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The new paradigm descending from Industry 4.0, known as Industry 5.0, emphasizes the significance of human-
centric factors and ergonomics in industrial processes. Creating an ergonomic workplace involves considering
not only physical aspects but also cognitive, environmental and organizational factors. This holistic approach is
vital for enhancing human productivity, satisfaction, and safety. In the Industry 4.0 landscape, the integration of
ergonomics with advanced technologies provides comprehensive data for accurately assessing occupational
hazards. This paper proposes an ergonomic assessment method employing a set of non-invasive wearable
devices to monitor workers' activities and physiological metrics, complemented by subjective self-assessment
questionnaires, during their shifts. This approach is implemented in a real-world setting within the
pharmaceutical sector, where manual work involves repetitive motion tasks, making workers susceptible to
musculoskeletal disorders and high stress levels. The findings demonstrate that implementing ergonomic
evaluations can help the organization identify risks, ultimately enhancing operator well-being, safety, and
productivity.

1. Introduction

The well-being of workers is a fundamental pillar of Industry 5.0, which prioritizes human-centric, resilient, and
sustainable industrial processes (Khamaisi et al., 2022). Ergonomics, as a multidisciplinary science, is critical
in optimizing the interactions between human operators, machinery, and the environment (Scafa et al., 2019).
The primary domains of ergonomics include physical, cognitive, environmental, and organizational aspects,
each playing a significant role in promoting worker health, safety, and productivity (Scafa et al., 2019). Physical
ergonomics focuses on the mechanical and physical interactions between workers and their work environment.
It covers topics such as working postures, materials handling, repetitive movements, work-related
musculoskeletal disorders (WMSDs), workplace layout, and occupational safety (Scafa et al., 2019).
Conventional risk assessment tools like Rapid Upper Limb Assessment (RULA), Occupational Repetitive
Actions (OCRA), and the Revised NIOSH Lifting Equation have been employed for evaluating these risks;
however, they often rely on manual observation, which is time-consuming and prone to observer bias. Cognitive
ergonomics examines cognitive processes to improve workers' interactions with systems, considering their skills
and limitations. Key topics include attention, perception errors, mental workload, stress, information
visualization, decision support, human-machine interaction (HMI), situational awareness, and training (Scafa et
al., 2019). The increasing complexity of information systems has led to higher cognitive demands on operators,
making cognitive ergonomics a critical area of focus. Current studies often use self-assessment tools like NASA-
TLX, which are primarily utilized in specific fields, such as aerospace and healthcare. Environmental ergonomics
addresses the physical factors that shape the workplace microclimate, including temperature, relative humidity,
radiant temperature, airspeed, noise, lighting, and air quality. Regulatory standards have driven much of the
research in this field, emphasizing compliance rather than directly enhancing worker comfort and well-being.
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Nonetheless, optimizing these factors is crucial for fostering a supportive and healthy work environment (Scafa
et al., 2019). Organizational ergonomics aims to optimize socio-technical systems by improving organizational
structures, policies, and processes. Topics such as resource management, work planning, and scheduling are
essential for boosting operational efficiency and worker satisfaction (Scafa et al., 2019). With Industry 5.0, the
concept of Operator 4.0 has emerged, emphasizing the human operator's role in smart, human-centric factories
(Sun et al., 2020). Addressing ergonomic challenges now involves loT, wearable sensors, Al, and digital twins,
which provide automated, data-driven assessments, reducing the time, costs, and errors of manual evaluations.
In this study, we propose an ergonomic assessment method utilizing Industry 5.0 non-invasive wearable devices
complemented by questionnaires to analyse different ergonomic aspects in a pharmaceutical industry setting,
where manual work involving repetitive tasks predisposes workers to WMSDs and elevated stress levels.
WMSDs are among the most prevalent occupational health issues across all sectors, affecting the back, neck,
shoulder, and wrist (Punnett and Wegman, 2004) Key risk factors include poor workstation design, awkward
postures, and job hazards such as vibrations and machine-paced work. These conditions not only affect worker
health and lead to absenteeism but also impose significant socio-economic costs. Moreover, chronic work-
related stress can result in both mental and physical health issues, including anxiety, depression, cardiovascular
problems, and gastrointestinal disorders (Kivimaki and Kawachi, 2015). These consequences adversely affect
worker productivity, job satisfaction, and overall well-being, underscoring the importance of thorough ergonomic
assessments to identify and mitigate these risks.

The following sections outline the methodology employed in this research, including the experimental design
and the setup used to assess ergonomic factors related to stress and WMSD risks. The results section will cover
the identification of critical scenarios, followed by a discussion of the conclusions derived from this innovative
ergonomic assessment.

2. Methodology
2.1 Experimental setup

The research was conducted in the pharmaceutical sector, specifically within the packing and inspection areas
of vials and drugs. The work environment involved handling boxes of varying sizes, including units of 1, 10, 100,
and large trays across four distinct production lines. The repetitive and monotonous nature of these tasks
exposed workers to significant biomechanical risks and high levels of stress.

