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A B S T R A C T

The emergence of Industry 5.0 promotes the creation of human-centric values. To fulfill this objective, Internet
of Things (IoT) technologies are increasingly being exploited to digitize the human factor and monitor
the ergonomics of manual manufacturing systems. These digital assessments, combined with computational
algorithms, contribute to the establishment of socially inclusive workplaces while offering detailed insights
to safeguard the health of the aging workforce. In this scenario, this study proposes a digital architecture
for evaluating the European Assembly Worksheet (EAWS) in human-centric manufacturing systems. Three
distinct enabling technologies are leveraged to acquire heterogeneous data streams. A radio-frequency-based
smart glove detects the operator’s interactions with the surrounding environment, while a network of marker-
less cameras and a four-channel surface Electromyography (sEMG) system capture body joint movements and
muscular contractions of the upper limbs, respectively. The acquired data are processed by computational
algorithms to define an EAWS-driven set of Key Risk Indicators (KRIs), embedded in an ergonomic decision
support system. These risk metrics highlight operator-driven process weaknesses in musculoskeletal, muscular,
and material handling dimensions. Finally, the validity of the proposed digital architecture is demonstrated in
an industrial-related pilot environment, where an operator assembles a piece of home furniture.
1. Introduction

In recent years, the manufacturing landscape has faced various
disruptions, ranging from social to market threats [1]. On the one
hand, the European population is experiencing a concerning trend in
aging, leading to a significant reduction in the workforce. According
to Eurostat projections, individuals aged 55 years or older will peak
at 40.6% of the European population by 2050, up from 33.6% in
2019 [2]. Simultaneously, high turnover rates in jobs contribute to
increased manufacturing costs related to operator training and replace-
ment [3]; this rate for trade workers reached 7.8% in 2021 [4]. On the
other hand, customer preferences are steering smart factories toward
offering high production flexibility with shorter product life cycles [5,
6]. Consequently, traditional managerial approaches prove insufficient
for efficiently monitoring complex processes in mass-customized mar-
kets [7].

To mitigate these threats and ensure long-term market competi-
tiveness, industrial environments have widely adopted process automa-
tion, Internet of Things (IoT) technologies, and data analytics. For in-
stance, robotic arms are extensively used to ensure the safety and well-
being of workers in various manufacturing tasks, ranging from pick-
ing operations to handling hazardous activities [8]. Additionally, [9]

∗ Corresponding author.
E-mail address: federica.tomelleri@unitn.it (F. Tomelleri).

demonstrates how to automate the quality inspection of finished goods,
enhancing system responsiveness and efficiency. Other valuable ap-
proaches utilize IoT sensors to monitor process traceability [10,11].
However, the value creation of Industry 4.0 focuses on enhancing
productivity and performance, failing to address significant European
societal and demographic changes [1,12]. Still, the human factor re-
mains crucial in adding value to in-plant operations and represents
one of the most flexible resources, particularly in small and medium
enterprises [3,13]. Consequently, the Industry 5.0 paradigm is gaining
traction by integrating social and environmental drivers into technolog-
ical innovation [1,14]. This shift emphasizes a systematic approach that
places human-centricity, sustainability, and resilience as core features
of modern manufacturing systems [15]. This novel paradigm introduces
a techno-social revolution, where technology serves as an enabling tool,
while societal needs drive industrial value creation [12,16].

Based on this, investigating the human factor is essential to achiev-
ing operator-centric and socially sustainable manufacturing processes
[17–19]. The Operator 5.0 concept promotes IoT-based investigations
to assist and augment workers’ capabilities and skills while safeguard-
ing their self-resilience during value-added activities [20]. Among
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the different dimensions of self-resilience, physical and occupational
health represent pivotal areas of application [21]. Physical resilience
is defined as workers’ ability to maintain stamina and strength over
time [18]. Various research contributions have been tested and val-
idated in this field, where IoT-based methodologies are preferred
over conventional managerial approaches [13]. Motion Capture (MO-
CAP) technologies and surface Electromyography (sEMG) wearables
are widely used to assess potential musculoskeletal disorders and haz-
ardous muscular efforts during manual manufacturing processes [22,
23]. These parameters can be used to automate the development of
ergonomic indices such as the European Assembly Worksheet (EAWS)
[24]. Despite this, the literature falls short in digitizing multiple EAWS
sections with a set of enabling IoT technologies.

Based on this limitation and the ever-evolving manufacturing land-
scape, this manuscript proposes an original digital architecture to assess
process and operator-centric EAWS assessments. To achieve this goal,
three IoT technologies capture physiological and process-driven data
streams to evaluate the first three EAWS sections, namely Basic Pos-
tures, Action Forces, and Manual Material Handling. A Radio Frequency
Identification (RFID)-based smart glove records Operator-Process In-
teractions (OPIs), while a network of MOCAP cameras and surface
Electromyography (sEMG) wearables captures human body joints and
muscular contractions of workers during task execution. Computational
algorithms leverage this heterogeneous information to automatically
evaluate a set of EAWS-informed Key Risk Indicators (KRIs) to analyze
the safety weaknesses of human-centric manufacturing processes. The
outputs are embedded in an ergonomic Decision Support System (DSS)
to provide industrial plant supervisors with a user-friendly and effective
tool to safeguard operators’ physical resilience.

This paper is structured as follows. Section 2 explores human-centric
production environments during the Industry 5.0 era, along with IoT-
based approaches to safeguard operators’ well-being. The novelty of
this work is presented in Section 3, where the IoT-based architecture to
digitize the EAWS index is introduced. This solution is validated in an
industrial-related pilot environment, described in Section 4. Section 5
illustrates how the obtained multidimensional KRIs effectively identify
safety weaknesses in human-centric manufacturing systems, while Sec-
tion 6 concludes this work, outlining the findings and suggesting further
research opportunities.

2. Literature review

The recent emergence of Industry 5.0 underscores the strategic
collaboration between technology and human workers as a primary
goal in modern manufacturing systems [18,25]. Among various en-
abling technologies, IoT sensors facilitate data acquisition and insight-
ful process monitoring [9,13]. Industrial systems can enhance oper-
ational resilience by dynamically adjusting their in-plant functioning
in response to unexpected working conditions, thus fostering mutual
collaboration between workers and automation [26]. For instance,
motion, positioning, and environmental sensors are widely employed to
prevent production stoppages and mitigate work-related injuries [27,
28]. Simultaneously, IoT-driven monitoring of the human factor con-
tributes to the establishment of the Operator 5.0 concept. This inno-
vative human-centric vision combines technological capabilities with
human cognitive abilities to foster socially inclusive manufacturing
environments [25]. Internet-connected devices are utilized to safe-
guard operators’ well-being, addressing a spectrum of drivers from
emotional to physical aspects, thereby promoting the augmentation of
their skills [29]. For example, physiological sensors such as Electroen-
cephalography are extensively investigated to analyze workers’ mental
workload during task execution [30]. Furthermore, integrating modern
technologies with ergonomic assessment tools has proven very effective
in addressing the physical dimension.

Ergonomic indices are widely adopted to evaluate physical strain
and discomfort in human-centric industrial environments, encompass-

ing a broad range of parameters [31]. For instance, the Occupational
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Repetitive Actions (OCRA) index assesses the risk of strain injuries,
particularly focusing on the upper limbs, while the National Institute
for Occupational Safety and Health (NIOSH) proposes a static equa-
tion to evaluate musculoskeletal risk during lifting activities [32,33].
Among these standardized ergonomic tools, the EAWS represents the
most comprehensive assessment [24].

The EAWS evaluates physical workload in manufacturing envi-
ronments, particularly in assembly tasks common in the automotive
industry. It was created in response to the high prevalence of mus-
culoskeletal complaints and disorders, which account for a significant
portion of sick leave in industrialized countries due to poor ergonomic
design. The EAWS is divided into four sections, each assessing different
aspects of physical workload:

• Section 0 - General: Provides a comprehensive overview of
the identified workstation, including overall evaluation, rating of
additional physical workload, space for comments and improve-
ments, and consideration of time aspects for repetitive loads of
the upper limbs.

• Section 1 - Basic Postures: Evaluates static postures and repeti-
tive movements with low physical effort. This section considers
symmetrical and asymmetrical postures, and the time spent in
these movements is counted to assign a score.

• Section 2 - Action Forces: Assesses whole-body forces and hand-
finger exertions that exceed the threshold of 30−40 N. Scores are
calculated based on the intensity and duration of the force.

• Section 3 - Manual Materials Handling: Covers tasks involving
loads heavier than 3 − 4 kg. It evaluates the weight, posture,
working conditions, and frequency of handling activities.

• Section 4 - Upper Limb Load in Repetitive Tasks: Focuses on
the frequency and duration of repetitive upper limb movements,
including forces, gripping modes, and postures. This section is
aligned with methodologies from other standards like OCRA.

The EAWS assigns load points for unfavorable physical workload condi-
tions and uses a traffic light scheme (i.e., green, yellow, red) to classify
the risk levels. This helps identify ergonomic issues and suggests design
improvements.

However, despite the robustness of this tool in evaluating workers’
physical resilience during task execution, its implementation and accu-
racy often rely on conventional managerial approaches, which involve
manual data collection and subjective analysis [34]. This can introduce
limitations such as human error and time-consuming investigations.

The recent push toward Industry 5.0 emphasizes the need for more
advanced and digitally-driven solutions to enhance the efficacy of
ergonomic assessments in manufacturing environments. Human in-
volvement and mass-customized production systems may impact the
consistency of these indices, affecting the effectiveness of process re-
configuration, which may involve modifications to workstations or
equipment [35]. Despite several research contributions exploiting IoT-
based digital architectures to trigger ergonomic analysis into a diversi-
fied workforce, no investigation leverages enabling IoT technologies to
digitize multiple EAWS sections [14,36].

Considering the Basic Posture assessment (i.e., first EAWS section),
MOCAP technologies are extensively adopted to digitize operators’
movements [37]. Inertial Measurement Units (IMUs) and marker-less
MOCAP cameras are the most used IoT devices in human-centric manu-
facturing systems, despite some operational drawbacks [28,38]. While
IMU-based embedded suits are intrusive and require time-consuming
calibration processes, marker-less MOCAP cameras represent a low-
invasive and easy-to-deploy solution that suffers from potential body
occlusions [14,39]. Regardless of the hardware selection, algorithms
process the acquired 3D body joints and compute the EAWS posture
scores to offer valuable insights into potential musculoskeletal disorders
of workers, suggesting reconfiguration strategies. [40] demonstrates
that these approaches enhance social inclusion and reduce employee

turnover.
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However, MOCAP data streams fail to evaluate action or exerted
forces (i.e., second EAWS section) during manual task executions,
leading to limited investigation of workers’ physical resilience. While
no digital architectures have been proposed to digitize this second
EAWS section, the relevance of investigating action forces in manual
assembly is demonstrated by multiple conventional managerial ap-
proaches (e.g., workers’ reports or ergonomist evaluations) [41–43].
For instance, [42] benchmarks Strain Index (SI) and OCRA Checklist
in 10 manual tasks. At the same time, contributions in other research
domains leverage sEMG wearables to monitor muscular strength and
activity [44]. The sEMG-based muscular contractions are fed into com-
putational algorithms to detect strain and fatigue [14,45]. Although
these parameters provide valuable insights in designing socially in-
clusive workspaces, they require extensive datasets and cannot be
expressed in EAWS-based force scores. A second approach assesses
levels of muscular contractions as a function of the Maximal Voluntary
Contraction (MVC), where onsets are detected by evaluating the sig-
nal’s energy using the Teager–Kaiser Energy Operator (TKEO) [14,46].
Various protocols have been proposed to isolate muscular groups in
isometric contractions [47,48].

