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Biomechanical analysis is essential for assessing subjects interacting with robotic setups and platforms. However,
in industrial scenarios, workers’ biomechanics are assessed mainly through questionnaires and scales which
provide limited objectivity. Very few studies analyzed the biomechanics of workers in multiple sessions, and no
study assessed diverse populations of workers. Therefore, we collected tracking data from 14 neurotypical and 7
participants with autism spectrum disorder (ASD) performing assembly tasks in a lab-based industrial collabo-
rative workcell. Human tracking data were acquired by an Azure Kinect and elaborated with a biomechanical
model that allowed to compute human kinematics and dynamics. The biomechanics of neurotypical and ASD
operators were compared across two working sessions. Both neurotypical and people characterized by ASD
decreased torque and power in the second session with respect to the first one, indicating adaptation to the
working activity. Interestingly, ASD people expended more energy than neurotypical, suggesting a higher risk of
fatigue. Overall, ASD people performed similarly to neurotypical people from a biomechanical point of view. In
this study, we showed a protocol for multisession biomechanical monitoring of workers during industrial human-
robot collaboration tasks that can be employed in real scenarios and with ASD workers. This approach can be
useful in human-robot collaboration to design minimum-fatigue collaborative tasks, support physical health, and

improve ergonomics for workers.

1. Introduction

Industry 4.0 focuses on the integration of digital technology into
manufacturing and industrial processes for increasing the efficiency and
flexibility of production, exploiting advanced technologies, such as
Internet of Things, Artificial Intelligence, Big Data, Cyber-Physical Sys-
tems, and Cloud Computing (Lu, 2017). Indeed, in the last decade, the
constant growth of Industry 4.0 led to a high level of digitalization,
increasing productivity and efficiency in industrial applications. In this
new and growing scenario, it is fundamental to preserve the physical
and mental health of the workers, especially when interacting with ro-
bots (Brocal et al., 2019). In fact, the physical safety, the quality of
experience, and the level of engagement can affect the performance of
the operator (Marcora et al., 2009; Xing et al., 2020). On these lines, the
concept of Industry 5.0, also known as the Fifth Industrial Revolution,
started to develop in Europe, identifying a new and emerging phase of
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industrialization that places the well-being of the worker at the center of
the production process (Xu et al., 2021). These recent human-centered
developments in the industrial field lead companies to ensure the
well-being of the industrial workers, preventing diseases and performing
assessments in workplaces, assembly lines, and industries, and see this
as a fundamental step to improve working conditions and reduce
Work-Related Musculoskeletal Disorders (WRMSD) (Sorensen et al.,
2019). Investments in resources, research techniques, and sensors have
been made in order to enhance the industrial environments in several
ways. Some devices, such as gravity-assistive wearable upper-limb
exoskeletons, have been introduced to improve conditions for workers
and to reduce risks for workers’ ergonomics (de Looze et al., 2016).
Factors such as upper limb fatigue have been repeatedly measured and
assessed for customizing working stations and designing supportive
devices for load reduction in order to improve ergonomics (Kadir et al.,
2019). Moreover, the interaction with robots during assembly tasks has
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been assessed in terms of changes in working performance (Fournier
et al., 2024) and cognitive ergonomics (Gualtieri et al., 2022) in order to
investigate the acceptability of collaborative robotics.

The rapid development of technologies has allowed companies to
change ways of organizing jobs, with positive implications for people
with disabilities, increasing their presence in the labor market (Kilhoffer
et al., 2019; Tsatsou, 2020). A biomechanical characterization of oper-
ators is needed to assess the physical health of workers to estimate the
presence of fatigue and effort. Moreover, physical health can affect also
mental health, and, indeed, physical fatigue affects mental state just as
mental fatigue can impair physical performance (Marcora et al., 2009).
Therefore, guaranteeing favorable physical working conditions is
fundamental for maintaining mental and physical health (Leijten et al.,
2015). A biomechanical characterization of workers can be useful not
only for preventing musculoskeletal diseases and improving the physical
state of a neurotypical worker but also for the effective management of
neurodiversity in the workplace, with a particular focus on the strategies
and practices that may support employees characterized by Autism
Spectrum Disorder (ASD). Indeed, it has been demonstrated that job
activities that encourage and support independence increase daily living
skills in adults (Bowman, 2020). However, ASD people face unique
challenges in the workplace, that can be related to the lack of social and
communication skills, sensory overload, and unpredictable or multiple
tasks (Ezerins et al., 2024). The use of collaborative robots in the in-
dustry may be beneficial for both neurotypical and ASD individuals
(Hendricks, 2010) since this work is characterized by fixed and pre-
dictable routines organized in precise task assignments (Goris et al.,
2020). A previous work tested the feasibility of working with cobots for
ASD people, analyzing the behavioral effects of the interaction and
showing that ASD workers manifested more tiredness, performed ste-
reotyped movements, and changed less the assembly methodology with
respect to neurotypical participants (Mondellini et al., 2023). Moreover,
it has been demonstrated that ASD people usually show reduced motor
performance and motor coordination of both upper and lower limbs
(Bennett et al., 2021; Fournier et al., 2010), increasing the risk of fatigue
during movement.

