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Abstract — This paper presents a novel application for
Industry 5.0: the first global implementation of multi-
ple wearable sensors in a real industrial environment.

With minimal investment in IoT infrastructure, the
proposed system enables the collection of useful data on
operator activities, including self-reported fatigue after
specific tasks.

These data are fundamental for analyzing the rela-
tionship between assembly tasks and self-reported fa-
tigue by operators, allowing optimization of product
design and assembly processes.

By adopting this approach, industries can enhance
worker well-being and decrease the incidence of occu-
pational diseases. The final goal of the project is to de-
velop and validate an algorithm capable of predicting,
in real-time, the perceived fatigue experienced by oper-
ators upon completing specific tasks.

I. INTRODUCTION

Industry 5.0 is a new concept that follows the evolution
of Industry 4.0. This previous concept is centered on ef-
ficiency optimization and improvement of the production
processes using IoT, data analysis and Artificial Intelli-
gence. With Industry 4.0 there are innovative concepts like
collaboration between man and machine, adaptability and
continuous training of the operators. With Industry 5.0 the
focus is moved from the manufacturing processes to hu-
man centricity and well-being. This is necessary due to the
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particular European situation and especially in Italy where
the population is becoming older without an increase in
birth in new generations.

A. Birth rate

In the following figure, the official Eurostat report explain-
ing the birth trend in European countries is shown [1].
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Figure 1: Birth rate trends (2002-2022).

B. Population age

In the following figures, the official Eurostat report shows
the ageing of the European population [1].



Figure 2: European population between 20-64 years
(2002-2022).
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Figure 3: Italian population between 20-64 years (2002-
2022).

C. Occupational diseases

In the following graph it is possible to see a continuous in-
crease of occupational diseases with the exception of the
period 2020-2023, when the Covid-19 pandemic led to a
temporary decrease in cases. Each disease impacts pro-
duction and represents a high cost and profit loss for com-
panies, as the operator is unable to continue the activity,
thereby reducing productivity. Multiple factors may con-
tribute to these conditions, such as repetitive movement at
high velocity, handling of heavy components, or assembly
tasks performed with poor posture. These causes are not
always easy to detect, and assessing the severity of the im-
pact on the operator can be difficult [2].
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Figure 4: Occupational diseases over the last 6 years.

For these reasons, Industry 5.0 introduces a new human-
centric approach, aiming to preserve operator health over
time.

II. LITERATURE REVIEW

In comparison, the study by Bonakdar et al. (2025) [3] ana-
lyzed fatigue during manual handling tasks (MHT) using a
methodology based on inertial measurement units (IMUs)
to monitor joint angles and coordinative variability. The
key findings revealed an increase in both mean and peak
joint angles as fatigue intensified, except for the knee joint,
where both decreased. Additionally, a decline in coordina-
tion between adjacent joints was observed, as indicated by
reduced information transmission measured through mu-
tual information theory. This study reports tests conducted
in a controlled laboratory environment, tracking three dis-
tinct activities performed repeatedly over time: lifting, car-
rying, and moving. To collect data for these activities,
eight participants volunteered for the experiment and were
asked to wear six IMUs each. The accuracy achieved with
this approach was 74%.

Another relevant paper is the study conducted by
Munguia Tapia et al. [4], which focuses on the real-time
recognition of physical activities using wireless accelerom-
eters and a heart rate monitor. The goal was to identify 30
different activities during gym sessions in a controlled en-
vironment. Involving 21 participants, the dataset covered
16.6 hours of data.

Using a different approach, the authors attempted to
identify activities based on individual subjects, achieving
an accuracy of 94.6%. However, when subject information
was excluded, the accuracy dropped to 80.6%.

An important result was the increase in accuracy (1-2%)
when heart rate information was included.

The study conducted by Tryon and Trejos [5] aimed to
develop models that classify task weight using EEG-EMG
fusion. To achieve this goal, 32 healthy subjects (mean age
24.9 + 5.4 years) performed elbow flexion—extension mo-
tions under different conditions of speed and weight. The
experimental setup included EEG sensors and encoders,
and an accuracy of 83.01 + 6.04% was reported in clas-
sifying three weight levels.