Finally, IoT-based methodologies to evaluate the third EAWS section
(i.e., Manual Material Handling) remain largely unexplored. Similar to
the previous EAWS section, the reviewed literature presents MMH anal-
ysis based on conventional approaches and different ergonomic indices
(e.g., NIOSH and EAWS) [49,50]. Benefitting from EAWS scores, [50]
redesigns three workstations to lower MMH risks for employees. In this
work, the digital evaluation of material handling is addressed using
MOCAP and sEMG measurements [14,38,51]. Despite the mentioned
enabling IoT technologies being capable of digitizing the first three
EAWS sections, they fall short in segmenting working shifts into specific
manual activities. Indeed, these sensors overlook the temporal dimen-
sion (e.g., repetition rates), which is a critical parameter in calculating
EAWS scores as well. As a result, relating safety weaknesses in human-
centric production processes to singular manual tasks would be more
challenging.

To address this important limitation, RFID technology is intro-
duced due to its significant capabilities in enhancing process traceabil-
ity [52,53]. Recent solutions propose the use of smart gloves equipped
with integrated and compact RFID-based antennas [54]. Plant supervi-
sors can strategically deploy passive tags in key manufacturing areas
(e.g., supermarkets and product bins) and on entities (e.g., tools and
sub-assemblies) to identify OPIs throughout activity executions [14],
including actions like component picking and tool usage.

The following bullet points list the main innovative contributions of
this manuscript:

• Digital EAWS evaluation: Different IoT technologies automate
the evaluation of the first three EAWS sections, namely Basic
Postures, Action Forces, and Manual Material Handling. The mea-
suring devices include a MOCAP network, a sEMG sensor, and
an RFID-based smart glove (see Section 3.1). While the first two
acquire workers’ 3D body joints and upper limbs’ muscular con-
tractions, the RFID-based solution enables the detection of OPIs.
The acquired data streams are fed into computational algorithms
to evaluate the EAWS-informed KRIs (see Section 3.2).

• EAWS-informed KRIs: These metrics are derived from the EAWS
score and are embedded into an ergonomic DSS. The proposed
KRIs evaluate the safety-related weaknesses from different per-
spectives, providing decision-makers with privileged opportuni-
ties to redesign human-centric workplaces. Section 5 discusses
their importance in analyzing the assembly of home furniture.

3. Digital architecture

This section details the developed digital architecture designed to

enhance the physical resilience of Operators 5.0 in human-centric
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manufacturing systems (refer to Fig. 1). The acquisition layer integrates
three enabling IoT technologies to automatically evaluate the Basic
Postures, Action Forces, and Manual Material Handling sections of
the EAWS screening tool. The RFID technology detects OPIs, while
MOCAP cameras and sEMG wearables capture time-driven body joint
positions and muscular contractions, respectively. Computational al-
gorithms process these diverse data streams to perform task-driven
assessments of the aforementioned EAWS sections. Consequently, an
ergonomic DSS presents multidimensional KRIs to identify operator-
and process-specific safety weaknesses. For instance, the Musculoskele-
tal Risk metric, in addition to assigning a global risk score for any
manufacturing task, displays the time-dependent body angles for each
human posture. This granular level of detail proves invaluable for
industrial plant supervisors in initiating process modifications, such as
assembly line re-balancing.

3.1. Enabling IoT technologies

As previously mentioned, three enabling IoT technologies collect
process, physiological, and motion measurements: (i) the RFID smart
glove, (ii) the sEMG data acquisition system, and (iii) the MOCAP
camera network.

The RFID-based glove identifies OPIs by reading passive tags at-
tached to tools and fasteners. The Radio Frequency reader uses the
battery-powered PyScan device [55], which integrates the NXP
MFRC63002 RFID transceiver and connects wirelessly to a server via
Wi-Fi. The device sends the ID of each scanned RFID tag to the server
using the Message Queuing Telemetry Transport (MQTT) protocol.
On the server, the timestamp associated with the detection moment
for each tag is recorded along with its ID and stored in an InfluxDB
database.

The sEMG data acquisition system uses the BITalino evaluation
kit [56], which incorporates the Atmega 328P microcontroller, the HC-
6 Bluetooth transceiver, and the AD8232 instrumentation amplifier.
For each sEMG channel, the AD8232 amplifies the provided signal;
the signal is acquired by the 10-bit Successive Approximation Register
Analog-to-Digital Converter (ADC) embedded in the microcontroller.
The data acquisition board exhibits a Signal-to-Noise Ratio (SNR) of
55.72 dB, delivers an Effective Number Of Bits of 8.73 bits, and operates
at a sampling rate of 1 kHz [56]. Acquired samples are streamed in
real-time via Bluetooth to a gateway and transmitted to the server via
Wi-Fi. On the server, each sEMG sample is stored with its acquisition
timestamp. The monitored muscles include both the left and right
biceps and forearms [23].

The MOCAP system consists of two Microsoft Azure Kinect de-
vices [57] to mitigate acquisition errors in occlusion scenarios [14].
These devices are synchronized with each other using an audio cable.
Each device embeds a 1-MP (MegaPixel) depth sensor with a variable
field-of-view and a 12-MP RGB (Red, Green, Blue) video camera, op-
erating at a frame rate of 15 fps. The MOCAP network is positioned in
the manufacturing layout, synchronized through an absolute clock, and
calibrated via a checkerboard pattern. Cameras are placed to maximize
the coverage area and minimize potential sources of obstructions.
Recordings from each device are processed frame by frame in a loop
for identified bodies, to which specific IDs are assigned. Calculations
for determining body joint positions start at the pelvis and extend to the
ears, ensuring interrelationships using a global approach. The resulting
3D coordinates of body joints, along with associated confidence levels,
are saved in separate output files, while timestamps are stored for each
data stream.

The following computational algorithms detail how to fuse the
video-based distributed measurements to obtain a reference worker rep-
resentation (see Section 3.2.2). The recorded parameters, such as sEMG
signals and body joint coordinates, undergo synchronization during
the post-processing stage within the computational steps of OPIs (refer
to Section 3.2.1). Following this synchronization, the EAWS index is
digitally reconstructed by integrating physiological and process-related

measurements (see Table 1).
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Fig. 1. Overview of the digital architecture for evaluating the EAWS.
Table 1
Role of enabling IoT technologies in digitizing the EAWS index.

EAWS Section RFID MOCAP sEMG

Basic Postures ✔ ✔ ✘

Action Forces ✔ ✘ ✔

MMH ✔ ✔ ✔

3.2. Computational algorithms

Based on the discussed IoT technologies, this section outlines the
computational algorithms for extracting value from the acquired data
streams and digitizing the EAWS-driven sections. Despite the syn-
chronous acquisition of physiological and process data, an initial com-
putation utilizes RFID-based measurements to segment workers’ ac-
tivities and recognize tool usage (refer to Section 3.2.1). For each
assembly task, a parallel set of computations is initiated to evaluate
three sections of the EAWS: Basic Postures (Section 3.2.2), Action
Forces (Section 3.2.3), and MMH (Section 3.2.4). While the first two as-
sessments consider the MOCAP and sEMG data streams independently,
the third section integrates the three IoT technologies to compute
the KRIs for this ergonomic dimension (refer to Table 1). Finally,
two Appendices ease the reading process of this methodology. While
Appendix A summarizes the indices and parameters, Appendix B lists
the body joints used to evaluate EAWS postures.

3.2.1. Operator-process interactions
This pre-processing step utilizes RFID-based data streams to identify

OPIs and synchronize measurements from the other IoT technologies.
Specifically, data are downloaded from a server through a Secure Shell
(SSH) connection and divided into task- and tool-driven measurements.

Although the computational steps for mining value from data streams
are fairly similar, the discussion starts with task recognition (see Algo-
rithm 1). For assembly activities, time windows are reconstructed based
on successive pickings of components, fasteners, or Work-In-Progress
(WIP) products. This process depends highly on the manufacturing
workflow and requires consideration of metadata. Therefore, it is
crucial to deploy passive tags in strategic locations within the man-
ufacturing system (e.g., supermarket trays). The RFID-based glove
249 
continuously reads passive tags’ unique strings and associates the
corresponding timestamps. 𝐴𝑆𝑓 and 𝐴𝑇𝑓 represent these parameters
during the 𝑓 th recording frame. 𝐴𝑇𝑓 and 𝐴𝑇𝑓+1 are temporally spaced
by 𝛿, the sampling rate of the RFID-based glove. It is reasonable to
gather the same 𝐴𝑆 multiple times for consecutive frames whenever
workers pick components from the activity-related bin. Based on these
raw data, Algorithm 1 exploits two while loops to create a scan list for
each 𝑎th activity of the assembly sequence (e.g., 𝑆𝑐𝑎𝑛𝑎).
Algorithm 1 Time-series algorithm to detect activity-oriented OPIs
Require: 𝐴𝑇𝑓 and 𝐴𝑆𝑓 ∀𝑓 = 1, ..., 𝐹
1: Initialize 𝑇𝑎 and 𝑆𝑎 as empty parameters
2: 𝑓 = 1
3: 𝑎 = 0
4: while 𝑓 ≤ 𝐹 do
5: 𝑎 = 𝑎 + 1
6: while (𝐴𝑇𝑓+1 − 𝐴𝑇𝑓 ≤ 𝛿) and (𝐴𝑆𝑓+1 = 𝐴𝑆𝑓 ) do
7: Add 𝐴𝑇𝑓+1 to the list 𝑆𝑐𝑎𝑛𝑎
8: 𝑓 = 𝑓 + 1
9: end while

10: 𝑇𝑎 = 𝑚𝑖𝑛(𝑆𝑐𝑎𝑛𝑎)
11: 𝑆𝑎 = 𝐴𝑆𝑓
12: end while
13: return 𝑇𝑎 and 𝑆𝑎, ∀𝑎 = 1, ..., 𝐴

In particular, 𝐴𝑇𝑓+1 values are continuously added to 𝑆𝑐𝑎𝑛𝑎 if their
temporal difference with the current timeframe is at most equal to
𝛿. To avoid mixing assembly activities, an additional check ensures
that 𝐴𝑆𝑓+1 and 𝐴𝑆𝑓 agree (see while statement in line 6). Once the
algorithm exits the inner while loop, it computes the starting time of
the 𝑎th activity and associates the respective tag string (see lines 10
and 11). It is worth noting that 𝑇𝑎+1 represents both the starting and
ending time for the (𝑎 + 1)th and 𝑎th assembly activities, respectively.
Therefore, the duration of the 𝑎th assembly activity is given by the
difference between 𝑇𝑎+1 and 𝑇𝑎.