A recent review on the assessment of fatigue in industrial applica-
tions observed that often there is a lack of uniformity between tests in
laboratories and those carried out in working environments in real
factories, leading to a gap between potential applications and those that
are implemented in workplaces (Brambilla et al., 2023a). Indeed,
workers’ physical and health state is usually assessed through ques-
tionnaires and scales aimed at evaluating the risk of musculoskeletal
disorder development. However, more quantitative methods are needed
that consider kinematic and dynamic parameters related to biome-
chanics, strain, and effort. Questionnaires may be affected by the
subjectivity of the operators and they may be less repeatable and sen-
sitive than quantitative measures (Antwi-Afari et al., 2017). The number
of studies conducted in a real working environment is less than half of
the available literature (Brambilla et al., 2023a), and more than 80 % of
these rely on assessments based on questionnaires and scales. Some
studies assessed joint angles with the Kinect sensor (Microsoft, Red-
mond, WA, USA) for ergonomic evaluations only, without fatigue as-
sessments (Plantard et al., 2017). About 25 % of these studies used
kinematics and/or biomechanics for monitoring fatigue and effort dur-
ing work. For instance, workers in assembly lines were assessed with a
motion capture system, and joint angles and torques were computed
with a musculoskeletal model (Menychtas et al., 2020). However, no
further analyses on other biomechanical parameters, such as joint power
and work, were done in realistic scenarios. Indeed, biomechanics was
studied only for comparing different postures and conditions (Skals
et al., 2021). Moreover, no study assessed the biomechanics of ASD
workers. Therefore, aspects yet to be addressed in literature are:

- the necessity of performing biomechanical monitoring of workers in
a real working environment;
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- the need for a comprehensive biomechanical analysis to give a more
complete state of the worker;

- the biomechanical assessment should be extended to different co-
horts of workers.

In this study, we acquired kinematic data with the Azure Kinect
(Microsoft, Redmond, WA, USA), a non-invasive and markerless tech-
nology for human tracking movement. This technology allows to esti-
mate 3D joint positions and segment orientations and has already been
used in similar scenarios (Lunin and Glock, 2021). A 3D inverse kine-
matic and dynamic computation based on a previously developed
biomechanical model (Dumas and Cheze, 2007) was used to compute
kinematic and dynamic parameters from tracking data, with a twofold
aim.

The first aim of this study was to characterize the biomechanics of
operators that perform assembly tasks in a workcell with a cobot and
follow their evolution through working sessions. A second aim was to
compare neurotypical and ASD operators to verify the potential impact
on neurodiversity and understand the suitability of ASD operators for
cobot use. The novelties of the proposed framework are:

- the use of a non-invasive low-cost tracking system for the estimation
of human upper limb joints and a biomechanical model was used to
compute biomechanical parameters;

- the execution of an intensive experimental campaign in a workcell
with a cobot that works collaboratively with operators to accomplish
the task;

- the inclusion in the proposed study of two populations of partici-
pants, i.e. neurotypical and ASD people.

The remaining part of this work is organized as follows: Section 2
reports methods implemented for the analysis; in Section 3, the results
are described in detail; in Section 4, the findings are critically discussed,
and finally Section 5 reports a brief summary and conclusions.

2. Materials and methods
2.1. Data acquisition

Participants in this study were 14 neurotypical subjects (height: 1.73
+ 0.12 m; weight: 66.29 + 12.32 kg; age: 22.1 + 2.7 y; 8 males and 6
females) and 7 persons characterized by high-functioning ASD with the
absence of intellectual disability (height: 1.78 + 0.08 m; weight: 88.71
=+ 17.08 kg; age: 32.3 £ 5.7 y; 6 males and 1 female). Participants were
not professional industrial workers and with no previous experience in
robot interaction and industrial assembly activities. Ethical approval
was granted by the referring ethical committee (Approval Prot. N. 19/
20—CE, April 20, 2020), and the experimental trial was conducted in
compliance with the Declaration of Helsinki. The participants provided
written informed consent to participate in this study and for the publi-
cation of any data included in this article. Kinematic data were acquired
with an Azure Kinect camera placed in front of the operator. The Azure
Kinect extracts the 3D coordinates of joint centers and quaternions. The
data were given as input to the biomechanical model.

