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Work-related musculoskeletal disorders represent one main contributor to production workers absenteeism.
In industry 5.0, exoskeletons have been proposed to mitigate risks of injury by supporting workers during
repetitive tasks, with surface Electromyography (sSEMG) showcasing their effects. Although existing studies
have primarily evaluated exoskeletons by comparing muscle activity with and without the device, a systematic
investigation of which sEMG features most effectively reflect muscle fatigue during prolonged arm elevation
is still missing.

This study aims to evaluate the effectiveness of different sSEMG features in estimating perceived physical
effort during an overhead bolting-unbolting task, performed by 10 participants both with and without a
passive shoulder exoskeleton. It further assesses how the use of the exoskeleton influences the fatigue-related
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metrics identified. sSEMG signals were collected from seven bilateral muscle groups, and 15 time-, frequency-,
and spatial-domain features were extracted and correlated with two subjective effort perception models.

Our results highlight strong correlations between time-domain features and perceived physical effort.
Moreover, comparisons between conditions demonstrate that the exoskeleton provides a measurable fatigue-
reducing effect. In contrast, spatial-domain features showed weak associations with perceived effort, suggesting
limited suitability for low-intensity, long-duration tasks. These findings contribute to identifying the most
informative SEMG features for fatigue estimation and provide evidence of the benefits of passive exoskeletons
in industrial scenarios.

CCS Concepts: » Computing methodologies — Feature selection; « Hardware — Biology-related information
processing; « Human-centered computing — Empirical studies in interaction design;
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1 Introduction

Musculoskeletal disorders represent a significant health problem, being the most common work-
related injury in the European Union and one of the primary causes of work absenteeism [1, 2]. In
2019, these disorders were estimated to affect approximately 150 million Europeans [3, 4]. A large
number of studies highlighted the contribution of common work activities to the development of
work-related musculoskeletal disorders (WMSDs), such as repetitive and prolonged tasks,
improper postures, and fatigue [5-8]. In Industry 4.0, and more recently with the human-centric
approach of Industry 5.0, wearable devices [9-11], the reorganization and instrumentation of
workstations [12, 13], and the use of industrial exoskeletons have been proposed to reduce the
risk of WMSDs by supporting workers in prolonged or repetitive tasks [14-17]. The growing
interest in exoskeletons stems from their ability to provide various types of assistance to the human
joints, thereby reducing the muscular effort while maintaining their freedom of movement as
naturally as possible [16, 18]. Exoskeletons can be classified by the body district they support or by
their actuators: active systems use powered actuators while passive systems rely on mechanical
structures. Semi-passive systems can provide selective assistance during specific movement phases
by integrating both active and passive elements [19]. Independently of the presence of actuators,
exoskeletons supporting the shoulder joint are highly valuable in industrial environments, where
overhead work represents a well-established risk factor for WMSDs [16, 18, 20, 21].

However, there is a growing need to test and validate these devices to assess their ability to
reduce workers’ physical workload, which is closely linked to the risk of developing WMSDs. In
this domain, surface electromyography (SEMG) has emerged as a prevalent technique [14, 22,
23] for evaluating exoskeleton effectiveness in reducing muscle effort and detecting potential
adverse effects, such as altered muscle activation [18] or increased discomfort in non-targeted
areas [1, 24]. Moreover, while temporal- and frequency-domain features correlate with physical
workload, recent high-density sEMG (HDsEMG) studies showed that spatiotemporal sSEMG
distribution also changes significantly with muscle fatigue or pain [25-28]. An additional benefit
of HDSEMG over bipolar sSEMG is its denser spatial distribution, enabling motor unit activity
extraction through decomposition algorithms [29, 30], and the identification of different activation
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foci [31-33]. Moreover, studies showed that pain can significantly alter muscle activation patterns
and increase fatigue [26, 34]. Since prolonged physical workload and muscle fatigue are well-
established contributors to injury risk, SEMG-based analysis offers a valuable indirect means of
informing risk assessment strategies. However, despite their recognized potential to capture signs
of fatigue or pain, and thus increased injury risk, the use of spatial features derived from HDSEMG
for accurate fatigue estimation in occupational settings holds significant promise but remains
largely unexplored [35]. The absence of comprehensive analyses conducted in real-life occupational
environments hinders the translation of these promising markers into practical tools for the early
identification and prevention of WMSDs.

