the next section, may provide valuable information 

which enable near real-time ET predictions with automated load input based on task type. This 

work acts as a preliminary step between lab-based endurance modelling with MoCap data 

(from section 3.3 Improving Dynamic Endurance Time Predictions for Shoulder Fatigue: A 

Comparative Evaluation) and task specific fatigue prediction in a fully wearable manner which 

will be explored in Chapter 5. 

4.1.5 Conclusion 

Three approaches, progressing from non-wearable to wearable, were employed to predict ETs 

of dynamic shoulder elevation tasks in conjunction with a torque-based biomechanical 

endurance model. The work demonstrates that including alternative wearable sensors result in 

different predicted ETs. The use of IMU to generate joint angles resulted in the lowest 
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endurance prediction errors (absolute mean error = 24.8%) compared to errors with MoCap 

data (absolute mean error = 30.2%). Including pressure insole data for dumbbell mass 

estimation showed absolute mean error of 29.8%, although this resulted in frequently 

underpredicted ETs due to dumbbell mass overestimation. Future work will aim to reduce the 

error margins presented in this work using task classification and deployment of a fatigue 

prediction system using the torque-based endurance model. 

4.2 AI-based Task Classification Using Pressure Insoles for 

Occupational Safety 

This section is based on work published in IEEE Access in February 2024 [253]. 

Supplementary materials that were published alongside the manuscript are in Appendix 20. 

This work was presented at the INSIGHT plenary in October 2023, Appendix 21. Changes to 

this chapter from the published version include more details on the operation of SHAP, which 

is the explainability analysis used, and the relevance of this work in the context of the thesis as 

a whole. 

4.2.1 Introduction 

Research pertaining to pressure insoles extends from sporting to rehabilitation contexts, with 

studies assessing injuries and patients’ recovery [259], [260] and aiding in sports performance 

[261], [262], [263]. The detection of activities of daily living via plantar pressure mapping has 

been investigated [264] and shows potential to monitor exercise technique and detect unhealthy 

posture. In clinical settings, the devices have been used to develop footwear to prevent ulcer 

recurrence in diabetic patients [265] and to detect freezing of gait in patients with Parkinson’s 

disease [266]. 

In occupational H&S research, pressure insoles were used to detect loss of balance events 

[267], indirectly monitor loads on the lower back during manual handling [268], and design 

insoles that redistribute and reduce pressure on the workers’ feet [269]. Specifically in the 

construction industry, the devices were used to reduce the possibility of back pain [270], 

quantify physical intensity [271] and workload with the assistance of computer vision [272], 

identify safety hazards [273], assess fall risk [274] and activity recognition [275], and classify 

fatigue levels from gait [276]. 
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Task detection is important for both the worker and the employer in the context of Industry 5.0 

and can be used to achieve an appropriate trade-off between work targets and the worker’s 

wellbeing. Pressure insoles can be used to detect the CoP and distribution of force throughout 

the foot while an activity is performed, all of which give an indication of the type of task and 

the overall workload. Additionally, task detection and the weight assessment of the manipulated 

object or tool are crucial elements in biomechanical models for human endurance, which are 

also related to fatigue prevention research. Pressure insoles can be included in the personal 

protective equipment of smart workers and be fully integrated within a wireless sensing 

framework of smart manufacturing, leading to the comprehensive overview and monitoring of 

the safety status of the worker. 

In terms of accompanying computational algorithms, ML has long been used in conjunction 

with wearable sensors to identify the state and activities of the user [153], including gait events 

[277], common daily activities [278], and even cooking [279]. Classification is important for 

the monitoring of ergonomic risks and physical activity for health and wellness purposes. De 

Pinho et al. (2017) [280] outlines three categories of activity classification using pressure 

insoles: gait phases and patterns, common daily activities, and specific activities. A literature 

review was conducted on studies involving ML algorithms and pressure insoles in line with the 

three aforementioned categories, and the search strategy and important elements extracted from 

each paper are presented in Appendix 20. Additional information on open access databases 

containing raw pressure insole data is provided (Table 16). Most existing datasets focus on  

Table 16: Datasets with pressure insoles 

Author Description Sub 
Equipment and 

Sensors 

Associated 

publication 

Chatzaki et al. 

[286] 

Parkinson’s disease gait with 

neurologist evaluation 

29 PI  [286] 

Hora et al. [287] Body size and lower limb 

posture during walking in 

humans 

49 MC, PI (Pedar) [287] 

Howcroft et al. 

[288] 

Fall risk prediction for older 

adults 

75 Accelerometer, PI 

(F-Scan 3000E) 

[289] 

Losing and 

Hasenjager [290] 

Three different walking 

courses in urban settings 

20 Gaze, IMU, PI (IEE 

S.A., Luxembourg) 

[291] 

O’Sullivan and 

Menolotto [107]  

5 industry tasks  20 loadsol® Current paper 

Wang [292], [293] 6 walking trials, 3 running 

trials, 4 non-locomotion 

trials 

12 IMU, MC, IT, VC, 

EMG, PI (Moticon) 

- 

Yuzhu Guo et al. 

[294] 

2 outdoor walking tasks in 

non-laboratory settings 

9 IMUs, PI (F-Scan 

3000E) 

[295] 

Abbreviations: MC = Motion capture, PI = Pressure insoles, IMU = Inertial measurement units, IT = 

Instrumented treadmill, VC = Video cameras, EMG = Electromyography. All listed datasets are publicly 

available. 
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clinical or outdoor scenarios, while the present dataset captures raw force data during industrial 

tasks (Table 16). 

In summary (Tables 1 to 3 in Appendix 20), it was observed that many research groups have 

used their own custom designed insoles [281], [282], where ML-based classification is often 

used for validation purposes. It was also evident that there is little consistency in the 

classification techniques employed, as well as the validation and assessment methods [283], 

[284], [285]. A high degree of variability in terms of segmentation methods was also apparent, 

ranging from gait cycle [283] to step [296] to fractions of a second [280], while time windows 

of different lengths were often used for activity classification, sometimes with an overlapping 

or sliding window. The majority of activity recognition studies utilise pressure insoles with 

built-in IMUs [297], [298] and MoCap [299], [300], [301]. The use of additional sensors allows 

tasks to be distinguished easily, often with higher accuracy, for example [268]. However, in 

terms of real-world deployment of human activity recognition (HAR) systems, a task 

classification system based on force data alone has benefits in reducing cost and computing 

power and minimising the impact of wearables on an individual’s daily activities. 

Therefore, the present study aimed to use a supervised ML classifier for the task classification 

of industry-related work activities, using ad-hoc features evaluated on three specific pressure 

sensor areas in each insole. The features extracted consider both statistical and morphological 

aspects of force data; force data alone has yet to be considered in HAR research with pressure 

sensors alone as studies generally benefit from the assistance of accelerometers and/or 

additional sensors (Tables 1 to 3 in Appendix 20). The explored method of classification was 

random forest (RF) and the feature analysis method was the SHAP analysis library [302].  

SHAP provides a way to interpret model predictions by fairly distributing credit among 

features, based on principles from cooperative game theory. In this framework, the prediction 

task is viewed as a “game,” where each feature is a “player” contributing to the final output, or 

“reward.” The SHAP value quantifies each feature’s average contribution by considering all 

possible combinations of features and the change in prediction when that feature is added. 

Therefore, it allows a thorough understanding of the impact each feature has on the overall 

classification and a within class evaluation provides insights into the impact feature values have 

on individual classes. While other explainability methods (for example, feature importance, 

permutation importance, partial dependence plots, etc.) evaluate the influence of a feature on a 

model’s overall performance, only SHAP and local interpretable model-agnostic explanations 
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(LIME) methods can identify individual feature contributions. While SHAP and LIME are 

model-agnostic, SHAP is more efficient for tree-based models (i.e., RF) as it traces the tree 

paths and using the structure of the trees to calculate each feature’s contribution efficiently. 

RF is commonly used in HAR studies, for example, [280], [303], [304], (Table 2 in Appendix 

20), but is utilised in only a few specific recognition studies, such as [267] and [305]. An 

explainable approach through RF and SHAP enables transparency, and therefore trust, in the 

decisions made by the classifier, which is essential in a H&S context. This is important since 

ML models will be used to make decisions that ultimately affect the health of workers and it is 

imperative to understand how and why decisions are made, furthermore, trust is required for 

device uptake and worker acceptance. Additionally, important features required for task 

identification can provide insights into how insole-based sensing systems can be optimised for 

real-time task classification.  

The collection of insole pressure data created in this study has been made openly accessible 

through the publication of the open access database on Zenodo [107]. While the focus of the 

study was the industry sector, the present research is relevant to all areas of occupational H&S 

research since manual handling, assembly and pick and place tasks are required in almost all 

professions to varying extents; and as such, manual handling training is a requirement in most 

workplaces. 

The contributions of this work include the use of explainable ML methods for the task detection 

of five common occupational tasks; analysis of the most significant features highlighted by the 

SHAP analysis which give rise to recommendations for the future design and optimisation of 

pressure insoles for occupational H&S specifically, as well as an open access dataset of 

pressure insole data included in the study. Overall, the sensors, the features extracted from these 

sensors and their analyses for enhanced explainability, and the creation of a new open-source 

database of pressure insole data for task classification present valuable contributions to the 

development of accurate, cost-effective and streamlined real-time HAR systems for smart 

manufacturing. Task recognition of common work activities, such as those presented in this 

study, can aid in the real-time detection and prevention of WMSDs. Different tasks are 

associated with different levels of fatigability, depending on factors such as load [40] and task 

complexity [47], and using the methods described in this paper, the operator’s state can be 

monitored with information from pressure insoles such as task type, duration, and load.  
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4.2.2 Methodology 

In this section, the participants and data collection methods are described as well as the features 

extracted, and analyses employed to achieve explainable work task classification. 

Participants 

Twenty subjects (ten females) were recruited by word of mouth and email advertisement to 

take part in the study. The mean age of the subjects was 29 years and ranged between [20 64] 

while their weight ranged between [53.5 102.7] with a mean of 71.6 kg. Participants completed 

a brief warm-up routine for 5 mins and were given manual handling training prior to data 

capture. 

Data Collection 

Subjects all wore the same type of trainers containing loadsol® pressure insoles (i.e., the same 

insoles used in section 4.1 and later in Chapter 5), which sample at 100 Hz, in a choice of three 

sizes (EU 39, 43 and 45). Subjects with different shoe size did not qualify for participation in 

the study. Each insole samples force data from three areas: heel, midfoot and forefoot. The heel 

and midfoot sensors each occupy 30% of the insole length, and the forefoot takes up 40% of 

the insole length. 

Each participant carried out five tasks for at least 1 min each, of which 55 s were analysed for 

data balancing purposes. The first was standing still in static posture (Task 1); the second was 

level walking (Task 2), where, prior to the task, subjects were advised to change the direction 

and speed of their ambulation. The next three tasks were industry-related; they were assembly 

(Task 3), pick and place (Task 4) and manual handling (Task 5). 

Figure 30 shows 3 s of force data for all tasks. All subjects changed their walking direction and 

speed throughout Task 2, at a self-elected time and speed. The assembly task involved piecing 

together 3d printed bolts and nuts and taking them apart repeatedly until 1 min of data were 

acquired; the parts were laid out in a semicircular arrangement on the workbench within arm’s 

reach (approximately 25 cm) of the participant (Figure 31). The pick and place task involved 

moving light weights (.5 kg and 1 kg) from one corner of the table to the other in a self-selected 

manner and speed; more than one weight could be moved at a time, and weight(s) could move 

diagonally, side-to-side, or straight ahead. Finally, the manual handling task required the 

subject to lift a box containing a 10 kg weight from the floor to a chair (height of 48cm) to a 

table (75cm); again, at a rate subjects chose, and the order of lifting was not prescribed (for  
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Figure 30: A snapshot of raw force data for one subject’s left foot during each of the five tasks. 

 

Figure 31: The set up of the components for the assembly task (left) and the assembled components (right). 

example, from the floor to the table and finally to the chair). Participants were instructed to 

carry out the tasks continuously at a self-selected rate for at least 1 min and in the order they 

chose (for manual handling, assembly and pick and place tasks), thus enabling the classifier to 

also take into account the individual differences that take place during the completion of tasks.  

Feature Extraction 

Space-temporal and morphological information were extracted from raw data provided in force 

(N) from the commercial software accompanying the pressure insoles (loadsol-s), to create the 

training and testing datasets for the ML classifier. Features from force data, CoP and 

morphology of the peaks were obtained over different time windows (2, 3, 4, 5, 6, 8, 10, 12 

and 15 s). By evaluating these varied time windows, we aimed to address model performance 

across different temporal resolutions, aligning with the needs of real-time applications. A total 

of 24 features (explained below) that provided a detailed representation of the peaks and 

pressure dynamics of the force signal were extracted from the data; where the number of 

features related to force, CoP and peaks morphology were 11, six and seven, respectively. The 
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total number of data points per feature was calculated by: (total no. of samples ÷ number of 

samples per window) × no. of tasks. Table 17 details the total number of data points for each 

of the windows considered. For example, for 55 s of data acquisition at 100 Hz and considering 

an observation window of 2 s, for five tasks: 5500÷200=27.5, rounding down and multiplying 

by the number of tasks there are 27×5=135 data points for the 2 s window and total data size 

of 24 features ×135 data points. 

1) Force-related values: Force-related features (all in N) were calculated for the total force 

of the insole and included mean value, standard deviation, range, median value, mode, 

interquartile range, skewness, covariance, and kurtosis, as well as the ratio of the 

forefoot force to the heel force (mean and standard deviation), which were calculated 

using only forefoot and heel sensors. 

2) CoP values: The CoP coordinates on the ground plane were evaluated considering fixed 

distances between the three pressure sensors of each insole during foot 

flexion/extension, and a constant distance between participants’ feet. The X and Y 

position of CoP in cm considering the origin on the axis (0,0) between the feet, was 

evaluated as follows: 

𝑋𝐶𝑜𝑃 =
∑ (
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(Equation 4.2.1) 

 

where t is the data sample that goes from 1 to 5500 (55 s of acquisition at 100 Hz), 𝐷𝑓 

is the mean distance in cm between the feet, evaluated on the basis of the body segments 

length based on the average height of the cohort (as per [220]), as 𝐷𝑓 = 171 × .191. 𝑆𝑓 

is the weighted mean size in mm of the shoe used by the cohort, evaluated as 𝑆𝑓 =

{[(39 × 9) + (43 × 9) + (45 × 2)] ÷ 20} × .6658, where the last value is the 

conversion between European shoe size to cm. 𝐹𝑡
𝐿, 𝐹𝑡

𝑅, 𝐹𝑡
𝐹, 𝐹𝑡

𝑀 and 𝐹𝑡
𝐻 are 

respectively the contribution in Newton of the sensors of the left insole, the right insole, 

the front pressure sensors of both insoles, the middle sensors of both sensors and the 

heel pressure sensors of both insoles. From the value of the CoP, three statistical values 

were evaluated per each coordinate (X and Y): mean value, standard deviation, and 

range (in cm). 

3) Peak morphology values: The dynamic behaviour of the pressure values can vary 

according to the task being performed. The static task might produce uniform pressure 
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on the overall insole over time; while activities where the body weight moves from one 

foot to the other or goes across different areas of the same foot produce peaks and 

valleys in the data. To capture such behaviour, time-domain and frequency-domain 

features related to the morphology of the pressure values were evaluated for each 

window per total insole force value: 

a) Shaper factor – gives an indication of peak profile: 

𝑆𝐹 =  
(
1
𝑁

∑ 𝐷𝑖
2𝑁

𝑖=1 )

1
2

1
𝑁

∑ |𝐷𝑖|
𝑁
𝑖=𝐷

 

(Equation 4.2.2) 

where N is the number of data sample per time window of observation and D is the sample 

data. 

b) Peak to peak value – difference between the minimum and the maximum value of the 

pressure within the time window in Newton. 

c) Number of peaks per time window – number of peaks that exceed 60% of the maximum 

value of pressure, within the time window. 

d) Mean distance between peaks that exceed a 60% threshold of the maximum value of 

force within the time window in seconds. 

e) Mean amplitude of peaks within the time window in Newton. 

f) Standard deviation of the spectral power distribution (discrete Fourier transform) within 

the time window. 

g) Main frequency within the spectral power distribution (discrete Fourier transform) – 

excluding the peak at 0 Hz, the main frequency was extracted per each time window. 

Training and Assessment of Supervised Machine Learning Classifier 

The features extracted per each time window were labelled according to the task being 

performed and were used for the training process of the RF classifier. Note, due to varied 

movement rates of participants, key activity phases (for example, lifts) were executed at 

different points within the time windows. Support Vector Machine, k-Nearest Neighbour and 

Naïve Bayes were evaluated; they all offered considerably worse performance. These 

classifiers were omitted for brevity, however, the code for all classifiers and the associated 

database of extracted features can be accessed online at https://github.com/patricia-o-

sullivan/PID4TC_Analysis. 

 

https://github.com/patricia-o-sullivan/PID4TC_Analysis
https://github.com/patricia-o-sullivan/PID4TC_Analysis
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Table 17: Total data size per window = (total no. of samples ÷ number of samples per window) × no. of tasks 

Time window Frame per window Data points per feature Data points per window 

2 200 27.50 135 

3 300 18.33 90 

4 400 13.75 65 

5 500 11.00 55 

6 600 9.17 45 

8 800 6.88 30 

10 1000 5.50 25 

12 1200 4.58 20 

15 1500 3.67 15 
 aTotal data size per time window of observation, where the number of data points per feature is the total no. of 

frames ÷ no. of frames per time window, and the rounded down no. of data points × no. of tasks gives the total 

data points per window per subject. 

A 10-fold cross-validation was employed to train and test the data, where each fold contains all 

the measurements for two subjects. This split guarantees the model is learning patterns that can 

generalise to unseen subjects. For each fold and time window, accuracies were computed from 

the confusion matrices, and the classifier was assessed using SHAP to evaluate feature 

importance. SHAP values are assigned to each feature, representing its influence on the 

predicted outcome relative to the other features in the dataset, where high SHAP values indicate 

a high influence. The analysis also provides insights into the influence of features on each task 

individually by indicating if a high or low feature value influences the classification of a 

particular task. Cross-validation and SHAP results for the folds were aggregated for each 

window. 

The highest performing features, based on the SHAP analysis, were rerun through the classifier 

in the same way as described for the first iteration of the analysis to gain an understanding of 

how fewer features impact on accuracy. 

4.2.3 Results 

This section details the dataset associated with this work and describes the classification results, 

including the features that most strongly influenced classifier outputs. 

Pressure Insoles Data for Task Classification (PID4TC) 

Pressure insole data used in this work are available at doi: 10.5281/zenodo.7755802 under 

CC.BY.40 license [107]. The dataset is composed of .csv files and is accompanied by relevant 

metadata (.txt files) for database description and navigation. PID4TC is organised by subjects, 

where each .csv contains 55 s of acquisition at 100 Hz, organised by task. 
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Industry Task Classification 

The accuracy of the classifier ranged from 80-86%, with a gradual improvement as the 

observation windows increased (Figure 32). The highest accuracy (≈ 86%) was observed for 

windows larger than 10 s (1,000 frames), while reaching a peak of 82% after 5 s before the 

value briefly declines. Task prediction that takes place within 5 s can be considered ‘real-time’ 

and offered good accuracy, thus prompting further analyses. The confusion matrix of the 5 s 

window iteration is presented in Figure 33, with the highest accuracies for manual handling 

and walking (dark shaded values), closely followed by assembly and standing tasks. Pick and 

place was incorrectly predicted as either assembly or standing tasks approximately 45% of the 

time. 

Figure 34 highlights the features that have the most impact on the classifications shown in 

Figure 33, quantified by SHAP values. Higher positive values (visible in Figure 34-Figure 37 

and Figure 40) indicate positive contribution to the prediction, i.e. it leads to the identification 

of that class, while lower negative values (evident in Figure 35-Figure 37) indicate negative 

contribution to the prediction, i.e., it helps to rule out that class. Overall, the features related to 

the CoP (SHAP impact values: range in y direction ≈ .25, range in x direction ≈ .21, mean in x 

direction ≈ .18, std in x direction ≈ .14, std in y direction ≈ .12), spectral entropy (≈ .10) and 

morphology of the peaks (distance between peaks in seconds ≈ .08) played a major role in the 

classification of all tasks. Furthermore, statistical features extracted from force data, such as 

covariance (≈ .09), standard deviation (≈ .09), and the ratio of the front of the foot to the heel 

(≈ .08) were also prominent. The SHAP analysis also gives a within task breakdown of feature 

 

Figure 32: Accuracies of the random forest classifiers across all nine observation window sizes (2, 3, 4, 5, 6, 8, 10, 12, and 15 

s).  
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Figure 33: Confusion matrix showing the prediction accuracy for the 5 s observation window.  

 

Figure 34: Analysis of feature importance for the 5 s observation window. 

importance by calculating a score for all the input features for a given model, resulting in a 

range of SHAP values for the twenty highest scoring features in a class (coloured regions for 

each feature, Figure 34). Manual handling, walking and assembly tasks were misclassified the 

least (Figure 33) due to the strong influence of the feature values on the classification of these 

tasks; hence, in Figure 34, these tasks carry greater SHAP values (e.g., purple-shaded zone for 

the manual handling task in the CoP YRange feature). 

Figure 35 to Figure 37 also provide insights into feature importance within tasks with the 

overall highest SHAP scores: manual handling, walking and assembly. A clear contrast in 

feature values is present in the highest impacting features (high SHAP values) which is evident 
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from the high colour contrasts assigned to the ranges of SHAP values. This means the large 

magnitudinal differences in feature values, especially in CoP, aided in the identification of 

tasks. High values of the CoP range resulted in high SHAP values (≈ .2 to .3) for manual 

handling (Figure 35), while low CoP ranges were found to be impactful (up to ≈ .1) on the 

classification of walking (Figure 36) and assembly (Figure 37). High values of CoP standard 

deviations and mean in the x direction (up to ≈ .20) for walking and (up to ≈ .10) for assembly 

helped for their respective categorisations. In addition, a decreased classification accuracy was 

observed in the confusion matrix for tasks where the CoP is more confined (Figure 33 

andFigure 38), for example, pick and place and standing. The natural shift of the weight along 

the sagittal and coronal axes (changes in CoP) varies depending on the task, to the greatest 

 

Figure 35: SHAP analysis of feature importance for manual handling in the 5 s observation window. 

 

Figure 36: SHAP analysis of feature importance for walking in the 5 s observation window.  
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Figure 37: SHAP analysis of feature importance for assembly in the 5 s observation window. 

 

Figure 38: Example of the trajectory of the CoP for each of the five tasks for one subject.  

extent during manual handling and walking and to a lesser extent when manipulating objects 

while both feet are stationary; this, results in a broader range of feature values with higher 

associated SHAP values as it is easier to distinguish features that vary depending on the task. 