By contrast, the present study introduces an innovative
use of multiple sensors in a real industrial environment,
without control over external perturbations or noise typical
of real-world manufacturing conditions. The objective is
to classify different tasks and predict the operator’s fatigue
level.

III. ARCHITECTURE DESCRIP-
TION

The most important factor for effective data analysis is the
dataset quality. The initial phase of the project is focused
on constructing a well-structured dataset.

The system architecture includes wearable sensors, a
server, and a Raspberry Pi. After initial lab testing, the
components were installed at the partner company.
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During assembly tasks, operators wear the following de-
vices:

¢ Three quaternions:

— One on the back to measure posture variations
— One on the dominant hand to track movements

— One on the non-dominant hand to track move-
ments

¢ One Bitalino with four channels:

— ECG to measure heart rate
— EMG to monitor muscle activity in the arm

— EMG to monitor muscle activity in the trapezius
* UWB bracelet to track the operator’s position

* RFID glove on the dominant hand to detect touched
objects

The quaternions and Bitalino send data to the Raspberry
Pi; RFID gloves send data to a smartphone, and the UWB
bracelet sends data to the POE. The POE is connected via
Ethernet to the server, while Raspberry Pi and smartphones
communicate through Wi-Fi.

The system includes a simple interface that allows the
operator to start and stop data collection. The same in-
terface also displays sensor status in real time. A more
technical interface supports remote monitoring of sensor
functionality, detecting disconnections or temporary mal-
functions.

IV. MONITORED PROCESS DE-
SCRIPTION

The project involves collaboration with a company based
in the province of Trento (Italy) that produces items using
a C-shaped production layout. Product weight ranges from
30 to 180 kg, and heights vary between 500 and 1300 mm.
Assembly involves tools, manual handling, and movement.
Each shift typically includes 6 to 12 items, with model
variation affecting the process.

The company shared production cycles for all products,
breaking them down into 20 specific assembly tasks. This
segmentation helps identify tasks that contribute most to
perceived fatigue.

Training sessions guided operators to wear sensors cor-
rectly and manage data acquisition autonomously. During
the learning period (7-10 days), support was provided to
resolve any operational challenges.

The participant group included operators of varying age
and handedness. Despite defined production cycles, task
execution varies due to operator habits and tool use, cre-
ating process variability. The use of precedence diagram-
ming is under consideration to reduce variability and com-
plexity.
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A minimum of 100 assembled items has been set to en-
sure a consistent dataset for analysis. Human error and po-
tential disconnections during data gathering are also con-
sidered.

The power of this innovation lies in the use of multi-
ple sensors. The post-processing rules automatically filter
out noise and irrelevant information, increasing the algo-
rithm’s accuracy by focusing on meaningful signals.

VI. ALGORITHM DEVELOPMENT

The data preprocessing phase focuses on methods for ef-
fectively cleaning and integrating the collected informa-
tion, as sensors recorded continuous hours of activity with-
out interruption, including short pauses or routine operator
duties. The first step involves distinguishing valuable data
from irrelevant segments. It is also necessary to isolate
data sections affected by brief sensor disconnections, as
these periods prevent complete tracking of the operator’s
actions.

During the assembly process, variations may occur due
to human errors or defective components that require sub-
stitutions or corrective actions. Data related to these ex-
ceptional cases are excluded from the analysis to reduce
variability and maintain consistency.

Several machine learning models have been developed,
including deep learning architectures, recurrent neural net-
works (RNNs), and long short-term memory (LSTM) net-
works. In addition, intelligent algorithms have been imple-
mented to identify and prioritize value-added data within
the dataset.

The analysis of sensor signals aims to identify the tasks
most strongly correlated with operator-reported fatigue.
From a managerial perspective, this information is highly
valuable, as it enables tracking the evolution of fatigue
across tasks and entire shifts. This, in turn, allows for
the adaptation of production plans to the physical capa-
bilities of individual operators, enabling recovery periods
after more demanding activities.

Such insights support the optimization of assembly pro-
cesses and product design with the objective of minimizing
operator strain.

The overarching goal of the project is to implement an
algorithm capable of predicting, in real time, the perceived
fatigue level of operators following the execution of spe-
cific tasks.
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