To comprehensively analyze the ergonomic aspects, various devices and questionnaires were employed:

¢ Questionnaires: Self-assessment questionnaires were utilized to capture subjective perceptions of
workload, stress, and discomfort. Tools like the NASA-TLX were employed to gauge cognitive workload,
while standardized stress questionnaires evaluated the psychological impact of the work environment.
Additionally, postural discomfort questionnaires allowed participants to rate discomfort in different body
parts on a scale from 1 to 5, contributing to assessing the physical and cognitive ergonomics.

e Wearable devices: Non-invasive wearable devices, such as smartwatches, were used to collect real-time
physiological data, including heart rate, skin temperature, and electrodermal activity. These devices
provided objective metrics for assessing both physical exertion and stress levels, aiding in the evaluation
of physical and cognitive ergonomics.

e Motion capture systems: Motion capture technology was employed to monitor operators' postures and
movements during their tasks. This approach helped identify awkward postures and repetitive movements
contributing to biomechanical risks.

e Environmental sensors: Environmental conditions, including temperature, humidity, noise, and lighting,
were monitored with dedicated sensors to assess the workplace microclimate and its influence on worker
comfort and performance, addressing environmental ergonomic aspects.

Additional wearable devices and questionnaires were also included in the setup to identify risks, such as visual
and physical fatigue. However, the preliminary results presented in this article primarily focus on stress and
biomechanical risks, which were identified as the highest priority for mitigation in this company.

2.2 Subjects

A total of 43 full-time operators participated in the data collection, comprising 42 females and 1 male, as this
activity is predominantly performed by women in this factory. The participants had an average age of 32.27
years (SD = 7.46), with company experience ranging from 2 months to 23 years. Individuals with current or past
injuries, pain, discomfort, medical disorders, or those using medication were excluded during the initial screening
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process. Additionally, participants with specific vision impairments, such as wearing glasses with more than one
power, undergoing eye surgeries (e.g., LASIK, RK, cataract, intraocular implants), or experiencing eye
conditions like amblyopia (lazy eye), strabismus, or nystagmus, were also excluded. Participation was voluntary,
with participants recruited directly from the production line without any financial compensation for their
involvement. All data collected were pseudonymized to ensure that individual participants could not be identified.
Prior to data collection, each participant received an informed consent form. Participants were given ample time
to review and understand this information before deciding whether to participate, and they were allowed to
withdraw from the study at any point without any repercussions. The research protocol adhered to the principles
outlined in the Declaration of Helsinki and received approval from the Ethics Committee at Fundacién
Universidad de América (protocol number: 002-2024).

2.3 Procedure

The research procedure is illustrated in the flowchart provided (Figure 1). After confirming inclusion criteria for
participant eligibility, informed consent was obtained, and the setup of wearable sensors and Microsoft Kinect
cameras for continuous monitoring was completed. Baseline surveys were conducted to collect subjective
information on stress, workload, and well-being. Participants were then fitted with smartwatches (Albarran
Morillo and Demichela, 2023) to gather physiological data, including heart rate, electrodermal activity, and skin
temperature, while environmental parameters such as humidity, temperature, illuminance, and noise were
recorded at the start of each trial. Baseline measurements were collected over a two-minute period to establish
reference values for subsequent activities. Participants then performed inspection and packing routine tasks for
20 minutes while monitored by the Kinect system to capture workers' movements and postures for semi-
automated biomechanical risk assessment using the OCRA Checklist and wearing a smartwatch. This setup
aimed to accurately capture both ergonomic and physiological data, identifying stress and biomechanical risks.
The session concluded with the cessation of data recording, and the protocol was repeated at the start and end
of each 8-hour work shift.
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Figure 1: Data collection procedure
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3. Results and discussion

In this section, we present the most significant findings, structured into two key areas: the identification of the
highest biomechanical risks through a comprehensive physical ergonomic assessment and the detection of
elevated stress levels via cognitive ergonomic analysis.

3.1 Physical ergonomic assessment

The physical ergonomic assessment focused on the mechanical and physical interactions between workers and
their work environment, particularly in relation to WMSDs stemming from the natural characteristics of the tasks
performed in the factory. Conventional risk assessment tools, such as OCRA checklist, were employed
alongside postural discomfort questionnaires. These questionnaires allowed participants to rate discomfort in
different body parts on a scale from 1 to 5. The OCRA checklist method is a comprehensive biomechanical
assessment tool used to evaluate worker exposure to repetitive strain, with a particular emphasis on upper limb
movements (Colombini and Occhipinti, 2016). It assesses various critical factors, such as the duration,
frequency, and intensity of repetitive actions, as well as postures, to determine the ergonomic risk associated
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with specific tasks. By combining data from checklists that evaluate postures of body parts like shoulders,
elbows, wrists, and hands, as well as factors such as grip intensity, force applied, and frequency, the OCRA
checklist method calculates a risk score for both the right and left sides of the body separately. This risk score
helps determine whether the task falls within acceptable levels or poses a significant biomechanical risk to
workers, thus guiding risk prevention strategies.