2.2. Task

An industrial collaborative workcell was reproduced in a laboratory
environment. Two tables were positioned in an L-shape formation to
realize two workspaces: one for the operator, in which the participant
performed most of the activities and where the collaborative session
took place, and one for the cobot, equipped with all the components
required for the subassembly assigned to the cobot. A Fanuc CRX10iA/L
collaborative robot (Fanuc, Oshino, Japan) was placed in a fixed posi-
tion relatively close to the tables and was equipped with a Pickit3D
(Pick-it N.V., Leuven, Belgium) camera for the detection of the subparts.
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The whole system was driven by a control architecture integrating Robot
Operating System (ROS) (Quigley et al., 2009), for controlling the cobot,
and Visual SceneMaker (Gebhard et al., 2012), used for the definition of
the assembly steps and the synchronization of the different software
modules. The industrial task was a collaborative assembly where a
3D-printed planetary gearbox had to be assembled (Redaelli et al.,
2021). Four components were assembled by the robot and the remaining
five parts by the operator, and the final joining was performed collab-
oratively. The cobot always followed the same order to assemble the
parts and, once finished, it stopped in front of the operator to complete
the meshing of the gears (Mondellini et al., 2023). The assembly task
required a specific set of operations. While some of them must be
consequential, others could be organized as preferred by the operator (e.
g.: one can assemble one piece at a time, or prepare in parallel many
pieces). This choice was made to remove constraints and allow an
operator to behave more freely, better reflecting the real word scenario.
Moreover, the operator had to make sure that the cobot had always
enough parts on its table to be able to keep assembling and had to
restock the table using the components provided in nearby boxes. The
setup is shown in Fig. 1.

Participants worked in the cell for 3 h and 30 min a day for 5
consecutive days and the position of the skeleton was acquired in three
equally spaced acquisitions lasting 10 min (nominal time) each on the
first day (Session 1) and in three acquisitions lasting 10 min each on the
fourth day (Session 2) in order to acquire the variability in the same
working day and different days.

2.3. Outcome measures and statistics

A 3D inverse dynamics computation based on a previously available
biomechanical model was performed (Dumas and Cheze, 2007). The
model takes as input the 3D positions of the joints and the quaternions
computed by the Kinects and anthropometric parameters, computed
with anthropometric tables (Stone et al., 2017), including the height and
weight of the subject. The model allows the computation of kinematic
and dynamic parameters of upper limb joints (Brambilla et al., 2022,
2023b). Since participants could leave the field of view of the camera
during the task for restocking the components of the cobots, the tracking
time T refers to the time in which the participant was in the field of view
of the camera and the skeleton correctly tracked. The covered distance
was computed as the 3D Euclidean distance of the spine-chest joint from
one frame to the consecutive one. This joint was chosen as the one
representative of the center of mass and it was easily tracked by the
camera regardless of the presence of the table (the actual center of mass
could not be inferred as the tracking of the legs was not permitted due to
the table occlusion). The mean velocity inside the workcell was

Fig. 1. Setup of the workcell. The operator assembles the components for the
subassembly on the left table while the cobot assembles the other components
on the right table. The two subassemblies are joined collaboratively.
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computed by dividing the covered distance by the duration of each
acquisition. The main joint considered for the analysis was the shoulder.
This choice was made since it is the critical joint that can be more subject
to effort in industrial working activity (Linaker and Walker-Bone, 2015).
Moreover, this joint can be tracked more precisely with respect to the
elbow joint in the proposed setup. Shoulder torque 7; was computed by
the biomechanical model, and the shoulder power was computed as the
product of the shoulder torque 7z, times the shoulder angular velocity w;.
The maximum torque was considered as the maximum value of the
shoulder torque and the maximum power was the maximum of shoulder
power:

Tiax = Max 7(t)
Py(t) = 75(t)-ws(t)

P =max Py(t)

The mean energy was considered as an indicator of the expended
energy and computed as the integral of the power in time during the
whole acquisition divided by the tracking time T:

[:Ps(t)dt

T

s =

Torque, power, and mean energy were normalized by dividing by the
weight and the height of the participant, in order to allow inter-
individual comparison (Saadatian et al., 2023).