The analysis was repeated using only the top five features from Figure 34, all of which are CoP 

related features: range and standard deviation in both directions and mean in the x direction. 
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The second RF classification returned marginally better accuracies across almost all windows, 

including the 5 s window which increased by 1% to 83% (Figure 39). Figure 40 focusses on 

the SHAP analysis for the 5 s window, with highest SHAP values still associated to manual 

handling, walking and assembly. Interestingly, the mean CoP in the x direction became the 

most influential factor in the reanalysis, jumping up from third (Figure 34). Overall, higher 

SHAP values are present in the new analysis (Figure 40) compared to the analysis containing 

all features (Figure 34), as the mean CoP in the x direction attained a mean SHAP value of 

approximately .45, and all other features achieving a score higher than ≈.25, which was also 

the highest SHAP value in the initial analysis. In addition, the confusion matrix in Figure 41 

shows fewer misclassifications for the updated analysis. The exclusion of lower impact features 

caused a small reduction in misclassifications, while there was no increased risk of over-fitting. 

 

Figure 39: Accuracy values across all windows after re-analysis with the five most impactful classification features. 

 

Figure 40: Analysis of feature importance for the 5 s observation window and the highest performing features. 
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Figure 41: Confusion matrix showing the prediction accuracy for the top 5 features in the 5 s observation window. 

4.2.4 Discussion 

This study investigated the use of pressure insoles for human task classification in the context 

of occupational H&S. Pressure insole data were collected from 20 subjects while performing 

five industry-related tasks. From the raw data, 24 features were evaluated and labelled to form 

the training dataset for the RF classifier. The best classification accuracy produced a rate of 

86% above 10 s of data observation. While the purpose of the study was to present a highly 

explainable classifier, and not necessarily to achieve the highest possible accuracy, the methods 

show an accuracy of 82% was reached after 4 to 5 s, which is in alignment with the accuracy 

levels achieved in the classification of other occupation-specific tasks [306], [307]. The 4 to 5 

s time window is aligned with studies concerning activity recognition classification (Table 3 in 

Appendix 20, e.g., [276], [308]) and indicates potential for real-time classification in edge-AI 

capable devices. In a real work environment, 5 s is a realistic time frame to collect sufficient 

samples for classification that is robust to momentary changes in activity, for example, standing 

still for an instant before picking up an object and assembling. To further improve real-time 

predictions in working environments, a sliding or overlapped time window can be implemented 

in future applications, as was done in [308], [309], to take the previous activity prediction into 

account in combination with new data. 

Occupation-specific studies generally feature a maximum of ten subjects (Table 3 in Appendix 

20), making the number of subjects in the present study higher than other occupation-specific 

studies, but is on the middle to lower side when compared to all ML research involving pressure 

insoles (Tables 1-2 in Appendix 20), and therefore remains a limitation to the study. 



 

126 

 

Additionally, the cohort may not be representative of the population as they do not have 

industry work experience. Other limitations include the completion of tasks in a laboratory as 

opposed to an industry setting which typically features more noise, and the inclusion of a subset 

of possible industry tasks. Tasks had low complexity and were performed in an isolated manner, 

and no transitions were considered. Only one type of pressure insole with a three-sensor 

configuration was utilised in the study. Given that previous work showed high errors at lower 

loads (Table 15), it is likely that the present study, with a much greater load, would result in 

higher absolute force measurement during the loaded industry-type tasks. However, since CoP 

is a relative force measure, errors in absolute force measurement did not contribute as heavily 

to the classification. Regardless, absolute force measurement will need to be addressed in future 

work by improving sensor stability, calibration and drift.  

The release of the raw data, database of extracted features, and classifier code encourages 

transparency in the analysis methods, and the use of 10-fold cross validation and accuracy as 

the main measure of prediction success enables pressure insoles and ML studies to be 

compared, since these are the most frequently occurring approaches in recent years (Appendix 

20). 

ML algorithms, such as the one employed in this study, use the labelled data to establish a 

function that can map the features’ correlation to a specific label. Some ML techniques, for 

instance RF, allow a more direct evaluation of the importance of each feature in the 

classification process. Such characteristics related to interpretability [64], are particularly 

relevant to industrial applications. In fact, for safety and regulatory reasons, it is preferable to 

implement AI-based techniques that take decisions based on models that can be fully 

understood in human terms, while a black-box decision-making behaviour can lead to a lack 

of trust. While deep learning (DL) models showed high classification accuracies in Appendix 

20, and a subset of DL models provide a certain degree of explainability, it was decided not to 

proceed with a DL approach for a number of reasons. Firstly, a relatively small dataset is 

concerned in this study, and a DL model is more likely to overfit. Secondly, while feature 

extraction in the present work requires computation inputs were reduced to 5 features, and DL 

models would be more computationally demanding due to multiple layers and operations which 

limits the ability to deploy low-cost embedded devices. In addition, DL model structure is 

strongly dependent on the domain and the dataset, while the current approach using standard 

ML techniques can be easily and quickly adapted to a different dataset and problem. Finally, 

while SHAP can be applied to any model, the fact that the Shapley values are computed using 



 

127 

 

a TreeExplainer makes it more related to a RF classifier, making the provided explanation more 

reliable in this study.  

RF was employed in this study since it is a non-linear ML technique that provides good 

classification performance and interpretability balance. Due to the limited dataset, it was 

decided to not proceed with the hyperparameters tuning as the result of the cross-validation 

process would likely cause overfitting, rather the default parameters were kept. A comparison 

with other models where the parameters have been kept as default is available in the 

accompanying GitHub repository. In general, RF performed better, which can be verified from 

the analysis script stored in the repository. 

SHAP analysis is advantageous over other feature performance analyses because it provides a 

within class feature importance breakdown, and the impact feature values have on the class 

prediction. This information is valuable from the perspective of studying misclassifications and 

improving classifier performance as an understanding of what features are causing 

misclassifications is gained, and the most impactful features can be selected for modelling to 

reduce incorrect predictions and increase accuracy, as was the case in the present study. From 

the SHAP analysis, CoP features were identified as having the highest impact (Figure 34 to 

Figure 37), and included the ranges, standard deviations and the mean in the x (medio-lateral) 

direction. These features produced the highest accuracy (83%) and SHAP values (between ≈.25 

to .45) for the 5 s window when classified alone (Figure 39 to Figure 41). This indicates that 

the number and disposition of the pressure sensors can be optimised for CoP, encouraging 

enhanced task classification in comparable set-ups. For example, a two-quadrant (front-back) 

or four quadrant sensing disposition (front-left, front-right, heel-left, heel-right) could offer 

more precise information in this regard. This will aid in keeping the number of sensors to a 

minimum, optimise wearability, data throughput and energy consumption, all of which are 

crucial factors in edge-AI devices, internet of things and smart manufacturing environments as 

a whole. Application-focused insoles may also aid in reducing the number of task 

misclassifications, which, with the current pressure sensor number and configuration of the 

insoles may affect productivity and pose H&S risks. For instance, a worker is engaged in a pick 

and place that is erroneously detected as assembly or rest may lead to a collaborative robot 

operating in the occupied workspace or there may be implications on task rotations, work 

scheduling and active work time registered. 
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To minimise computational requirements and power consumption, force data only were 

analysed from the pressure insoles, and no additional sensors were utilised in the classification. 

This represented a challenge compared with similar works, where the classification mostly 

involved diverse tasks with dynamic characteristics that are more easily distinguished from one 

another, and in some cases, a variety of sensors were utilised ([280], [284], [307], [310]). In 

this sense, the features selected for the classification played a crucial role. The general approach 

was to focus on describing the morphology of the pressure signal, especially the peaks’ 

frequency, intensity, and distribution. The weak relevance of these features (peak to peak is 

only the tenth most significant feature) in the classification might indicate that different 

subjects may have different strategies for performing the same task. Nonetheless, the spectral 

entropy and especially the behaviour of the CoP (first six most significant features for 

classification, Figure 34) demonstrated a good task dependency and a sufficient agnostic level 

towards the subjects. CoP was extracted from force data of only two occupation-specific studies 

involving ML and pressure insoles [268], [276] (Table 3 in Appendix 20), one study of which 

conducted a feature importance analysis, where CoP-related features were among the ten most 

important features in the assessment of lower back loading during manual tasks [268]. 

The confusion matrices (Figure 33 and Figure 41) and SHAP values in all SHAP analysis 

figures have highlighted tasks with limited CoP variations throughout their execution, as shown 

in Figure 38, are more likely to be misclassified. This calls for further investigation, both in 

terms of feature selection, device design and AI classification strategy. For example, the images 

generated from CoP in Figure 38 may be utilised as inputs to the classifier instead of the 

averaged values across time windows. Exploring the behaviour of the pressure values in the 

frequency domain has generated useful information to distinguish manual handling from the 

remaining tasks. Similarly, other time-frequency domains, such as wavelet transform, may 

offer different indicators for task classification. 

By associating a task with pre-defined component parameters, task classification can used to 

automatically generate component-related inputs to the endurance model without drift or bias 

potentially affecting endurance predictions. This also aids with real-time implementation of the 

SAFE framework in a wearable system for ergonomic risk and fatigue reduction since such 

systems require post-processing or make assumptions when considering load (as discussed in 

section 1.3.2 Research Gaps Addressed and Novel Contributions). 
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4.2.5 Conclusion 

This section presents a transparent, non-invasive means of assessing worker tasks using 

pressure insoles. A lack of explainable methods was identified in the literature, and the present 

research exhibits comparable accuracies to such studies but with the benefit of increased 

explainability, meaning that industry-specific pressure insoles with optimised sensor 

configuration for the extraction of significant features, such as CoP can be achieved. This, in 

turn, can reduce data throughput and consumption, presenting potential for worker monitoring 

in smart manufacturing environments and integration into the SAFE framework developed in 

the course of the thesis.  
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Chapter 5 System for Activity-aware Fatigue 

Evaluation (SAFE) Framework: Predictive Fatigue 

Modelling for Occupational Tasks 

This chapter focuses on achieving Objective 3 aiming to develop and test a physical fatigue 

forecasting system that delivers individualised and task-specific endurance predictions. This 

objective is achieved by: 

1. outlining the novel framework that integrates torque-based endurance modelling and 

task classification, 

2. developing the custom system (consisting of wearables) to acquire and stream data, 

deploy the models developed in the course of the thesis, and visualise and export 

outputs, 

3. utilising the custom system to validate the framework and demonstrate its potential for 

use in online operator monitoring and ergonomic risk assessment. 

This chapter is based on a manuscript of the same name that is under review at Applied 

Ergonomics. The SAFE framework integrates the torque-based biomechanical modelling work 

described in Chapter 3 Endurance Modelling, and the task detection work described in Chapter 

4 Load and Task Estimation to form a singular framework. This framework can be used to 

predict the endurance of individuals carrying out upper extremity manual handling tasks while 

considering individual parameters (i.e., anthropometrics, strength) and task parameters (i.e., 

hand-held item load, geometry). While a variety of sensors may be used for framework 

deployment, IMUs, pressure insoles and a custom application were used to align with Objective 

3, to capitalise on the advantages of wearable sensing (detailed in 2.2.1 Wearable Technologies 

for Occupational Well-Being), and to build on the work of Chapters 3 and 4.  

Although this chapter extends previous work that addressed gaps in the state-of-the-art and 

proposed individual innovations (discussed in their respective chapters), it also introduces 

additional novel elements. Firstly, this is the first use of endurance modelling with task 

classification for individualised and task-specific endurance prediction, to the author’s 

knowledge. Moreover, the present work goes beyond this to include torque-based endurance 

modelling that allows for prediction of any dynamic upper extremity task in the sagittal plane, 

significantly expanding its application, which is a notable contribution considering that 
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traditional force-based endurance models are applicable to a narrow set of specific conditions 

(i.e., one task, joint, movement). Secondly, the task classification aspect allows for automated 

load input when certain tasks are associated with a given hand-held item, which goes beyond 

current methods that make assumptions regarding load or input this data in post-processing 

which is not conducive to real-time application. Furthermore, task classification is used to 

identify when an individual is at rest during the industry tasks and tunes the calculated torque 

(and thus endurance prediction) to align with real-world conditions. Thirdly, while the 

endurance model is generalisable across upper extremity tasks, task-specific endurance 

coefficients are determined at the validation stage, offering an approach to fine-tune the 

prediction to align CE with perceptive fatigue and exertion scores. Finally, a wearable system, 

such as the one developed in the present work, allows for predictions to be unaffected by 

movement across workstations, unlike other instrumentation used in ergonomic systems that 

require a fixed stationary position (such as force plates), or pose risk of obscuring camera field 

of view (such as markerless MoCap) which are commonly used in the field.  Importantly, the 

use of wearables and the results in this chapter present strong potential for real-time use for 

online operator monitoring and ergonomic risk assessment – a key step towards proactive 

WMSD prevention.  

5.1 Introduction 

This work presents the System for Activity-aware Fatigue Evaluation (SAFE) framework for 

proactive WMSD prevention. This involves the application of a mechanistic approach to a 

wearable ergonomic system, combining endurance modelling and task classification to pave 

the way for proactive, real-time endurance predictions. Endurance models predict the time to 

physical fatigue (i.e., ET) using empirical methods [70]. Prior work (3.2 Validation of 

Endurance Model for Manual Tasks and 3.3 Improving Dynamic Endurance Time Predictions 

for Shoulder Fatigue: A Comparative Evaluation) advanced traditional force-based endurance 

models, which had been restricted to isometric conditions [70], [229] and required different 

models for different tasks [70], [71], [227], [228], [249], by applying a torque-based modelling 

approach under dynamic, loaded conditions. To date, such torque-based models have otherwise 

only been implemented for unloaded, mid-air pointing tasks in HMI research [37], [88].  

Furthermore, plantar force data are used to classify tasks and detect rest in the SAFE 

framework, based on 4.2 AI-based Task Classification Using Pressure Insoles for Occupational 

Safety which also incorporated explainability analysis [253]. Task detection enables task 
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adaptability [93] within the SAFE framework by automatically inputting task-related 

parameters (e.g., load, shape, size) for task-specific predictions. This improves upon current 

ergonomic systems that assume fixed loads or require manual input [80], [93], [96] or use force 

plates that limit mobility [98]. Thus, the SAFE introduced in this paper can deliver cumulative 

fatigue updates to predict an individual’s physical state as tasks change during a work shift, 

with an appropriate endurance coefficient applied for each detected task. 

The present work describes the modelling approach of the SAFE framework, a novel 

methodology incorporating biomechanical modelling and task classification that generates 

individualised and task-specific endurance metrics for proactive WMSD prevention. A system 

that adopts the SAFE framework, consisting of IMUs, pressure insoles and a custom 

application, was developed and is also described in the present work. Participants performed 

industry-type tasks while using the SAFE system to preliminarily validate that the SAFE 

framework can be used for online operator monitoring and ergonomic risk assessment. 

Specifically, the following were performed: (i) validate IMU-derived joint angles against gold-

standard motion capture; (ii) implement the SAFE framework, i.e., compute endurance metrics 

from joint kinematics, anthropometrics, external load, and perform task classification; (iii) 

evaluate if the framework reflected the lower risk and perceived effort for ergonomically 

friendly tasks than non-ergonomic tasks; (iv) develop task-specific endurance coefficients to 

align outputted endurance metrics with perceived exertion. The approach in the thesis addresses 

common gaps in the field by incorporating dynamic tasks, improving task generalisability, and 

accounting for individual parameters. 

5.2 SAFE Framework 

The SAFE framework represents an integrated approach to operator monitoring and ergonomic 

risk assessment to capture, process, and interpret biomechanical data and predict endurance 

capacity. This section begins with an overview of the framework, followed by a detailed look 

at the modelling approach used.  

5.2.1 Framework Overview 

Figure 42 shows a block diagram of the SAFE framework. The framework inputs includes 

manually inputted data pertaining to the individual and tasks, and data streaming of arm 

segment orientations (e.g., using IMUs, optical or markerless MoCap) and plantar forces (e.g.,  
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Figure 42: SAFE framework block diagram. Inputs are non-dynamic parameters (blue boxes) and dynamic (red boxes) data 

obtained from manual input, and streamed sensor data, while endurance modelling and task classification (grey boxes) are 

used to generate endurance metrics and can be exported (green boxes) for further analysis. 

using force plates, or pressure insoles), and requires an application. The application supports 

the input of non-dynamic individual (i.e., sex, height, weight) and task (i.e., hand-held 

component load, shape, dimensions) parameters (see blue boxes, Figure 42); streaming of 

sensor data (see red boxes, Figure 42); task classification and endurance prediction (see grey 

boxes, Figure 42); display of endurance metrics using the GUI and data export in .xlsx format 

(green boxes, Figure 42). The endurance metrics outputted include predicted ET which 

estimates the remaining duration for which the current pose can be performed before fatigue, 

while CE quantifyies the cumulative endurance consumed, calculated by CE = (Total Time / 

Predicted ET) × 100. Prior to use of the system for endurance estimation, the strength of the 

individual must be ascertained via the calibration task. This is used to determine the maximum 

producible torque of the individual at the appropriate load level [204] and impacts the 

calculated endurance metrics. 

Overall, the SAFE framework aids in expanding the application of traditional force-based 

endurance models beyond static, isometric tasks [70], [204], [229] that require alternative 

equations for different tasks [227], [228], [249], joints (e.g., shoulder and elbow), muscle 

groups, and postures [70], [71] which are not common in industrial work [167] to a variety of 

dynamic tasks whose differing rates of fatigability can be accounted for using an appropriate 

endurance coefficient associated with the detected task. In particular, task classification can be 

used to determine which coefficient is best applied at a given moment and to determine when 

the individual is resting to ensure that CE is not accumulating when there is no activity. In this 

way, the SAFE framework provides a cumulative fatigue metric that describes individuals’ 

physical state as tasks and activity levels change throughout a work shift. Parametrising the 

predictions based on subject and task data allows the torque-based endurance prediction and 
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task classification to be individualised and task-specific. Therefore, in the future, a wearable 

system deploying the framework can be used, for example, by a worker for online operator 

monitoring and to receive feedback regarding current endurance capacity, rest breaks and task 

rotations using visualisation on the graphic user interface. The system can also be used by 

ergonomists to assess risk and inform task redesign with respect to loads, lifting distances, 

repetitions and indiviudal targets by assessing endurance metrics. The validity of the system 

for online operator monitoring and work station risk assessment is demonstrated in the present 

work by comparing predicted ET and CE to subjective self-report questionnaires and 

ergonomic risk assessments, detailed in 5.4 Validation. 

5.2.2 Modelling Approach 

The models used to calculate torque, maximum shoulder joint torque, predicted ET and CE 

have been described in detail in previous work [204], Figure 43 provides a summary. Individual 

and hand-held load parameters (blue in Figure 42, blue outline in Figure 43) and arm orientation 

data (red in Figure 42, red outline in Figure 43) are used to compute shoulder joint torque. 

Figure 43 shows these inputs aligned at the top of the flow chart. All elements  

 

Figure 43: Torque calculation 
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filled in light green in Figure 43 are directly used in the calculation of torque, while those with 

no fill are used to calculate such inputs. Some parameters are used for both purposes; for 

example, load contributes to the calculation of hand-held component inertia and directly to 

torque. 

Anthropometric tables [220] are used to determine arm segment (i.e., upper arm, forearm and 

hand) lengths, masses, and CoM position, Figure 43. Upper extremity joint angles are 

calculated from streamed arm segment orientation data. From there, the coordinates of the 

upper extremity joints and arm segment CoMs with respect to the shoulder are calculated. 

These data, along with the load of the hand-held item, are used to determine the coordinates of 

the CoM of the arm and load, again, with respect to the shoulder. The linear and angular 

acceleration of this upper extremity CoM is then calculated. Separately, the inertia of the upper 

extremity segments and the task-specific hand-held load are computed using arm segment 

lengths, masses, anthropometric tables and task parameters. 

Torque calculated in the manner shown in Figure 43 is used in the calculation of maximum 

shoulder joint torque during the calibration task (left side of Figure 44) and in the calculation 

of endurance metrics (i.e., predicted ET and CE) during working tasks (right side of Figure 44). 

A simplified version of the torque calculation, showing only inputs and the torque output, is 

presented in Figure 44. The type of working tasks considered in the present work include 

typical industry-type manual handling tasks, such as pick and place and walking with a load, 

and are discussed in more detail in 5.4 Validation. 

During the calibration task, the individual holds a load with one hand until complete fatigue 

with the shoulder flexed to 0° (where the arms down by the individual’s side is -90°), elbow 

fully extended, i.e. flexed to 0°, and hand supinated, as per previous work [204]. The time to 

fatigue (i.e., experimental ET) and torque during the task are used to calculate the maximum 

shoulder joint torque with that specific load, Figure 44 (left). This maximum torque value is 

used, along with torque, to calculate endurance metrics during industry type tasks of the same 

load, Figure 44 (right). The hand-held items used in the calibration and industry tasks may 

differ (e.g., if a two-handed industry task uses a 5.0 kg load, then a calibration task load needs 

to be 2.5 kg since it is one-handed). Therefore, the calibration task related parameters are shown 

in 
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Figure 44: SAFE Framework and method for calculating endurance metrics 2 
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brown, Figure 44 (left), and the industry task related parameters are shown in yellow, 

Figure 44 (right), to indicate this potential difference.  

The calculation of torque during the industry task requires the same inputs as the 

calibration task, i.e. individuals’ height, sex, weight; hand-held load, shape and 

dimensions; arm segment orientation data for joint angle calculation. However, task 

classification using plantar force data are used to adjust torque depending on the 

activity level and to adjust endurance predictions depending on the task. 4.2 AI-based 

Task Classification Using Pressure Insoles for Occupational Safety involved using a 

RF classifier to estimate five industry-type tasks: 1: manual handling (i.e., pick up, 

walking with a load, and place); 2: pick and place (i.e. while standing); 3: assembly 

(i.e., piecing together components while standing); 4: walking (i.e., no hand-held 

load); 5: standing (i.e., no hand-held load) from publicly available pressure insole data 

[107] using CoP features. The SAFE framework uses the same features and classes to 

identify activities. If activity is detected, torque is calculated as normal (as shown in 

Figure 43) using the task-related parameters associated with the detected task. An 

additional rest-like state when participants maintained a neutral upper limb pose while 

standing is included in the present work, Figure 44 (right). Specifically, when arm 

segments are close to a neutral A-pose (standing upright with arms extended 

downwards), and the estimated task included standing, the window was relabelled as 

rest. Torque values are set to zero during rest to prevent fatigue accumulation in the 

absence of external loading. During activity phases, the appropriate task-specific 

endurance coefficient is applied to tune endurance predictions, depending on the 

classified task.  

Torque is used to predict ET along with the 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 determined from the 

calibration task, see equation in Figure 44 (right). To generate more realistic task-

specific endurance predictions, a task-dependent endurance coefficient is introduced 

to scale the predicted ET. This coefficient accounts for differences in task difficulty 

and fatigue characteristics that align with subjective fatigue levels and are not fully 

represented by the model equations. The approach used to determine these coefficients 

is outlined in 5.4 Validation. Finally, CE is computed using the duration of the task 

and the ET prediction at a given moment, see equation in Figure 44 (right).  
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During industry tasks, torque remains at 0 Nm while the individual is at rest and 

increases as the CoM moves upwards and away from the shoulder joint, as the CoM 

changes more rapidly, and as tasks change, i.e., since some tasks may be associated 

with higher loads than others. Increased torque results in decreased predicted ET since 

higher torque postures cannot be maintained for an extended period, see equation in 

Figure 44 (right). High torque, low predicted ET postures result in higher CE 

compared to lower torque, higher predicted ET postures. Thus, higher torque postures 

increase CE more rapidly over time compared to lower torque positions, although the 

latter will eventually reach 100% CE, i.e., complete fatigue, if performed for enough 

time. These relationships demonstrate the SAFE framework’s capability to generate 

individualised fatigue forecasts by integrating anthropometric characteristics and 

subject-specific strength derived from the calibration task with task-dependent joint 

loading. To enact this approach, the SAFE framework requires sensors and a 

centralised platform for collecting manually inputted and streamed data and 

implementing the endurance and task classification models required for fatigue 

forecasting. It is evident that a myriad of different sensors may be used to measure 

upper extremity movement and plantar forces, and the sensors and system features 

deploying the SAFE framework in the present work is described in the next section. 