The automatic detection of tool usage follows similar computational
steps to those discussed in Algorithm 1. Assuming each tool is em-
bedded with a passive tag, 𝑇𝑆𝑓 ′ and 𝑇𝑇𝑓 ′ represent the unique tool
strings and the associated timestamps, respectively. These time-driven
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Fig. 2. (a) Flow diagram for musculoskeletal risk assessment; (b) Human body joints captured by the Microsoft Azure Kinect cameras.
parameters are processed by the same two while loops. However,
these OPIs derive different parameters from 𝑆𝑐𝑎𝑛𝑡 when the algorithm
breaks the inner loop. Each 𝑡th tool usage is distinguished by a starting
time (i.e., 𝑇𝑇 𝑠𝑡𝑎𝑟𝑡𝑡), end time (i.e., 𝑇𝑇 𝑒𝑛𝑑𝑡), and tool string (i.e., 𝑆𝑡).
While 𝑇𝑇 𝑠𝑡𝑎𝑟𝑡𝑡 and 𝑇𝑇 𝑒𝑛𝑑𝑡 are equal to the earliest and latest 𝑇𝑇𝑓 ′

values belonging to 𝑆𝑐𝑎𝑛𝑡, 𝑆𝑡 corresponds to the tag string currently
processed by the inner loop (i.e., 𝑇𝑆𝑓 ′ ). To increase the consistency of
the detected tool-driven OPIs, two additional hyperparameters can be
introduced to mitigate the intrinsic uncertainty of human factors. First,
tool usages with durations shorter than 𝛼 can be discarded. Second,
consecutive tool-driven OPIs are merged if the following condition is
met:

𝑇𝑇 𝑠𝑡𝑎𝑟𝑡𝑡+1 − 𝑇𝑇 𝑒𝑛𝑑𝑡 ≤ 𝜏; where 𝑆𝑡 = 𝑆𝑡+1 (1)

Benefiting from the evaluated activity- and tool-oriented OPIs, a
parallel stream of computations is triggered to calculate the EAWS-
based index. The algorithm selects the time-specific measurements from
the MOCAP cameras and the sEMG wearable for each 𝑎th activity of
the assembly sequence. The following sections quantitatively describe
the computational steps to digitize the Basic Postures (Section 3.2.2),
Action Forces (Section 3.2.3), and MMH (Section 3.2.4) EAWS sections.

3.2.2. Section 1 - Basic postures
This first algorithm branch automatically identifies time-dependent

body angles and the related human postures to calculate the Basic
Postures-informed KRIs, based on the computational steps described in
Fig. 2(a). Following the initialization of the MOCAP camera network
according to Section 3.1, the first computational step performs human
skeleton fusion using the 3D coordinates of body joints (i.e., 𝑃𝑜𝑠𝑐𝑏,𝑘)
and the related measurement confidence levels (i.e., 𝐶𝐿𝑐

𝑏,𝑘). These
parameters are indexed by b, k, and c, representing the body joint, the
recording frame, and the Kinect camera, respectively. The algorithm
selects body joint coordinates with the highest confidence level as
follows:

𝑃𝑜𝑠𝑏,𝑘 = argmax
𝑏,𝑐

{𝐶𝐿𝑐
𝑏,𝑘}; ∀ 𝑏 = 1,… , 𝐵 and 𝑘 = 1,… , 𝐾 and 𝑐 = 1, 2 (2)

Subsequently, the returned body joint positions are indexed to the
detected assembly activities (i.e., 𝑎 = 1,… , 𝐴) based on the computed
OPIs (see Section 3.2.1). To facilitate the assessment of relevant body
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angles, the human skeleton is recreated using the hierarchical structure
depicted in Fig. 2(b), where the pelvis (i.e., Joint 1) represents the
root node. The EAWS screening tool defines several human movements
from lumbar extension to arm positions; therefore, Appendix B lists the
body joint groups considered to identify each posture. Based on this,
the algorithm traverses the body tree with a depth-first order iterator
to calculate two vectors. First, a 3D vector is computed between each
joint and its parent (e.g., Joint 1 is the parent of Joint 2). Second, the
program creates 𝐺 vectorial structures of body joint groups (i.e., 𝑉 𝑎

𝑔,𝑘).
In particular, 𝑉 𝑎

1,𝑘 represents the back vector between joints ranging
from 1 to 4. The vector of the right leg, 𝑉 𝑎

2,𝑘, is formed by considering
the body joints 1, 23, 24, and 25. Therefore, the angle between the
worker’s back and the right leg is given as follows, where 𝑔 and 𝑔′ are
equal to 1 and 2, respectively:

𝛩𝑎
𝑔−𝑔′ ,𝑘 = arccos

( 𝐕𝐚
𝐠,𝐤 ⋅ 𝐕

𝐚
𝐠′ ,𝐤

‖𝐕𝐚
𝐠,𝐤‖‖𝐕

𝐚
𝐠′ ,𝐤‖

)

; ∀𝑘 = 1,… , 𝐾 and 𝑔, 𝑔′ ∈ 𝐺 (3)

It is worth noting that this angle is computed for all postures and
body joint groups in Table B.3 of Appendix B, in addition to each 𝑘th
recording frame of the MOCAP-based network. However, 𝛩𝑎

1−2,𝑘 is not
sufficient to adequately classify back inclinations. 𝛩𝑎

1−3,𝑘 is computed
following the same procedure, where 𝑔 equal to 3 indexes the left leg.
Based on Table B.3, the involved joint numbers are 1, 19, 20, and 21.

Using 𝛩𝑎
1−2,𝑘 and 𝛩𝑎

1−3,𝑘, the algorithm scans all timeframes and
performs activity-driven posture (i.e., 𝑝 = 1,… , 𝑃 ) recognition through
the following if statements:

• If 𝛩𝑎
1−2,𝑘 and 𝛩𝑎

1−3,𝑘 < 20◦ ⇒ Standing (i.e., 𝑝 = 2)
• If 20◦ ≤ (𝛩𝑎

1−2,𝑘 and 𝛩𝑎
1−3,𝑘) ≤ 60◦ ⇒ Low Bending (i.e., 𝑝 = 3)

• If 𝛩𝑎
1−2,𝑘 or 𝛩𝑎

1−3,𝑘 > 60◦ ⇒ High Bending (i.e., 𝑝 = 4)

Based on these statements, a duration is automatically assessed for
each 𝑝th EAWS posture and ath assembly activity (i.e., 𝐷𝑎

𝑝). 𝑇 𝑠𝑡𝑎𝑟𝑡𝑎𝑝
and 𝑇 𝑒𝑛𝑑𝑎𝑝 represent the starting and ending timestamps, respectively.
Subsequently, 𝐷𝑎

𝑝 is mapped into risk scores (i.e., 𝑃𝑆𝑐𝑜𝑟𝑒𝑎𝑝) following
the EAWS guidelines. For instance, a low bending duration of 16 s
(i.e., 𝐷𝑎

3) corresponds to a 𝑃𝑆𝑐𝑜𝑟𝑒𝑎𝑝 equal to 12. It should be noted
that some movements are mutually exclusive (e.g., standing, bending,
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and strong bending), while other postures can be assumed simultane-
ously (e.g., standing and trunk rotation). Additionally, posture-related
parameters are indexed to r to indicate the temporal occurrence of
the 𝑝th posture in a (i.e., 𝐷𝑎

𝑝,𝑟 and 𝑃𝑆𝑐𝑜𝑟𝑒𝑎𝑝,𝑟). The last processing step
in activity-driven posture identification mitigates the acquisition noise
of the MOCAP-based network and the intrinsic motion uncertainty of
human workers. For example, consider three consecutive postures with
known durations 𝐷𝑎

𝑝,𝑟−1, 𝐷
𝑎
𝑝′ ,𝑟, and 𝐷𝑎

𝑝,𝑟+1. The algorithm considers the
two 𝑝th postures as a single event if the following condition is verified.

𝐷𝑎
𝑝+1,𝑟 ≤ 𝛽 (4)

where 𝛽 represents the minimum duration to hold an EAWS-driven
posture. Trivially, merging postures requires updating all related pa-
rameters. The resulting Activity-Driven and Global Action Forces Scores
are computed using Eqs. (5) and (6), respectively:

𝐴𝐷𝐵𝑃𝑆𝑎 =
𝑅
∑

𝑟=1

𝑃
∑

𝑝=1
𝑃𝑆𝑐𝑜𝑟𝑒𝑎𝑝,𝑟; ∀𝑝, 𝑟 ∈ 𝑎 (5)

𝐺𝐵𝑃𝑆 =
∑𝐴

𝑎=1 𝐴𝐷𝐵𝑃𝑆𝑎

𝐴
(6)

3.2.3. Section 2 - Action forces
This algorithmic branch computes the second section of the EAWS

index, focusing on the exerted forces of upper limbs (i.e., biceps and
radial flexors) during task executions. Traditionally, muscular strength
is defined as a subject’s capability to apply a force over a given time
window. The applied force is a complex phenomenon involving inter-
actions with muscle fibers and the central nervous system [58]. Despite
this data usually being acquired by dynamometers, [59] demonstrates,
based on limits of agreements, that sEMG data streams are a reliable
measure to detect changes in muscle strength and muscle activity.
Therefore, this algorithm leverages sEMG-based signals to assess Volun-
tary Contractions (%VC) as a function of MVC in workers’ upper limbs
and then associates these to action force scores defined by the EAWS
screening tool [24]. This approach facilitates the development of this
section by neglecting assumed postures.

Before evaluating muscular-driven VC and the related KRIs, the
algorithm needs to be initialized for each worker according to the
right path of Fig. 3. This initialization involves N sEMG acquisitions,
capturing muscular datasets during resting and maximal isometric con-
traction scenarios. While the initial data streams help determine acqui-
sition noise for each channel (i.e., 𝑛𝑜𝑖𝑠𝑒𝑚), the muscle-driven 𝑀𝑉 𝐶𝑚
(i.e., where 𝑚 = 1,… , 4) is computed based on the second set of record-
ings. The evaluated 𝑉 𝐶𝑚 is normalized using the corresponding 𝑀𝑉 𝐶𝑚,
and thus this parameter is represented as % 𝑉 𝐶𝑚. Muscular mea-
surements undergo denoising and conditioning through a three-step
approach:

1. Wavelet Package Decomposition (WPD): It splits signals into
high and low-frequency coefficients (i.e., detail and approx-
imation, respectively). The Daubechies 45 orthogonal mother
wavelet is employed, known for its efficacy in handling sEMG
data [60]. After decomposition, the sEMG information is re-
composed by summing the approximation coefficient of the last
order with the detailed ones.

2. TKEO: It enhances SNR and onset muscle activation detec-
tion [23].

3. 4th-order low-pass Butterworth filter: It obtains the envelope,
removing frequency components at twice the signal bandwidth.