Further elaborations of the biomechanical parameters were made to
identify whether instant or medium-term fatigue/effort was taking
place. Reference threshold values of torque and energy were defined in
order to identify movements that required high effort (Lorenzini et al.,
2023; Yu et al., 2019). The torque reference value was defined as the
shoulder torque needed to maintain the shoulder elevated at 90° in a
static configuration. The events of instantaneous fatigue were defined as
the times in which the torque exceeded 80 % of the torque reference
value. The energy reference value was defined as the shoulder work
required to perform repetitive reaching movements lasting about 1 s in
1 min (Brambilla et al., 2022). Medium-term fatigue was considered as
the percentage of the energy in time windows of 1 min with respect to
the reference energy.

All the parameters were compared between sessions for neurotypical
and ASD participants and comparing the two groups. Parameter distri-
butions were tested for normality with the Kolmogorov-Smirnov test.
Then, since the sample size was small, non-parametric statistical tests
were performed, setting the level of significance at 0.05. For each
parameter, sessions were compared considering the values of all par-
ticipants in Session 1 with respect to values in Session 2, separately
between neurotypical and ASD group. The two populations were
compared considering values of each parameter in both sessions for
neurotypical subjects with respect to values in both sessions for ASD
people.

3. Results

Results of time, distance covered, and mean velocity of the spine-
chest joint are reported in Fig. 2 and Table I for neurotypical and ASD
participants in both sessions.

No significant differences were found in the acquisition time be-
tween sessions for neurotypical (p = 0.45) and ASD (p = 0.30) partici-
pants and between groups (p = 0.42). No significant differences were
found in covered distances by neurotypical participants (p = 0.58),
while ASD participants tended to move less but not significantly (p =
0.05). No differences were found between groups (p = 0.20). The mean
velocity of movement in the workcell was not significantly different
between sessions for neurotypical (p = 0.24) and ASD (p = 0.11) par-
ticipants, although they showed a tendency to decrease, and between
groups (p = 0.28).
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Fig. 2. Barplots of tracking time, covered distance, and mean velocity computed for neurotypical (NT, upper panel) and ASD participants (lower panel) in

both sessions.

Results of maximum torque, maximum normalized torque, and
number of events of instantaneous fatigue are reported in Fig. 3 and
Table II for neurotypical and ASD participants in both sessions.

Neurotypical participants decreased the maximum normalized tor-
que in Session 2 with respect to Session 1 (p = 0.003), but the number of
events of instantaneous fatigue did not decrease significantly (p = 0.27).
Participants with ASD, instead, did not significantly change the
maximum normalized torque (p = 0.22), even though they show a
tendency to decrease, nor the number of events of instantaneous fatigue
(p = 0.23). No differences were found between groups (p = 0.80 for the
maximum normalized torque, p = 0.54 for the number of events of
instantaneous fatigue).

Results of maximum power and maximum normalized power are
reported in Fig. 4 and Table III for NT and ASD participants in both
sessions.

Maximum normalized power decreased in Session 2 for both neu-
rotypical (p = 0.003) and ASD (p = 0.031) participants. Moreover, the
maximum normalized power was higher for ASD participants with
respect to neurotypical subjects (p = 0.022).

Results of energy, normalized energy, and mean % energy are re-
ported in Fig. 5 and Table IV for NT and ASD participants in both
sessions.

No significant changes were found between sessions for neurotypical
(p = 0.39) and ASD participants (p = 0.16) for the normalized mean
energy. The mean % energy did not change between sessions for both
groups (p = 0.12 for neurotypical, p = 0.37 for ASD). ASD participants
expended more normalized mean energy (p = 0.03) and mean % energy
(p = 0.01) with respect to neurotypical subjects.

4. Discussion
4.1. Summary of the results

In this study, a workcell with a collaborative robot was realized in a
laboratory to resemble a real working scenario. Fourteen neurotypical

and seven ASD participants were monitored in two sessions, at the
beginning and the end of the working week. A detailed biomechanical

assessment was performed on all participants. From the biomechanical
assessment, no differences were found in covered distance and velocity
between sessions and between the two populations. Neurotypical sub-
jects significantly decreased shoulder normalized torque from 0.099
Nm/(kg*m) to 0.084 Nm/(kg*m) and power from 0.029 W/(kg*m) to
0.023 W/(kg*m) between sessions, while ASD participants significantly
decreased only shoulder power from 0.040 W/(kg*m) to 0.030 W/
(kg*m). Moreover, shoulder peak power was significantly higher for
ASD (0.035 W/(kg*m)) with respect to neurotypical participants (0.026
W/(kg*m)), but not the peak torque. Despite having lower peak power,
the normalized energy at shoulder level was higher for ASD participants
(0.008 J/(kg*m*s) with respect to 0.006 J/(kg*m*s)), suggesting a
higher risk of fatigue and slightly less efficient movement performance.