In addition to muscle activation assessments, only a few studies have monitored cardio-respiratory
activities, using physiological parameters like heart rate (HR) and respiration rate (RR), during
tasks [36, 37]. Nonetheless, combining these parameters with perceived effort questionnaires can
help gauge physical workload and validate the effects of devices, as changes in HR and RR have
been, in fact, associated with fatigue and intense effort [38, 39] and thus can be used to detect
the presence of fatigue from an objective point of view [40]. Moreover, although various active
[41, 42], passive [18, 43], and semi-passive [44] exoskeletons significantly reduced musculoskeletal
loading, studies on changes in SEMG spatiotemporal distribution in real-life occupational settings
are limited.

Numerous studies have analyzed body kinematics to detect compensatory movements and strate-
gies induced by fatigue [45, 46]. However, when dealing with isometric contractions, SEMG-based
approaches may provide more insightful information. Although several studies have investigated
various SEMG-derived measures to identify muscular fatigue, only a few have comprehensively
compared features across different signal domains [35, 47-50]. Numerous studies have achieved
high accuracy in distinguishing fatigued from non-fatigued states using traditional machine learn-
ing and deep learning classifiers [50-54]. However, these studies typically use a binary approach,
which neglects the continuous progression of muscular fatigue. In this context, Frey-Law et al. [55]
proposed and validated a three-compartment muscle fatigue model consisting of active, fatigued,
and resting muscle states. The model has been shown to effectively estimate fatigue at the joint level
by accurately predicting endurance times during sustained isometric tasks, providing a valuable
foundation for modeling localized fatigue in ergonomic and biomechanical applications. How-
ever, to effectively monitor and mitigate risks for workers, it is crucial to identify global physical
workload levels continuously over time. To achieve this, it is essential to identify metrics that
accurately and promptly reflect physical workload trends, enabling the development of intelligent
and optimized monitoring systems.

An early attempt at estimating a continuous level of fatigue was made by Yochum et al. [56],
who proposed a functional electrical stimulation system capable of also indicating the intensity
of muscular fatigue during exercise through sEMG recordings. In their study, muscle fatigue was
estimated on a scale from 0% to 100% based on M-wave duration, an electrical activity that follows
stimulation pulses. A value of 0% corresponded to a non-fatigued muscle (i.e., at the onset of
stimulation), while a value approaching 100% indicated substantial muscular fatigue, characterized
by a doubling of the M-wave duration (s = 2). In recent years, to address these limitations and obtain
a continuous measure of muscle effort, Divekar et al. [57] computed muscle effort as the mean root
mean square (RMS) of the EMG signal, normalized to the percentage of maximum voluntary
contraction (%*MVC) over the gait cycle. In related studies, Kuber et al. [58, 59] evaluated perceived
effort using the Borg scale, while Bergmann et al. [60] developed a mathematical model based on
user-generated force/torque inputs, while still reporting subjective fatigue over time. However,
these approaches are susceptible to individual variability, such as participant motivation, and are
typically task-specific, focusing on particular muscles and thereby limiting their generalizability
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for estimating overall fatigue levels. To address these limitations, Jin et al. [61] incorporated
physiological signals, including HR and functional near-infrared spectroscopy, to classify 16 distinct
workload levels. Similarly, Forman et al. [62] associated perceived effort with frequency-domain
features of physiological signals. In their work, Coraggio et al. [63] compared multiple fatigue-
related metrics against exercise repetition counts to identify the most fatigue-sensitive indicators.
However, their analysis was restricted to the lateral deltoid and middle trapezius muscles and did
not account for the influence of assistive devices such as exoskeletons, which may attenuate fatigue
development. The increasing interest in these solutions and the limited systematic comparison of
SsEMG features across time, frequency, and spatial domains highlight the need for more targeted
analyses. Such comparisons can enhance our understanding of how different features correlate
with physical workload models and their evolution over time, thereby improving the effectiveness
of ergonomic interventions.