This three-step approach is applied to incoming sEMG data streams
and is not repeated when analyzing the left part of the flow diagram
in Fig. 3. The algorithm computes acquisition 𝑛𝑜𝑖𝑠𝑒𝑚 and 𝑀𝑉 𝐶𝑚. The
acquisition noise is approximated to three times the standard devia-
tion of the signal in resting scenarios for any 𝑚th active channel or
muscle. Multiple acquisitions (i.e., 𝑛𝑜𝑖𝑠𝑒𝑛 , where 𝑛 = 1,… , 𝑁) are
𝑚
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Fig. 3. Flow diagram for evaluating muscular risk.

recommended to enhance the metrological reliability of this parameter.
The resulting 𝑛𝑜𝑖𝑠𝑒𝑚 is equal to the mean of all acquisitions. 𝑀𝑉 𝐶𝑛

𝑚
is obtained by performing for a variable duration (i.e., 𝐷𝑛

𝑚) isometric
contractions of the biceps brachii and radial flexors. Similarly, 𝑀𝑉 𝐶𝑚
and 𝐷𝑚 are obtained by averaging the maximal voluntary contraction
and duration of each 𝑛th recording and 𝑚th sEMG channel, respectively.
It is crucial to note that these parameters highly depend on operators’
physical features, varying within the workforce and even between
subjects’ sides.

Following this worker and muscle-specific initialization procedure,
the algorithm is ready to analyze sEMG measurements acquired during
industrial working cycles as depicted by the left flow part in Fig. 3.
In the following, sEMG data streams are denoted as 𝑥𝑖,𝑚, where i
represents the acquisition frame of the BITalino board. The algorithm
performs a signal windowing step to evaluate the % 𝑉 𝐶𝑚. In par-
ticular, it defines muscle-specific overlapping sliding windows with
duration (i.e., 𝑊 𝑑𝑢𝑟𝑚) and overlap (i.e., 𝑜𝑣𝑒𝑟𝑚) equal to 𝐷𝑚 and 𝐷𝑚∕2,
respectively. Within each wth sliding window, the absolute magni-
tude of muscular contractions (i.e., 𝐴𝑀𝑀𝐶𝑚,𝑤) and related duration
(i.e., 𝐷𝑀𝑀𝐶𝑚,𝑤) are computed by thresholding the signal energy as
follows:

𝐴𝑀𝑀𝐶𝑚,𝑤 =
𝐼
∑

𝑖=1
𝑓 (𝑥𝑖,𝑚); ∀ 𝑥𝑖 ≥ 𝑡ℎ𝑟𝑚 and 𝑚 = 1,… , 4 (7)

𝐷𝑀𝑀𝐶𝑚,𝑤 =
𝐽
∑

𝑗=1
(𝑥𝑗+1,𝑚 − 𝑥𝑗,𝑚); ∀ 𝑥𝑗,𝑚 = 𝑡ℎ𝑟𝑚 and 𝑚 = 1,… , 4 (8)

where 𝑡ℎ𝑟𝑚 is equal to 𝑛𝑜𝑖𝑠𝑒𝑚. As a result, the muscular activation
and the %𝑉 𝐶 for each muscle and window are computed using the
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following equations:

𝑀𝐴𝑚,𝑤 =
𝐴𝑀𝑀𝑆𝑚,𝑤

𝐷𝑀𝑀𝐶𝑚,𝑤
; ∀ 𝑤 = 1,… ,𝑊 and 𝑚 = 1,… , 4 (9)

%𝑉 𝐶𝑚,𝑤 =
𝑀𝐴𝑚,𝑤

𝑀𝑉 𝐶𝑚
; ∀ 𝑤 = 1,… ,𝑊 and 𝑚 = 1,… , 4 (10)

It is worth noting that muscular activations might be dynamic and
their distribution may be sparse among muscular groups and assem-
bly tasks. Scaling this computational approach for each ath activity
in the assembly sequence, the previously mentioned parameters can
be indexed also to a. For instance, 𝑀𝐴𝑎

𝑚,𝑤 represents the muscular
activation of the 𝑚th recording channel during the wth window of
the ath assembly task. Trivially, multiple w windows can belong to
the same ath assembly activity. Before computing the KRIs for the
Action Forces section, 𝐷𝑀𝑀𝐶𝑎

𝑚,𝑤 and %𝑉 𝐶𝑎
𝑚,𝑤 are mapped into EAWS

scores based on the ergonomic tool’s tabular values [24]. For instance,
%𝑉 𝐶𝑎

𝑚,𝑤 equal to 17% provides an intensity score (i.e., 𝐹𝑆𝑐𝑜𝑟𝑒𝑎𝑚,𝑤) equal
to 6 points. Similarly, a duration score (i.e., 𝐷𝐹𝑆𝑐𝑜𝑟𝑒𝑎𝑚,𝑤) equal to 1.5
points is associated with a 𝐷𝑀𝑀𝐶𝑎

𝑚,𝑤 of 10 seconds. The resulting
Activity-Driven score is computed using the following equation:

𝐴𝐷𝐴𝐹𝑆𝑎
𝑚 =

∑𝑊
𝑤=1 𝐹𝑆𝑐𝑜𝑟𝑒𝑎𝑚,𝑤 ×𝐷𝐹𝑆𝑐𝑜𝑟𝑒𝑎𝑚,𝑤

𝑊
; ∀𝑤 ∈ 𝑎 (11)

The score for the ath activity (e.g., 𝐴𝐷𝐴𝐹𝑆𝑎) is equal to the greatest
value of 𝐴𝐷𝐴𝐹𝑆𝑎

𝑚. Based on 𝐴𝐷𝐴𝐹𝑆𝑎, the Global Action Forces score
is given as follows:

𝐺𝐴𝐹𝑆 =
∑𝐴

𝑎=1 𝐴𝐷𝐴𝐹𝑆𝑎

𝐴
(12)

The next section integrates posture-dependent information and mus-
cular activities to evaluate the ergonomic risk in handling heavy loads.

3.2.4. Section 3 - Manual material handling
This third algorithm branch detects MMH events and evaluates

the physical resilience of workers through Handling KRIs. To achieve
this purpose, the enabling IoT technologies measurements and process
metadata are leveraged as conceptually depicted in Fig. 4. Firstly, the
operator-centric manufacturing sequence is divided into A assembly ac-
ivities through the RFID-based automatic recognition of OPIs (refer to
lgorithm 1 in Section 3.2.1). In particular, this activity segmentation is
erformed with 𝑇𝑎 of detected tasks. The algorithm then iterates over
ssembly tasks based on 𝑥𝑎. This binary variable is equal to 1 if the
ssociated task processes a WIP weighing 3 kg or more; otherwise, it
s equal to 0 [24]. The weight is process metadata retrieved from the
se case’s information systems. Within activities having 𝑥𝑎 equal to 1,
n additional windowing step is executed (see Fig. 4). The target is
o exclude tool usage time windows using 𝑇𝑇 𝑠𝑡𝑎𝑟𝑡𝑡 and 𝑇𝑇 𝑒𝑛𝑑𝑡. The
omplementary time intervals (i.e., the blue-colored ones) represent
otentially relevant MMH events. For each event, overlapping sliding
indows segment the sEMG-based data streams to compute %𝑉 𝐶𝑚,𝑤.
ignificant MMH windows are distinguished by %𝑉 𝐶𝑚,𝑤 greater than a
hreshold (i.e., 𝛾) for at least one muscular group. Therefore, 𝑇 𝑠𝑡𝑎𝑟𝑡𝑎𝑣
nd 𝑇 𝑒𝑛𝑑𝑎𝑣 represent the starting and ending timestamps of the vth
elevant MMH event during the ath assembly activity.

Four different postures need to be detected within these windows.
hese include trunk upright, little trunk bending, deep trunk bending,
nd asymmetric movements or kneeling. In particular, a score risk
i.e., 𝑀𝑀𝐻𝑃𝑆𝑎

𝑠,𝑣) is associated with these MMH postures (i.e., 𝑠 =
1,… , 4). For instance, while carrying a load in the trunk upright
position (𝑠 = 1) scores 1 posture point, in the deep trunk bending
osition (𝑠 = 3), it scores 4 posture points. It is worth noting that
ultiple postures may occur in the same vth relevant MMH event. The

esulting posture score of that MMH event (i.e., 𝑀𝑀𝐻𝑃𝑆𝑎
𝑣 ) is equal

to the greatest value of all postures. The second risk metric targets the
duration of the entire MMH event (i.e., 𝐷𝑎

𝑣), derived from 𝑇 𝑠𝑡𝑎𝑟𝑡𝑎𝑣 and
𝑇 𝑒𝑛𝑑𝑎. 𝐷𝑎 is multiplied by the total duration of the work shift, typically
𝑣 𝑣
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set at 480 minutes, and then divided by the duration of the specific
manufacturing task under consideration, which is assumed to repeat
cyclically. The resulting frequency 𝐹𝑣 is mapped into 𝑀𝑀𝐻𝐹𝑆𝑣 fol-
lowing the EAWS tabular values. For instance, 𝐹 𝑎

𝑣 equal to 5 provides an
𝑀𝑀𝐻𝐹𝑆𝑣 of 1 point. Finally, 𝑊𝑆𝑎 represents the risk score associated
with the handled weight during the ath assembly activity with 𝑥𝑎 equal
o 1. The EAWS lists different risk scores for carried loads based on the
orker’s gender. This metadata is not considered to ensure the privacy
f final users and facilitate the architecture adoption in unionized
ndustries. Therefore, carried load risk scores always refer to the female
ender, which is distinguished by higher values. For instance, lifting a
kg weight corresponds to 1.5 load points (i.e., 𝑊𝑆𝑎). Finally, the
ctivity-driven and Global MMH scores are computed using:

𝐷𝑀𝑀𝐻𝑆𝑎 =
∑𝑉

𝑣′=1(𝑀𝑀𝐻𝑃𝑆𝑎
𝑣 +𝑊𝑆𝑎) ×𝑀𝑀𝐻𝐹𝑆𝑣

𝑉
; ∀𝑣′ ∈ 𝑎 (13)

𝐺𝑀𝑀𝐻𝑆 =
∑𝐴

𝑎=1 𝐴𝐷𝑀𝑀𝐻𝑆𝑎

𝐴
(14)

To conclude this high-detailed and quantitative section, Fig. 5,
combined with Appendices A and B, highlights the key steps to calcu-
late three EAWS sections. After the data acquisition of OPIs, workers’
body joints, and upper limbs’ muscular contractions, the computational
algorithms are triggered to extract EAWS-informed KRIs. The first pro-
cessing step targets the segmentation of assembly tasks and tool usage
in human-centric manufacturing systems (see Algorithm 1). The activity
recognition is a strategic output of the algorithm since it enables the
development of task-specific risk metrics. Subsequently, three parallel
computational streams are triggered to digitize the following EAWS
sections:

• Section 1 - Basic Postures: After reconstructing the worker’s
skeleton using MOCAP cameras’ confidence levels (see Eq. (2)),
this algorithm branch iterates over the body joints to create
muscular group vectors and then evaluate angles among them
(see Eq. (3)). Appendix B lists the body joint groups to successfully
identify relevant body angles. These parameters are exploited to
detect EAWS-driven postures. For example, Section 3.2.2 presents
three If-statements to identify standing, bent forward, and strongly
bent forward based on angles formed between the back and the
legs. Finally, Eq. (5) and (6) formalize the Activity-driven and
Global Basic Posture KRIs.