This system was deployed during industry tasks, described in 5.4 Validation.  

5.3 SAFE System 

Due to the compact size, wireless transmission capabilities, allowance for mobility, 

and strong potential for fatigue forecasting, the present system utilises wearable 

sensors. A minimal number of off-the-shelf hardware were used to capture arm 

segment orientations and plantar forces: IMUs capture kinematic data (i.e., upper 

extremity joint angles) and pressure insoles stream plantar load distribution. A custom 

application was used to acquire, process and export data. This section describes the 

hardware and software elements of the system in more detail. The software discussion 

is divided into the front-end interface, which allows manual input and delivers 

feedback to users, and the back-end processes, which manage data acquisition, task 

classification, and endurance estimation.  
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Figure 45: Sensor placement and global coordinates of IMUs 

5.3.1 Hardware 

The hardware component consists of three IMUs, which are mounted on the chest, 

upper arm, and forearm using velcro straps, Figure 45. IMUs, BMI270 (3-axis 

accelerometer + 3-axis gyroscope) + BMM150 (3-axis Magnetometer) from an 

Arduino Nano 33 BLE Rev2, streamed raw accelerometer and magnetometer readings 

to the application over Bluetooth with a target sampling rate of 50 Hz, effective 

sampling rate was ≈2.8 Hz, potentially due to hardware or BLE bandwidth limitations 

(implications of low effective sampling rate are discussed in 5.4.4 Data Analysis). Li-

ion rechargeable batteries power the IMUs (1500mAh), with an embedded charging 

circuit utilising a type-C USB interface, and sensors were enclosed in 3d printed cases 

measuring 35 × 54 × 30 mm and weighing 40g. IMU orientation on each arm segment 

is shown in Figure 45. Pressure insoles, by loadsol (Novel GmbH, Munich, Germany), 

consisted of three sensors in a forefoot-midfoot-heel configuration and outputted force 

in Newtons at a rate of 100 Hz. Sensors are battery-powered and wirelessly connected 

to the data acquisition applications, i.e. to the custom application for IMUs and to a 

mobile phone app for pressure insoles. 
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5.3.2 Software 

The software allows for online operator monitoring and risk assessment by facilitating 

sensor data streaming, manual input of non-dynamic subject and task specific 

parameters, calculation of endurance-related metrics, data visualisation, and export.  

Frontend 

There are four panels in the custom MATLAB application: 1. subject information; 2. 

calibration task; 3. task component parameters; 4. task measurement, see Figure 46 

and supplementary material (Appendix 22) for a more detailed view.  

The subject information panel enables manual input (white fields, top left of Figure 

46, Appendix 22a) of subject identification number, sex, dominant hand, height (m), 

total body mass (kg) and MVC force (N) measured using a loadcell (range = 30 kg; 

accuracy = .02%; nonlinearity = .02% F.S.). Once mandatory information fields are 

filled in, generated information used in the endurance model are displayed (grey fields,  

 

Figure 46: The four panels present in the application showing the subjective information panel (top left), 

calibration task panel (top right), task measurement parameters panel (bottom left), and task measurement panel 

(bottom right).  
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top left of Figure 46, Appendix 22a). For example, since the framework is later 

validated using loads at 50% MVC, the grey fields display recommended loads for the 

one-handed calibration and two-handed industry tasks based on the measured MVC 

(MVC force measurement is discussed in more detail in 5.4 Validation). Additional 

body composition parameters can be included, such as body mass index, muscle %, 

fat %, and visceral fat, although they are optional and not required for endurance 

metric calculation, with the system using default values if these parameters are not set.  

The calibration task panel (top right of Figure 46, Appendix 22b) has three buttons to 

connect each IMU and a colour-coded indicator denoting connection status (red for 

disconnected and green for connected). To enable rotational inertia calculation of the 

hand-held load during the calibration task, a drop-down menu of component shapes 

includes solid cuboid and solid sphere and a space for manual input of dimensions is 

provided. If the shape is approximated as a cuboid, the sides perpendicular to the axis 

of the motion (lifting along the vertical axis in this case) are required. The load entered 

on the subject information panel (top left of Figure 46, Appendix 22a) is automatically 

displayed in the corresponding load field on the calibration task panel (top right of 

Figure 46, Appendix 22b), where it appears alongside metrics such as duration and 

maximum torque. The calibration task panel includes buttons to connect each IMU, 

colour-coded indicators showing connection status, and fields for entering or 

displaying load and shape parameters. After data acquisition using and prior to any 

additional data acquisition, the user clicks the ‘new take’ button to reset.  

The task component parameters panel (bottom left of Figure 46, Appendix 22c) allows 

the manual entry of hand-held component characteristics during the task performed by 

the worker. Finally, the task measurement panel (bottom right of Figure 46, Appendix 

22d) has similar features to the calibration task panel (plots for joint angles and torque, 

buttons to reset, connect IMUs, start and end data acquisition, etc.) but also includes a 

display of predicted ET and CE, and an option for pressure insole connectivity. If 

pressure insoles are enabled, CoP position and the detected task are displayed. A task 

selection tool on the top right of the panel (bottom right of Figure 46, Appendix 22d) 

is used to identify the tasks during the validation and is used in the filename when 

.xlsx files are saved. 
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Backend 

The backend implements the SAFE framework described in section 5.2.2 Modelling 

Approach, processing IMU and manually inputting subject- and task-related inputs to 

compute shoulder joint torque, predicted ET, and CE. For the present study, 

calculations were simplified to focus on sagittal plane flexion-extension of the 

shoulder and elbow, with shoulder joint torque computed about the medio-lateral axis 

for a single arm. Wrist angles were fixed at 15° to reduce the number of sensors and 

interference on the participant and aid with comfort. Pressure insoles were not enabled 

in the validation and were acquired separately on a mobile application; thus, the 

validation was performed offline. 

5.4 Validation 

The validation protocol involved participants performing two pick and place (PP) 

tasks and two manual handling while walking (MH) tasks. MH and PP tasks had two 

ergonomic variants: ergonomically optimised (Ergon) and non-ergonomic 

(NonErgon); thus, the four tasks completed by all participants were: MHErgon, 

MHNonErgon, PPErgon, PPNonErgon. Ergonomic risk assessments and self-reported 

fatigue scores were collected to objectively and subjectively verify the differing 

ergonomic risk and perceived effort between Ergon and NonErgon conditions. 

Optical MoCap was used to verify the flexion-extension shoulder and elbow joint 

angles acquired during the tasks to confirm that the endurance metrics derived from 

IMU data are within an acceptable range. Due to the acquisition of IMUs and pressure 

insoles using different applications, evaluation of the SAFE framework during the 

validation was performed in post-processing. 

5.4.1 Subjects 

Ten participants (six males, four females) were recruited by word of mouth and 

provided written, informed consent to take part in the study. Demographic data were 

recorded and body composition parameters were gathered using the clinically 

validated OMRON BF511 Body Composition Monitor (Omron Corporation, Kyoto, 

Japan) [219]. Average (standard deviation: range) of the age, height, weight and BMI 

of the cohort were 29.2 (6: 20-37) years, 1.72 (.06: 1.62-1.80) m, 73.1 (13.1: 54.7-

97.3) kg, 24.7 (4.0: 19.6-30.7) kg/m2, respectively. Similar to previous experiments, 
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participants reported no musculoskeletal disorders and were asked to attend the 

session fully rested and completed a 5-minute upper body warm-up prior to data 

capture. 

5.4.2 Validation Equipment 

IMUs were placed on the chest and the self-reported dominant upper arm and forearm 

of participant (see Figure 45), similar to ergonomic studies that use unilateral IMU 

placement to generate shoulder and elbow joint angles [75], and as per 5.3.1 Hardware. 

Prior to every task during the data collection, pressure insoles were calibrated based 

on each individuals’ weight as per the manufacturer’s recommendations. Participants 

used available insole sizes EUR39 (n=6), EUR43 (n=3), EUR45 (n=1); no volunteers 

were excluded for size. A measuring tape and video camera were used to perform 

ergonomic risk assessments, and a loadcell (range = 30 kg; accuracy = .02%; 

nonlinearity = .02% F.S.) measured MVC force. 

Ten Prime 13 and two Prime 13X OptiTrack cameras (NaturalPoint, Inc., Corvallis, 

OR, USA), sampling at 180 Hz and a 27-marker set by Optitrack (Conventional Upper 

Skeleton Marker Set) were utilised [246], enabled tracking of the upper body for 

system validation. The skeleton was modified to include additional markers required 

for shoulder and elbow joint angle calculation using International Society of 

Biomechanics (ISB) guidelines [311], such as the inferior, lateral and root of the 

scapula to form the scapula local coordinate system (LCS), and the medial epicondyle 

for the humerus and forearm LCS. Markers were attached to the participant using 

double sided sticky tape and velcro straps, Figure 45. The mean calibration ray error 

was .74 ± .04 mm and mean calibration wand error was .14 ± .01 mm. 

5.4.3 Protocol 

Personal information was inputted to the subject information panel (top left of Figure 

46, Appendix 22a). MVC was recorded in the same position as the calibration task, ie. 

with the shoulder flexed to 0°, and the elbow fully extended using the loadcell [204]. 

Average (standard deviation: range) MVC force was 85 (15: 60-100) N and 53 (5:45-

60) N for males and females respectively. The SAFE framework was validated using 

the available load closest to 50% MVC and the load from the one-handed calibration 

task was doubled for the two-handed industry tasks and placed in a box (30m × .20m 
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× .18m). Average (standard deviation: range) of the actual %MVCs of the loads used 

were 50.2 (1.6:49.0-52.7) % and 50.9 (3.3:49.46.4-54.5) % for males and females 

respectively. Participants performed the calibration task followed by four industry-

type tasks in a randomised order for 5 mins each. 

To acquire data for the calibration task using the software, the user clicked ‘start data 

acquisition’ (indicator went from red to yellow, top right of Figure 46, Appendix 22b). 

At this stage, the computed shoulder and elbow flexion-extension angles and 

corresponding joint torques in the sagittal plane were displayed in the plots. Once the 

user clicked ‘start calibration task’ (indicator turned green, top right of Figure 46, 

Appendix 22b) and the participant began the calibration task, the task duration and 

calculated maximum shoulder joint torque (Figure 44, left) were displayed in the grey 

fields (top right of Figure 46, Appendix 22b). The calibration task was complete once 

the individual reached fatigue, the user clicked ‘stop calibration task’ (indicator turned 

yellow, top right of Figure 46, Appendix 22b), and then ‘stop data acquisition & save 

data’ (indicator turned red, top right of Figure 46, Appendix 22b). The time between 

clicking ‘start calibration task’ and ‘stop calibration task’ was used as the experimental 

ET to calculate the maximum torque, Figure 44 (left). 

For manual handling tasks, participants picked up the box containing the external load 

at the start position and walked to the end position at a steady and controlled pace over 

12 s and placed the box at the end position, after which the participant performed an  

 

Figure 47: Task cycle for manual handling (top) and pick and place (bottom) tasks 
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A-pose and completed the course in reverse, see Figure 47 (top). One cycle took 30 s 

approximately, and subjects completed 10 cycles in the 5-minute duration of the tasks. 

A metronome was used to prescribe pick-up and drop-off times. For pick and place 

tasks, participants picked up the box from one table and moved it laterally to a different 

table while standing, see Figure 47 (bottom). Once the lift was complete, participants 

assumed an A-pose until the metronome sounded, when the box was placed back in 

the original position, meaning there were two lifts per cycle. Lifts were repeated every 

6 s (Figure 47, bottom), for 5 minutes, resulting in 25 cycles over the task duration. 

For manual handling (i.e., MH) and pick and place tasks (i.e., PP), the pick-up and 

drop-off locations differed between Ergon and NonErgon variants so that Ergon was 

more ergonomically friendly, meaning lifting distances and forward reaching and 

bending were reduced compared to NonErgon (see Figure 48 and Figure 49 for the 

laboratory’s configuration). Load and pace can influence ergonomic risk scores and 

fatigue in the upper extremities during repetitive tasks [3], thus this was consistent 

between Ergon and NonErgon tasks. For MHNonErgon, the starting pick up location 

was 20 cm from the ground (49 cm lower than the MHErgon start point) and the drop-

off location was 36 cm higher than the MHErgon drop-off location (Figure 48). For 

the PPNonErgon variant, the starting pick-up location was raised 18cm higher than 

PPErgon, Figure 49. Ergonomic risk assessments (NIOSH lifting index [65] for 

manual handling tasks and RULA (wrist and arm scores) [63] for pick and place tasks) 

were calculated for pick-up and drop-off positions for both tasks respectively to ensure 

higher risk levels for NonErgon tasks without incurring very high scores that posed a 

risk to participants. A measuring tape was used to generate data for the completion of 

NIOSH assessments and video footage was used to determine RULA scores 

observationally.  

NIOSH lifting index scores are classified into very low (≤1), low (1.01-1.50), 

moderate (1.51-2.00), high (2.01-3.00) and very high (>3.00) risk, while RULA scores 

are classified into negligible (1-2), low (3-4), medium (5-6) and very high (>6) risk. 

Mean and standard deviation NIOSH scores were .48±.12 and 1.07±.30 for MHErgon 

and MHNonErgon, respectively, while mean and standard deviation RULA scores 

were 5.3±.3 and 6.2±.4 for PPErgon and PPNonErgon, respectively.  
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Participants were asked to rate their subjective level of exertion and fatigue using the 

Borg RPE scale [72], before each task and at 1, 2, 3, 4 and 5 mins, where 6-7 in the 

scale indicates rest and very, very light exertion and 20 indicates maximal exertion. 

Participants rested between tasks for a minimum of 6 mins, consistent with previous 

literature [27], [110], [119], [236], until their Borg RPE scores returned to 6-7. Rest 

durations typically averaged around 7-8 mins. Final Borg scores were similar for both 

versions of manual handling and pick and place tasks (MHErgon ≈ 13 and 

MHNonErgon ≈ 15 versus PPErgon ≈ 12 and PPNonErgon ≈ 15). 

 

Figure 48: Pick-up and drop-off points for manual handling tasks, with MHNonErgon locations deviating from 

MHErgon by -49cm and +39cm for pick-up and drop-off points respectively. Walking path while holding the load 

is indicated by the blue arrow. 

 

Figure 49: Pick and place task involved repeatedly lifting and placing the box laterally from the black table on the 

left to the white table on the right and vice-versa. The black table was 18cm higher in PPNonErgon compared to 

PPErgon to increase ergonomic risk. 
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The task measurement panel (bottom right of Figure 46, Appendix 22d) was used to 

acquire and visualise data during the industry tasks following the same operation as 

the buttons on the calibration task panel previously described, where CE accumulated 

between clicking ‘start task’ and ‘stop task’. The same box and load were used for all 

tasks, thus the task measurement parameters, shown in Figure 46 (bottom left) and 

Appendix 22c, remained unchanged throughout the data acquisition. Participants 

performed an A-pose for approximately 5 s prior to beginning the task, during which 

a distinct movement cue was executed to mark task onset, and then held an A-pose for 

approximately 5 s after task completion to aid with data synchronisation. 

5.4.4 Data Analysis 

Data Pre-Processing  

For MoCap data, gaps in marker position tracking shorter than 90 samples (≈0.5 s) 

were filled using cubic interpolation in Motive software (NaturalPoint, Inc., Corvallis, 

OR, USA). For larger gaps, pattern-based interpolation was applied using nearby 

markers as references. The data were then filtered using a 4th order Butterworth filter 

with a 6 Hz cut-off frequency and zero-phase shift similar to studies in the literature 

that used MoCap data for joint angle calculation during quasi-static manual handling 

tasks [312], [313]. Processed takes were exported to .c3d and analysed in MATLAB 

to extract joint angles using ISB guidelines [311] which involved creating LCSs for 

the thorax, scapula, humerus and forearm. Virtual markers for the glenohumeral and 

elbow joint centres were determined by offsetting the marker on the acromioclavicular 

joint downwards by 7 cm [314] and finding the midpoint between the medial and 

lateral epicondyles, respectively. The Biomechanical ToolKit and Mokka [315] were 

used to append and visualise virtual markers. Only shoulder and elbow flexion-

extension angles in the sagittal plane were extracted since the task movements mainly 

occurred about the medio-lateral axis and to allow comparison and validation with the 

generated IMU joint angles. 

Since pressure insoles were not enabled during data acquisition with the software, 

IMU and pressure insole data captured using the custom and mobile applications 

respectively were exported post-task, and all processing took place offline. Thus, 

while this work demonstrates the efficacy of the SAFE framework using the validation 

system during industry-type tasks in a laboratory setting, it does not validate the real-
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time abilities of the framework. This will be tested in future work when it is possible 

to acquire pressure insole data on the developed application. One degree of freedom 

shoulder and elbow joint angles (flexion-extension in the sagittal plane) were 

determined from IMU data by forming directional cosines from the global coordinate 

system of the sensors, converting into quaternions and finding the relative angles 

between the chest and upper arm IMUs (after converting to Euler angles and using the 

roll to account for the 90° orientation offset) for shoulder angle, and between upper 

arm and forearm IMUs (using the local z-axis of each segment, Figure 45) for elbow 

angle. Although the effective sampling rate was low, the protocol involved slow, 

metronome-paced movements, ensuring that kinematic and torque variations of 

interest occurred within the resolvable frequency range and satisfied the Nyquist 

criterion [220]. Higher-frequency transients (which can occur due to sudden 

movements, impacts or short bursts of acceleration) were not captured due to the low 

sampling rate, but this was acceptable given the quasi-static, endurance-related 

dynamics under study. Spectral analysis of filtered 180 Hz MoCap joint angle data 

confirmed that the main movement peak occurred at .37 [.2-.8] Hz and 95% of the 

cumulative power was contained at .92 [.34-1.66] Hz, indicating that all meaningful 

motion fell within the bandwidth captured at the IMU sampling rate. IMU-derived 

joint angles were low-pass filtered using a 4th order zero-phase Butterworth filter, with 

the cutoff frequency adaptively set from the effective sampling rate: 6 Hz for ≥25 Hz 

sampling (capturing voluntary upper-limb motion, mostly <6 Hz), ~0.35×Nyquist (≤5 

Hz) for 10–25 Hz, and .8–1.5 Hz for <10 Hz to preserve the relevant slow dynamics 

while attenuating noise. To attain a balance between noise reduction and preserving 

signal shape, linear/angular accelerations were obtained via Savitzky-Golay 

differentiation filter (3rd order, window set to ~0.2–0.4 s), following zero-phase low-

pass filtering of joint angles. 

Since data were acquired on different devices and were not synchronised, IMU, 

MoCap and pressure insole data were resampled and synchronised. MoCap joint 

angles and pressure insole data were down sampled and IMU joint angles were up 

sampled using cubic interpolation to 25 Hz. Using MATLAB, min-max normalisation 

was performed, and the cross-correlation function was used to determine the lag 

between MoCap and IMU data and then between pressure insoles data, and data were 

shifted accordingly. Appropriate offsets were applied in the calculation of the joint 
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angles from the IMUs during each participant’s A-pose at the start of the first task and 

applied as a fixed calibration to all tasks to bring the shoulder and elbow angles to -

90° and 0°, respectively. To compare MoCap and IMU data, statistical features were 

extracted from MoCap- and IMU-derived joint angle data from each task: root mean 

squared difference (RMSD), mean absolute error (MAE), and coefficient of multiple 

correlation (CMC) [316]. 

Given the small, unbalanced groups (6 wore size EUR39, 3 wore size EUR42, 1 wore 

size EUR45), shoe size effects with pressure insoles were not tested. CoP features were 

extracted from pressure insole data and the model from previous work [253] was used 

to classify the tasks in the present work using a 1s window. Although the previous 

section, 4.2 AI-based Task Classification Using Pressure Insoles for Occupational 

Safety, suggested 5 s windows for near real-time classification [253], 1 s windows 

were required to capture short rest phases and transitions. In the present validation, 

task classification aided with distinguishing rest from activity phases to ensure no 

artificial fatigue accumulation while the participants were resting in A-pose position. 

For each trial, synchronised IMU, MoCap, and pressure insole data were trimmed to 

remove any data collected before the first rest phase and after the final rest phase. 

Framework Implementation 

Using manually inputted subject and task information, flexion-extension shoulder and 

elbow joint angles and task classification outputs, shoulder joint torque about the 

medio-lateral axis was calculated using the method shown in Figure 43 [204]. Since 

IMUs were placed on the dominant arm, shoulder joint torque is computed for one 

arm; thus, the task load was halved in the case of a two-handed task [208] and 

symmetrical loading was assumed. Torque exhibited a consistent non-zero baseline 

during A-pose rest periods, this likely arose from a combination of small errors in joint 

angle estimation and anthropometric approximations, which together resulted in 

systematically elevated torque values. Rather than applying a separate uniform offset 

correction, a task- and subject-relative torque floor (ε = max(1 Nm, 2%·max(torque))) 

that both removes this baseline offset and ignores physiologically negligible loads was 

implemented, aligning rest-state torque to ≈0 Nm while ensuring robustness across 

tasks and participants. Using torque and experimental ET from the calibration task, 

maximum torque was calculated (Figure 44, left). This maximum torque, along with 
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the torque acquired during each pick and place and manual handling task, was used to 

calculate predicted ET and CE for each task (Figure 44, right). CE was smoothed with 

a moving window covering 2–3 cycles (pick and place tasks: 24–36 s; manual handling 

tasks: 60–90 s) with edge padding. 

Assessing the Framework 

This step assesses the ability of the SAFE framework to predict fatigue and distinguish 

higher- from lower-risk conditions. To assess the validity of CE as a fatigue metric, 

CE values (using 2 cycle window lengths) at same time intervals that Borg values (i.e. 

at 0 s, 60 s, 120 s, 180 s, 240 s, 300 s) were noted and within-subject (repeated-

measures) correlations [317] between time, Borg scores and CE was performed on a 

task-by-task basis. To confirm that the Ergon tasks were, in fact, more ergonomically 

friendly than their NonErgon counterparts and that the calculated endurance metrics 

reflected these differences, a one-tailed Wilcoxon-signed rank test was performed 

using NIOSH, RULA, endurance metrics and final Borg RPE scores, i.e. scores 

obtained at 5 mins. 

Task-Related Coefficients  

Observed CE values were initially higher than expected, therefore rescaling CE using 

task-specific endurance coefficients was required. Thus, the inclusion of the endurance 

coefficient for manual input in Figure 44 (right). Since the correlation analysis showed 

high positive correlation between CE and Borg scores, observed high CE values were 

rescaled using task-specific endurance coefficients to align with perceived exertion, 

ensuring the framework outputs reflected individual fatigue levels. This ensures the 

behaviour and relative pattern of the model is not altered and only rescaled.  