The primary objective of this study is to evaluate the effectiveness of surface EMG features
from different domains (time, frequency, and spatial) in estimating perceived physical effort and
detecting muscle fatigue during a prolonged low-intensity overhead task. A secondary objective is
to assess how the use of a passive shoulder exoskeleton influences the evolution of fatigue-related
metrics over time. To this end, we designed an experimental protocol simulating an industrial
scenario in which 10 participants performed a repetitive overhead bolting-unbolting task under
two conditions: with (W) and without (WO) a passive shoulder exoskeleton. As the task required
both arms to perform the same repetitive action simultaneously on two separate bolts, we recorded
sEMG signals from seven muscle pairs, using bipolar electrodes on the non-dominant side and
HDSEMG on the dominant side. This setup enabled a comprehensive assessment of muscle activity,
capturing both global effort and spatial activation patterns. In addition to evaluating temporal
and frequency features, we analyzed changes in the spatial distribution of muscle activation (from
HDsEMG) and monitored cardio-respiratory activity to complement the effort assessment. Lastly,
we assessed the ability of the extracted features to reflect instantaneous effort levels, track fatigue
progression over time, and distinguish between working conditions.

The article is structured as follows: Section 2 presents the setup, the features extracted in the
study, the experimental protocol, and the conducted analysis. Results are illustrated and discussed
in Section 3. Section 4 contains a discussion on the work, and finally, Section 5 contains conclusions
and some future extensions of the work.

2 Material and Methods

The workflow of the study is shown in Figure 1: bipolar sEMG, HDSEMG, and cardio-respiratory
parameters (i.e., HR and RR) were acquired from the subjects performing an overhead task in the
W/WO conditions. SEMG signals were pre-processed, and features from the time, frequency, and
spatial domains were extracted. Two physical effort models were proposed and correlated to the
extracted features: a linear model with a positive slope and an exponential model based on RC
circuit capacitor charging [64]. Features were ranked by correlation level, with the most relevant
ones analyzed further to assess their ability to distinguish fatigue levels in both conditions. Each
step of the workflow will be detailed in the following sections.

2.1 Experimental Setup

Bipolar sSEMG and HDSEMG sensors were placed on key muscles commonly monitored in shoulder
exoskeleton studies [22]. HDSEMG grids were positioned on the dominant side’s biceps brachii
(BI), triceps brachii (TR), latissimus dorsi (LD), and anterior deltoid (AD). Bipolar sSEMG
sensors were placed on both sides’ medial deltoid (MD), upper trapezius (UT), and rectus
abdominis (AB) and on the non-dominant side’s BL, TR, LD, and AD for direct comparison with
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Fig. 1. Workflow of the study—from left to right: execution of the task and data acquisition; data processing
and feature extraction; analysis of the correlations between features and fatigue (WO condition); statistical
analysis.

|

HDSEMG. To reduce electrode-skin impedance, subjects’ skin was cleaned with alcohol before
electrode placement. HDSEMG reference electrodes were positioned on the wrist (for Bl and TR)
and clavicle (for AD and LD). All EMG sensors were placed following SENIAM guidelines [65].

HDsEMG utilized three Sessantaquattro systems (OT Bioelettronica, Torino, Italy, sampling
frequency: 2kHz) with two 64-channel grids (5 X 13) for the Bl and TR muscles and two 32-channel
grids (4 x 8) for the LD and AD (1-mm diameter, 8-mm inter-electrode distance). Electrodes were
attached using double-sided adhesive foam (SPES Medica, Genoa, Italy) and electro-conductive
paste (SPES Medica).

Delsys Trigno bipolar SEMG electrodes (Delsys, Massachusetts, USA, sampling frequency:
1.11kHz, Inter-electrode spacing: 10 mm) were placed on the dominant side MD, UT, and AB
and all muscles on the non-dominant side.