• Section 2 - Action Forces: This algorithm branch leverages
sEMG-based upper limbs’ contractions to evaluate exerted forces
during task executions. Following a pre-processing step that ac-
quires worker-specific hyperparameters such as 𝑛𝑜𝑖𝑠𝑒𝑚 and 𝑀𝑉 𝐶𝑚
sEMG-based data streams are leveraged by overlapping win-
dows. For each muscle-driven wth window, the program extracts
%𝑉 𝐶𝑚,𝑤 in four different steps (see from Eq. (7) to Eq. (10)).
Finally, EAWS scores of relative voluntary contractions and re-
lated durations are leveraged to compute the Activity-driven and
Global Action Forces KRIs (i.e., Eq. (11) and (12)).

• Section 3 - Manual Material Handling: This third computa-
tional stream evaluates workers’ risk during handling operations.
First, the algorithm iterates over assembly activities with products
weighing more than 3 kg and identifies potentially relevant MMH
events by removing tool usage time windows (see Fig. 4). The
mentioned events are labeled as relevant if at least one muscular
%𝑉 𝐶𝑚,𝑤 is greater than a threshold. It is worth noting that the cal-
culation of relative voluntary contractions follows the same pro-
cedure described to digitize the previous EAWS section. Within
relevant MMH events, the algorithm assigns EAWS scores to the
assumed posture (i.e., 𝑀𝑀𝐻𝑃𝑆𝑎

𝑣 ), the frequency of the vth event
(i.e., 𝑀𝑀𝐻𝐹𝑆𝑎

𝑣 ), and the load weight (i.e., 𝑊𝑆𝑎). Based on
these parameters, the Activity-Driven and Global Manual Material
Handling KRIs (i.e., Eq. (13) and (14)) are computed.
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Fig. 4. Time-driven approach to detect potentially relevant MMH events.
Table 2
Example of time-dependent assembly activities for a monitored worker.
Task ID Start End Tool Tool usage [s] Basic posture Action forces MMH Whole body

Task 1 14:31:23 14:37:00 Screwdriver 215.4 37 22.9 0 37
Task 2 14:42:28 14:43:59 Manual 91.0 35 127.5 0 127.5
Task 3 14:57:40 14:58:18 Manual 38.3 29 51 2.2 51
... ... ... ... ... ... ... ...
Task N 15:12:35 15:13:56 Hammer 21.1 22 0 0 22
-

Fig. 5. Data model of the proposed digital architecture.

3.3. Ergonomic decision support system

Benefiting from the discussed computational steps to digitize the
EAWS ergonomic tool, Table 2 summarizes how time-dependent assem-
bly activities can be structured for a given working time window. The
first five columns are generated by automatically identifying OPIs. Task
segmentation is facilitated by RFID passive tags placed on components
and WIP products, while continuous readings of tool tags provide
information on their activity-based usage. A task is trivially labeled as
Manual when no tools are detected during its duration. The columns
for Basic Posture, Action Forces, and MMH are developed based on
the algorithms described from Section 3.2.2 to Section 3.2.4. Finally,
the last field (i.e., Whole Body) integrates the EAWS scores from the
previous three categories to yield an aggregate risk metric. EAWS rules
dictate that each manufacturing activity should be associated with just
one score: a task can be identified as risky either due to the postures,
the forces exerted, or the load lifted by the operator [24]. Therefore, the
Whole Body Activity-Driven Score is determined from the highest score
among the three. The Global Whole Body Score, on the other hand, is
the average of the Whole Body Activity-Driven Scores.
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This EAWS-based scoring system is crucial for identifying operator-
driven safety weaknesses in manufacturing systems. However, it falls
short of revealing the root causes of potentially hazardous events
affecting workers’ physical resilience. For instance, a high Basic Posture
score may be driven either by bending postures or by the arms’ posi-
tions above shoulder level; depending on the case, there are different
considerations to make regarding the musculoskeletal risk to which the
operator is subjected. Time-driven insights are also overlooked, and
underestimating the effect of posture duration can lead to sub-optimal
workplace redesign approaches and strategies. These limitations also
apply to Action Forces and MMH scores. For example, the latter fails
to highlight the most exposed muscles and their % VC during task
executions. To address this gap, callback functions are developed to
complement the discussed scores with additional KRIs. These KRIs are
grouped into three different levels of detail, as follows:

• Musculoskeletal: Global Basic Posture Score; Activity-Driven Ba-
sic Posture Score; Fine-Grained Posture Score; Body Angle Evolu-
tion.

• Muscular: Global Action Forces Score; Activity-Driven Action
Forces Score; Muscle-Specific and Time-Oriented % VC; Muscle-
Specific Action Forces Score.

• Handling: Global MMH Score; Activity-Driven MMH Score; Act-
ivity-Driven Load Data; Muscle-Specific and Time-Oriented % VC;
Postures Time in MMH Windows.

The effectiveness of this digital architecture in automating the
EAWS assessment is substantiated in the industrial-like pilot envi-
ronment described in Section 4. Subsequently, Section 5 delves into
the managerial implications of monitoring workers’ physical resilience
through the proposed multi-dimensional KRIs.

4. Case study

An extensive experimental campaign was conducted in the industrial
related pilot environment depicted in Fig. 6 to validate the IoT-based
digital architecture. The objective is to automatically evaluate the
operator-centric EAWS index and the related KRIs during the assembly
of a drawer at an industrial-like workstation. The selected piece of
home furniture has the following dimensions: 67 cm × 69 cm × 39 cm
(i.e., H × L × W). The assembly sequence involves 22 distinct tasks; for
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Fig. 6. Industrial-like pilot environment.

a detailed explanation of the process, interested readers are invited to
refer to Appendix C. Operators perform the sequence using four manual
tools: a hammer, a Phillips screwdriver, a slotted screwdriver, and a
hexagonal Allen key. The human factor is digitized through the set
of IoT technologies discussed in Section 3.1. The monitored operator
wears an RFID smart glove to automatically detect OPIs (see Fig. 7).
Assembly tasks and tool usage are automatically recognized based on
components (e.g., fasteners) and tools retrieved from the supermarket
and the workstation, thanks to RFID tagging in the pilot environ-
ment. Passive tags are placed in these storage locations, enabling the
recognition of fine components picking and facilitating the activity
segmentation process in the assembly sequence. Tools are also passively
tagged to track their usage. For instance, the assembly process begins
with the operator interacting with screw tags, which initiates the first
activity. Following the predefined sequence, the worker uses a Phillips
screwdriver to attach plastic plates onto drawer boards. Throughout
this task, the RFID antenna inside the smart glove continuously scans
the tool’s code as long as it remains in the operator’s hand. The activity
concludes as the operator picks the next components required in the
assembly sequence.

The RFID datasets stored in InfluxDB are imported into MATLAB
and temporally synchronized with the other measurements. The MO-
CAP videos are converted to 3D human body joints using a C# script,
while the 4-channel sEMG data streams are acquired using a Python
script and imported into MATLAB in CSV format. To limit potential
body joint occlusion that may affect EAWS scores [14], the MOCAP
network consists of two cameras placed to the sides of the recording
area (see Fig. 6).

Concerning sEMG data, Ag–AgCl disc-type disposable electrodes are
used to record muscular contractions. Each BITalino channel is con-
nected to a cable that splits into three ends for electrode attachments.
The electrodes are carefully positioned on relevant muscle groups on
the operator’s upper limbs. As illustrated in Fig. 7, they are divided
equally on the biceps and radial flexors of each body side.

Based on the extensive discussion of the algorithms reported in Sec-
tion 3.2, the following part validates this digital architecture, demon-
strating that the KRIs for Basic Postures, Action Forces, and MMH offer
valuable insights for assessing the well-being of operators in human-
centric manufacturing systems, according to Industry 5.0 pillars.

5. Results and discussions

The digital architecture proposed for assessing the physical re-
silience of manufacturing operators undergoes validation during the
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Fig. 7. The subject is wearing the RFID smart glove on the left hand (with a detailed
view of the Pyscan board in the inset) and the BITalino electrodes positioned on the
upper limb muscles.

assembly of the home furniture drawer described in Section 4. The
example sequence presented in this part, which lasts 51.7 min, is
decomposed into 22 assembly tasks by the automatic detection of
RFID-driven OPIs. In Fig. 8, which shows this time-dependent subdi-
vision, also including tool usage, some of the activities are repeated
more than once. A detailed description of the task sequence can be
found in Appendix C. This process-oriented insight provides two sig-
nificant managerial implications. On the one hand, the architecture
identifies the maximum, minimum, and average duration of assembly
tasks. For instance, while one of the Fixing Drawers activities presents
the longest execution time of 615.0 s, which involves the use of a
slotted screwdriver for 61.3 s, the fastest assembly activity is one
of the Mounting White Caps, which lasts 38.3 s. This information is
relevant for identifying manufacturing weaknesses since task duration
can be compared with historical data. In this regard, discussions with
employees may reveal hazardous ergonomic scenarios. On the other
hand, the architecture provides valuable information on tool usage.
For example, in this assembly sequence, more than a third of the
tasks are executed without tools. While the hexagonal Allen key is the
least utilized tool, accounting for 9% of the total time of the process,
the Phillips screwdriver is the most employed tool, reaching 23%.
These insights are important in monitoring multiple workstations for
a given manufacturing sequence. Indeed, utilization ratios can justify
the economic initiative of purchasing additional tools to avoid potential
bottlenecks.

Concerning the operator’s ergonomic aspects, the digital architec-
ture firstly returns the overall EAWS score. Fig. 9(a) highlights the
Global Whole Body Score of 51.03 points, indicating a high-risk level.
However, this initial ergonomic insight fails to pinpoint the most haz-
ardous EAWS scores for the health of the monitored worker. Fig. 9(b)
fills this gap by outlining the Global Section-Driven Scores, which
include the Global Basic Posture score, the Global Action Forces Score,
and the Global MMH Score, comparing them with the maximum section
points totaled by the different assembly tasks. This insight, which is
strategic to prioritize areas of improvement in the manufacturing sys-
tem design, does not detail the riskiest tasks in the assembly sequence
nor their worrisome parameters. Without this information, production
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Fig. 8. The segmented manufacturing sequence, denoted as OPIs, along with tool usage: some of the 22 blue tasks are repeated over time, and each of the 4 violet tools is utilized
multiple times.
Fig. 9. Preliminary insights into operator-centric physical resilience.
supervisors have no valid basis to reconfigure the workstation design or
the assembly process. To avoid such a notable limitation, the following
sections discuss the effectiveness of monitoring assembly sequences
through the proposed KRIs and demonstrate the benefits of digitizing
the EAWS index to increase the visibility of ergonomic weaknesses and
safeguard the physical resilience of manufacturing operators.