To determine the task-specific endurance coefficients that reflected participants’ 

fatigue levels, a new parameter called Target CE was calculated based on the Borg 

RPE score recorded for all participants at the end of each task. The Borg RPE scale is 

structured with linear increments [72], [318] and a linear relationship between Borg 

scales and muscle activation (%MVC) has been previously reported [319]. Jang et al. 

(2017) [196] extended this assumption to their model- that described the proportion of 

fatigued motor units, applying a linear mapping to the Borg scale. Following this 

rationale, the CE metric in the present study was linearly rescaled to the Borg RPE (6–

20) scale, generating the Target CE parameter that provides a perceptual reference for 
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CE values. Since CE=0% and Borg=6 denote rested states and CE=100% and Borg=20 

denote complete fatigue, Target CE values were generated based on reported Borg 

scores where each point on the Borg scale denoted a 7.14% increase of CE (i.e., if 

Borg=6 then Target CE=0%, if Borg=7 then Target CE=7.14%, if Borg=8 then Target 

CE=14.28%... if Borg=20 then Target CE≈100%). Since Target CE was based on self-

reported fatigue, values were similar for both manual handling and pick and place 

tasks (MHErgon=47.6±16.8% and MHNonErgon=61.6±13.9% versus 

PPErgon=42.0±8.1% and PPNonErgon=60.9±16.5%). This resulted in 40 different 

Target CE values for each participant at the end of each task. 

Coefficients that aligned observed CE values to Target CE were subsequently 

calculated using k=TargetCE/observed CE resulting in 40 different values for each 

subject and task. The coefficients were averaged across each task (Equation 5.1, i.e. 

four coefficients). To calculate the rescaled CE values that aligned the observed CE 

with perceived fatigue, the task-relevant endurance coefficients were multiplied by the 

observed CE values, i.e. 𝐶𝐸 × 𝑘̅𝑇𝑎𝑠𝑘. RMSE values were calculated and normalised 

using the mean of the Target CE for each task to understand the deviation of rescaled 

CE from the Target CE.  

𝑘̅𝑇𝑎𝑠𝑘 =
1

𝑁
∑

𝑇𝑎𝑟𝑔𝑒𝑡𝐶𝐸𝑇𝑎𝑠𝑘

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝐶𝐸𝑇𝑎𝑠𝑘

𝑁

𝑖=1

 
(Equation 5.1) 

 

5.4.5 Results 

Framework Implementation 

This section covers the results from data pre-processing and framework 

implementation in 5.4.4 Data Analysis. Figure 50 shows MoCap- and IMU-derived 

joint angles (shoulder and elbow flexion-extension angles in degrees in orange and 

purple respectively for MoCap, and in blue and yellow respectively for IMU) at the 

top; total pressure insole load between two feet (in N, solid black line) and task 

classification (assembly in pink, manual handling in green, pick and place in purple, 

standing in blue, walking in yellow and rest in grey) in the middle; and torque (Nm, 

black solid line) and predicted ET (s, orange solid line) with rest/activity classification 

at the bottom during the MHErgon task for one subject. Similarities between IMU and 

MoCap joint angles are graphically evident in Figure 50 (top) and in the joint angle 
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comparison metrics in Table 18. Results were not task dependent with comparable 

metrics across manual handling and pick and place task types. MAE and RMSD 

quantify overall agreement, with RMSD accounting for drift or spikes more 

sensitively, thus the larger range of 10.8°-15.1°, compared to MAE, 8.2°-11.3°. CMC 

evaluates waveform similarity and was high for elbow angles (CMC≥.91), indicating 

very similar patterns, and low for shoulder angles (CMC≈.52), indicating poorer shape 

agreement. 

In Figure 50 (middle and bottom), rest phases are denoted by grey windows and were 

classified accurately and in alignment with the periods of time the subject held an A-

pose (where shoulder and elbow angles were extended to ≈-90° and ≈0°, respectively) 

 

Figure 50: MHErgon task for one subject showing MoCap and IMU joint angles (top), task classification with PI 

and IMU joint angles data (middle) and the calcaulted torque and predicted endurance times (bottom) 

Table 18: Comparison of MoCap and IMU shoulder and elbow joint angles indicted by mean ± standard deviation 

for RMSD, MAE, CMC 

 RMSD (°) MAE (°) CMC 

 Shoulder 

Flexion 

Elbow 

Flexion 

Shoulder 

Flexion 

Elbow 

Flexion 

Shoulder 

Flexion 

Elbow 

Flexion 

Manual 

Handling 

Tasks 10.8±3.5 11.7±3.2 8.2±2.4 9.2±2.9 .56±.36 .95±.03 

Pick and 

Place 

Tasks 15.1±5.2 14.2±2.9 11.3±4.3 10.7±2.2 .47±.36 .91±.04 

All Tasks 13.0±4.9 13.0 ±3.3 9.8±3.8 10.0 ±2.7 .52±.36 .93±.04 

RMSD = Root mean squared difference; MAE = Mean absolute error; CMC = Coefficient of multiple 

correlation 
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and a relatively constant total pressure insole reading indicate standing still. The 

displayed task is accurately classified as manual handling (Figure 50, middle panel, 

green windows) for the majority of the recording, with a few phases marked as 

standing (blue windows) or assembly (pink windows). Task classification and IMU-

derived joint angles were used to distinguish rest from activity to tune the torque 

calculations. Ground truth versus predicted classifications showed accuracy, F1 and 

specificity of .995%, .996% and .985% respectively across all data. 

The impact of changes in arm segment positions, CoM position, and linear and angular 

acceleration on torque (Nm, black line in Figure 50, bottom), and thus predicted ET 

(s, orange line), are evident, i.e. as torque decreases, predicted ET increases since these 

reduced-torque configurations can be sustained for longer periods. Setting the torque 

to 0 Nm during rest (grey windows) results in infinite predicted ET in these phases, 

which is physiologically accurate, and ensures that additional endurance is not 

consumed during such phases when calculating CE. This is evident as CE goes to 0% 

during rest phases, blue lines in Figure 51 (i.e., between each lift) while smoothed CE 

shown in red and black in Figure 51 succeeds in capturing past kinematic sequences 

of the previous 2 and 3 cycles of activity. Changing smoothing duration from longer 

to shorter windows resulted in a median absolute difference of -13.9% (relative % 

median difference of -6%), indicating results were robust to window length. The 

shorter window length was used for remaining analyses. 

 

Figure 51: CE plots for all tasks for one subject 
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Assessing the Framework 

This section presents the results corresponding to the similarly named subsection in 

5.4.4 Data Analysis. The relationships between time, Borg RPE and CE values are 

shown in Figure 52. Pooled correlation coefficients (rrm) for time versus Borg was 

≥.909 (P<.001), while time versus CE was slightly stronger ≥.962 (P<.001). CE 

showed strong correlation with Borg scores (rmm≥.878, P<.001), demonstrating its 

ability to predict fatigue levels.  

Table 19 shows z-scores and one-tailed significance results from the Wilcoxon signed-

rank test. Significant differences were detected between Ergon and NonErgon 

conditions for both task types using ergonomic risk assessments scores (P<.001 for 

manual handling tasks, P=.002 for pick and place tasks) and Borg RPE (P=.004 for 

manual handling tasks, P=.002 for pick and place tasks), where the NonErgon tasks 

induced both higher subjective fatigue ratings and risk. This validates that significant 

differences between higher- and lower risk task conditions were observed subjectively 

and objectively. 

Importantly, to validate the SAFE framework during manual handling and pick and 

place tasks, the Wilcoxon signed-rank test results are also shown in Table 19. The 

significant difference in ergonomic risk assessments and Borg RPE scores at task 

completion is also reflected in the higher mean shoulder joint torque during NonErgon 

tasks (P<.001 for manual handling tasks, P=.014 for pick and place tasks), lower mean 

predicted ET throughout NonErgon tasks (P=.003 for manual handling tasks, P=.042 

for pick and place tasks), and higher CE at the end of NonErgon tasks (P=.002 for  

 

Figure 52: Relationship between Time, Borg scores and CE values 
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Table 19: Wilcoxon signed-rank test z-scores comparing the means between Ergon and NonErgon tasks 

Tasks ERA Borg Mean Torque Mean 

Predicted ET 

CE 

Manual 

Handling 

-2.807a 

(P<.001) 

-2.625a  

(P =.004) 

-2.803a  

(P <.001) 

-2.599b  

(P =.003) 

-2.701a  

(P =.002) 

Pick and 

Place 

-2.716a  

(P =.002) 

-2.677a  

(P =.002) 

-2.191a  

(P =.014) 

-1.784b  

(P =.042) 

-1.886a  

(P =.032) 

a. Based on Negative ranks, i.e. NonErgon values higher than Ergon values 

b. Based on positive ranks, i.e. Ergon values higher than NonErgon values 

ERA = Ergonomic risk assessment; ET = Endurance time; CE = Consumed endurance 

Table 20: Mean ± standard deviations of target CE values (based on Borg scores) and CE values with and without 

scaling, and the associated normalised rmse 

Task 
CE without 

coefficients (%) 
NRMSE  

CE with 

coefficients (%)  
NRMSE  

MHErgon 255.2±58.4 4.49 48.4±11.1 .31 

MH 

NonErgon 
313.0±60.4 4.19 63.9±12.3 .30 

PPErgon 173.0±39.2 3.22 43.2±9.8 .19 

PP NonErgon 228.2±47.38 2.84 62.4±13.0 .29 

 

manual handling tasks, P=.032 for pick and place tasks) of NonErgon tasks using the 

SAFE framework. 

Task-Related Coefficients 

From lowest to highest, task coefficients were .1895 (MHErgon), .2042 

(MHNonErgon), .2495 (PPErgon) and .2734 (PPNonErgon). Coefficients for manual 

handling tasks were lower than pick and place tasks, showing the former needed to be 

reduced by a greater extent to align with Borg ratings due to higher observed CE (i.e., 

without rescaling) calculated by the model. 

Mean and standard deviation rescaled CE with coefficients (𝑘̅𝑇𝑎𝑠𝑘) were compared to 

Target CE, Table 20.  With coefficients applied, CE more closely resembled perceived 

fatigue, reducing errors to moderate levels (NRMSE=.19-.31), compared to the poor 

fit without coefficients (NRMSE=2.84-4.49). Thus, endurance coefficients effectively 

scaled CE values to within ≈30% of the Target CE and aligned the cumulative 

endurance metric with task-specific self-reported fatigue levels.  

5.5 Discussion  

5.5.1 SAFE Framework 

The SAFE framework integrates wearable sensing, biomechanical modelling, and 

task-aware fatigue assessment to forecasting physical fatigue and shows strong 
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potential for proactive WMSD prevention. The SAFE framework comprises of a 

torque-based endurance model which has been shown to accurately predict ET of 

loaded upper extremity dynamic tasks in combination with the calibration task to 

determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 [204]. Torque-based endurance modelling has been tested 

during unloaded, mid-air pointing tasks for human machine interface research to date 

[37], [88] and during basic loaded static and dynamic high torque movements with the 

calibration approach [204]. The validation work demonstrated this framework can be 

applied to industry-type tasks with increased movement complexity and variability. 

Thus, the SAFE framework aids in expanding the application of traditional force-

based endurance models beyond static, isometric tasks [70], [204], [229] that require 

alternative equations for different tasks [227], [228], [249] and joint, muscle groups, 

and postures [70], [71] (which are not common in industrial work [167]) to a variety 

of dynamic upper extremity tasks. Furthermore, the torque-based models and 

calibration task in the SAFE framework aid with generating individualised endurance 

metrics that align with the individuals’ demographics, anthropometrics and strength at 

a specific %MVC. 

While CE can be used to inform workers of their current endurance consumption, the 

endurance coefficients can also be used to rescale predicted ET, using 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝐸𝑇𝑇𝑎𝑠𝑘 =
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐸𝑇

𝑘
 This aligns with the need for forecasting approaches 

in the literature [3], [77] and this task-specific predicted ET can be used to calculate 

CE, Figure 44 (right). 

The integration of task classification in the framework eliminates the need for manual 

load input during post-processing (although this feature was not demonstrated in the 

current validation due to sensor limitations and identical loads during tasks). The 

present work used task classification to distinguish rest from activity phases to reflect 

real conditions and prevent artificial CE accumulation during rest. Additionally, the 

validation showed that task classification accounted for slight variations in task timing, 

particularly during rest phases, preventing artificial CE accumulation and 

demonstrating robustness to inter- and intra-participant differences. This is a key 

requirement for real workplaces where individuals rarely perform tasks identically. 

Future work can involve training ML models on specific work tasks and assign 

appropriate task-specific endurance coefficients in real-time. Furthermore, the 
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previous work [253] on which the classification in the present work is based used 

explainability analysis to identify and utilise important features, which aligns with the 

need for explainability where ML is deployed in occupational contexts [87]. This 

aspect of the SAFE framework contributes to a cumulative fatigue metric that 

describes individuals’ physical state as tasks change throughout a shift. 

The framework was deployed on a system consisting of IMUs and pressure insoles 

with a custom application. However, the framework is not limited to such sensors and 

may also be deployed with an array of different equipment, e.g., force plate, markerless 

MoCap. The minimal number of sensors in the present work were selected to allow 

for mobility across the experiment set-up, something not achievable with force plates 

and a limited number of markerless MoCap cameras, and to minimise the interference 

of sensors with natural movement and comfort. This enables better simulation of real 

working conditions and minimises interference with the worker. Therefore, the SAFE 

framework exhibits versatility that allows for adaptation to different occupations, 

workplaces and worker needs depending on the sensors used, the tasks that the 

framework is trained on and inclusion of occupation-specific endurance coefficients. 

The SAFE framework goes beyond current methods and wearable systems and it 

especially suitable for non-routinised work as it does not involve continuous 

interference on workers as is the case with questionnaires [187], [320], [321] and 

ergonomic risk assessments that require measurements like the NIOSH lifting index. 

It also avoids the need to observationally analyse hours of video footage [99] and is 

not affected by inter- and intra-observer differences similar to ergonomic risk 

assessments like RULA [18], [137]. Furthermore, the categorisation of some 

ergonomic risk assessments into gross categories, e.g. seven categories for RULA, has 

resulted in researchers questioning the risk classifications [322], [323] and calling for 

risk on a continuous scale [18], [138], which the present work achieves, i.e. CE ranges 

from 0-100%. The applicability of the framework to non-routinised work for any upper 

extremity task, calculation of risk on a continuous scale, and a GUI for visualisation 

of endurance metrics contributes to the potential of the SAFE framework to be 

deployed for continuous online operator monitoring. In this way, workers can manage 

their working schedules (e.g., when to rest, rotate task) using their smart phones in a 

manner that prioritises their safety, wellbeing and privacy. Additionally, the SAFE 

framework shows potential for use by workplace ergonomists, where the CE in given 
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period may inform workstation or task redesign, similar to the changes that were 

observed between Ergon and NonErgon tasks in 5.4 Validation. 

5.5.2 Framework Validation 

Joint Angle Comparison 

Pick and place tasks incurred slightly higher joint angle errors (RMSD ≈14.2-15.1°, 

MAE ≈10.7-11.3°) than manual handling tasks (RMSD ≈10.8-11.7°, MAE ≈8.2-9.2°), 

likely due to greater complexity and velocity [316], [324], [325]. Elbow angles showed 

excellent agreement [316] (CMC ≈.95 for manual handling, ≈.91 for pick and place), 

while shoulder angles showed poor agreement. These results align with Lebel et al. 

(2017) [316] and Kim and Nussbaum (2013) [324], and with MAE ranges for walking 

and daily activities (.6-25.6°) [326], [327], [328]. Higher shoulder errors may stem 

from offsets, reduced motion range (–35° to –90° vs. 0-144° at the elbow), or the 

estimation method, and alternative joint angle estimation methods (e.g., Lim & 

D’Souza, 2020 [22]) should be considered. Overall, IMU-derived joint angles fall 

within acceptable ranges, supporting the validity of the associated endurance metrics. 

Assessing the Framework 

Torque and predicted ET were, as expected, respectively higher (P<.05, Table 19) and 

lower (P<.05, Table 19) for NonErgon tasks since higher torque movements can be 

maintained for a shorter period of time. Significant differences between Ergon and 

NonErgon tasks were identified using ergonomic risk assessment and Borg scores 

(P<.05, Table 19). This difference was reflected in the increased CE (P<.05, Table 19), 

thus presenting CE’s ability to distinguish between the two conditions. Ergonomic risk 

assessments are commonly used to assess the feasibility of wearable ergonomic 

systems [137] and similar to NOISH lifting index and RULA methods, the SAFE 

framework has the capability to distinguish ergonomically higher risk from lower risk 

tasks since significant differences in CE values were observed between Ergon and 

NonErgon tasks (Table 19). This portion of the validation supports the potential use of 

the SAFE framework for ergonomic risk assessment in the future.  

The high correlations observed between CE and Borg scales support findings in the 

literature [37], [88], [196]. While observed CE (i.e., without rescaling) showed 

capabilities to distinguish higher- from lower- ergonomic risk conditions (Table 19), 
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values were elevated. This  outcome was expected because the torque-based endurance 

model was originally validated under extreme, high-torque conditions, i.e. shoulder 

flexion ≈-90° to 0° while elbow flexion ≈0° under static and dynamic conditions, 

where the arm’s CoM is positioned far from the body and sustained until fatigue [204]. 

Real work tasks are less extreme, with the upper extremity CoM usually closer to the 

body and facing higher variability and high-torque postures rarely maintained for long 

periods, leading to overestimation when the model is applied directly.  

Task-Related Coefficients 

To achieve task-specific endurance metrics, the SAFE framework was rescaled using 

task-specific perceived fatigue (since Target CE was mapped from the Borg scores), 

similar to other studies in fatigue estimation employing machine learning [86] and 

muscle models [68], [196]. While subjective questionnaires have limitations, such as 

score classification inconsistencies [86] and susceptibility to environmental and 

emotional influences [155], they remain widely regarded as the gold-standard fatigue 

reference for fatigue assessment [86]. The rescaling resulted in CE values that 

reflected participants’ state more accurately and resulted in significantly lower errors 

(NMRSE≈20-30%). While other endurance models have been developed for different 

tasks [227], [228], [249] and arm configurations [70], [71], here, this variability is 

captured within a single model through task-dependent coefficients. This provides a 

unified way to model endurance across diverse tasks involving the upper extremities 

and accounts for task- and joint-dependent differences in fatigue development [70], 

[71]. Task- and sex-specific coefficients were also explored in the course of the work 

and did not meaningfully improve performance. 

5.5.3 Limitations and Future work 

Regarding the SAFE framework, associating CE values with risk groups (e.g., low, 

medium, high) and using colour-coded interfaces can help workers quickly identify 

when they are nearing endurance limits. However, inconsistencies in the scores 

classifications of subjective fatigue scales (binary vs. multiclass with 3-5 levels [86]) 

highlight the need for more empirical evidence to establish accurate risk categories. 

Other areas for future work include investigation of additional personal factors, such 

as exercise type/frequency, when determining endurance coefficients. Alternatively, 
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endurance coefficients could be tailored to the task by calculating a ‘task difficulty 

index’ that integrates CoM behaviour, posture, duty cycle and other task features. 

While no negative impacts of misclassification (Figure 50, middle) were observed due 

to high accuracy of rest and activity detection, future implementations could risk 

applying incorrect CE scaling coefficients; thus, larger datasets will be required to 

improve task-type classification. In addition, in future deployment, coefficients will 

update only after stable classifications (e.g., ≥2 s persistence with a temporal smoother 

or Hidden Markov Model), which limits coefficient ‘thrash’ and reduces the impact of 

brief mislabels. While other studies have performed task classification to distinguish 

between the same task at multiple load levels to perform ergonomic risk assessments 

[103], direct estimation of hand-held loads along with task classification would further 

increase SAFE framework adaptability. 

While the calibration task was optimal for static and dynamic shoulder flexion-

extension movements in previous research [204], this task may not be generalisable to 

specific industry-type tasks. For example, Villaneuva et al. (2023) [68] continuously 

adjusted 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 based on arm position in their model for unloaded HMI 

applications for their torque-based muscle model. Future work may look at 

dynamically adjusting 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 based on task and arm position or considering 

alternative calibration tasks depending on the movements during a task. Further work 

should also explore post-task recommendations on task rotation and recovery [27], 

[68], and comparison with other fatigue models and frameworks [68], [99]. 

Regarding the SAFE system developed, future work should optimise Bluetooth and 

higher-rate acquisition (≥50 Hz) to enable dynamic analysis and broader deployment 

of the SAFE framework, while measuring full system latency during final 

implementation. Low IMU sampling rate likely caused decreased signal resolution and 

upsampled, interpolated data used in the present analysis introduce artifacts such as 

over smoothing or overshooting. Vibrotactile feedback has proven effective for 

training and posture correction [54], [75], [81], [137] and may serve as a low-

interference method of delivering CE warnings. Previous work [204] found that 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 varied depending on the load used. Future app versions should store 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 values for multiple loads, so the appropriate strength value can be applied 
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for each task. Integration of IMUs into a work vest may aid with comfort and progress 

the system towards being ‘ready to wear’ [137]. 

Regarding the framework validation experiment, although the number of participants 

is aligned with the number of participants in studies that assess sensor-based 

ergonomic systems [80], [94], [98], [99], [101], [102], [329], this number remains 

relatively small. A larger cohort of experienced workers would provide greater 

diversity and strengthen the generalisability of the findings. External validity remains 

to be established since tasks here were short, paced, and lab-based; future studies will 

deploy SAFE in uncontrolled settings with a wearable IMU vest, pressure insoles, and 

mobile app.  

A 5 s window for task classification was recommended in the previous chapter [253]; 

however, 1 s windows were required to account for the rest breaks that were less than 

5 s. Previous work [253] saw accuracy levels reduce with shorter windows; this may 

have led to misclassifications, however, it did not affect rest/activity classification as 

the accuracy was high. While the task classes in the present work (i.e., manual 

handling, pick and place, assembly, walking and standing) were used alongside IMU 

data to identify active and rest periods, future models can be trained on tasks as a 

whole (such as MHErgon, MHNonErgon, PPErgon, PPNonErgon) and account for all 

the transitions in those tasks. In this way, rest states and specific tasks can be detected 

so that the appropriate coefficient is applied during the detected activity.  