4.2. Biomechanical comparison

Decreasing shoulder torque and power between the two sessions may
be a sign of adaptation of the participant to the working activity. Indeed,
after a few days, participants found a way to perform the task with less
effort, increasing their efficiency. This indicates that an adaptation
process to both the task and the interaction with the robot may have
taken place to reduce the burden of industrial working. In fact, after
familiarization with tasks and devices, the smoothness of movement
tends to increase, leading to a more efficient movement (Favennec et al.,
2024). Indeed, people usually change movement strategies, becoming
more efficient (Luger et al., 2019). The effect of familiarization has also
been observed in physiological measures like muscular activity and
heart rate (Lee, 2012). Moreover, a previous study that analyzed the
behavioral patterns of the same participants found that neurotypical
participants increased their work performance during the week, with a
faster adaptation to the task and a higher number of assembled pieces
(Mondellini et al., 2023). Moreover, similar adaptation was shown be-
tween neurotypical and ASD participants, suggesting that ASD people
could follow a similar adaptation process to the setup. ASD participants
tended to improve their performance, although they changed less their
methodology (Mondellini et al., 2023). In fact, ASD participants
generally have difficulties working in parallel on different
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Table 1

Time, distance, and mean velocity computed for NT and ASD participants in both sessions.

NT participants

Sn01 Sn02 Sn03 Sn04 Sn05 Sn06 Sn07 Sn08 Sn09 Snl0 Snll Snl2 Sn13 Snl4

Session

1438
1714

1800 1800 1736 1495 1476 577 1125 1577 1663 1138 1695 1427
1725 1114 1659 1517 1554 1725 1516 1638 1704 1139 1348

1800

1699
1800

Time [s]

384.2 351.4 265.2 229.7 167.7 533.9 311.2 201.2 172.7 319.7 464.6 345.9
203.9 419.7 282.5 189.7

357.6

331.6

Distance [m]

318.3

251.6

373.7 334.3

325.6

251.9 372.3 215.4 256.8

431.2

0.24
0.19

0.20 0.21 0.20 0.18 0.16 0.29 0.47 0.20 0.12 0.15 0.19 0.33
0.21 0.19 0.15 0.13 0.27 0.19 0.25 0.20 0.17 0.17 0.19

0.14

0.19
0.24

1

Mean vel. [m/s]

ASD participants

Sa07

Sa06

Sa05

Sa04

Sa03

Sa02

Sa01l

Session

1435
1190

1569 1774 1775 1616 1597
1753 1715 1770 1647

1040

1767
1686

Time [s]

338.8 300.8 422.0 420.7 356.4
280.3 347.2

380.1

403.4

Distance [m]

198.6

371.7

288.8

213.5

444.9

0.25
0.17

0.24 0.19 0.17 0.26 0.27
0.16 0.16 0.21 0.21

0.20

0.23
0.26

Mean vel. [m/s]
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subassemblies, as shown in the literature (Mackinlay et al., 2006; Yang
et al., 2017). However, this kind of working environment requires
schematic and repetitive tasks, and movements performed by the robot
are predictable and executed in the same order. The repetitiveness and
schematism of the platform reduce possible unexpected variables that
can be sources of anxiety for ASD people, making the environment more
pleasant for them (Takata et al., 2023). ASD participants showed higher
expended energy at shoulder level with a higher risk of fatigue mani-
festation. Indeed, it has been demonstrated that ASD workers manifest
more fatigue during assembly tasks in collaborative workcell with
respect to neurotypical workers (Mondellini et al., 2023), indicating that
more attention should be dedicated to the definition of work for ASD
people. For instance, since they get tired more rapidly, more breaks
should be considered. In literature, previous studies assessed the phys-
ical performance of ASD compared to neurotypical in stereotyped
movements such as gait or upper limb movements and showed impaired
motor coordination and performance of ASD people (Bennett et al.,
2021; Fournier et al., 2010). However, considering the ensemble of
biomechanical parameters, we noted that in general ASD people per-
formed very similarly to neurotypical people and with no clearly
observable contraindication. With respect to previous studies, our setup
allowed people to freely set the pace of their movements and this aspect
may have helped to improve their performance. This means that this
kind of working activity and environment is suitable also for ASD peo-
ple, but more attention to their needs should be paid in order to avoid
fatigue and make the environment more comfortable.