HR (electrocardiography sampling frequency: 250 Hz) and RR (breathing waveform sampling
frequency: 25Hz) were measured with the BioHarness 3.0 chest belt (ZephyrTM Technology,
Medtronic, Dublin, Ireland).

The MATE-XT exoskeleton (COMAU, Italy) was used in the W condition. This commercial system
provides support to the shoulder with an adjustable spring-based torque for gravity compensation
[66]. The support level was individually adjusted based on the manufacturer’s recommendations,
in accordance with the weight and the height of the subjects. All sensors were synchronized with
an external trigger using an OT Bioelettronica synch-station. The full setup is shown in Figure 2.

2.2 Subjects and Experimental Protocol

Participants provided written informed consent after receiving a thorough explanation of the
experimental procedure and prior to participating in the study, which adhered to the Helsinki
Declaration and was approved by the local ethics committee.

Ten healthy male subjects (27 + 2 years; weight: 81 + 8 kg; height: 180 + 7 cm) were involved in
the study (local ethics committee approval: N.0078009/2021). Exclusion criteria included inability
to give informed written consent, history of musculoskeletal disorders, upper limb, lower limb,
or trunk surgery, orthopedic or neurological diseases, disorders of the vestibular system, visual
impairments or back pain, current pharmacological treatment, and obesity (defined as a body mass
index > 30kg/m?). Additionally, female participants were excluded to avoid potential variability
due to anatomical and physiological differences that could influence the analysis of muscular
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Fig. 2. Experimental setup—a representative participant wearing the MATE-XT passive exoskeleton along
with the multimodal monitoring system: Delsys Trigno (green), OT Bioelettronica Sessantaquattro (blue),
ZephyrTM BioHarness 3.0 (red).

responses. Only male participants were recruited in order to control for potential variability related
to sex-specific differences in muscle morphology and fatigue responses, as previously reported in
the literature [67, 68]. Before task execution, a 5-minute baseline was recorded to measure HR and
RR while subjects were seated in a resting condition.

The task was selected to induce progressive upper limb fatigue while simulating a real working
scenario. Participants performed a bilateral, continuous overhead bolting-unbolting movement,
maintaining an isometric contraction by holding the shoulder and elbow joints at 90° of flexion
throughout the task (Figure 3). The height of the structure was adjusted for each subject, who was
instructed to maintain a consistent bolting-unbolting pace with both hands. The task lasted up to
15minutes or until exhaustion. The order of conditions (W and WO exoskeleton) was randomized
to mitigate carry-over effects, with both conditions recorded on the same day, 3 hours apart.

Perceived effort, as well as exoskeleton usability, was assessed using the Borg 6-20 Scale [69]
and system usability scale (SUS) [70, 71] questionnaires, respectively, administered at the end
of each condition. Before completing the Borg scale, participants were instructed to focus their
rating specifically on the effort associated with the isometric contraction (i.e., maintaining the arm
position), rather than on the screwing activity.

2.3 Data Processing

Bipolar and HDSEMG data processing are presented in Figure 4.

Data were digitally filtered with a fourth-order Butterworth band-pass filter (20-500 Hz). Ten
commonly studied features in the time and frequency domains were calculated for bipolar SEMG
[47, 72]. In order to directly compare bipolar and HDSEMG data, the same ten features were
calculated also for the HDSEMG by averaging the signals of each grid, thus considering the grid as
a single virtual electrode.
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Fig. 3. Overhead bolting-unbolting task. Shoulder and elbow flexed at 90°. The height of the structure is set
accordingly to the subject.
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Fig. 4. Bipolar and HDSEMG data processing: from band-pass filtering to feature extraction. Signals from
both systems were band-pass filtered between 20 and 500 Hz. HDSsEMG signals were further processed to
obtain a bipolar configuration for spatial feature extraction, or a single average virtual electrode for time and
frequency feature extraction.