Symmetrical loading was assumed in the present work; however, force production can 

be asymmetrical during bilateral dynamic tasks [330], and internal loading has been 

shown to vary with lifting direction and deviation from the sagittal plane centre during 

two-handed lifting tasks [331]. Therefore, adapting the model to better account for 

real-world loading conditions and the influence on fatigue and endurance metrics 

warrants further investigated. Additional planes of movement in joint angles, 

particularly those relevant to the three degrees of freedom shoulder joint, were not 

considered. IMUs on both arms and consideration of posture may aid with accounting 

for asymmetrical movements in future work. Although the tasks replicated high- and 

low-risk tasks (Table 19), participant safety constraints prevented us from including 

tasks with excessive risk, representing a limitation of the present work. 
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5.6 Conclusion 

This study demonstrated that the SAFE framework can support online operator 

monitoring and ergonomic risk assessment in dynamic industrial tasks. By integrating 

wearable sensing, biomechanical modelling, and task classification, it delivers 

individualised and task-specific endurance metrics. Validation confirmed acceptable 

accuracy for IMU-derived joint angles, and task-specific CE metrics effectively 

distinguished ergonomic risk levels, aligning with subjective fatigue ratings. The 

inclusion of torque-based endurance modelling in the SAFE framework results in the 

framework results in individualised endurance predictions for a range of non-

routinised work involving the upper extremities. Task classification enables 

adaptability of the framework to different tasks without continuous manual input, 

presenting potential for real-time application in future work. These findings establish 

the SAFE framework as a practical and adaptable foundation for operator monitoring, 

with future work targeting improved calibration, larger cohorts, and wearable systems 

with real-time deployment and feedback.  
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Chapter 6 Discussion, Conclusions and Future 

Directions 

This chapter interprets key findings of the research, synthesising their significance and 

exploring their broader implications. The discussion considers how the SAFE 

framework can influence workplace practices, commercial opportunities, and the 

reduction of WMSDs. Additionally, the impact on employees, employers, and industry 

standards is examined. Following this, the limitations of the studies are acknowledged, 

highlighting areas where further research and refinement are needed. Finally, the 

chapter outlines future directions, including potential advancements in system 

development, further field research, and broader implications beyond the initial scope 

of this research. 

6.1 Summary of Key Findings and Contributions  

The hypothesis explored in this thesis was that a wearables-based system for physical 

fatigue prediction could account for individual abilities while generalising across 

different manual tasks. This was investigated by achieving the three thesis objectives, 

to summarise: Objective 1 for achieving accurate, individualised endurance 

predictions; Objective 2 for ensuring task generalisability, dynamic applicability, and 

automated load input; and Objective 3 for integrating the algorithms from Objectives 

1 and 2 into a wearables-based ergonomic system. In terms of the mechanistic 

framework of fatigue-related tissue degradation described in 1.1.2 Ergonomic Risk, 

Fatigue and WMSDs, as fatigue alters load distribution and reduces tissue load-

bearing capacity, cumulative exposure may accelerate microstructural damage when 

recovery is insufficient. The proposed monitoring approach therefore provides a 

means of identifying periods of elevated biomechanical vulnerability prior to the onset 

of clinically significant WMSDs. 

6.1.1 Contribution 1: Torque-based Endurance Modelling and 

Calibration Method 

The endurance modelling work in the thesis contributed towards the achievement of 

Objectives 1 and 2 and denotes a significant advancement in the prediction of 

endurance and fatigue in the field for a number of reasons. Firstly, this work represents 
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the first application of a torque-based endurance model to manual handling tasks for 

WMSD prevention. The switch from force- to torque-based endurance modelling 

enabled prediction for dynamic tasks and any arm configuration, leading to 

generalisability across upper extremity tasks and addressing the limited, highly 

specific nature of traditional force-based MET models, where one model is suitable 

for a narrow set of isometric conditions. Secondly, the development of a novel 

standardised method for generating strength measurements represents a significant 

advancement in the field. The torque-based model and calibration method were 

validated across static and dynamic loaded tasks, achieving best-case RMSE of 19.11 

s for ET prediction. 

Thirdly, the torque-based approach resulted in individualised endurance predictions 

which cannot be achieved with traditional force-based models – a key contribution of 

the thesis work. This was achieved through the novel application of the torque-based 

approach to manual handling (due to the consideration of individual anthropometrics 

in the torque calculations) as well as the novel calibration task method developed in 

the work which determines an individual’s strength at a specific load level. Finally, a 

lack of public datasets was identified and open access publication of the endurance 

dataset collected in the course of the thesis encourages further advancement in the 

field.  

Overall, the endurance modelling work in the thesis contributed towards achieving 

Objectives 1 and 2 and addressed multiple gaps in the literature. These gaps were 

covered in detail in Chapters 1 and 2 and include lack predictive approaches for 

WMSD prevention; lack of consideration of dynamic tasks, a variety of arm 

configurations and task generalisability; lack of standardised methods to determine 

𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥; lack of investigation into personal factors and sex-based endurance 

differences; and lack of public datasets.  

6.1.2 Contribution 2: Explainable Task Classification and Open 

Datasets 

The work described in Chapter 4 Load and Task Estimation aided in achieving 

Objectives 2 and 3 and provided a strong basis for the load and task-related aspects of 

the SAFE framework. The preliminary testing in 4.1 Evaluating Wearable Sensor 

Technologies for Predicting Shoulder Endurance aided in establishing the unique 
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approach used to deal with the automated load and task-specific elements of the SAFE 

framework, i.e. by using task classification. Meanwhile, 4.2 AI-based Task 

Classification Using Pressure Insoles for Occupational Safety saw the first use of 

explainable AI methods for industry-related task classification. The SHAP approach 

contributed towards transparent and informed feature reduction (top 5 CoP features), 

which is not the case with other task classification models in occupational H&S that 

adopt a “black box” approach. This novel model was deployed in the SAEF framework 

prototype in Chapter 5 System for Activity-aware Fatigue Evaluation (SAFE) 

Framework: Predictive Fatigue Modelling for Occupational Tasks. The task 

classification work also demonstrated the real-time capabilities of the task 

classification work, supporting its use in a real-time wearable ergonomic system with 

a high accuracy (83% for 5 s window). The data were also publicly released signifying 

a contribution towards the lack of datasets in the field and enables accessibility and 

transparency.  

6.1.3 Contribution 3: SAFE Framework Integration and 

Prototype Deployment 

While the endurance modelling and task classification work in the thesis present their 

own respective novelties and contributions to WMSD prevention research, the 

integration of these disparate areas to form the SAFE framework represents a 

significant step forward in the field. The framework does not rely on disputed 

standards in the ergonomics space, unlike real-time wearable ergonomic systems on 

the market and in research while addressing limitations of self-reports and traditional 

ergonomic assessments. For the first time, endurance modelling and task classification 

research were combined and deployed on a wearable system and its ability for online 

operator monitoring and ergonomic risk assessment was demonstrated.  

The predictive, dynamic, task-generalisable and individualised aspects of the tuned 

torque-based endurance model represent a strong basis for a proactive, fatigue 

forecasting system, especially compared to existing approaches are largely reactive 

and comprise of detection or estimation of the current ergonomic risk or physiological 

state. The prototype application also integrates the novel calibration task method for 

determining 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 and automatically feeds this into the endurance model during 

task measurement. Regarding the integration of task classification to the SAFE 
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framework, this feature enables automated load input to the endurance model, which 

significantly improves on existing ergonomic systems that require load input during 

post-processing or make load-based assumptions. Task classification aspects of the 

framework also led to fine-tuning endurance predictions by accounting for rest phases 

and can be used to apply relevant task-specific endurance coefficients.  

Specifically, the consideration of arm dynamics (through endurance modelling) and 

task changes (through task classification) of the SAFE framework represents a highly 

adaptive system that is capable of adjusting predictions based on real-world conditions 

over time that is otherwise not evident commercially or in the literature. The 

framework may be used to predict fatigue for any upper extremity task with any hand-

held item (once the methods shown in the thesis are used to train the framework). 

These aspects of the system and technical results (from Chapters 3 to 5) demonstrate 

a strong potential for a real-time fatigue forecasting device in terms of online operator 

monitoring (as the output of the endurance model is predicted ET and CE) and 

ergonomic risk assessments (since the outputs were statistically significant between 

high- and low- ergonomic risk conditions).  

Regarding use as an online operator monitoring tool, workers can monitor their current 

endurance capacity as task change throughout a working shift. Using this information, 

they can adjust accordingly by lowering the number of repetitions, taking a rest break 

or rotating tasks to introduce biomechanical variation. Regarding use as a tool for 

ergonomic risk assessment, this system could potentially complement or replace tools 

such as RULA and NIOSH during manual handling tasks in real working 

environments. In this way, the system can be used by ergonomists and managers 

assessing CE changes between tasks, tools and components, and assessing individual 

workers, contributing to improved operator training and technique that potentially 

reduces WMSDs. Therefore, this work brings these two previously distinct approaches 

to WMSD prevention together into a unified framework that supports multiple 

applications for the first time. Real-time deployment of the SAFE framework is 

feasible with targeted prototype improvements, discussed in more detail in 6.3 Future 

Directions, which has been discussed as a notable gap in the field. 

Overall, the SAFE framework addressed many limitations that were outlined in the 

field (Chapter 2 State-of-the-Art in Workplace Fatigue, Wearables, and WMSD 
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Prevention) relating to lack of proactive and predictive approaches [3], [4], [18], [76], 

[77], [78], [79]; lack of assessment of dynamic tasks [3], [75]; standardisation issues 

[18], [41], [75]; lack of generalisability across tasks [70], [80], [81] while maintaining 

individualisation [3], [4], [23], [76], [185]; lack of explainability in classifier decisions 

[87] and generating outputs on a continuous scale that enable more precise risk 

classification [18], [80], [138]. At the same time, the work aligns with key 

foundational methods in the field, including implementing sensor placement norms 

[75], bench-marking against gold-standard systems, and employing recommended 

guidelines for kinematic analyses [41], [75], [311]. Additionally, the number of sensors 

was kept to a minimum to maintain comfort [75], to aid with user acceptance, and 

balance the trade-off between the number of sensors with performance and accuracy 

[4], [75], [137], [138].  

6.2 Limitations  

While the limitations of each study were individually covered in their respective 

sections of the thesis, a summary of the overall limitations of the research work is 

described here. The limitations discussed in this section mainly focus on experimental 

design and protocol, sample and generalisability, scope of measures, and deployment 

environment. 

In terms of experimental design and protocol, the completion of all tasks on the same 

day was a limitation to the endurance studies, as one study found that self-reported 

recovery is not always reliable as fatigue symptoms were present in proceeding tasks 

in terms of reduced ET (i.e., needing more recovery time and increased subjective 

scores after the participant reported full recovery) [27]. This is in alignment with other 

studies [167] and the results shown in 3.2 Validation of Endurance Model for Manual 

Tasks (Figure 19), as perceived exertion was increased and there were impacts on ET 

of the last completed task in both groups. However, this was not assessed in subsequent 

studies (i.e., 3.3 Improving Dynamic Endurance Time Predictions for Shoulder 

Fatigue: A Comparative Evaluation) and during experiments where tasks were fully 

randomised (i.e., Chapter 5 System for Activity-aware Fatigue Evaluation (SAFE) 

Framework: Predictive Fatigue Modelling for Occupational Tasks), mainly due to the 

fact that task order fell outside the scope and the focus was optimisation of endurance 
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modelling aspects of the work. However, the public release of the data [332] allow 

task order to be studied in future work and by other researchers.  

While the time allocated for rest was in line with some studies [27], [67], [119], [236], 

Jebelli et al. (2020) [110] summarised research surrounding rest time, and some 

studies mention that 15 mins should be provided and another states that 90% MVC 

can recovered in 5 to 10 mins but about 30 mins is required for full recovery. Even 

though participants reported rested states (i.e., Borg RPE score ≤ 7) prior to 

commencing tasks, these studies may indicate that subjects who performed tasks to 

fatigue (i.e., Borg RPE score ≥ 17) may have required additional rest time between 

tasks. This is of less concern for the final experiment since tasks were not performed 

until fatigue and tasks were completed in a randomised order to negate the influence 

of cumulative fatigue related to task order. 

The simplified manner in which joint angles were extracted from MoCap and IMU 

data in section 3.3 Improving Dynamic Endurance Time Predictions for Shoulder 

Fatigue: A Comparative Evaluation and 4.1 Evaluating Wearable Sensor Technologies 

for Predicting Shoulder Endurance meant that joint centres and joint constraints were 

not considered. Although, there is no consistency in the methods used in the literature 

to measure joint angles [41], the joint angle extraction from the custom IMUs was 

benchmarked against MoCap and ISB standards which considers these constraints 

[311]. The method of performing a static calibration to align the IMU to the skeleton 

is considered a typical alignment method [333] but can be affected by the ability of 

the person to carry out the calibration [41], [333] and other alignment methods such 

as those discussed by Stirling et al. (2024) [41] may be explored.  

In terms of sample and generalisability limitations, the sample size of volunteers in 

the experiments, while on par with many studies (as mentioned in each individual 

discussion), is limited in terms of diversity (e.g., age, body composition parameters) 

and abilities, as participants consisted of students and researchers who lacked 

significant experience of assembly and manual handling tasks. Many researchers 

highlighted the need for performing tests on real workers in work environments [3], 

[18], [23], [86], [137], [138], [197], which this work did not address. Although, efforts 

were made to limit any other negative implications of the volunteers on the 

experiments, for example gender balance was maintained where the ratio of 
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male:female subjects for experiments 1 to 5 (Appendix 5) were 29:24, 5:7, 15:14, 1:1, 

3:2 and volunteers were given training for each task prior to data acquisition. However, 

the results of the cohort still may not be generalisable to experienced operators in the 

field. While relationships between 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, ETs and gender were examined other 

studies have found that ET [118], [239], [334], 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 and strength [213], [214], 

[241] can change with ethnicity, age and sex. A larger, more diverse cohort of 

volunteers would introduce more diversity into the study, thus generating a more 

representative view of the population and aid in studying these relationships more 

thoroughly. 

In terms of limitations pertaining to the scope of measures in the thesis research work, 

physiological data from PPG and GSR were not gathered, which may prove useful in 

further tuning the present work by associating ET predictions with physiological 

symptoms of fatigue, or presenting an additional objective measure of fatigue, for 

example using EMG data. The thesis did not consider mental fatigue (suggested by 

[4], [79], [186], [194]) and psychological factors (suggested by [47], [78], [79]) which 

can have an effect on the rate of development of muscle fatigue [111]. There was no 

consideration of risk or accident detection [137], [186] or environmental factors [78], 

or in-depth consideration of privacy issues [3], [18], [83]. All possible confounding 

factors were not explored using ML [3], [4], [18], [195], for example, subjects’ 

lifestyle factors, sleep homeostasis and psychological states. The system delivers 

visual feedback to the user via GUI but research suggests that auditory or vibrotactile 

feedback may be more effective, particularly for tasks that require relocation [75], 

[81].  

There was a lack of consideration of posture, the lower extremities, both arms, arm 

rotations and movements in the frontal plane (i.e., abduction/adduction), and the effect 

of different work-rest schedules, such as job rotations, cycle time and duty cycle. The 

demonstration of the system in Chapter 5 involved tasks with bent elbow conditions, 

but these conditions were not considered in the analysis of different endurance models 

with various 𝑇𝑇𝑠 in 3.3 Improving Dynamic Endurance Time Predictions for Shoulder 

Fatigue: A Comparative Evaluation. Additional calibration tasks can be considered in 

future work to ascertain if different configurations are better suited to predicting the 

endurance of different tasks.  
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The deployment environment denotes another limitation of the present work. 

Experiments in the thesis were performed in a laboratory environment which was 

identified by numerous reviews as a shortcoming of many studies in the field [3], [18], 

[23], [86], [137], [138], [197]. It is important to note, there is a trade-off between 

controlled, laboratory-based simulations of work activities that offer a high level of 

repeatability in experiments, and activities performed in a real-work environment over 

an entire shift which feature high degrees of variability and are less predictable but are 

true reflections of workplace tasks [75], [198], [335]. Thus, while the laboratory-based 

experiments in the thesis were necessary to ascertain the feasibility and accuracy of 

the system, testing the system in a real-world work environment over realistic working 

periods [3], [86] is the only way to understand its true efficacy. 

6.3 Future Directions  

Despite the limitations outlined in the previous section, the findings of this thesis 

provide a strong and novel foundation for future research. The endurance modelling, 

task classification, and their integration into the SAFE framework collectively address 

long-standing gaps in WMSD prevention research, including dynamic task 

generalisability, automated load estimation, and individualised fatigue prediction. This 

thesis contributes the first application of a torque-based endurance model to loaded 

manual handling tasks, a novel calibration method for determining load-specific 

strength, and the first integration of endurance modelling and explainable task 

classification into a wearable, real-time fatigue forecasting prototype. These advances 

represent a meaningful progression beyond traditional, reactive ergonomic tools and 

establish a robust platform upon which future developments can build. The following 

research directions therefore aim not to only resolve fundamental shortcomings, but 

to expand, refine, and translate an already rigorous and innovative framework into 

broader real-world contexts. Three future directions of research are discussed in this 

section: 

• System and Framework Development  

• Individual and Physiological Factors 

• Generalisability  

These future directions are enabled by the research work described in the thesis. In 

terms of system development, the system deploying the SAFE framework in the thesis 
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consists of wearables, a MATLAB application and BLE data streaming. Future system 

development work may focus on improving the existing system (e.g., increasing IMU 

sampling rate, developing an Android mobile application, and improving comfort and 

wearability), adapting the system and framework to different occupations, or 

expanding the application of the system to integrate other areas of research (e.g., by 

including additional sensors for other assessments such as detecting environmental 

hazards). Key research questions in this area may include: What wearable ergonomic 

system characteristics support employee compliance, acceptance, comfort and 

privacy? How does long-term use of the SAFE framework in real work environments 

affect injury incidence, absenteeism, and perceived fatigue? What CE thresholds best 

support worker well-being and prevent WMSDs? 

In terms of physiological and individual factors, future research may build upon the 

investigation into the influence of such factors on endurance that took place in 3.2 

Validation of Endurance Model for Manual Tasks and 3.3 Improving Dynamic 

Endurance Time Predictions for Shoulder Fatigue: A Comparative Evaluation. 

Alternatively, it may utilise the datasets developed in the course of the thesis 

(particularly EMG data) to understand sex-based physiological or synergistic 

differences. Key research questions in this area may include: To what extent do sex, 

age, or body composition moderate the relationship between predicted ET and actual 

fatigue? How do muscle synergies vary with task type and what is the impact on 

fatigue development? 

In terms of generalisability, future research may expand on the thesis work by 

analysing additional the joints and directions of movement, building on the task 

classification work to consider other tasks, or considering alternative calibration tasks 

for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 measurement, as well as other methods that are discussed later in the 

section. The suggested areas of future research discussed in this section aim to 

strengthen the system’s real-world relevance, improve technical performance, and 

address remaining gaps in the current approach. Key research questions in this area 

may include: Can additional joints and planes of movement be incorporated without 

sacrificing system usability and comfort? Can the SAFE framework be deployed in 

sporting contexts to aid with injury prevention and performance optimisation? 
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In the short term, the most important avenue for future research lies in further 

developing the system framework and enhancing its generalisability to support 

deployment in longitudinal studies. This would aid with essential capabilities 

pertaining to real-time application and consideration of additional planes of movement 

and occupations. Longitudinal studies are a key element to future research for any 

fatigue forecasting system because large volumes of data from many individuals are 

required to understand this very complex phenomenon. Such studies can be conducted 

in collaboration with industry partners with real workers in real work environments 

over typical working periods, i.e. 8 hours, during cyclical and non-cyclical, non-

routinised (where loads, frequency and duration vary) tasks [198]. These studies can 

be used to assess the impact of such systems on the worker (i.e. injury prevention, 

comfort, compliance, acceptance) and the organisation (i.e. productivity, mistakes, 

accidents, quality, process interruptions). Additionally, ET and CE metrics can also be 

compared with muscle models and additional ergonomic risk assessments, similar to 

the manner in which they were compared to RULA and NIOSH assessments in the 

thesis during longitudinal studies. These studies are required to effectively follow 

through with the proposed future research directions such as understanding system 

generalisability and physiological and individual factors.  

6.3.1 System and Framework Development 

Future work in this area may include building on the current hardware, software and 

modelling approaches described in the thesis. The sampling rate of the IMUs in the 

system should be increased to capture higher frequency movements, and the 

development of a mobile application could further enhance the system’s deployability. 

Feedback via auditory or vibrotactile methods as it was found to be more effective 

than visual means in posture correction studies [75], [81], [104], and this would also 

be useful for tasks that are performed at different workstations so that users do not 

need to stop and look at their phone to monitor their state [75], [81]. Section 4.2 AI-

based Task Classification Using Pressure Insoles for Occupational Safety called for 

the design of insoles that are optimised for the extraction of CoP features, such as a 

quadrant structure, which may aid with classification of similar tasks in future work. 

Efforts must be made to address the issue of magnetic disturbances in wearables, as 

this is particularly important in the context of industrial environments [136]. This 

improvement would need to be implemented before the system could be applied in 
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real-world settings [4], [18]. Accurate external load measurement using pressure 

insoles would aid further reduce the need for manual input (since task-related loads 

are inputted manually to the app) and would aid with generalisability to other 

occupations where multiple loads can be associated with one task type.  

The current prototype consists of different sensors that are attached using Velcro straps 

meaning it does not fall into the ‘ready to wear’ category used by Stefana et al. (2021) 

[137] when assessing ergonomic systems. Integration of sensors into smart personal 

protective equipment (PPE) may offer a more comfortable, discrete manner of 

collecting the required data [137], which may be done through smart vests which 

embed the sensors or through textile-based sensors. Since the success of this system’s 

implementation largely depends on its users and the way they engage with it, which is 

of utmost importance in this context and compliance is key for H&S, efforts the 

opinion of the worker must be at the fore of the design of the system. Distraction by 

wearable systems was more common during cyclical work [82] and personal factors 

such as BMI and age affected comfort and distraction [82], thus can be considered in 

the design of a system that caters to a variety of needs.  

Additional system development may consist of modelling improvements. Similar to 

the constraints that were used in Chapter 5 System for Activity-aware Fatigue 

Evaluation (SAFE) Framework: Predictive Fatigue Modelling for Occupational Tasks 

to tune the torque calculation (i.e., by setting the torque=0 Nm during rest phases), the 

methods used to calculate torque can be compared to simulation methods in 

programmes like OpenSim, which may help to fine-tune torque calculation. Inclusion 

of endurance and CE metrics into simulation programmes may also be useful to test 

out a variety of working scenarios prior to implementation in workplace settings.  

Additional system improvements may also expand the framework beyond upper 

extremity tasks considered in the present work to other occupations. This can be done 

by adding to the existing datasets or placing sensors on the lower extremities and using 

the same methods outlined in the present work to develop the occupation-specific 

algorithms.  

System recommendations should also be a focus of future research. For example, the 

CE limit that results in the system displaying a warning (for example at 70% CE), 

would aid in addressing the lack of defined thresholds that describe exertion states 
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[83]. Organisation- and work-specific recommendations can be provided to an 

individual based on current endurance levels, tasks they are trained in, the tasks 

available and the organisation’s targets for the day. Alternatively, once an individual 

has reached their endurance limit, research into recovery times and models (such as , 

such as Rose et al. (2014) [27]) and the most suitable subsequent task that ensures 

diversity in biomechanical exposure is required. 

There are also cross-disciplinary opportunities in future system and framework 

development. The integration of additional sensors and algorithms could also expand 

the system’s functionality. For example, environmental monitoring and hazard 

detection could be enabled by measuring parameters such as humidity, temperature, 

noise levels, and air pollution [6] and EMG could help to objectively estimate current 

fatigue levels. Other potential capabilities include fall detection (such as [184], [274], 

[283]), monitoring mood, emotions, stress levels, mental alertness and psychosocial 

risks (such as [4], [78], [79], [194]), classifying safe and unsafe postures [336] and 

prompting rest breaks. While this thesis focused on monitoring the health of the 

worker, the proposed improvements could enable expansion to other operator types. 