4.3. The use of the Kinect sensor

In this study, movements were acquired with the markerless Kinect
system. This sensor provides a cost-effective, easy-to-use setup that can
be arranged outside a laboratory and that could potentially be applied in
a real working scenario for tracking unconstrained movements. These
aspects make the Kinect sensor more suitable for industrial applications
with respect to the marker-based systems that need a fixed and expen-
sive setup in a laboratory. It is known that the Kinect sensor has lower
accuracy than marker-based tracking systems, especially for distal
joints, and may suffer from environmental conditions, such as light or
the presence of body occlusions that may prevent the sensor from
identifying precisely the body skeleton. Indeed, if the lighting is too low,
the skeleton tracking may be challenging for the Kinect sensor, or if the
skeleton joints are occluded, the Kinect sensors cannot precisely
reconstruct the skeleton. In a previous study, the feasibility of Kinect
sensors for biomechanical analysis was validated in a similar configu-
ration (Brambilla et al., 2023b), in which the influence of these pa-
rameters for the setup presented in this study was quantified and
suggestions for improving the acquisitions were given. Indeed, in our
study, a Kinect camera was placed in front of the operator, providing the
lowest errors in static and dynamic movements, and reducing to mini-
mum body joint occlusions due to the cobot encumbrance. Previous
studies that compared the accuracy of the Azure Kinect to marker-based
tracking systems showed the feasibility of this sensor for human body
tracking, especially in wide movements (Albert et al., 2020; Antico et al.,
2021). Therefore, in this study, we tried to reduce to a minimum all the
negative effects of the environment, controlling the level of illumina-
tion, reducing the encumbrances of the workcell, and focusing on the
joints that the Kinect camera could track better. First, the lighting was
controlled so that the Kinect camera could easily detect the skeleton;
then, the camera was positioned to minimize the occlusions related to
the cobot This study demonstrates that the Kinect sensor is a valuable
tool for biomechanical monitoring in dynamic environments, such as
industrial scenarios.

4.4. Biomechanical assessment in a real world-based scenario

Since in this study, a workcell with a real cobot was realized in a
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Fig. 3. Barplots of maximum torque, maximum normalized torque, and number of events of instantaneous fatigue are reported for neurotypical (NT, upper panel)
and ASD participants (lower panel) in both sessions.

Table 2
Maximum torque, maximum normalized torque, and number of events of instantaneous fatigue are reported for NT and ASD participants in both sessions.

NT participants

Session  Sn01 Sn02 Sn03 Sn04 Sn05 Sn06 Sn07 Sn08 Sn09 Snl0 Snll Snl2 Snl3 Snl4
Max. torque [Nm] 1 16.31 20.33 11.14 14.78 8.28 8.61 7.00 13.12 7.50 8.76 12.55 8.19 10.15 9.73
2 12.30 12.23 10.83 9.12 8.14 8.40 6.65 9.57 7.35 8.70 11.24 7.92 8.22 10.48
Max. norm. torque 1 0.135 0.136 0.098 0.117  0.057 0.073  0.080 0.156 0.115  0.065 0.078  0.071 0.102 0.099
[Nm/(kg*m)] 2 0.102 0.082 0.095 0.072  0.056 0.071  0.076 0.114 0.113  0.064 0.070  0.069 0.082 0.107
#events 1 15 5 28 1 0 0 1 8 22 0 3 0 4 13
2 10 1 5 0 0 0 1 13 9 0 0 0 3 25
ASD participants
Session Sa01 Sa02 Sa03 Sa04 Sa05 Sa06 Sa07
Max. torque [Nm] 1 11.46 11.25 12.39 16.93 17.08 21.97 14.32
2 11.17 14.88 6.58 16.05 15.29 14.03 14.45
Max. norm. torque [Nm/(kg*m)] 1 0.080 0.072 0.118 0.087 0.094 0.139 0.087
2 0.078 0.095 0.063 0.082 0.084 0.089 0.088
#events 1 8 0 2 14 3 14 3
2 1 3 0 11 1 15 1

laboratory, resembling a real working environment, participants could
freely move in the cell and decide in which order to perform the phases
of the assembly task. This configuration allowed to recreate an assess-
ment scenario that approximates the real workers’ activities, making the
environment more realistic. Although the laboratory cannot reproduce
all the environmental disturbances of a real scenario, the design of the
cell resembled as much as possible a real working environment. More-
over, the task was inspired by real industrial assembly tasks, which can
cause fatigue. Indeed, a recent review (Brambilla et al., 2023a) high-
lighted that biomechanical instrumental assessments during working
activities are usually investigated in laboratory environments during
constrained movements that are not fully adherent to real workers’ ac-
tivities. Studies conducted in a real working environment (Intranuovo
et al., 2019; Sakthi Nagaraj et al., 2019), instead, assessed fatigue