Moreover, 59 and 28 bipolar sSEMG signals were obtained from each 64- and 32-electrode grids,
respectively, by subtracting the signals from two adjacent electrodes along the columns [73].
The obtained bipolar grids were used to extract spatial features [31-33, 72]. All features from
bipolar sSEMG, HDsEMG, and cardio-respiratory signals were calculated on non-overlapping time
windows of 30 seconds. Time- and frequency-domain features were normalized per subject in the
0-1 range, while space-domain features were expressed in the grid coordinate reference system.
To study the variation of the features with the increasing of fatigue, the obtained observations
were organized in three equally distributed time frames, expressed in minutes: start (0 < time < 5),
middle (5 < time < 10), and end (time > 10).

HR and RR were normalized, for each subject, with respect to their baseline value, and their
increase percentages were calculated and averaged—for each condition and time frame. Similarly
to SEMG data, data were organized in three equally distributed time frames.
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2.3.1 Time-Domain Features. Time-domain features describe the signals behavior in the time
dimension and represent the most popular approach to study physical workload [72]. Previous
studies showed that features in this domain present an increasing trend over time [74, 75]. We
computed:

—RMS: RMS of a signal is related to the average activation level of the signal, and it can be
calculated as

(1)

where N is the number of elements in the 30-second time window (N = 33,333 in bipolar sSEMG,
N =60,000 in HDSEMG), x; is the value of the SEMG signal of the ith sample.

—Simple Square Integral (SSI): similarly to RMS, also SSI is related to the average activation of
the signal, and it can be calculated as

N
SSI = Z (x;)%. (2)
i=1

—Zero Crossing (ZC): ZC is calculated as the number of times the SEMG signal changes its sign.
This measure is related to muscle contraction and can be expressed as

N-1

1
ZC = - ) Isign(x) = sign(xis)|, ®
i=1

where sign(x) represents the sign function, which returns —1ifx < 0,0ifx =0,and 1 if x > 0

—Wavelength (WL): WL measures the cumulative length of a signal waveform as

N-1
WL= ) bxin . @
i=1

—Variance (VAR): VAR is a statistical measure that quantifies the dispersion or spread of a set of
values around their mean. Mathematically

N
VAR(x) = % 3o - 27 )
i=1

where x represents the average value of the signal in the time window.

—Mean Absolute Value (MAV): MAV quantifies the average magnitude of a signal over a certain
window or set of samples as

1 N
MAV = — i 6
N;m ©

2.3.2  Frequency-Domain Features. Frequency-domain features can be obtained from the calcu-
lation of the power spectrum of the signal through methods like the Fourier Transform. Contrary
to time-domain features, when muscle fatigue occurs, features from this domain tend to decrease
over time [74, 75].

—Mean and Median Power Frequency (MeanF and MedF): MeanF and MedF are commonly used
measures in signal processing, particularly in the analysis of power spectra. These features are
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characterized by a linear decrease with physical workload over time. Mathematically

Xpf-P
Means = 27 P
2r P(f)
where P(f) represents the power spectrum of the signal, calculated through Discrete Fourier
Transform;
—While MedF(t) was obtained by:

™)

(a) Arranging the power spectrum P(f) in ascending order.
(b) Calculating the cumulative sum of power values.
(c) Finding the frequency bin where the cumulative sum reached half of the total power.

—Instantaneous Mean and Median Frequency (IMeanF and IMedF): Instantaneous frequency can
be determined using the Hilbert Transform, and it allows tracking the evolution of the frequency
of a signal dynamically. Similarly to MeanF, IMeanF can be calculated as

X f-P(f.1)

IMeanF(t) = 5 PG

®)

—While IMedF(t) was obtained by:

(a) Calculating the instantaneous frequency power P(f;z).

(b) Calculating the frequency-averaged frequency power Pf(t) by averaging P(f,t) across the
frequency domain for each time point .

(c) Calculating the cumulative sum of values of Pf{2).

(d) Finding the frequency bin where the cumulative sum reached half of the total power.

Both IMeanF and IMedF showed a downward trend with increasing fatigue.