For instance, integrating further sensors or exoskeleton technology could contribute to 

the development of the “super-strength” and “intelligent” worker concepts [4]. 

Within the framework of Industry 4.0/5.0 and the Operator 4.0 concepts, the 

framework presented in this thesis could contribute to WMSD prevention by 

integrating intelligent, real-time warnings into VR equipment (so that a mobile 

application is not required) or by enabling communication with other devices in the 

work environment. Previous research has recommended examining the influence of 

such collaborations on worker stress along with factors such as task smoothness and 

execution speed [4] and adapts cobot activities based on present fatigue levels [150]. 

Understanding how humans perceive and interact with machines is essential for 

optimising collaboration [337]. Proximity detection to tools, spaces, or other workers 

could also support task classification, component identification, and determination of 

whether a task is collaborative, either with another person or a robot. Furthermore, 

other studies have proposed developing dashboards for worker H&S, allowing 

managers to monitor absences, subjective worker well-being scores, and injury data, 

and to link these metrics for more proactive intervention [338]. 
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6.3.2 Individual and Physiological Factors 

Individual factors can address pertinent issues for Operator 4.0 in addition to 

preventing WMSDs [86], such as helping to foster a more inclusive work environment 

with an aging workforce [4], [185], [339]. Sections 3.2 Validation of Endurance Model 

for Manual Tasks and 3.3 Improving Dynamic Endurance Time Predictions for 

Shoulder Fatigue: A Comparative Evaluation explored the influence of individual 

factors on endurance. While correlation analyses were utilised in the present work to 

ascertain any influence in the present work, ML may be able to uncover underlying 

relationships between these parameters, especially since one review [195] found that 

integration of ML and AI into human factors and ergonomics research is still limited.  

Therefore, accessible datasets for ML researchers are imperative to further 

advancement in the field [76], [79]. The datasets described in the thesis present great 

potential to contribute to the field, in particular because it was found that inclusion of  

females in such datasets is currently limited [118]. The EMG data in open-access 

endurance dataset developed in the thesis may contribute towards another limitation 

in the field which is  a lack of understanding of male and female endurance differences 

from a physiological perspective [250]. Mathiassen and Ahsberg (1999) [162] note 

that “endurance time differs considerably between muscle synergies”, raising 

questions about the validity of applying generalised endurance models to shoulder 

activity. This highlights an opportunity for future work to investigate muscle synergies 

more explicitly, an area that the dataset developed in this thesis could help facilitate 

since EMG data are included. For example, [340] applied an endurance model to static 

shoulder flexion tasks until exhaustion and analysed the associated muscle synergies, 

while [350] compared lifting and lowering tasks and found notable differences in 

synergy patterns. Furthermore, individuals tend to redistribute loads when they 

experience fatigue [127], [341], [342], for example one study found that elbow and 

trunk moments increased to alleviate fatigue when shoulder moments were reduced 

[341]. A method of detecting these fatigue-related compensation changes throughout 

the body and alerting the user may also aid in reducing the risk of WMSDs. 

In terms of utilising the present work as a basis for cross-disciplinary research on 

individual factors, the endurance dataset in the present work may be used to study the 

link between physical and mental fatigue [79], [343], since mental fatigue data from 
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the Karolinska Sleepiness Scale [74] are noted at the end of each task. Future datasets 

may also collect data for studying the influence of motivation [47], sleep and circadian 

rhythms [47], [109] and psychosocial risks [15] on endurance and fatigue.  

6.3.3 Generalisability 

The present work has demonstrated that the SAFE framework can be applied to 

different upper extremity tasks performed in the sagittal plane due to the torque-based 

nature of the model. This was demonstrated and explained in detail in 3.3 Improving 

Dynamic Endurance Time Predictions for Shoulder Fatigue: A Comparative 

Evaluation and Chapter 5 System for Activity-aware Fatigue Evaluation (SAFE) 

Framework: Predictive Fatigue Modelling for Occupational Tasks. Similar to the 

manner in which the thesis builds upon prior to work that tested the torque-based 

method in unloaded conditions in abduction [37] and flexion [88] directions, future 

research may expand the thesis work beyond tasks in the sagittal plane. Although 

fatigue is predicted based on the distance from the shoulder to the CoM, the muscle 

groups involved in movements in these planes differ, highlighting the importance of 

this continued investigation in future research. 

To build on the novel work to determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 in 3.3 Improving Dynamic 

Endurance Time Predictions for Shoulder Fatigue: A Comparative Evaluation, other 

calibration tasks may be more suitable to ascertain the strength of individuals during 

alternative tasks and should be assessed in future work. This may aid with fine tuning 

strength measurement or aid with application of the framework to other domains. 

While the framework was tested during industry-type tasks that consisted of a variety 

of movements in Chapter 5 System for Activity-aware Fatigue Evaluation (SAFE) 

Framework: Predictive Fatigue Modelling for Occupational Tasks, additional 

movements may be useful for expanding the generalisability of the framework to other 

occupations and parts of the body. For example, an adjusted version of the NICE 

model [88], called NICER [321], used EMG to predict ET in overhead, unloaded 

movements, and this method can be investigated for use in loaded conditions. 

Although overhead lifting does not comply with manual handling guidelines, it is still 

sometimes carried out in reality. Additionally, posture and the lower extremities should 

be considered to deliver a whole-body fatigue forecasting system that considers full 

body tasks such as loaded stooping, squatting and bending. This links up with the point 
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mentioned in 6.3.1 System and Framework Development to include lower extremity 

motion tracking sensors. While task-based endurance differences are considered in the 

thesis (Chapter 5 System for Activity-aware Fatigue Evaluation (SAFE) Framework: 

Predictive Fatigue Modelling for Occupational Tasks), this can be expanded on in 

future work to account for additional planes of movement, overhead movements, 

posture, lower extremities and additional work-related factors. This would aid with 

fine-tuning endurance predictions for additional industry-type tasks and aid with 

framework application to other domains, such as other occupations, sports and 

rehabilitation.  

Application to other occupations, such as medical professionals and construction 

workers, would be particularly encouraged by developments to the task classification 

work described in Chapter 4 Load and Task Estimation. Future research in task 

classification can involve performing image classification as the CoP was found to be 

visually different for each task in section 4.2 AI-based Task Classification Using 

Pressure Insoles for Occupational Safety, and may provide higher accuracies. The task 

classification aspect to the system in the thesis also presents the potential to integrate 

existing empirical task-specific endurance models, such as those for pushing and 

pulling tasks [227], [249].  

The investigation into the influence of task order on ETs in 3.2 Validation of 

Endurance Model for Manual Tasks found that experimental ETs were reduced in the 

last completed task. This type of task-related research may be expanded to assess the 

impact of  duty cycle and cycle time of intermittent tasks [165], [344], [345], job 

rotations [346], work/rest scheduling [347] and task order [167] on fatigue may 

generate a system that accounts for all types or work and rest. However, the influence 

of such factors are contested as epidemiological literature reviewed in 2006 [55], 

showed that variations in job rotations and more breaks had limited effectiveness and 

that physical variations is advantageous from a physiological and psychological 

perspective. While the endurance modelling work in the thesis considers individuals’ 

strength at specific load levels using the calibration task to determine 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥, this 

may be built on and combined with the aforementioned task-related influences in 

future work. This type of investigation may be used to inform individualised task 

allocation [4] which may be accounted for in an organisation’s IoT system when 

determining an individual’s targets, schedules and task allocation. 
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6.4 Implications of Findings  

This section looks to the broader implications of the system described in the thesis and 

assesses the requirements for its effective implementation and integration. As 

discussed, there may be potential commercial impacts from the research and should 

the ergonomic system in the thesis, or similar, be placed on the market, the main goal 

is to reduce the prevalence of occupational risks related to biomechanical exposure 

and to improve workers’ wellbeing and physical health. Yet the move towards Industry 

5.0 also presents new challenges and risks for the worker, managers, management 

systems and work environments [3], [348], [349], therefore it is important to 

understand and discuss the how a worker, a manager, an organisation and 

organisational policies may need to adapt to these changes. In addition, there are key 

issues which have been raised in recent surveys [75], [152], namely privacy and 

security, comfort, uptake and compliance which are discussed in this section.  

6.4.1 Commercial Opportunities and Reduced WMSDs 

There is significant commercial opportunity for the system presented in the thesis. The 

cost of WMSDs is 2% of Europe’s GDP both directly due to medical costs and 

indirectly due to absences and reduced productivity, meaning it incurs billions of euro 

every year [40], [44]. Thus, the research areas of ergonomics, occupational H&S and 

human factors exist to prevent rather than treat WMSDs, and there are additional 

knock-on benefits in terms of worker wellbeing and satisfaction, cost and productivity. 

Several market reports on the wearable technology sector present varying estimates 

regarding market growth and the number of devices expected. According to a report 

by Markets and Markets, the global wearable sensors market was estimated at 70 

billion USD in 2024 with expected growth to 153 billion USD by 2029 [350], while 

Industry ARC forecasts a more conservative figure of 64 billion USD in 2026 [351], 

meanwhile Fortune Business Insights, forecasts that the market will grow to from 157 

billion USD in 2024 to 1.7 trillion USD 2032 [352].7 These figures show that the 

wearable sensors market is expected to significantly grow, which demonstrates scope 

for a potential start-up when combined with the fact that current commercial solutions 

 
7 Discrepancies between reports can be attributed to differences in methodology, market definitions, and projection 

timeframes, highlighting the challenges in predicting market dynamics in such a rapidly evolving field. As such, the actual figures 

may vary depending on future technological developments and market adoption.  
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are based on highly disputed standards whose efficacy has not been demonstrated over 

time [169], [170]. 

The path from the current system prototype to a market-ready commercial device 

involves following the typical product development process, Figure 53. In terms of the 

system so far, the concept has been formulated, and aspects of the research and 

prototype steps have been completed. From a product research point of view, thorough 

market research and competitor analysis would need to be completed, and a feasibility 

study would assess the likelihood of success. Future research work is required to 

improve the current prototype (discussed in section 6.3 Future Directions), when 

intellectual property, branding and trademarking can also be considered. The system 

should be further refined and developed for functionality, user experience and 

manufacturability with inputs from relevant stakeholders, such as policy makers, 

researchers, employers, employees and labour unions for the development phase. The 

testing stage ensures compliance with the required technical, quality and safety 

standards such as ISO standards for human-centred design (ISO 9241-210:2010), 

functional safety (ISO 26262), information security management (ISO/IEC 27001), 

and regulatory considerations for CE marking, such as electromagnetic compatibility 

directive (2014/30EU), radio equipment directive (2014/53/EU) since it uses 

Bluetooth, and PPE regulation (EU 2016/425). The launch can take place once 

marketing and distribution issues are addressed. Feedback from stakeholders remains 

a part of the products’ continued development as new and improved versions of the 

product are released. Additional skills and/or personnel, such as those in business, 

computer science and engineering, may be required to add value to the product 

development stages in Figure 53.  

Other options for commercial products include integration into other tools. For 

example, many simulation tools such as BoB [145] outputs risk scores from existing 

ergonomic risk assessments and biomechanical models and the CE model may present 

potential for inclusion in such systems, similar to the integration of a muscle model 

with simulation software in research [124]. Additionally, the model could be integrated 

into the XSens Ergo package [92] that integrated common ergonomic risk assessments, 

however inclusion of pressure insoles would be necessary. With these methods, 

wearables data can be used to run simulations and understand the impact of different  
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Figure 53: Product development process 

parameters such as tools, task rotations, loads on CE as they can be virtually tested 

prior to implementing changes to a workstation. 

In occupational settings, demands on resources such as capital and personnel to carry 

out risk assessments and hazard analysis are significant pose challenges and often lead 

to ineffective implementation of prevention measures [40], therefore the system must 

be designed to deal with resource-constrained environments and perhaps even aid with 

alleviating these pressures. According to Balkin et al. (2011) [105], the ideal operator 

monitoring system should be valid, reliable and consistent, have a high sensitivity that 

minimise failures to alarm and false alarms, and must find a balance between 

specificity and generalisability. Some systems also include productivity metrics [80] 

but this presents additional ethical implications that may affect compliance and user 

Concept

•Identify the solution to a problem

•Identify the market

Research

•Market research

•Technical feasibility

•Competitor analysis

Prototype

•Outline product specifications

Development

•Feedback from market

•Refine for functionality, user experience and 
manufacturability

Testing

•Rigorous technical, user, and safety testing

Launch & 
Feedback

•Marketing, sales channels, distribution

•Gather feedback from stakeholders and improve



 

181 

 

acceptance. Privacy measures should be in place and the system should provide 

actionable feedback in a clear and accessible manner and be adaptable to facilitate user 

acceptance [105]. Attributes such as resistance to magnetic interference [75], [110], 

high comfortability [75] are also pertinent to the system design to ensure compliance, 

acceptance and to increase the likelihood of successful integration into a workplace. 

The solution must be cost-effective and scalable and assume that it will be applied in 

an organisation that has limited time, personnel and financial resources [40]. There are 

unresolved issues in these areas with the present system and much more research and 

development are required, discussed in more detail later. 

The diverse potential uses of the product, such as online operator monitoring, 

workstation assessment, training, individualised work schedules and task rotations, is 

attractive to a wide range of potential customers, such as employers, employees, 

ergonomists and H&S professionals. Since many companies do not have the capacity 

to perform all of these assessments in house due to expense and the requirement for 

expertise, many adopt cheaper and simplified approaches [41]. However, the SAFE 

framework presents an alternative solution while addressing many barriers to uptake. 

The solution presented in the thesis consists of the minimal number of sensors required 

for a thorough assessment, called for by many reviews [4], [75], [137], [138], and 

negates the need for timely, observational assessments. Once sensor placement and 

calibrations have been carried out under the guidance of a professional, the system 

enables workers to collect their own data and manage their own work schedules, 

freeing up resources and time for managers and ergonomists. A centralised database 

capable of integrating heterogenous datatypes can prove beneficial to companies 

handling large amounts of data, especially larger companies whose employees suffer 

from WMSDs to a greater extent [15].  

The extension of this research work into a viable commercialisable product aligns with 

the shift towards Industry 5.0 in terms of creating a human-centric work environment 

[4], [6], [7], promoting the health of the worker [4] while integrating a key enabling 

technology of Industry 5.0 [10]. This system can help create human-centric 

workspaces by addressing WMSDs which in turn may have positive knock-on effects 

such as improving worker wellbeing, and productivity, reducing absences, disability 

and economic burdens, enabling the redesign of tasks, workstations and equipment, 

developing individualised work schedules and targets, and creating a more inclusive 
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work environment after further research is pursued and once the products efficacy for 

WMSD prevention is demonstrated. The product aligns with the sustainability goals 

of Industry 5.0 because reduced fatigue can result in less mistakes [50], process 

interruptions [46], [51] and improve quality [45], [46], which would result in less 

waste. Furthermore, once the products efficacy for WMSD prevention is 

demonstrated, the costs associated with treating these disorders as well as absence-

related costs may be reduced. 

6.4.2 Implications on the Employee, Employer and Organisation 

Beyond utilising wearable devices to improve safety and ergonomics, wearables can 

be used to assist in training, health-related decision making and they can increase 

empowerment and engagement for employees [10]. However, the impacts of this 

technology may not always be positive [353] and new industry technologies can 

require workers to learn new skills and perform new tasks [3] and present recurring 

and new risks for workers [348], [349]. For example, it can lead to increased task 

complexity [354], cause the work pace to speed up [355], and lead to increased 

cognitive demands [76], [356], stress [348], physical fatigue [357], [358] and 

overwork [354]. It is important that the system developed in the present work helps all 

stakeholders to adapt to the changing work environment and doesn’t place additional 

burdens on the worker. 

Many surveys have found there is a reliance on observational methods to perform risk 

assessments, and they are not always performed when required. This highlights the 

need for new, easy-to-use systems (such as the device developed in this thesis) that 

can help drive a culture change in ergonomic practice and WMSD prevention. For 

example, the ESENER report [15] found that the use of interventions for WMSD 

prevention did not increase between the 2014 and 2019 reports, and the survey of 

ergonomists by Lowe et al. (2019) [139] found that the use of direct measurement data 

collection (including basic measuring tools and wearables) did not increase compared 

to an almost identical similar survey completed by Dempsey et al. (2005) [151]. While 

observational data collection methods did increase [139], these findings indicate that 

occupational H&S management systems are generally not responding to this growing 

issue using the most effective, objective methods. Moreover, the ESENER report [15] 

found that organisations are not completing risk assessments in some cases because 
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the “risks are already known”. This indicates that, regardless of the tools or systems 

available, there remains a need for more intuitive, accessible technologies, like the 

system proposed in this thesis, that can promote more consistent and proactive 

ergonomic assessments. A shift in current managerial and organisational practices is 

needed to foster a culture of safety that prioritises regular, objective assessments for 

“anticipa[ting], recognis[ing], evaluat[ing] and control[ling] risks” [15] for workers. 

To ensure impactful and sustainable change, preventative measures must be integrated 

into the broader management system as this approach has been shown to enhance 

overall organisation performance in addition to health and wellness [40], [359]. 

Successful integration may involve dashboards that monitor absenteeism, work 

performance, and safety incidents to trigger appropriate interventions [338]. Existing 

research outlines potential solutions for connecting wearable devices into a broader 

data management ecosystem [184], which details how wearables fit within a larger 

ecosystem. Without these changes, direct and objective measurement methods for 

WMSD prevention via wearable sensor systems, such as the one described in the 

thesis, cannot be easily adopted into workplace organisational structures and thus have 

a positive impact on reducing the prevalence of WMSDs. Integrating a wearable 

sensor system into a work environment presents both opportunities and challenges, 

particularly in larger organisations where workplace safety and productivity are key 

concerns, as highlighted in the ESENER report [15]. One major consideration is the 

practical implementation of such systems, including calibration, security, and 

interoperability with existing infrastructure [19]. Ensuring seamless connection and 

communication between devices while maintaining data privacy is critical for 

successful implementation.  

Additionally, a holistic approach that involves collaboration among various 

professionals, beyond just analysing workers’ kinematics, can provide more 

meaningful insights into worker well-being [360]. For example, broader management 

changes may consist of educational and skill development programs to aid individuals 

to switch from older practices and to embracing newer technologies [4]. 

Multidisciplinary collaboration between different departments is required and a 

balance must be found between their goals, which can sometimes be contradictory 

[361]. For example, engineers may focus on improving productivity but their actions 

often impact the biomechanical exposure of workers, meanwhile the main goal of 
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ergonomists lies in ensuring wellbeing and health but they also impact productivity 

[361]. Additionally, as previously mentioned, researchers are generally willing to deal 

with high costs, longer calibration and data collection time if accuracy and precision 

are high, whereas practitioners in the field generally do not have access to such 

resources and ease of use is preferred [18]. Furthermore, it is easier to convince upper 

management to adopt new H&S policies when it comes with productivity and quality 

improvements [338], which can aid with finding a compromise between production 

and employee well-being that new technologies and methods present [78].  

Feedback from employees should be involved to ensure a human-centric approach 

[201], [362] which can lead to higher acceptance [201], and thus a more successful 

deployment of the system [4]. Company policies should be adapted to the evolving 

work environment while ensuring privacy and security. While researchers can design 

state-of-the-art tools for WMSD intervention, it is incredibly important to note that 

these systems alone do not prevent WMSDs; success is dependent on employee 

compliance and the actions of organisations and the ergonomists and occupational 

safety professionals therein [338]. It is their responsibility to embrace these tools, use 

them correctly, perform risk assessments when required and adapt existing procedures, 

tools and tasks accordingly. 

Ultimately, integrating a wearable system into a workplace requires balancing 

technological feasibility, privacy, and organisational adaptability to ensure its 

effectiveness in improving workplace safety and efficiency.  

6.4.3 Standards and Policy 

Current European policies for occupational H&S, which materialise as laws in 

member states, are broad and do not outline specific risk assessments or 

instrumentation. However, the H&S organisations that enforce these laws recommend 

specific tools, although without strong scientific evidence in the case of the HSE UK 

[363], which the HSA in Ireland follows. Separately, many researchers agree that ISO 

standards require reassessment as they lack transparency and scientific rigour [169], 

[170]. ISO standards, while not mandatory, influence EN and country-specific 

standards that are mandatory, and wearable and simulation systems for WMSD 

prevention designed around such standards, both in the literature and commercially 

(section 1.3.2 Research Gaps Addressed and Novel Contributions). This raises 
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concerns regarding the scientific validity of such systems, placing the H&S of workers 

at risk. The majority of these assessments are valid for static tasks and do not consider 

risk on a continuous basis, and a move towards dynamic monitoring, such as the work 

presented in the thesis, denotes a key advancement in the field.  

Reassessing ISO standards involves gathering inputs from a multidisciplinary group 

of stakeholders after an unbiased presentation of scientific evidence and for the 

findings to be transparently presented [169]. There is much research to be done to 

collate a substantial body of evidence in order for this to take place, for example, 

longitudinal studies (repeated measurements of the same individuals over prolonged 

periods), and large cross-sectional studies (different individuals at a single point in 

time), to assess the impact of different interventions on fatigue, ergonomic risk and 

WMSD prevention. The research work described in the thesis presents a candidate for 

comparison in these studies, especially once improvements that deal with the 

limitations are made in future work. Addressing ISO standards has the potential to 

positively influence mandatory EN and member state standards as well as 

organisations that promote occupational H&S by prioritising scientific rigour and the 

inputs of all stakeholders concerned. Furthermore, national H&S organisations, such 

as the HSA, should recommended specific systems to employers, based on extensive 

research and compliance with established standards, to aid employers in adapting to 

newer technologies for WMSD prevention. 

In addition, organisations will need to adapt organisational H&S policies and provide 

specific guidelines for the use of wearable ergonomic systems in work settings. A 

systematic review assessing the impact of digitisation and ICT on occupational H&S 

[84] made numerous recommendations for employers and policy makers. The human 

factors and AI-driven aspects of the work described in the thesis aligns with the 

recommendations for worker-centred design [84], while stress management programs 

should also feature. Ethical guidelines should be established regarding limits on 

employee monitoring and transparency in the decision-making process of algorithms 

[84], [85], which the task classification work achieves through the explainability 

analysis. An ethical framework should be established to describe how organisations 

should respond to challenges presented by such devices in a responsible manner. For 

example, the system in the thesis presents pertinent questions: Does the worker rest 

when the system alarms or is permission required? Who is permitted to dismiss safety 
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warnings (if anyone)? Who has access to worker data? Guidance based on extensive 

research should be provided to policy makers and employers to aid with these ethical 

issues in such a way that promotes compliance, comfort and acceptance by operators.  

Likewise, privacy and cybersecurity policy recommendations should also be 

implemented [84], [85]. It is widely acknowledged that workers should have access to 

their own information [4], [78], [80] which is enabled by the device described in the 

thesis as the data can potentially be collected on the individual’s mobile phone alone. 