5.1. Muscoloskeletal risk

Four postures significantly contribute to the Global Basic Posture
Score, totaling 32.8 out of 69.3 EAWS points (refer to Fig. 9(b)).
Specifically, these postures involve two levels of lumbar extension
and asymmetric movements. While standing and bending scenarios
account for 21.4% and 64.3% of the total score, the remaining 14%
is linked to trunk rotation and far-reach movements, with 3 and 1
points assigned to them, respectively. Although this score suggests a
moderate risk according to the EAWS index [24], it fails to highlight
the most critical tasks in the musculoskeletal dimension. Leveraging
RFID-enabled OPIs, Fig. 10 displays the Activity-Driven Posture Score
in the time domain. It is evident that most of the assembly task scores
fall within the medium-risk category (i.e., the range between 25 and
50 EAWS points), while 2 tasks stand out with scores exceeding 50
points, indicating high ergonomic risk. In effectively redesigning the
manufacturing process, plant supervisors should prioritize the analysis
of the most concerning tasks from a musculoskeletal perspective. For
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Fig. 10. Activity-Driven Basic Posture Score: the sequence of tasks and the associated
EAWS risk levels are reported.

instance, the last assembly activity (i.e., Mounting White Caps) records
the highest score, contributing 69.3 EAWS points over 171.7 s.

In addition to enhancing visibility into operator and activity-driven
musculoskeletal risk, pinpointing the most impactful postures on each
task score is strategic. Therefore, Fig. 11 depicts the Fine-Grained
Posture Score for every movement performed by the operator during
the last assembly activity: light and dark blue bars represent actual
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Fig. 11. Fine-Grained Posture Score: the actual (i.e., measured) and maximum achiev-
able scores according to the EAWS database are reported for the pertinent postures of
task #22.

(i.e., measured) and maximum EAWS scores, respectively. This task
involves three main steps: (a) Retrieve the two previously assembled
drawers from the adjacent worktable and place them inside the dresser,
(b) Secure all the drawers using a slotted screwdriver, and (c) Insert the
last drawer into the dresser. For further details, refer to Appendix C.
This scenario may have critical implications for the physical resilience
of workers since it might trigger potentially relevant bending postures
(see Fig. 11) or burden the muscular activation of the upper limbs; the
second implication will be better highlighted later.

The fine-grained KRI outlines that the bending and trunk rotation
postures are the most critical movements, accounting together for 47
EAWS points. However, this risk metric falls short of suggesting the
most appropriate operator-centric process reconfiguration approaches.
Hazardous musculoskeletal scenarios may be driven by extremely wor-
risome body angles for a limited duration or safer body angles for
longer time windows, requiring different managerial approaches. While
the former can be addressed with visual management instructions, the
latter suggests the need to redesign the entire workstation or even the
workplace. To enable an informed decision-making process, Fig. 12 de-
picts the evolution of the operator’s back angle during the last assembly
task. According to EAWS ranges, this angle influences the detection and
score of three basic movements: the standing posture falls between 0°
and 20°, the bending posture ranges from 20° to 60°, and the strong
bending posture is beyond 60°. As depicted in Fig. 12, the majority
of time-driven back angles fall within the bending range. Specifically,
the standing posture lasts 39.6 s (i.e., 23.1% of the assembly activity
time), and the two bending scenarios account for 120.8 and 11.1 s,
respectively. These musculoskeletal-driven values indicate significant
stress on the worker’s physical resilience during the final assembly
task, with the last part being the most critical for the operator’s back.
The graph in Fig. 12 demonstrates frequent bending by the worker
to insert the last drawer, suggesting that placing the furniture on the
floor is not ergonomically optimal. To mitigate this, plant supervisors
should consider introducing a height-adjustable support for the drawer
unit, aiming to maintain the operator’s back angle below 20° whenever
possible. Conversely, the trunk rotation posture is distinguished by an
average lumbar angle of 25.5°. The high EAWS score is due to critical
angle values lasting for a prolonged period of 125.5 out of 171.7 s,
accounting for 73.1% of the activity duration. These metrics suggest
different managerial implications compared to the bending postures.
Potential trunk rotation disorders can be prevented by ensuring that
frequently accessed tools and components are within easy reach.

This first ergonomic dimension is complemented in the following
two sections by monitoring the Muscular and Handling Risks.

5.2. Muscular risk

This second set of EAWS-oriented KRIs delves deeper into the er-
gonomic analysis by examining potentially hazardous muscular efforts
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Fig. 12. Body Angle Evolution: the lumbar extension angle for task #22 is monitored.
Postures are identified based on the angle’s value over time: standing if the angle
is less than 20°, bending if the angle is between 20° and 60°, and strong bending if
the angle exceeds 60°. To ensure posture recognition accuracy, the algorithm corrects
fluctuations by requiring the angle to remain within the same range for a certain
number of consecutive frames.

during the assembly tasks. While the Global Action Forces Score of
31.1 EAWS points suggests a medium overall risk, it is crucial to
adopt a top-down approach to identify specific activities that may
impact operators’ muscular risk. The analysis begins with the RFID-
enabled Activity-Driven Action Forces Score. As illustrated in Fig. 13,
approximately 68.1% of the monitored activities fall within the low-
risk band. The highest score among these tasks is observed in the first
activity (i.e., Mounting Plastic Plates), which totals 22.9 EAWS points.
This task involves inserting and screwing plastic plates onto the lateral
axes of the drawer (see Appendix C) and does not entail significant
arm exertion. However, its extended duration of 336.8 s induces some
muscular stress during the final screwing phase. Further prolonging
this activity would escalate the muscular risk level. Conversely, the
lowest EAWS values group the manual tasks ranging from 8 to 11,
where the monitored worker assembles drawers on the workstation
without significant muscular activation (% VC) in the upper limbs.
However, three assembly activities account for more than 100 EAWS
points, requiring in-depth evaluations. In particular, the third task
(i.e., Inserting Wooden Dowels) has the highest score, equal to 238 EAWS
points. This activity involves the manual insertion of fixing dowels into
the narrow axes of the drawers. Despite its brief duration of 95.3 s, it
requires considerable muscular effort from the monitored operator.

The intrinsic limitation of this first KRI is its inability to highlight
the most physically stressed muscular groups. To address this, the
amplitude in mV of the sEMG-based muscular contraction is shown in
Fig. 14 for the right (R) and left (L) upper limbs, where the colors of
the denoised signals correspond to the channel-associated EAWS risk
level [24]. It can be seen that both radial flexors experience significant
stress over the activity time. However, focusing solely on the acquired
sEMG signal fails to highlight the muscle-specific % VC. These outputs
are obtained by leveraging the second algorithm branch discussed in
Section 3.2.3: the computations define sliding windows and assign
each of them a % VC, as reported in Fig. 15. These non-overlapping
windows facilitate a detailed assessment of muscle activation during
specific intervals in the assembly tasks. The comparison between the
KRIs reported in Figs. 14 and 15 reveals two distinct scenarios. First, the
amplitude of the R radial flexor sEMG signal is high during the initial
time window, corresponding to a 66.7% VC. Second, the sEMG signal
is visually intense in the last two Channel-4 windows, which, however,
correspond to 5.5% and 1.5% VC. Here it is important to underline that
since % VC is a function of the maximum muscle effort, large signal
amplitudes do not necessarily correlate with high muscle activation.
Furthermore, the third KRI (see Fig. 15) points out valuable insights
on the time domain. While the muscular activation of the R forearm
(i.e., 66.7% VC) is registered for 57.3 s, the L forearm accounts for
40.5% VC over the entire task. These prolonged muscular stresses are
mirrored in the Muscle-Specific Action Forces Score reported in Fig. 16.



F. Tomelleri et al. Journal of Manufacturing Systems 77 (2024) 246–265 
Fig. 13. Activity-Driven Action Forces Score: the sequence of tasks and their associated EAWS risk ranges are presented.
Fig. 14. EMG Raw Signal: The normalized signals recorded by the four surface electrodes positioned on the operator’s upper limbs are depicted for task #3. The signals are
color-coded according to the EAWS risk level associated with the channel-specific score.
While the R and L forearms accumulate 238 and 127.5 EAWS points,
respectively, both biceps are green-colored since their greatest score
is 17 points. It can be concluded that the risk level for the operator’s
forearm muscles is highly critical in this activity. The EAWS score of the
right arm, likely the dominant one in this case, becomes the definitive
risk measure of the task. A potential solution to lowering the analyzed
score is to adopt tools that can facilitate the manual insertion of wooden
dowels.

The musculoskeletal and muscular dimensions of physical resilience
are finally complemented by the handling risk that quantifies the safety
of workers in process-related load-lifting operations.

5.3. Handling risk

The assessment of the operator’s physical resilience concludes with a
discussion on Handling KRIs. Although the Global MMH Score, equal to
1.3 EAWS points, suggests a low-risk level (see Fig. 9(b)), it is essential
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to note that the Handling Risk is solely computed when the operator’s
activities involve moving, lifting, holding, pushing, or pulling loads
exceeding 3 kg (refer to Section 3.2.4). In the considered assembly
sequence, 4 out of 22 tasks fall into this category (i.e., tasks 7, 12,
17, and 22). Therefore, the average of the scores is not informative.
Following the same top-down approach discussed in the previous risk
metrics, the analysis is refined by the Activity-Driven MMH Score.
Inspecting Fig. 17, it is evident that the assembly sequence considered
does not report major critical MMH issues for the monitored operator,
as the four relevant activities have an EAWS score lower than 25.
However, proceeding with the analysis is necessary to illustrate the
validity of the approach.

Fig. 17 highlights that the last task (i.e., Mounting White Caps) regis-
ters the highest MMH score, corresponding to 18.4 EAWS points. This
task, as previously outlined in Section 5.1, entails placing two drawers
inside the dresser, securing all drawers using a slotted screwdriver, and
inserting the final drawer into the dresser (refer to Appendix C). As the
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Fig. 15. Muscle-Specific and Time-Oriented % VC: The % VC computed for the four surface electrodes placed on the operator’s upper limbs is depicted for task #3. The values
are color-coded based on the EAWS risk level associated with the channel-specific score.
Fig. 16. Muscle-Specific Action Forces Score: The four analyzed muscle groups (i.e., ra-
dial flexors and biceps brachii) are depicted for task #3. Each group is associated with
a color corresponding to the intensity of the EAWS score.

task has been already identified as critical from the musculoskeletal
perspective, it is pivotal to further investigate other potential assembly-
related weaknesses. For instance, Fig. 18 correlates the handled loads
with the associated load points. It is worth noting that the seventh
task registers the highest lifted load, which corresponds to the furniture
without drawers, weighing 7.18 kg. The remaining activities (i.e., tasks
12, 17, and 22) handle the drawers and thus manage lower weights
(i.e., 3 kg). Therefore, to understand why the most critical activity is
the last one, it is necessary to identify the MMH time windows within
this task.