2.3.3  Space-Domain Features. RMS values extracted for each electrode in HDSEMG grids can be
used to create topographical maps. The use of these maps allows the identification of adjustments in
the muscular activity across specific muscle areas, such as changes in the position of the activation
focus or its homogeneity [31-33].

—Region of Activation (RoA): RoA is defined as the position (in electrode coordinates) of the
center of the 4-electrodes neighborhood with the highest average RMS [31]. Neighborhoods were
made of two rows and two columns of adjacent electrodes. X and Y coordinates of the center were
extracted, with the Y axis parallel to the muscle fiber.

—Center of Gravity (CoG): Similarly to RoA, CoG was calculated from the RMS topographical
map, as follows [32, 33]

2i Zj i-Ev(i, j)

K0 T ) ¥
DR
Yo T T G 1o

where X, is the x-coordinate of the CoG, Y¢, is the y-coordinate of the CoG, i and j represent
the coordinates of the virtual electrode, Ev(i, j) represent the value of the electrode at i and j
coordinates

—Entropy (Entr) [32, 33]: Entr of an image or, in our case, of a two-dimensional signal, can
quantify the homogeneity in the distribution of pixel intensities within an image. Entr can be
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calculated as

n
Entr = — Z P(Ev) - log, (P(Ev)), (11)
i=1
where P(x;) is the probability of occurrence of pixel intensity Ev in the image, n is the total number
of possible pixel intensity levels. In presence of muscle fatigue, the spatial reorganization of the
muscle activity can lead to a reduction of homogeneity (lower entropy) [32, 33].

2.4 Correlation Analysis

Considering the physical effort as a non-decreasing function that increases with time, two mathe-
matical functions were evaluated: a linear model with a positive slope (with its value set to 0 at the
beginning of the task and reaching 1 by the end) and an exponential model inspired by the charge
of a capacitor in an RC circuit [64], expressed as

F(t) = Qmax (1 - e_t/RC) , (12)

where F(t) represents the physical effort as a function of time. F(¢) value is set to 0 at the beginning
of the task (absence of fatigue) and to 0.9 at the end (high level of fatigue). Qmax and RC are set
to 1.

In particular, the linear model was selected as it can directly represent the time elapsed from the
beginning of the task. Identifying features that exhibit strong correlation with this model would
indicate a direct association with time progression. An example of this approach is found in Alty
and Georgakis [76], who used linear regression to assess the temporal behavior of selected features
during fatigue-inducing tasks. On the other hand, the RC circuit-inspired model originates from
the work of Peternel et al. [64], who proposed a robotic assistance framework based on fatigue
detection. Unlike the linear model, this approach assumes a more rapid increase in fatigue levels
followed by an early saturation, similar to the results based on the perceived effort obtained by
Ratke et al. [51]. Correlation coefficients between the features and the two functions were calculated
individually for each muscle and for each subject. The resulting values were then averaged across
subjects and subsequently across muscles to obtain a representative correlation value per feature.
In particular, we generally expected positive correlations for temporal features, as these tend to
increase with rising levels of fatigue, and negative correlation values for frequency-domain features,
which typically decrease as fatigue progresses [72, 74, 75, 77]. Conversely, for spatial features,
we anticipated some degree of variation, which could manifest as either positive or negative
correlations depending on the specific characteristic being measured [31-33].

2.5 Statistical Analysis

To analyze the effect of fatigue without exoskeletal assistance, significant correlation values for each
muscle (p-value < 0.05) in the WO condition were averaged and sorted. The two features with the
highest absolute value of the correlation coefficient and belonging to two different domains were
further analyzed. The Shapiro-Wilk test was used to assess the normality of the data (significance
level set at p-value = 0.05). Since the results indicated a significant deviation from the normal
distribution, nonparametric statistical tests were employed. In particular, differences in feature
values between the W and WO conditions and across time frames were assessed using the Wilcoxon
signed-rank test. Specifically, differences between the two conditions were analyzed for each
monitored muscle within each fixed time frame. For each condition, pairwise comparisons of
feature values between Start, Middle, and End frames were evaluated with Bonferroni Correction
(Start-Middle, Middle-End, Start-End, p-value = 0.0167). Furthermore, increases in activation values
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Fig. 5. Percentage increases with respect to the baseline (resting) value of HR and RR. HR showed significant
increases between the start and the middle, and the start and end time frames, highlighting the insurgence
of fatigue in the subjects in both conditions (W/WO). RR did not show any significant difference, except
between the start and middle time frame in the WO condition.

across time frames and the two conditions were evaluated using the nonparametric two-way
Scheirer-Ray-Hare test.