through scales and questionnaires, like the Strain Index (SI), the Rapid
Upper Limb Assessment (RULA) and the Occupational Rapid Assessment
(OCRA) checklist. Some studies developed instrumented approaches in
which the RULA is computed automatically (Manghisi et al., 2017;
Meregalli Falerni et al., 2024; Weitbrecht et al., 2023). However, this
kind of assessment may not be completely descriptive of the subject state
since they depend on discrete scales (Lowe et al., 2019). Therefore, our
study merged the instrumental biomechanical assessment and a realistic
scenario. Integrating the biomechanical assessments for the evaluation
of fatigue, effort, and strain in industrial scenarios allows the investi-
gation of the motor system, ergonomics, and mental health, configuring
a multi-disciplinary field of research (Koenig and Riener, 2012). This is
an important point since in the last decade the well-being of workers has
become an increasingly significant topic in the industrial field,
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Fig. 4. Barplots of maximum power and maximum normalized power are reported for neurotypical (NT, upper panel) and ASD participants (lower panel) in

both sessions.

Table 3

Maximum power and maximum normalized power reported for NT and ASD participants in both sessions.

NT participants

Session Sn01 Sn02 Sn03 Sn04 Sn05 Sn06 Sn07 Sn08 Sn09 Snl0 Snll Snl2 Snl3 Snl4
Max. power [W] 1 3.98 3.47 4.75 4.78 3.41 1.85 2.35 2.83 3.55 2.55 2.49 1.84 3.44 2.75
2 3.79 3.03 3.90 3.96 2.20 1.88 1.63 1.89 1.76 1.99 2.60 2.17 3.19 1.80
Max. norm. power [W/(kg*m)] 1 0.033 0.023 0.042 0.038 0.023 0.016 0.027 0.034 0.054 0.019 0.015 0.016 0.034 0.028
2 0.031 0.020 0.034 0.031 0.015 0.016 0.019 0.022 0.027 0.015 0.016 0.019 0.032 0.018
ASD participants
Session Sa01 Sa02 Sa03 Sa04 Sa05 Sa06 Sa07
Max. power [W] 1 3.68 9.11 4.92 10.84 4.54 6.23 5.40
2 2.80 6.70 2.07 9.55 3.35 6.81 3.31
Max. norm. power [W/(kg*m)] 1 0.026 0.058 0.047 0.055 0.025 0.039 0.033
2 0.020 0.043 0.020 0.049 0.018 0.043 0.020

promoting the human-centered perspectives devoted to the improve-
ment of mental and physical health (Lavit Nicora et al., 2021). Indeed,
the well-being of industrial workers and the prevention of diseases are a
fundamental step to improve working conditions and reduce
work-related musculoskeletal disorders (Albanesi et al., 2022; van de
Wijdeven et al., 2023). For this reason, the biomechanical analysis with
instrumental assessments such as kinematic parameters and physiolog-
ical signals provides a more in-depth characterization of the state of the
workers and can help to prevent diseases (Grazioso et al., 2019;
McFarland and Fischer, 2019). Moreover, the evaluation of human dy-
namic factors and intentions supports the worker in performing the
desired task improving the quality of work (Kim et al., 2019; Lanzoni
et al.,, 2023). Our study provides the basis for the extensive use of
biomechanical assessments in an industrial environment. The proposed
protocol provides multisession monitoring of human biomechanics and
is easily adaptable to industrial scenarios, as the setup is designed to
reflect real working environments. A key rule for this setup to be
effective is to position the camera to minimize body joint occlusion

while ensuring that the operator remains in the frame for most of the
time. Furthermore, our study highlights the feasibility of the setup for
ASD workers and, therefore, it can be used in the industrial scenario.