The analysis narrows down to identify the muscle-dependent acti-
vation to assess the postures assumed by the operator during the MMH
events. Fig. 19 presents the Muscle-Specific and Time-Oriented % VC,
highlighting potentially hazardous activation in two different time
windows, from 15:20:15 to 15:20:49 and from 15:22:50 to 15:23:06. In
both these time intervals, the R forearm activation exceeds the MMH
threshold of 16.7%, ranging from 20.7% to 17% VC. The threshold of
16.7% VC was selected as it is the minimum value necessary to attribute
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an intensity score to the applied forces [24]. Specifically, the analyzed
KRI demonstrates two aspects. Firstly, it confirms that the radial flexor
muscular group is the most stressed over the entire assembly process.
To lower such activation, plant supervisors may consider purchasing
lifters, or eventually cobots, to complement the physical capabilities of
the workforce. Secondly, MMH events occur during both the considered
time windows. In the initial time window, the operator retrieves the
two previously assembled drawers from the adjacent worktable and
positions them inside the dresser; in the subsequent time frame, the
operator inserts the last drawer into the dresser.

The algorithm for posture detection is executed on these particular
time intervals of the analyzed activity. Postures Time in MMH Windows
indicates the duration of postures, obtained as a percentage of the ratio
between the number of frames for which a certain movement lasts and
the total frames contained in the time windows. Notably, the first three
bars in Fig. 20 represent mutually exclusive postures (i.e., the percent-
age sum of these movements is 100), while the last four bars contain
postures that can be cumulative with each other or with the first three.
However, the posture considered in the final activity score is the one
posing the highest risk among those assumed by the operator during
the task (see Section 3.2.4). In this instance, the trunk rotation posture
emerges as the most hazardous, comprising 92.3% of the total task
duration, with an average critical angle of 31.3°. Although overlooked
in the final score, the bending movement also has a significant impact,
occupying 92% of the time with an average angle of 29.7°. These
postures are the most critical in the assembly test and also affect the
musculoskeletal risk perspective. Possible ergonomic enhancements in-
clude organizing tools and materials for easy access without unnatural
movements, ensuring workbenches are adjusted to the correct height,
and utilizing ergonomic equipment such as assisted mechanical arms
to reduce the required physical effort. Additionally, raising awareness
among operators about health risks associated with incorrect postures
and implementing work rotation policies can help diversify tasks and
reduce the repetitiveness of motion, thereby mitigating accidents.

6. Conclusions and further research

The demographic shifts in the European population, combined with
an increase in the retirement age, pose significant challenges for manu-
facturing systems. To achieve socially inclusive working environments,
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Fig. 17. Activity-Driven MMH Score: the sequence of tasks and the associated EAWS risk ranges are reported.
Fig. 18. Activity-Driven Load Data: the EAWS scores and weights of loads that the operator lifts during the execution of assembly tasks are provided.
Industry 5.0 triggers human-centric value creation by leveraging a
diverse set of enabling technologies. Among these, Internet of Things
(IoT) sensors can be utilized to monitor the physical resilience of
manufacturing operators. These digital devices collect heterogeneous
data streams and can be adapted to mass-customized industrial systems.

In this dynamic landscape, the objective of this research is to
safeguard the physical resilience of workers by automating the compu-
tation of the European Assembly Worksheet (EAWS) in human-centric
manufacturing systems. The proposed architecture digitizes the Whole
Body sections of this index, namely Basic Postures, Action Forces,
and Manual Material Handling. A time-dependent ergonomic decision
support system is developed, integrating risk metrics that offer valuable
insights for industrial process supervisors, leveraging data from three
IoT devices. In particular, a Radio Frequency Identification (RFID)-
based smart glove is employed to identify operator-process interactions,
while motion capture (MOCAP) cameras and surface electromyogra-
phy (sEMG) wearables reconstruct the operator’s movements in the
workspace and return upper limbs’ muscular activation, respectively.
By synchronizing the data from the cameras and the electromyography
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sensors with the smart glove data streams, both global and activity-
dependent key risk indicators are evaluated. Based on these indicators,
more detailed risk metrics can be derived specifically for each section
of the EAWS index. The results demonstrate the capability of this
innovative architecture to recognize the most risk-prone activities in
the manufacturing sequence and analyze them. The digital architecture
produces three types of crucial information:

1. Identification of postures with the greatest musculoskeletal risk:
This aspect enables the recognition of body positions that may
exert significant strain on the operator’s musculoskeletal system;

2. Pinpointing muscle groups experiencing higher stress: This func-
tionality helps identify the upper limbs’ muscle groups undergo-
ing stress during work activities, providing a detailed assessment
of the physical load borne by the operator;

3. Automated recognition of manual material handling instances:
The system seamlessly detects intervals when the operator is
engaged in material handling tasks, providing insights into both
muscular stress and body postures and reconstructing ergonomic
metrics that account for these critical aspects.
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Fig. 19. Muscle-Specific and Time-Oriented % VC: the graph displays the % VC computed for the four surface electrodes positioned on the operator’s upper limbs for task #22.
The values are color-coded based on the EAWS risk level associated with the channel-specific score, with highlighted time windows of interest.
Fig. 20. Posture Time in MMH Windows: the percentage of time spent in MMH
postures relative to the total duration of task #22 is reported.

Each type of information is associated with a specific risk score for the
operator, allowing for a comprehensive evaluation of potential work-
place hazards. Upon identifying operator-specific ergonomic weak-
nesses or deficiencies in the workspace setup, tailored managerial
strategies can be implemented to reduce the risk level of the assembly
sequence.

Although the presented digital architecture shows promising results
in automating EAWS evaluations, further research opportunities can
enhance and complete this development stage from various perspec-
tives. Starting with the enabling IoT technologies, the accuracy and
resolution of the MOCAP network may be compromised by occlusions,
potentially leading to inaccurate estimations of body joint positions.
Extensive investigations are needed to thoroughly test the accuracy
of the MOCAP network. The wearability of sEMG sensors should be
improved to enhance comfort for long-term use and minimize potential
interference during manual tasks. For example, a smart EMG-based t-
shirt could be a promising solution [61]. Additionally, the acquisition
IoT layer should capture the motion patterns of hands and wrists to
digitize the fourth EAWS section (i.e., Upper Limb Load in Repetitive
Tasks). Despite the amount of digitized EAWS sections, the ergonomic
screening tool does not comprehensively evaluate workers’ well-being.
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Additional methods should be explored to integrate mental workload
analysis. Lastly, a human-centric digital twin should be developed to
complement the current architecture’s operational mode (i.e., offline).
By benefiting from real-time feedback loops, users can appreciate sev-
eral advantages. Supervisors can more promptly identify and mitigate
ergonomic risks, while early warnings can suggest optimal behaviors
for workers to reduce such risks in the short term.
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Appendix A

This appendix provides the nomenclature, divided into indices and
parameters, to facilitate the reading process. Please note that both
indices and parameters are alphabetically ordered.

Indices 𝑎 = 1,… , 𝐴: Activity of the assembly sequence
𝑏 = 1,… , 𝐵: Kinect body joints
𝑐 = 1, 2 ∶ Kinect camera
𝑓 = 1,… , 𝐹 : RFID-based scanning frame of activity passive tags
𝑓 ′ = 1,… , 𝐹 ′ ∶ RFID-based scanning frame of tool passive tags
𝑔, 𝑔′ = 1,… , 𝐺: Body joint groups
𝑖 = 1,… , 𝐼 : Acquisition frame of the BITalino board
𝑘 = 1,… , 𝐾: Kinect recording frame
𝑚 = 1,… , 4: sEMG acquisition channels or recording muscles
𝑛 = 1,… , 𝑁 : sEMG acquisition in the initialization stage
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𝑝 = 1,… , 𝑃 : EAWS basic postures
𝑟 = 1,… , 𝑅: Temporal occurrence of EAWS posture
𝑠 = 1,… , 4: EAWS manual material handling postures
𝑡 = 1,… , 𝑇 : Tool usage
𝑣, 𝑣′ = 1,… , 𝑉 : Relevant manual material handling event
𝑤 = 1,… ,𝑊 : Overlapping sliding window
Parameters 𝛼: Hyper-parameter to discard tool usage
𝜏: Hyper-parameter to merge consecutive tool usage
𝛿: Sampling frequency of the adopted RFID-based smart glove
𝛩𝑎
𝑔−𝑔′ ,𝑘: Angle between the muscular body joint groups g and g’

during the 𝑘th Kinect frame for the ath assembly activity
𝐴𝐷𝐴𝐹𝑆𝑎: Activity-driven Action Force Score for the ath assembly

activity
𝐴𝐷𝐵𝑃𝑆𝑎

𝑚: Activity-driven Basic Posture Score for the 𝑚th muscle
during the ath assembly activity

𝐴𝐷𝐵𝑃𝑆𝑎: Activity-driven Basic Posture Score during the ath assem-
bly activity

𝐴𝑀𝑀𝐶𝑚,𝑤: Absolute magnitude of muscular contractions for the
𝑚th channel during the wth sliding window

𝐴𝐷𝑀𝑀𝐻𝑆𝑎: Activity-driven Manual Material Handling Score dur-
ing the ath assembly activity

𝐴𝑆𝑓 : Activity-related passive RFID string scanned during the f th
frame

𝐴𝑇𝑓 : Timestamp related to 𝐴𝑆𝑓
𝐶𝐿𝑐

𝑏,𝑘: Confidence level related to 𝑃𝑜𝑠𝑐𝑏,𝑘
𝐷𝑎

𝑝 : Duration of holding the 𝑝th EAWS posture during the ath
assembly activity

𝐷𝑎
𝑝,𝑟: Duration of holding the 𝑝th EAWS posture for the rth occur-

rence during the ath assembly activity
𝐷𝑛

𝑚: Duration to achieve the MVC for the 𝑚th channel and 𝑛th
acquisition

𝐷𝑚: Duration to achieve the MVC for the 𝑚th channel
𝐷𝑀𝑀𝐶𝑚,𝑤: Duration related to the absolute magnitude of muscular

contractions for the 𝑚th channel during the wth sliding window
𝐷𝑎

𝑣: Duration of the vth manual material handling event during the
ath assembly activity

𝐷𝐹𝑆𝑐𝑜𝑟𝑒𝑎𝑚,𝑤: EAWS Duration Force Score for the 𝑚th channel during
the wth sliding window and ath assembly activity

𝐹𝑆𝑐𝑜𝑟𝑒𝑎𝑚,𝑤: EAWS Action Force Score for the 𝑚th channel during the
wth sliding window and ath assembly activity

𝐹𝑣: Repetition rate of the vth material handling event over the entire
working cycle

𝐺𝐴𝐹𝑆: Global Action Force Score
𝐺𝐵𝑃𝑆: Global Basic Posture Score
𝐺𝑀𝑀𝐻𝑆: Global Manual Material Handling Score
𝑀𝐴𝑚,𝑤: Muscular activation for the 𝑚th channel during the wth

sliding window
𝑀𝐴𝑎

𝑚,𝑤: Muscular activation for the 𝑚th channel during the wth
sliding window and ath assembly activity

𝑀𝑉 𝐶𝑛
𝑚: Maximal voluntary contraction for the 𝑚th channel and 𝑛th

acquisition
𝑀𝑉 𝐶𝑚: Maximal voluntary contraction for the 𝑚th channel
𝑀𝑀𝐻𝑃𝑆𝑎

𝑠,𝑣: EAWS Score related to the sth posture during the vth
manual material handling event and ath assembly activity

𝑀𝑀𝐻𝑃𝑆𝑎
𝑣 : EAWS Posture Score during the vth manual material

handling event and ath assembly activity
𝑀𝑀𝐻𝐹𝑆𝑣: EAWS Score related to 𝐹𝑣
𝑛𝑜𝑖𝑠𝑒𝑛𝑚: sEMG acquisition noise in resting scenarios for the 𝑚th

channel and 𝑛th acquisition
𝑛𝑜𝑖𝑠𝑒𝑚: sEMG acquisition noise in resting scenarios for the 𝑚th

channel
𝑜𝑣𝑒𝑟𝑚: Duration of overlap of the sliding windows for the 𝑚th

channel
𝑃𝑜𝑠𝑏,𝑘: Reconstructed 3D position for the bth body joint during the
𝑘th Kinect frame
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Table B.3
Posture-dependent body joints.