Moreover, to evaluate how physical effort increased among muscles, optimal linear models were
fitted to each feature over time, and the resulting slopes were analyzed. Specifically, differences in
slope values between conditions (W and WO) were evaluated using the Wilcoxon signed-rank test
(p-value < 0.05).

All signal processing and statistical analyses were conducted using MATLAB software (version
2019b, MathWorks, Natick, MA, USA).

3 Results

All subjects successfully completed the full 15-minute task duration without stopping. Borg scale
showed higher perceived exertion for the WO condition (WO: 15.6 + 2.3, W: 11.1 + 2.4, W vs. WO
p-value: 9.7 x 10™%), demonstrating the effect of the exoskeleton in reducing the perceived effort
during overhead working tasks, and thus confirming our hypothesis of fatigue occurring differently
in the two conditions. Average SUS scored 85.8 + 7.0 (maximum SUS value = 100), indicating a high
level of perceived usability of the exoskeleton in the performed task.

Figure 5 shows the results of the cardio-respiratory activity in the three time frames and in the
W/WO conditions. The HR showed significant increases over time, with significant differences
between the Start (S) and Middle (M), and between Start and End (E) time frames, indicating that
the physical effort had a tangible effect on the subjects in both conditions. Significantly higher
values in the WO condition compared to the W condition were found in Middle and End time
frames. On the other hand, RR showed a significant decrease between Start and Middle time frames
in the WO condition, but did not show any significant difference between other time frames or
between the W/WO conditions.
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Fig. 6. Feature ranking: sorted average significant correlation absolute values (a) for the linear (left) and
RC-based (right) models. With both models, RMS and IMedF achieved the highest correlation coefficients for
the time and frequency domains, respectively. All correlation values for each feature for the linear (green)
and RC-based (blue) models (b). All time-domain features showed positive median values, except for ZC. All
frequency-domain features showed negative median values. Space-domain features showed low correlation
values.

3.1

Average and median correlation coefficients (p) between the features and the two workload models
are presented in Figure 6: (a) shows the sorted absolute values of correlation coefficients, obtained
averaging only significant correlations (p-value < 0.05); (b) shows all the obtained correlation
coeflicients for each feature (both significant and non-significant).

Correlation analysis showed median positive coefficients for the time-domain features, suggest-
ing, in agreement with previous studies, that they increase with perceived physical effort over
time [72]. The only exception was found for ZC, which showed a similar correlation coefficient but
opposite in sign (Figure 6(b)). On the other hand, frequency-domain features showed all negative
median correlation coefficients, suggesting that they decrease over time, in agreement with the
literature [72]. Spatial-domain features showed the lowest correlation coefficients or no significant
correlations at all, suggesting that they may not be easily associated with increasing perceived
fatigue or effort.

The ranking with the linear and the RC charge models of physical effort presented similar
correlation results (Figure 6(a)). In both cases, RMS (Linear pRMS = 0.68; RC pRMS = 0.67) and
IMedF (Linear pIMedF = 0.40; RC pIMedF = 0.45) were identified as the most correlating features
from the time and frequency domains, respectively. The two most correlating features from the time
and frequency domains (RMS and IMedF) were further analyzed. The only feature that showed a
different behavior compared to the others in its domain was ZC (linear pZC = 0.43; RC pZC = 0.48),
which was therefore further analyzed. Non-significant correlations in the linear model were found