4.5. Limitations and future work

This study has some limitations. First, the sample size of this study is
limited, since only a limited number of participants were enrolled,
especially in the ASD group and, therefore, no extensive statistical tests
could be performed on the effects of gender, age, and other character-
istics. No direct control was carried out on specific medications that may
influence performance during the trial and this factor should be
considered in future work. Moreover, the small sample size reduced the
statistical power of the results since non-parametric tests were
employed, and no outlier removal was performed to not further decrease
the sample size. Outliers may affect the dispersion of the data, influ-
encing the results. However, the protocol was very extensive for the
participants since they were involved for a whole week, and we
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Fig. 5. Barplots of mean energy, normalized mean energy, and mean % energy are reported for neurotypical (NT, upper panel) and ASD participants (lower panel) in

both sessions.

preferred to make a thorough analysis. Future studies should analyze a
wider cohort of participants to validate these results and apply extended
statistical analysis. Moreover, participants were not professional
workers with no previous experience with robot interaction or industrial
assembly tasks. This aspect could have influenced the results, since the
lack of familiarity with the scenario may add variability to the perfor-
mance. However, since ASD participants had no experience in human-
robot interaction, we decided to match also neurotypical participants
with the same level of experience. Furthermore, during the tasks the
positioning of the participants was not constrained to the tracked area;
thus, occasionally the operators were not tracked by the camera, and this
is not the optimal scenario for biomechanical analysis that usually
considers a more constrained environment. However, this allowed to
have a more realistic scenario resembling as much as possible an in-
dustrial working environment. The setup was not in a real industry but
resembled the industrial environment. Indeed, although the experiment
took place in a laboratory, participants were allowed to move freely and
organize the working activity as freely as possible. In this way, no ste-
reotyped movements were considered, and the scenario was made as
realistic as possible. Although the setting was designed to resemble as
much as possible the real scenario, it cannot take into account all the
disturbances of a real industrial environment. Future studies will take
place in industrial scenarios in order to investigate how well a labora-
tory setting can reproduce a real workplace. Moreover, the lack of
standardization introduces variability that may influence biomechanical
comparisons, such as differences in posture, movement strategies, and
task execution. However, the activities were done with the same aim of
completing the task, reflecting better the real scenarios than stereotyped
tasks. Finally, although the best configuration possible for the Kinect
sensor was set, some instabilities in Kinect tracking performance may
have remained. These characteristics may have led to variability of
movements of the same participants and across participants. In a pre-
vious study, the Azure Kinect sensor was compared to a marker-based
tracking system in multiple conditions of light and position, demon-
strating to be feasible for this kind of analysis.

5. Conclusions

In this study, a biomechanical characterization of people performing
assembly tasks in a collaborative workcell with a robot was performed
using a markerless tracking device and a biomechanical model. Two
sessions were compared for each participant, showing that the torque
and power decreased as a sign of adaptation to the working activity.
Moreover, two different populations were compared, neurotypical and
ASD people, finding that ASD participants had a higher risk of fatigue.
Our results showed the feasibility of biomechanical monitoring of in-
dustrial workers in a collaborative workcell, highlighting the impor-
tance of biomechanical characterization also for ASD people.
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Table 4

Energy, normalized energy, and mean % energy are reported for NT and ASD participants in both sessions.

NT participants

Sn06 Sn07 Sn08 Sn09 Snl0 Snll Snl2 Snl3 Snl4

Sn05

Sn01 Sn02 Sn03 Sn04

Session

0.950 0.556 0.181 0.561 0.446 0.606 0.670 0.600 0.914 0.775
0.881 0.502 0.483 0.807 0.296

0.621

1.449
0.866

0.904
0.741

1.016

0.729

0.761

Energy [J/s]

0.648

0.760

0.853

0.511

0.742

0.008
0.007

0.005 0.002 0.007 0.007 0.004 0.004 0.005 0.009
0.006 0.007 0.006 0.005 0.008

0.007

0.007 0.008 0.011 0.006
0.006 0.004

0.005

0.006
0.006

1

Norm. energy [J/(s*kg*m)]

0.003

0.006

0.007

21.49
20.30

27.88
23.79

17.96
12.15

22.63 14.84 16.67 21.92 20.96 14.05 21.29
24.84 17.77 17.66 19.38 19.91 17.74

14.34

38.82
3344

17.54 23.15

13.34

21.08
15.85

Mean % energy

20.98

ASD participants

Sa07

Sa06

Sa05

Sa04

Sa03

Sa02

Sa01

Session

1.249
0.732

1.245
1.586

1.286 1.164 2.720 0.959
0.685

0.981

1.068
0.780

Energy [J/s]

0.871

2.512

0.008
0.004

0.008 0.011 0.014 0.005 0.008
0.010

0.006

0.007
0.005

Norm. energy [J/(s*kg*m)]

0.005

0.013

0.006

27.34

24.31

16.28
16.11

43.69
35.26

33.71

27.26
29.69

24.31

Mean % energy

2291

33.01

20.38

16.97
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