Posture Body joint group Number

Walking Pelvis 1

Standing
Back 1, 2, 3, 4
Leg (R) 1, 23, 24, 25
Leg (L) 1, 19, 20, 21

Low Bending (20 − 60◦)
Back 1, 2, 3, 4
Leg (R) 1, 23, 24, 25
Leg (L) 1, 19, 20, 21

High Bending (> 60◦)
Back 1, 2, 3, 4
Leg (R) 1, 23, 24, 25
Leg (L) 1, 19, 20, 21

Elbows Above Shoulders
Back 1, 2, 3, 4
Arm (R) 12, 13, 14, 15
Arm (L) 5, 6, 7, 8

Hands Above Head
Back 1, 2, 3, 4
Arm (R) 12, 13, 14, 15
Arm (L) 5, 6, 7, 8

Upright (Kneeling)

Back 1, 2, 3, 4
Knee (R) 23, 24
Knee (L) 19, 20
Ankle (R) 24, 25
Ankle (L) 20, 21

Bent Forward (Kneeling)

Back 1, 2, 3, 4
Knee (R) 23, 24
Knee (L) 19, 20
Ankle (R) 24, 25
Ankle (L) 20, 21

Elbows Above Shoulders (Kneeling)

Knee (R) 23, 24
Knee (L) 19, 20
Ankle (R) 24, 25
Ankle (L) 20, 21
Arm (R) 12, 13, 14, 15
Arm (L) 5, 6, 7, 8

Trunk Rotation (Asymmetric) Spine Naval, Hips 2, 19, 23
Spine Chest, Shoulders 3, 6, 13

Lateral Bending (Asymmetric) Back 1, 2, 3, 4
Hip (R) 1, 23

Far Reach (Asymmetric) Arm (R) 12, 13, 14, 15
Arm (L) 5, 6, 7, 8

𝑃𝑜𝑠𝑐𝑏,𝑘: 3D body position of the bth body joint during the 𝑘th Kinect
rame for the 𝑐th camera

𝑆𝑎: Passive assembly tag of the ath assembly activity
𝑆𝑡: Passive tool tag of the 𝑡th assembly activity
𝑆𝑐𝑎𝑛𝑎: Scanning list of 𝐴𝑇𝑓 belonging to the same ath assembly

ctivity
𝑆𝑐𝑎𝑛𝑡: Scanning list of 𝑇𝑇𝑓 ′ belonging to the same 𝑡th tool usage
𝑇𝑎: Starting timestamp of the ath assembly activity
𝑇𝑆𝑓 ′ : Tool-related passive RFID string scanned during the f’th frame
𝑇 𝑠𝑡𝑎𝑟𝑡𝑎𝑝: Starting timestamp of 𝐷𝑎

𝑝
𝑇 𝑒𝑛𝑑𝑎𝑝 : Ending timestamp of 𝐷𝑎

𝑝
𝑇𝑇𝑓 ′ : Timestamp related to 𝑇𝑆𝑓 ′

𝑇𝑇 𝑠𝑡𝑎𝑟𝑡𝑡: Starting timestamp related to the 𝑡th tool usage
𝑇𝑇 𝑒𝑛𝑑𝑡: Ending timestamp related to the 𝑡th tool usage
𝑇 𝑠𝑡𝑎𝑟𝑡𝑎𝑣: Starting timestamp related to the vth manual material

andling event
𝑇 𝑒𝑛𝑑𝑎𝑣 : Ending timestamp related to the vth manual material han-

ling event
𝑡ℎ𝑟𝑚: Threshold value for the 𝑚th channel
𝑉 𝑎
𝑔,𝑘: Vectorial structure of the g th body joint group during the 𝑘th

inect frame for the ath assembly activity
𝑊 𝑑𝑢𝑟𝑚: Duration of the overlapping sliding windows for the 𝑚th

hannel
𝑊𝑆𝑎: EAWS Weight Score related to the ath assembly activity

𝑥𝑖,𝑚: sEMG during the 𝑖th acquisition frame for the 𝑚th channel
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Fig. C.21. Layout of the supermarket showing the locations of components required
for the different assembly tasks.

𝑥𝑎: Binary variable associated with MMH events
% 𝑉 𝐶𝑚: Percentage of voluntary contraction for the 𝑚th channel
%𝑉 𝐶𝑚,𝑤: Percentage of voluntary contraction for the 𝑚th channel

during the wth sliding window
%𝑉 𝐶𝑎

𝑚,𝑤: Percentage of voluntary contraction for the 𝑚th channel
during the wth sliding window and ath assembly activity

Appendix B

This Appendix lists the posture-dependent body joints, as detailed
in Table B.3.

Appendix C

This appendix details the sequence of activities performed by the
operator during the assembly of the dresser. At the beginning of each
task, the operator retrieves the necessary components from the super-
market, as illustrated in Fig. C.21. The tools are already conveniently
positioned on the table of the workstation.

Task ID - Assembly Process Activities

• Task 1 - Mounting Plastic Plates: Collect screws and plastic
plates, and place them on the worktable. Retrieve two wooden
panels (i.e., the sides of the dresser) from under the table and
place them on top. Position the sliding plates on the wooden
panels and secure them with screws using a Phillips screwdriver,
as indicated in Fig. C.22(a). Move the panels aside to make space
on the table.

• Task 2 - Mounting Bracket L: Collect L-brackets and fastening
screws, and place them on the worktable. Retrieve a third wooden
panel (i.e., the back of the dresser) from under the table and place
it on top. Position the L-brackets on the wooden panel and secure
them with screws using a Phillips screwdriver, as indicated in
Fig. C.22(b).

• Task 3 - Inserting Wooden Dowels: Collect wooden dowels
and stand in front of the worktable. Manually insert the dowels
into the sides of the back panel of the dresser as indicated in
Fig. C.22(c).

• Task 4 - Tightening Black Screws: Collect black screws and
place them on the worktable. Retrieve two wooden panels (i.e., a
side and the back of the dresser) and align them. Secure the two
parts with black screws using a hexagonal Allen key as depicted in
Fig. C.22(d). Move the semi-assembled piece aside to make space
on the table.
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• Task 5 - Inserting Wooden Dowels: Collect additional wooden
dowels and place them on the worktable. Retrieve two thin
wooden panels (i.e., the supports of the dresser) from under the
table and place them on top. Manually insert the wooden dowels
into the indicated spots as in Fig. C.22(e) and move the supports
aside to make space on the table.

• Task 6 - Tightening Black Screws: Collect more black screws
and place them on the worktable. Bring the semi-assembled piece
and the two support panels closer, fitting the pieces one at a time.
Secure the various parts with black screws using a hexagonal
Allen key. Align the remaining wooden panel (i.e., the other side
of the dresser) with the semi-assembled piece and secure it with
black screws using a hexagonal Allen key (see Fig. C.22(f)).

• Task 7 - Foot Assembly: Collect the specific nails and place them
on the worktable. Lift, turn, and move the semi-assembled dresser
to the floor to secure the nails with a hammer (see Fig. C.22(g)).
Turn and reposition the dresser upright on the floor.

• Task 8 - Assembly of Drawer (1): Collect appropriate screws
and place them on the worktable. Retrieve a thin wooden panel
(i.e., the outer face of the drawer) from under the table and
place it on top. Secure the screws with a Phillips screwdriver in
the spots indicated in Fig. C.22(h) to allow the insertion of the
drawer’s side panels.

• Task 9 - Inserting Wooden Dowels (1): Collect additional woo-
den dowels and place them on the worktable. Retrieve two thin
wooden panels (i.e., the sides of the drawer) from under the
table and place them on top. Manually insert the dowels into
the appropriate spots and slide the drawer’s side panels onto the
previously screwed front panel as in Fig. C.22(i).

• Task 10 - Fixing Drawer (1): Collect appropriate screws and
insert them into the drawer’s side panels using a slotted screw-
driver, securing them to the previously prepared front panel (see
Fig. C.22(j)). Retrieve the drawer base and back panel, slide the
base into the slots inside, and fit the back panel into the free part
of the base.

• Task 11 - Closing Drawer (1): Collect specific nails and secure
the drawer back with a hammer, fitting the side panels with the
closing panel as indicated in Fig. C.22(k).

• Task 12 - Mounting White Caps (1): Collect white screws and
manually insert them into the drawer’s side panels without fully
securing them. Move the drawer to the adjacent worktable to
make space on the main table.

• Task 13 - Assembly of Drawer (2): Repeat the same steps as Task
8 for the second drawer.

• Task 14 - Inserting Wooden Dowels (2): Repeat the same steps
as Task 9 for the second drawer.

• Task 15 - Fixing Drawer (2): Repeat the same steps as Task 10
for the second drawer.

• Task 16 - Closing Drawer (2): Repeat the same steps as Task 11
for the second drawer.

• Task 17 - Mounting White Caps (2): Repeat the same steps as
Task 12 for the second drawer.

• Task 18 - Assembly of Drawer (3): Repeat the same steps as Task
8 for the third drawer.

• Task 19 - Inserting Wooden Dowels (3): Repeat the same steps
as Task 9 for the third drawer.

• Task 20 - Fixing Drawer (3): Repeat the same steps as Task 10
for the third drawer.

• Task 21 - Closing Drawer (3): Repeat the same steps as Task 11
for the third drawer.

• Task 22 - Mounting White Caps (3): Collect white screws and
manually insert them into the third drawer’s side panels with-
out fully securing them. Retrieve the two previously assembled
drawers from the adjacent worktable and place them inside the
dresser (see Fig. C.22(l)). Secure the already inserted drawers in
the dresser using a slotted screwdriver, then secure the white
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Fig. C.22. Visual representation of assembly tasks, showcasing the operator’s interactions with components and tools at different stages.
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screws on the last drawer. Insert the last drawer into the dresser,
completing the assembly process. Note: Securing all the drawers
at the end optimizes tool usage. Securing two drawers inside and
one on the table is for the operator’s convenience.

he tools used by the operator during the assembly process are illus-
rated in Fig. C.22(m).
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