Table 1: OCRA: Risk assessment scale

Score  Colour Risk level
<7.5 Green Acceptable
7.6-11  Yellow Very light or uncertain

11.1-14 Light Unacceptable. Low-level risk

Red
14.1- Unacceptable. Medium-level
225 risk
222.5 Unacceptable. High-level risk

In our study, the use of Microsoft Kinect sensor jointly with computer vision (CV) algorithms (a branch of Al that
enables machines to interpret and understand visual data) enabled real-time monitoring of workers' postures
and movements (Camargo Salinas et al., 2024). The Kinect sensor captures precise video data that, when
analyzed with CV, identifies repetitive actions, facilitating a semi-automated process and the evaluation of
biomechanical risk assessments using the OCRA checklist method. By applying this technology, risk scores
were obtained for different body parts, allowing for the assessment of overall exposure to strain. Based on these
scores, the results revealed varying levels of risk, ranging from acceptable (green) to unacceptable levels (red
and purple), as indicated by the risk scale provided in Table 1.

Histogram of the "Unacceptable" Risk Index
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Figure 2: Distribution of the "Unacceptable” Risk Index during the day.

Results show that the risk index distribution for the left side presents a mix of high-level risk (36.2%), medium-
level risk (58.3%), and low-level risk (0.5%), with a small proportion being very light or uncertain (4.9%). The
right side predominantly displays medium-level risks (90.8%), with a notable presence of high-level risk (9.2%).
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Histogram of the "Unacceptable" Risk Index
by Experience
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Figure 3: Distribution of the "Unacceptable" Risk Index by experience

The main findings from the OCRA checklist risk assessment are represented in Figures 2 and 3. The
"unacceptable” risk index for both right and left sides shows that the most significant biomechanical risks are
prevalent near the end of Shifts 1 and 2, specifically between 12-1 PM and 7-8 PM, respectively. Workers with
less than 2.5 years of experience showed higher levels of biomechanical risk, suggesting that these groups
need immediate corrective interventions.

Furthermore, results from the discomfort questionnaires (Table 2) reveal that discomfort perceived in the upper
limbs, mid-back, and lower back is prevalent among participants. The reported upper limb discomfort aligns with
the findings from the OCRA checklist methodology discussed earlier. These insights highlight the need for
targeted ergonomic interventions to alleviate physical strain and reduce risks, particularly for less experienced
workers and during critical periods by the end of shifts 1 and 2.

Table 2: Discomfort levels across body parts rated from 1 to 5

Head and Mid- Shoulders Lower- Arms Gluteus Thigh Knee Feet

neck back back
Mean 2.24 218 2.16 2.07 2.04 1.87 1.82 1.74 1.70
Std 1.10 1.09 1.02 1.12 1.04 1.09 1.06 098 0.95

3.2 Cognitive ergonomic assessment

In this case, our primary focus was on analysing stress, identified as a significant risk within the company.
Among the findings, we highlight electrodermal activity (EDA) as a key indicator of stress, as elevated EDA
levels correspond to increased stress (Posada-Quintero and Chon, 2020). Figure 4 illustrates the trend of EDA
across different experience levels, where Exp Level 1 (less than 8 months of experience), Exp Level 2 (8 months
to 2 years of experience), Exp Level 3 (2 to 6 years of experience), and Exp Level 4 (more than 6 years of
experience), demonstrating how experience influences stress responses. The data reveal that EDA decreases
as experience increases, indicating reduced stress levels among more experienced workers. This suggests that
experienced workers are more comfortable with their tasks and environment, which helps them manage stress
effectively. In contrast, higher EDA levels in less experienced operators point to a greater risk of high stress.
Therefore, targeted interventions, such as additional training and support, are recommended for less
experienced workers to reduce stress and improve their familiarity with their roles.
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Mean EDA Across Different Experience Levels
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Figure 4: Variation in EDA mean across different experience levels

4. Conclusions

The preliminary findings reveal the potential of a more comprehensive ergonomic evaluation by incorporating
cognitive factors, alongside wearable technologies and Al techniques. These technologies facilitate real-time
data collection and objective assessments, minimizing the biases and inaccuracies that can occur with
subjective questionnaires or manual observations. These assessments accurately identify risks and highlight
critical scenarios, including those associated with work shifts or differences in experience levels. Notably,
workers with less experience were identified as a particularly vulnerable group due to their elevated
biomechanical risks and higher stress levels.

Additionally, this project assessed environmental, organizational, and ergonomic factors, identifying risks like
elevated visual and physical fatigue, as well as suboptimal lighting conditions. These findings represent a major
advancement in the fields of ergonomics and process safety.
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