While managers and ergonomists may require access to personal information for the 

purposes of assessing worker health and ergonomic risk at workstations, there may be 

no requirement for this with the SAFE framework as employees are capable of 

managing their own work schedules safely and independently. Placing restrictions on 

the data collected and on the personnel who have access to this data should be ensured 

[84], [85], and compliance with GDPR policies will help to safeguard worker 

information in this regard [364]. While the collection of psychological and 

psychosocial information is recommended by many researchers [4], [78], [79], this 

may be viewed as too invasive [10]. Privacy policies and the data that are shared with 

employers can have a significant impact on employee compliance and acceptance 

[152], [201]. Therefore, as previously mentioned, employees should have a significant 

influence on the types of technology used, the types of data gathered and with whom 

it can be shared [78], [201].  

Measures should be put in place by organisations to ascertain the views of employees 

and ergonomics on new technologies to ensure acceptance and efficacy. In addition to 

privacy and security, barriers to user acceptance include a lack of incentives, the cost-

benefit ratio, and compliance issues [152], [201], which can be aided by demonstrating 

the immediate personal benefits to employees and ergonomists. Employers can use 

various technology acceptance models to assess which types of technology will be 

accepted by their employees [201], where factors such as perceived usefulness, ease 

of use, effort and comfort can be assessed, and a device that compromises between 

organisational and employee needs can be selected. 

6.5 Conclusion 

This thesis set out to answer the research question and test the hypothesis that a 

wearables-based system could predict physical fatigue while accounting for individual 



 

187 

 

abilities while generalising across diverse manual upper extremity tasks. Through the 

achievement of the thesis objectives, this work demonstrated that such a system is not 

only feasible but offers meaningful advantages over traditional assessment methods.  

The endurance modelling research established a novel torque-based approach capable 

of generating accurate, individualised, and task-generalisable endurance predictions 

across dynamic manual handling conditions. The development of a load-specific 

calibration method further advanced the state-of-the-art by providing a standardised 

and practical means of estimating individuals’ strength for fatigue prediction, an 

existing gap in the research. Furthermore, the task classification work utilised 

explainable AI methods for automated load and task identification, enabling dynamic 

measurement and supporting real-time applicability. Both datasets generated through 

the thesis were disseminated openly, providing a resource for further research and 

contributing to increased transparency and reproducibility in the field. 

The integration of endurance modelling and task classification into the SAFE 

framework represents a significant step forward for WMSD prevention. For the first 

time, a predictive, dynamic, individualised and task-aware fatigue forecasting 

framework was deployed on a wearable prototype capable of online operator 

monitoring and performing ergonomic risk assessments. This work addresses long-

standing limitations of traditional ergonomic tools in research and industry, which are 

often reactive, labour-intensive, and limited to specific tasks or isometric conditions. 

By contrast, the SAFE framework demonstrates a proactive and adaptable approach, 

offering the potential for improved worker safety, more informed task design, and 

potentially reduced WMSDs in real working environments. 

The findings of this thesis advance the understanding of fatigue prediction and present 

a unified foundation for future wearable ergonomic systems. Identified limitations 

highlight opportunities for refinement, optimisation, and wider deployment. Overall, 

this thesis contributes a substantive and innovative step toward real-time, 

individualised, and generalisable fatigue forecasting for occupational settings. By 

bridging the gap between lab-based biomechanical analysis and field-ready ergonomic 

tools, this work lays the groundwork for future occupational systems that not only 

monitor fatigue, but actively prevent injury and support sustainable, human-centric 

workplaces.  
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Appendices 

Appendix 1: Linking Publications to Chapters 

Chapter Title 
Publication 

Type 

Publication 

Location 

Publication 

Date 

3.1 “Estimation of maximum 

shoulder and elbow joint torque 

based on demographics and 

anthropometrics” 

Conference 

Article 

IEEE EMBC, 

Glasgow, UK, 

July 2022 

September 

2022 

3.2 “Validation of endurance model 

for manual tasks” 

Conference 

Article 

IEEE EMBC, 

Sydney, Australia, 

July 2023 

December 

2023 

3.3, 4.1 “SWIFTIES Dataset: Subject and 

Wearables data for Investigation 

of Fatiguing Tasks In Extension/ 

flexion of Shoulder/ elbow”  

Dataset Zenodo March 2024  

3.3 “Improving Dynamic Endurance 

Time Predictions for Shoulder 

Fatigue: A Comparative 

Evaluation” 

Journal 

Article 

Applied 

Ergonomics, 

Elsevier 

February 

2025 

4.1 “Evaluating Wearable Sensor 

Technologies for Predicting 

Shoulder Endurance” 

Conference 

Article 

IEEE EMBC, 

Copenhagen, 

Denmark 2025 

December 

2025 

4.2 “PID4TC (Pressure insoles data 

for task classification)” 

Dataset Zenodo March  

2023 

4.2 “AI-based task classification 

using pressure insoles for 

occupational safety” 

Journal 

Article 

IEEE Access February 

2024 

5 “System for Activity-aware 

Fatigue Evaluation (SAFE) 

Framework: Predictive Fatigue 

Modelling for Occupational 

Tasks” 

Journal 

Article 

Applied 

Ergonomics, 

Elsevier 

(Under 

review) 

Submitted 

December 

2025  
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Appendix 2: DOIs for Thesis-Related Publications 

Chapter Publication Title doi 

3.1 “Estimation of maximum 

shoulder and elbow joint torque 

based on demographics and 

anthropometrics” 

https://doi.org/10.1109/embc48229.2022.9870906 

3.2 “Validation of endurance model 

for manual tasks” 

https://doi.org/10.1109/embc40787.2023.10341139 

3.3 “Improving Dynamic Endurance 

Time Predictions for Shoulder 

Fatigue: A Comparative 

Evaluation” 

https://doi.org/10.1016/j.apergo.2025.104480 

4.1 “Evaluating Wearable Sensor 

Technologies for Predicting 

Shoulder Endurance” 

https://doi.org/10.1109/embc58623.2025.11253989 

4.2 “AI-based task classification 

using pressure insoles for 

occupational safety” 

https://doi.org/10.1109/access.2024.3361754 

5 “System for Activity-aware 

Fatigue Evaluation (SAFE) 

Framework: Predictive Fatigue 

Modelling for Occupational 

Tasks” 

Awaiting doi 
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Appendix 3: CRediT Author Statement for Publications 

Chapter Publication Title CRediT Author Statement 

3.1 “Estimation of 

maximum shoulder 

and elbow joint 

torque based on 

demographics and 

anthropometrics” 

Patricia O’Sullivan: Conceptualisation, Methodology, Formal 

analysis, Investigation, Data curation, Writing – original draft, 

Writing – review & editing, Formal Analysis, Visualisation.  

Matteo Menolotto: Conceptualisation, Methodology, Writing – 

review & editing, Supervision.  

Brendan O’Flynn: Conceptualisation, Resources, Writing – 

review & editing, Funding acquisition.  

Dimitrios-Sokratis Komaris: Conceptualisation, Methodology, 

Writing – review & editing, Supervision. 

3.2 “Validation of 

endurance model 

for manual tasks” 

Patricia O’Sullivan: Conceptualisation, Methodology, Formal 

analysis, Investigation, Data curation, Writing – original draft, 

Writing – review & editing, Visualisation.  

Matteo Menolotto: Conceptualisation, Methodology, Writing – 

review & editing, Supervision.  

Brendan O’Flynn: Conceptualisation, Resources, Writing – 

review & editing, Supervision, Funding acquisition.  

Dimitrios-Sokratis Komaris: Conceptualisation, Methodology, 

Writing – review & editing, Supervision. 

3.3 “Improving 

Dynamic 

Endurance Time 

Predictions for 

Shoulder Fatigue: A 

Comparative 

Evaluation” 

Patricia O’Sullivan: Conceptualisation, Methodology, Formal 

analysis, Investigation, Data curation, Writing – original draft, 

Writing – review & editing, Formal Analysis, Visualisation.  

Matteo Menolotto: Conceptualisation, Methodology, Writing – 

review & editing, Supervision.  

Brendan O’Flynn: Conceptualisation, Resources, Writing – 

review & editing, Supervision, Funding acquisition.  

Dimitrios-Sokratis Komaris: Conceptualisation, Methodology, 

Writing – review & editing, Supervision. 

4.1 “Evaluating 

Wearable Sensor 

Technologies for 

Predicting Shoulder 

Endurance” 

Patricia O’Sullivan: Conceptualisation, Methodology, Formal 

analysis, Investigation, Data curation, Writing – original draft, 

Writing – review & editing, Visualisation.  

Matteo Menolotto: Conceptualisation, Methodology, Writing – 

review & editing, Supervision.  

Brendan O’Flynn: Conceptualisation, Resources, Writing – 

review & editing, Supervision, Funding acquisition.  

Dimitrios-Sokratis Komaris: Conceptualisation, Methodology, 

Writing – review & editing, Supervision. 

4.2 “AI-based task 

classification using 

pressure insoles for 

occupational 

safety” 

Patricia O’Sullivan: Conceptualisation, Methodology, Formal 

analysis, Investigation, Data curation, Writing – original draft, 

Writing – review & editing, Visualisation.  

Matteo Menolotto: Conceptualisation, Methodology, Formal 

analysis, Writing – review & editing, Visualisation, Supervision.  

Andrea Visentin: Formal analysis, Writing – review & editing, 

Visualisation.  

Brendan O’Flynn: Conceptualisation, Resources, Writing – 

review & editing, Supervision, Funding acquisition.  

Dimitrios-Sokratis Komaris: Conceptualisation, Methodology, 

Writing – review & editing, Supervision. 

5 “System for 

Activity-aware 

Fatigue Evaluation 

(SAFE) 

Framework: 

Predictive Fatigue 

Modelling for 

Occupational 

Tasks” 

Patricia O’Sullivan: Conceptualisation, Methodology, Formal 

analysis, Investigation, Data curation, Writing – original draft, 

Writing – review & editing, Formal Analysis, Validation, 

Visualisation.  

Matteo Menolotto: Conceptualisation, Methodology, Writing – 

review & editing, Supervision.  

Brendan O’Flynn: Conceptualisation, Resources, Writing – 

review & editing, Supervision, Funding acquisition.  

Dimitrios-Sokratis Komaris: Conceptualisation, Methodology, 

Writing – review & editing, Supervision. 
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Appendix 4: Additional Peer-Reviewed Collaborative Publications During the 

PhD 

Title 
Publication 

Type 
Publication Location 

Publication 

Date 
Reference 

“3D printed torso 

phantom for UHF WIMD 

measurements” 

Conference 

Article 

IEEE International 

Symposium on Antennas 

and Propagation and 

USNC-URSI Radio 

Science Meeting 

(APS/URSI) 

December 

2021 

 

[365] 

“Assessing Trust in 

Collaborative Robotics 

with Different Human-

Robot Interfaces” 

Conference 

Article 

IEEE International 

Instrumentation and 

Measurement 

Technology Conference 

(I2MTC) 

May 2024 [337] 

“Fully Integrated 

Circulatory System in a 

Torso Phantom for 

WIMD Read Range 

Performance 

Measurements” 

Conference 

Article 

IEEE INC-USNC-URSI 

Radio Science Meeting 

(Joint with AP-S 

Symposium) 

August 2024 [366] 

“Generalizing Perceived 

Fatigue Estimation 

Across Diverse Upper 

Limb Tasks Using 

Minimal Wearable 

Sensors” 

Journal 

Article 
IEEE Sensor Letters 

September 

2025 
[367] 

“Hierarchical Modeling 

of Perceived Fatigue in 

Upper Limb Cross Tasks 

Using Wearable IMU 

and EMG Sensors” 

Journal 

Article 
IEEE Access January 2026 [368] 
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Appendix 5: Linking Objectives with Experiments 

Experiment 

No.  

(Objective No.) 

Chapter 

No. 
Description Equipment Measured Variables Analysis Output 

1 (Objectives 1, 

2) 

3.1 Measurement of 

individual parameters to 

estimate maximum joint 

torque 

Measuring tape, 

dynamometer, body 

composition 

parameter scales 

Gender, age, height, body 

composition parameters (weight, 

BMI, fat %, muscle %, visceral 

fat), arm segment lengths, 

maximum force 

Multiple linear 

regression analysis 

Model to estimate 

maximum joint 

torque based on 

individual parameters 

2 (Objectives 1, 

2) 

3.2 Assessed the torque-

based model during 

loaded static and 

dynamic one- and two-

handed tasks 

Measuring tape, 

dynamometer, body 

composition 

parameter scales, 

IMU, weights 

Gender, age, height, body 

composition parameters, 

maximum force, experimental 

endurance time, predicted 

endurance time, sensor data 

Experimental error Ability of endurance 

model to predict 

endurance of lifting 

tasks 

3 (Objectives 1, 

2) 

3.3, 4.1 Assessed torque-based 

models and inputs during 

loaded static and 

dynamic one-handed 

lifting tasks at two 

standardised intensities  

Measuring tape, 

dynamometer, body 

composition 

parameter scales, 

IMU, EMG, MoCap, 

PI, weights 

Gender, age, height, body 

composition parameters, 

maximum force, experimental 

endurance time, predicted 

endurance time, sensor data 

RMSE and 

experimental error 

Ability of different 

endurance models 

and inputs to predict 

endurance time of 

lifting tasks 

4 (Objective 2) 4.2 Task classification of 

industry-type tasks using 

explainable methods 

Body composition 

parameter scales, PI, 

box, weights 

Gender, age, height, body 

composition parameters, task 

type, sensor data 

Random forest and 

SHAP analysis 

Task prediction using 

PI force data 
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Experiment 

No.  

(Objective No.) 

Chapter 

No. 
Description Equipment Measured Variables Analysis Output 

5 (Objective 3) 5 Demonstration of the 

system during industry-

type tasks  

Custom system (IMU 

custom application), 

PI, MoCap, camera, 

dynamometer, box, 

weights, body 

composition 

parameter scales 

Gender, age, height, body 

composition parameters, task 

type, sensor data 

Repeated measures 

correlation, Wilcoxon 

signed-rank test, 

Joint angle statistics 

Endurance prediction 

and distinguishing 

high and low 

ergonomic risk 

conditions 

Abbreviations: BMI = Body mass index; IMU = Inertial measurement unit; EMG = Electromyography; MoCap = Motion Capture; PI = Pressure insoles; RMSE = Root mean 

squared error; SHAP = SHapley Additive exPlanations 
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Appendix 6: Detailed Overview of Measurement Methods 

The main methods used to assess fatigue and ergonomic risk to reduce the risks of 

WMSDs were summarised and compared in Table 3 and are now explored in more 

detail. 

Subjective Questionnaires 

Subjective questionnaires are commonly used with other fatigue and ergonomic risk 

assessment methods as the gold-standard fatigue reference measure [86] and take 

worker perceptions into account which is important since there is interplay between 

the three aspects of fatigue (central, peripheral and psychological). 

Physical fatigue questionnaires include the 11-question Need for Recovery Scale [122] 

which assesses the need for rest. The Fatigue Assessment Scale assesses many types 

of fatigue, and five questions in the questionnaire relate physical fatigue level [369]. 

Likert scales [370] have also been used to assess fatigue and exertion. Subjective 

questionnaires relating to work include the Occupational Sitting and Physical Activity 

[371], [372] and the Multicontext Sitting Time Questionnaire [373], which focus on 

sitting during working and daily activities. The NASA task load index (TLX) [73] 

evaluates perceived workload across factors such as mental and physical demand, 

effort and frustration. The Job Content Questionnaire [374] assesses the psychosocial 

aspects of work. In many cases, a custom, one-off questionnaire developed by 

researchers is used [41].  

Examples of subjective questionnaires that measure pain, exertion, effort and fatigue 

include the Borg RPE and Borg CR10 scales [72], [320] which have been strongly 

correlated to physiological symptoms, such as heart rate [72] and EMG [37], [344]. 

Points on the RPE scale (6 to 20) exhibit a linear progression of fatigue while the CR10 

points (0 to 10) relate to a logarithmic scale, there is a high agreement between both 

scales, but the RPE tends to be more accurate since individuals can find it difficult to 

use logarithmic scales [318]. Borg scales are reliable at lower levels of force [156], 

[375] which other fatigue reference measures, such as EMG, can struggle with [23]. 

For these reasons, the Borg RPE scale is employed in the endurance experiments in 

Chapters 3 and 5 to track physical exertion and fatigue.  

Subjective questionnaires are affected by individual pain perceptions, emotional and 

situational factors [155] which can differ on an inter-subject and intra-subject basis, 
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presenting a challenge for fatigue detection and prediction methods that are bench-

marked against this method [72], [321]. While it is important to gain insight into 

mental and emotional states, other factors at play such as dishonesty [99] can influence 

scores, and ones’ ability to self-detect is potentially impeded while in a fatigued state. 

While they are easy to deploy and cost-effective [41], [99] and they are effective for 

low load levels [376], they tend to interfere with work [187], [320], [321], it is difficult 

to achieve precise values [320], [377] and they don't always align with physiological 

and performance-based measures [378]. Stirling et al. (2024) [41] mentioned they are 

too general and don’t pinpoint the exact factors leading to particular health outcomes 

and other researchers have raised questions regarding the validity of subjective 

questionnaires in ergonomics in general [377], [378]. Martins et al. (2021) [86] 

discussed the classification problem where there are inconsistencies between scores 

that define fatigued states, for example, some studies categorised Borg RPE scores 

into three and four categories of exertion level with differing score ranges defining 

each category, while other studies used a binary classification method with a threshold 

acting as the indicator of fatigued states, this threshold value ranged from 13 to 18.  

Most subjective questionnaires, such as those relating to work factors, do not offer 

insights into the development of fatigue since there are multiple questions that must 

be asked once tasks are complete, and Martins et al. (2021) [86] notes their lack of use 

in online operator monitoring contexts. However, Borg scales consist of one question 

which can be asked throughout tasks, ensuring minimal task interference while gaining 

insight into fatigue development and are thus employed in the present research. 

Ergonomic Risk Assessments 

Ergonomic risk assessments are often used to assess the risk associated with task 

postures and movements, they are generally based on joint angles, the distances and 

heights a load is lifted, and some assume repetitive work. They are useful for 

identifying areas where risk can be reduced and comparing the relative risk between 

different tasks. Some assessments provide scores based only on posture and others are 

based on posture and external loads. Ergonomic risk assessments have been conducted 

observationally in occupational settings and increasingly using direct means of 

measurement in research. 
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These tools are developed by researchers and H&S organisations such as National 

Institute for Occupational Safety and Health (NIOSH) and American Conference of 

Governmental Industrial Hygienists (ACGIH). In some cases, large companies 

develop their own assessment tools, for example: 

• Safety & Ergonomic Risk Assessment (SERA) and Digital Workplace Stress 

Management (DWSM) were developed by BMW Group [379], [380], [381] 

• Joshi-ten and Shisei Juryo-ten (JT-SJT) system [382] was developed by Toyota 

There are multiple ergonomic risk assessments in existence, and the most common 

tools are included in the thesis for the purpose of brevity. Lowe et al. (2019) [139] 

surveyed over 400 ergonomics professionals in the US, Canada, UK, Australia and 

New Zealand on their use of ergonomic tools that address WMSD risk factors. As 

mentioned, ergonomic risk assessments are typically carried out using observational 

methods [139], meaning that several snapshots from video recordings are made of 

critical postures during a task for which the risk scores are analysed [80]. The most 

frequently used ergonomic risk assessments were: 

• NIOSH Lifting Equation [65] 

• Rapid Upper Limb Assessment (RULA) [63] 

• Psychophysical Material Handling and Upper Extremity Data (includes Snook 

and Ciriello tables [168]) 

• Rapid Entire Body Assessment (REBA) [64] 

• biomechanical or digital human modelling (using simulation tools) 

• Body Discomfort Map [383] 

• Strain Index [384] 

• Threshold Limit Value (TLV) by the ACGIH for Lifting and Hand Activity 

[66] 

The survey found that ergonomic risk assessments were completed by pencil and paper 

and through computer software equally. Meanwhile, RULA [63], REBA [64] and 

Ovako Working Posture Analysing System (OWAS) [174] are most commonly used 

in research [385]. 

Each of these assessments have a slightly different focus, for example, the NIOSH 

Lifting Index assesses the risk of injury for manual lifting tasks and suggests a 
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recommended weight limit (RWL) by accounting for the vertical and horizontal 

heights a load is lifted and its distance from the worker’s body [65]. RULA and REBA 

are more general as their scores indicate the risk of WMSDs; these tools consider the 

load (light, moderate or heavy) and postures of the upper extremities (RULA) or entire 

body (REBA) [63], [64], and assume repetitive work. Similar to RULA, the risk score 

that results from the Strain Index [384] indicates the risk of upper extremity WMSDs, 

but by assessing six key work factors: frequency, duration, intensity, posture, speed 

and variation. The Body Discomfort Map asks workers to indicate where discomfort 

is felt on the body and to provide a score for example, in a range of 1-5 or 1-10. 

These assessments help ergonomists to identify problem areas and modify 

workstations, tools or tasks so that ergonomic risk, thus the risk of WMSDs, can be 

reduced. They may also highlight where individuals can benefit from training and 

track if ergonomic interventions are effective. Some interventions (RWL by NIOSH 

[65], Snook and Ciriello tables [168]) can help in the design of working tasks and 

schedules and contribute to the development of individualised targets.  

However, ergonomic risk assessments are not without disadvantages as some authors 

have questioned their thoroughness [322], [323], risk classifications [322], [323], 

repeatability [385], and the correlation and agreement rates between different 

assessments [154], [322], [385]. In many cases, the neck is ignored as well as lateral 

bending and the degree to which twisting and lateral bends occur [136]. 

Anthropometry is often not considered, and an over-simplified representation of the 

human body is often used [150]. Risk scores are categorised into gross categories and 

are not on a continuous scale [18], [138] and there is lack of precision in the trunk and 

upper extremities, discussed by many researchers according to Lind et al. (2023) [18], 

and there are inter and intra observer differences, affecting reliability [18], [137]. 

Finally, intervention can only take place after the ergonomist analyses a worker’s 

movements and postures [80]. In such cases, a worker may be exhibiting these 

movements for an extended period of time without correction, resulting in high risk of 

developing WMSDs. Therefore, ergonomic risk assessments carried out via 

observational methods lack proactivity from a WMSD prevention perspective. 

Endurance Models 
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Endurance models, also called maximum endurance time (MET) models, predict ET 

and are used by ergonomists to design tasks at workstations and work schedules. They 

come in the form of power or exponential curves “with two asymptotic tendencies: a 

tendency towards infinity for low %MVC values, and a tendency towards zero for 

values bordering on 100% MVC” [70], where %MVC refers to the force of a load 

relative to MVC force, (
𝐹𝑜𝑟𝑐𝑒

𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥
), also referred to as standardised intensity (SI). 

(MVC force, or 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥, has also been defined as joint strength [162], [208].) This 

means the models demonstrate reduced capacity to continue working at higher loads 

relative to the individual’s maximum producible force, i.e. at higher %MVC. While 

their validity has been questioned by some researchers, there are plenty of models, 

reviews and textbooks that demonstrate their validity [162]. 

Hundreds of MET prediction curves have been empirically developed [229], with 

models altered depending on the principle joint, muscle groups, and postures involved 

[70], [71], range of joint angles [235], individual factors [162], [239] and task type 

[227], [228], [249]. These MET models predict ET for isometric conditions or static 

muscular contractions [70] or they assume constant force [229], and in some cases 

static models were used to predict ET for slow isokinetic tasks [247]. They have also 

been used for rest allocation models to calculate recovery following static muscular 

work [70]. 

El Ahrache et al. (2006) [70] gave an overview of the methods used to develop MET 

models, and described four main reasons why there are significant differences between 

models present in the literature. Firstly, experimental methods and model construction 

issues are present as there is great variability in the subjects participating in these 

studies (sometimes they are students, other times skilled workers), and in some cases, 

models are developed using data from previously published studies. Secondly, the 

presence of an endurance limit, the relative force that can be produced without fatigue, 

in some models [123], [386] is contested. For example, in Rohmert’s MET model 

[123], the asymptote at 15% MVC indicates that an individual can perform tasks at 

15% MVC and below for an “indefinite” [247] period of time without fatigue. Other 

studies contest this, and they show that 15% MVC can be maintained from 10- to 15-

min [123], [235], [247] to 1 hour [162], [387]. Many researchers, as listed in [162], do 

not agree with the use of an asymptote, and many experimental models do not contain 
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one. The third reason for significant differences between MET models, according to 

El Ahrache et al. (2006) [70], is muscle group and posture variability. It is questionable 

that some ET models use the same model for all muscle groups and postures, as it was 

found that there were differences in ET when these factors were varied in multiple 

studies. Finally, interindividual variability results in differences between these models, 

especially at low %MVC [70]. Other researchers mention the lack of generalisability 

for tasks [165] and that the influence of individual differences is unclear [162], [165]. 

Muscle Development Models 

Muscle development models are theoretical muscle fatigue models [110], [229], 

although coefficients of these theoretical models are occasionally determined through 

experimentation. These models mainly exist within a research context, although some 

commercially available simulation software integrates muscle development models to 

simulate tasks at workstations, such as Siemens Jack [144]. They are used to assess 

fatigue from a muscle perspective based on the physiological mechanisms mentioned 

in section 2.1.1 Fatigue: Definitions, Classifications, and Contributing Factors and are 

usually expressed using differential equations. These models estimate fatigue or 

muscle recovery from the point of view of the cross-bridge [30], other times by 

considering the force-pH relationship and the accumulation of muscle by-products 

during fatigue [69], [110], or motor unit principles in combination with 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 or 

torque and exertion history [68], [108], [119], [124], [125], [149], [166]. Some of these 

models consider differences between muscle groups [119], [124], [149] using studies 

that examined muscle-specific fatigue rates [67], arm postures [68], individual 

variations [68], [119], [124], recovery [119], [208], or the production and diffusion 

rate of muscle by-products during fatigue [110]. Some models have been 

experimentally validated under static [124], [125] and dynamic [68], [110], [124] 

conditions, some of which struggle accounting for submaximal contractions [125]. 

These models typically estimate current fatigue level or maximum exertable force 

(MEF) rather than predicted ET and often have complex equations with multiple 

parameters that make real-time integration difficult [99]. MEF is also called force or 

torque capacity, expressed in %MVC after a particular period depending on current 

and past loading conditions and the person’s maximum strength which can be 

expressed as 𝐹𝑜𝑟𝑐𝑒𝑚𝑎𝑥 or 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 [110], [124], [149], [165]. These models can 

indirectly provide ET, determined as the time at which the MEF is equal to or below 
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the current %MVC [110], [165], although they do not predict ET. For example, an 

individual with 50 N MVC force holds a 1.5 kg object, and after 83 s the model 

estimates current MEF as 30% MVC, this means the current MEF is approximately 

50

9.81
×

30

100
≈ 1.5 kg, therefore MEF is equal to the %MVC of the current load, therefore 

the time taken to reach this MEF, i.e., 83 s is the ET. In order for these models to 

provide pre-emptive outputs that allow for timely intervention prior to fatigue onset, 

the individual would need to cease the tasks before MEF=30%, and one would need 

to determine the %MVC thresholds required for fatigue mitigation. For example, the 

task should be ceased at 80% of the fatiguing MEF, i.e., MEF is equal to 100 −

[(100 − 30) ×
80

100
] = 44% MVC (i.e., after ≈ 83 × .8 = 66 s). Nevertheless, these 

models tend to focus on force capacity rather than ET and are developed with the aim 

of integration to simulation software [99], [208]. 

Other models output an expected subjective fatigue level [68], [196], making it 

difficult to compare muscle models in the field [3]. Many muscle models are not 

suitable for real-time use in industrial applications due to high model complexity, for 

example some models [30], [166] have many parameters which “weaken the model 

quality in information theory” [165] and are not suitable for applications where there 

is a requirement for computational efficiency [108], for example, real-time fatigue 

estimation. Oftentimes, these models consider the cumulative effects of fatigue and 

the transition between rest, active and fatigued states which is practical in terms of 

assessment throughout a prolonged period, i.e. an entire work shift. Theoretical models 

have been validated against endurance models [108], [124], some are valid for static 

maximal tasks [125], while others have been applied to dynamic tasks [108], [124] but 

estimations are not adjusted based on joint configurations. 

Physiological Indicators 

Physiological indicators are considered an objective method of assessing physical 

fatigue [99] and measured signals include heart rate, skin temperature, skin 

conductivity, and breathing rate. When the body experiences physical exertion, heart 

rate increases to increase blood supply to working muscles and to remove accumulated 

metabolites such as phosphates [388]. Wearable sensors can measure physiological 

changes in the individual due that occur due to this physiological response. Sensors 

are worn throughout a work period to ascertain the state of the worker and to provide 
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rest/work recommendations. Out of the measurement methods mentioned in this 

section, physiological indicators are currently utilised by ergonomists the least [139] 

and feature in current research to a greater extent.  
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Appendix 7: Detailed Overview of Current Interventions  

Current methods used to assess fatigue and ergonomic risk to reduce the risks of 

WMSDs in occupational settings today were summarised and compared in Table 4 and 

are now discussed in more detail. 

Occupational Health and Safety Policies 

In Europe, the prevention of WMSDs is a major focus of occupational H&S policies. 

The EU develops directives which are then transferred into national laws and 

regulations by member states. Directives are proposed by the European Commission 

who consult with stakeholders and researchers, they are then examined, debated and 

revisions are requested by the European Parliament and the Council of the EU [389]. 

The framework directive relating to occupational H&S (89/391/EEC) outlines how 

employers are required to address risks in general and integrate ergonomics and human 

factors into workplace design, and the framework directive contains specific directives 

which provide more targeted requirements and guidelines [33], [34]. As mentioned 

throughout the introduction, risks for WMSDs include carrying heavy loads, repeated 

loading and unloading, awkward postures, and mid-air repetitive tasks. These risks are 

associated with the following specific directives that are currently in force: 

90/269/EEC for minimum safety and health requirements for the manual handling of 

loads where there is a risk of back injury to workers [33]; 90/270/EEC for minimum 

safety and health requirements for work with display screen equipment [34].  

90/269/EEC requires employers to carry out risk assessments for manual handling 

tasks, whereby the weight, frequency and posture of the tasks are evaluated, and risks 

are identified. manual handling is to be avoided where possible and measures must be 

taken to reduce the risk where manual handling is necessary, such as reducing the need 

for awkward postures and redesigning a task to fit a worker’s capabilities. Minimising 

manual handling can also be done through the design of the workplace and the 

equipment provided to employees. In addition, training for safe manual handling must 

be provided to employees. 90/270/EEC mainly concerns display screen equipment, 

and while this is potentially more relevant to workers sitting at a desk in front of a 

computer, factory workers may be required to use displays, especially where cobots 

are present in a smart factory setting. The main guidelines concern workstations being 

designed to accommodate the needs of users and a comfortable posture (i.e. using 

adjustable equipment), furthermore, regular breaks, changes in activity and training in 
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relation to displays are required. Specific ergonomic risk assessments are not 

specifically recommended by 90/269/EEC or 90/270/EEC but tend to be used to meet 

the directive’s requirements. 

Other specific directives related to WMSD prevention include 2009/104/EC for 

minimum safety and health requirements for the use of work equipment by workers at 

work (i.e. the equipment should not pose a risk to workers), 2002/44/EC for assessing 

and controlling risk of vibration exposure, and 2003/88/EC indirectly addresses 

WMSDs as it refers to work/rest schedules. 

As mentioned, the directives are transposed into national laws and regulations by 

member states, and in Ireland this is called the Safety, Health and Welfare at Work 

Regulations 2007 and the implementation of these laws are overseen by the Health 

and Safety Authority (HSA) who perform inspections and provide valuable 

information to employers for compliance with those laws. Examples of national H&S 

organisations in other member states include the National Institute for Research and 

Safety in France, the Work Environment Authority in Sweden, and the National 

Institute for Occupational Safety and Prevention in Italy. The EU-OSHA website also 

provides valuable information for employers for the practical implementation of 

policies for WMSD prevention.  

These organisations aid employers regarding their responsibilities around 

occupational H&S, they provide manual handling training, templates for ergonomic 

risk assessments, and guidelines for internal audits to assess the effectiveness of 

WMSD intervention measures in the organisation. For ergonomic risk assessments, 

the HSA recommends a 5 step process: (1) Task description, where key stages of the 

task are identified and may involve recording a video of the task being performed, (2) 

Collect technical information, such as the heights and distances loads are carried 

during a task, (3) Identify risk factors using a risk assessment tool, (4) Identify 

improvements to be put in place, and (5) Review the effectiveness of the changes. For 

step 3, the HSA recommends acquiring training or requesting expertise to carry out 

ergonomic risk assessments and endorses the three risk assessment tools used by the 

HSE UK: the manual handling assessment chart (MAC tool) [171], risk assessment of 

pushing and pulling (RAPP tool) [173], and assessment of repetitive tasks of the upper 

limbs (ART tool) [172]. These tools assign a risk score for lifting, pushing and pulling 
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and repetitive tasks with upper limbs based on load, frequency, carrying distance, and 

posture, among other parameters. The scores associated with these parameters can help 

identify where the highest risks reside so that they can be reduced by the employer. 

However, these tools do not appear in the results from Lowe et al. (2019) [139], whose 

survey included the UK.  

ISO and EN Standards 

The ISO is an independent international body that develops voluntary standards aimed 

at supporting innovation and addressing global challenges [169], [390]. Experts use a 

consensus-based approach to develop standards which provide “requirements, 

specifications, guidelines or characteristics…[to ensure] materials, products, 

processes and services are fit for their purposes”, and they are not necessarily based 

on scientific process [169]. ISO standards relevant to ergonomic issues were 

developed by the Anthropometry and Biomechanics Subcommittee (ISO159/SC3), 

and include ISO 11226 (static working postures), 11228-1 (manual handling - lifting 

and carrying), 11228-2 (manual handling - pushing and pulling), and 11228-3 (manual 

handling - carrying low loads at high frequency) [391], [392], [393], [394]. Other 

related documents include technical reports TR 12295, concerning the application of 

manual handling standards, and TS 20646, dealing with optimising musculoskeletal 

workload for ergonomics.  

ISO 11226 recommends the OWAS [174], RULA [63], REBA [64]; ISO 11228-1 

recommends NIOSH Lifting Equation [65]; ISO 1228-2 recommends the Snook and 

Ciriello tables [168]; and ISO 11228-3 detailed three risk assessments but chose to 

recommend the concise index for the assessment of exposure to repetitive hand 

movements of the upper limbs (OCRA) [175] over ACGIH hand activity level (HAL) 

[66] and the Strain Index [384].  

Fallentin (2001) [170] reviewed standards relating to physical workload, and found 

they presented very specific and unsupported limits, and the scientific validity was 

unclear. Armstrong et al. (2018) [169] also noted the need for transparency in the 

process of developing standards, and assessed the scientific basis of ISO standards 

using a checklist to evaluate quality and bias commonly used in medical practice 

guidelines: Appraisal of Guidelines, Research and Evaluation (AGREE II) [395]. 

Armstrong et al. (2018) [169] found that the ISO standards did not fulfil most of the 
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AGREE II criteria, for instance, authors and their scientific profile, affiliations and 

conflicts of interest was not disclosed, involvement of key stakeholders was not clear, 

the standards did not undergo external review, and there was no mention of the 

expected impact on WMSD risk. Perhaps most critically, it was found that the 

recommendations are not evidence-based, that is, it is not clear why one risk 

assessment methodology is chosen over the other (for example, recommending OCRA 

[175] over ACGIH HAL [66] and the Strain Index [384] in ISO 11228-3) as there was 

no systematic literature review and no scientific basis or comparisons were provided, 

although Armstrong et al. (2018) [169] notes these are available in the literature in 

some cases. Where statements were supported by referencing, these were sometimes 

poorly designed studies. The authors also noted the lack of attention given by the 

scientific community to the ISO standards as there are no validation studies that 

support them and they are rarely discussed in the light of new evidence, therefore it 

was not clear to the authors if the standards are generally accepted. 

Ultimately, ISO standards are voluntary, and policies put in place by governments and 

companies currently have the most impact due to the fact they are mandatory. 

Nevertheless, there is significant alignment between the ISO standards and European 

standards, referred to as European norm (EN), and since these standards are mentioned 

in EU legislation, they are essentially mandatory to ensure legal compliance. EN 1005-

4 has the same recommendations as ISO 11226, EN 1005-2 has the same 

recommendations as ISO 11228-1, EN 1005-3 aligns with ISO 11228-2 and EN 1005-

5 aligns with ISO 11228-3. 

Current Ergonomic Assessment Tools 

A summary of current ergonomic tools, shown in Figure 10, is provided in Table 5. 

Lowe et al. (2019) [139] found that pen and paper, software and simulation tools (for 

example, Siemens Jack [144], Figure 10a) were most commonly used methods of 

carrying out risk assessments, and mobile applications, for example Ergodroid ([180], 

Figure 10b) are in the early adoption phase with 24-28% of survey respondents using 

them. Relevant applications include those for MH, ergonomic risk/biomechanics 

assessment, posture/motion assessment and fitness-related (which accounted for 

75/129 apps identified by the respondents), others were for environmental or other 

uses. Use of MoCap and wearables is relatively low compared to ergonomic risk 



 

206 

 

assessments and simulation tools, with EMG, optical MoCap and non-optical MoCap 

accounting for approximately 22%, 24% and 15% respectively [139]. 

Patel et al. (2021) [184] reviewed worker solutions currently on the market that 

promote total worker health from the centre for disease control and prevention (CDC) 

and NIOSH, which is defined as “policies, programs and practices that integrate 

protection from work-related safety and health hazards with promotion of injury and 

illness prevention efforts to advance worker wellbeing” [396]. The reviewed systems 

comprise smart hardware and software tools to reduce the risks that workplace hazards 

present, including ergonomic risk, fatigue and WMSDs. While some of the systems 

automate the ergonomic risk assessment process, they often directly deal with the 

aspects that cause WMSDs (i.e. repetitive movements, heavy loads, awkward postures, 

etc.) by offering assist with lifts, posture correction and visual feedback.  

Exoskeletons generally transfer the load from the upper body to the legs, in some cases 

using a purely mechanical system that operates by means of springs, pulleys and 

cables. There are a number of these systems on the market, such as the Skelex 360 

from Skelex [176], Figure 10c, mainly deals with reducing strain in over-shoulder 

activities; the Technologies AirFrame [177], Figure 10d, exoskeleton is designed 

specifically for repetitive tasks. The SuitX by Ottobock [178], Figure 10e, is a full-

body exoskeleton that reduces fatigue and increases endurance in the back, shoulder 

and legs with separate modules that can also act independently. Instead of transferring 

load from the upper body to the legs, the Noonee Chairless Chair [179], Figure 10f, is 

worn only on the legs and helps assembly line workers to switch between sitting, 

standing, walking and industrial operations on the line so that strain on the lower 

extremities can be reduced. These systems are currently being used in industry, for 

example, the AirFrame is mandatory for workers in welding some Toyota plants [184]. 

The Kinetic Reflex [89], Figure 10g, is worn on the worker’s belt and detects high risk 

bending, reaching and twisting using IMUs and biomechanical analysis, and 

encourages the worker to correct their posture via vibrotactile feedback. The SafeWork 

Sensor by StrongArm [90], Figure 10h, is a safety vest with an IMU placed at the 

torso, and similar to the Kinetic Reflex, it monitors awkward postures and offers 

vibrotactile feedback for correction, in addition to an extensive platform for workers, 

managers and safety leaders to review safety analytics. The Honeywell Bioharness 
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[91], Figure 10i, is a chest-worn device used to monitor workers by extracting 

physiological indicators related to heart and breath rate, temperature, activity and 

posture in real-time, it also includes a GPS sensor for location tracking. Patel et al. 

(2021) [184] also identified wearable devices on the market that can be used in the 

research for the monitoring of health and physical activity of workers, these include 

the Omron HeartGuide and VitalConnect VitalPatch for monitoring physiological 

indicators relating to heart rate and blood pressure, and smart watches in general which 

normally include accelerometer, gyroscope, pedometer, and heart rate sensors, among 

others. Other wearable devices for fall detection, stress detection, productivity 

monitoring and exposure to vibration, noise and gas were also identified in the review 

by Patel et al. (2021) [184] but fall outside the scope of this research.  

Wearable devices on the market that were not included by Patel et al. (2021) [184] 

include those for ergonomic risk assessment, such as software products by Movella 

Xsens (Xsens Technologies B.V., Enschede, The Netherlands) [92], Ergo, Ergo Live 

and Ergo Expert, that link up with their hardware systems Xsens Awinda IMUs, Figure 

10j. Ergo produces standardised ergonomic reporting of RULA [63], REBA [64] and 

Adjustable Ergonomics, the latter of which is based on ergonomic and range of motion 

thresholds based on European Standards (in this case UNE 1005-4 which is the 

Spanish standard corresponding to EN 1005-4). Ergo Live features real-time 

ergonomic reporting with Scale Fit [397] developed by a team of biomechanical and 

software engineers and checks twenty-one load parameters to provide reports based 

on DIN (German), EN (European) and NIOSH standards, and biofeedback via visual 

cues can help with real-time correction of postures, Figure 10k. Ergo Expert offers 

additional features in terms of full data access, streaming and exporting, and 

integration with third-party software (for example, AnyBody [134], BoB 

Biomechanics [145], OpenSim [133]) and custom ergonomic models using MVN 

Analyse software. Examples of custom ergonomic tools include the case where MVN 

Analyze is utilised by BMW Group with their own ergonomic tools [398], SERA 

[379], [381] and DWSM [380], and by Toyota with the JT-SJT system [382]. 

Additional commercial devices that are used in fatigue and WMSD prevention 

research includes activePAL (PAL technologies, Glasgow, UK), Acti4 and ActiLife 6 

(ActiGraph, Florida) [75] and the following devices which are primarily used in 

sporting and animation applications pose potential for use in ergonomics [18]: 
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Wearnotch (Notch Interfaces Inc, New York, NY, USA), Axtivity (Axivity Ltd., 

Newcastle, UK), Rokoko (Rokoko Electronics ApS, Copenhagen, Denmark, LPMS-

B2 and LPMOCAP (P-RESEARCH Inc., Tokyo, Japan).  
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Appendix 8: Poster Presented at the EMBC Conference in Glasgow, July 2021 
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Appendix 9: Linearity Tests for All Independent Variables Against the Dependent 

Variable: Shoulder Maximum Torque 

(a) Age 

 
 

(b) Height 

 

(c) Weight 

 

 

 



 

211 

 

 

 

(d) BMI 

 
(e) Fat% 

 
(f) Muscle% 

 
 

 

 

 

 



 

212 

 

(g) Visceral Fat 

 

(h) Forearm Circumference  
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Appendix 10: Linearity Tests for All Independent Variables Against the 

Dependent Variable: Elbow Maximum Torque 
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Appendix 11: Regression Analysis Results - Shoulder Maximum Torque 
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Appendix 12: Regression Analysis Results - Elbow Maximum Torque 
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Appendix 13: Borg Rate of Perceived Exertion Scale 

 

 

Appendix 14: Karolinska Sleepiness Scale 
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Appendix 15: Breakdown of Predicted ET RMSEs Based on Gender and 

Movement. RMSEs for Each Model and TT Combination for Female Subjects 

During (a) Static Tasks and (b) Dynamic Tasks, and for Males During (c) Static 

Tasks and (d) Dynamic Tasks.  

 

Appendix 16: Breakdown of Predicted ET RMSEs Based on Gender and Load. 

RMSEs for Each Model and TT Combination for Female Subjects During (a) 

25% SI tasks and (b) 45% SI tasks, and for Males During (c) 25% SI tasks and 

(d) 45% SI tasks.  

 

Abbreviations: NICE = New improved consumed endurance model, CE = Consumed endurance model, 

FAP Gen = Frey Law and Avin general power model, FAExp Gen = Frey Law and Avin general 

exponential model, FAP Sh = Frey Law and Avin shoulder power model, FAExp Sh = Frey Law and 

Avin shoulder exponential model. TT1= TT calculated using measured shoulder MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , 

TT2= TT calculated using measured elbow MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , TT3 = TT calculated using gender-

based MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , 𝑇𝑇𝑐𝑎𝑙  = TT calculated using the calibration task. 
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Appendix 17: Predicted ET RMSEs Including Maximum Torque Regression 

Models. RMSEs for Each Model and TT Combination for (a) All Subjects and All 

Tasks, (b) Male Subjects and All Tasks (c) Female Subjects and All Tasks.  

 

Appendix 18: Predicted ET RMSEs including maximum torque regression 

models, based on gender and movement. RMSEs for each model and TT 

combination for male subjects during (a) static tasks and (b) dynamic tasks and 

for females during (c) static tasks and (d) dynamic tasks.  

 

Abbreviations: NICE = New improved consumed endurance model, CE = Consumed endurance model, 

FAP Gen = Frey Law and Avin general power model, FAExp Gen = Frey Law and Avin general 

exponential model, FAP Sh = Frey Law and Avin shoulder power model, FAExp Sh = Frey Law and 

Avin shoulder exponential model. TT1= TT calculated using measured shoulder MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , 

TT2= TT calculated using measured elbow MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , TT3 = TT calculated using gender-

based MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , 𝑇𝑇𝑐𝑎𝑙  = TT calculated using the calibration task. 
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Appendix 19: Predicted ET RMSEs including maximum torque regression 

models based on gender and load. RMSEs for each model and TT combination 

for male subjects during (a) 25% SI tasks and (b) 45% SI tasks and for females 

during (c) 25% SI tasks and (d) 45% SI tasks.  

 

Abbreviations: NICE = New improved consumed endurance model, CE = Consumed endurance model, 

FAP Gen = Frey Law and Avin general power model, FAExp Gen = Frey Law and Avin general 

exponential model, FAP Sh = Frey Law and Avin shoulder power model, FAExp Sh = Frey Law and 

Avin shoulder exponential model. TT1= TT calculated using measured shoulder MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , 

TT2= TT calculated using measured elbow MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , TT3 = TT calculated using gender-

based MVC for 𝑇𝑜𝑟𝑞𝑢𝑒𝑚𝑎𝑥 , 𝑇𝑇𝑐𝑎𝑙  = TT calculated using the calibration task. 
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Appendix 20: Supplementary Material for Section 4.2  
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Appendix 21: Poster Presented at INSIGHT Plenary in Galway, October 2023. 
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Appendix 22: Supplementary Material for Chapter 5  

(a) Subject Information Panel 

 

(b) Calibration Task Panel 
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(c) Task Component Parameters Panel 

 

(d) Task Measurement Panel 
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