Correlation Ranking
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Fig. 7. RMS, ZC, and IMedF values in all the monitored muscles in W/WO conditions, in start (0 < time < 5),
middle (5 < time < 10), and end (time > 10) time frames ((a)-(c), (d)-(f), (g)—(i)). Linear fitting slopes for
RMS, ZC, and IMedF in each monitored muscle in W/WO conditions ((j)—(L)).

for RMS in the non-dominant AD, MD, and for the dominant AB; for ZC in the non-dominant
MD and AB; for IMedF in the non-dominant MD, UT, BI, and AB, and for the dominant UT. Non-
significant correlations in the RC model were found for RMS in the non-dominant AD, MD, and
AB, and in the dominant AB; for ZC in the non-dominant AD, MD, and AB; for IMedF in the
non-dominant AD, MD, UT, and BIL.

3.2 Exoskeleton Assistance

Feature values for each muscle and W/WO condition are reported in Figure 7. Significant differences
were found for both RMS and IMedF between the two conditions, with the WO condition presenting
higher values of RMS and lower of IMedF for most muscles, underlying a higher instantaneous
effort with respect to the W condition (Figure 7(a)—(c), (d)-(f), (g)—(1)). Interestingly, the most
significant differences remained consistent across all time frames, indicating that the positive effect
of the exoskeleton is tangible regardless of the subjects’ perceived physical effort. RMS showed a
higher number of significant differences with respect to ZC and IMedF, and higher symmetry. All
significant differences identified higher values of RMS or lower values of ZC and IMedF for the W
condition, suggesting that the exoskeleton assisted the users without generating any adverse effect
on the muscles.

The linear regression analysis (Figure 7(j)—(1)) presented different results: while RMS slopes
highlighted higher increases in the WO condition in most muscles (Figure 7(j)), ZC and IMedF
showed different behaviors in the dominant and non-dominant side (Figure 7(k)—(1)). Few significant
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Fig. 8. RMS value in each muscle and condition (W/WO, red/blue boxes). Dominant vs. non-dominant side,

for different time frames: start (S), middle (M), and end (E). Significant differences between time frames are
reported.

differences were found, highlighting a higher slope of the RMS (increasing fatigue) in the non-
dominant side TR, and in the dominant side LD in the WO condition, and a lower slope of the ZC
and IMedF (increasing fatigue) of the non-dominant side TR, and in the dominant side AB in the
WO condition.

Average feature values in the three time frames are reported in Figures 8-10. Although it is
possible to see an increasing trend over time of the RMS in most muscles, the Wilcoxon pairwise
analysis only identified a few significant differences, mainly in the dominant UT, BI, TR, and LD
and in the non-dominant TR and AB. ZC showed significant decreasing trends in dominant AD, BI,
LD, and AB and in the non-dominant TR and AB. Similarly, IMedF showed significant decreasing
trends over time in the dominant AD, BI, and LD and in the non-dominant TR and AB.

The Scheirer-Ray-Hare test indicated a significant effect of exoskeleton use on RMS values across
all muscles. In contrast, ZC values were significantly affected in all muscles except the dominant
UT and the non-dominant ABS and LD muscles. A similar pattern was observed for IMEDF, with
significant differences in all muscles except the dominant UT and non-dominant ABS. The same
test revealed a significant association between RMS values and time frame in dominant UT, BI, TR,
LD, and non-dominant TR. Similarly, significant correlations between ZC values and time frame
were observed in dominant AD, BI and non-dominant TR. For IMEDF, significant time-related
effects were found in dominant AD, BI and non-dominant TR. No significant interactions between
time frame and condition were detected for any muscle or feature.

4 Discussion

This study analyzed upper body muscular activations of 10 subjects performing a 15-minute
overhead task, both W and WO an exoskeleton, during an isometric contraction. From bipolar
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SEMG and HDSEMG on seven muscle pairs, commonly used temporal-, frequency-, and spatial-
domain features were extracted and ranked by their correlation with overall physical effort models.

The analysis showed how commonly studied features from the time and frequency domains [72]
effectively distinguished between exoskeleton-assisted and WO exoskeleton conditions for most
muscles across all time frames.

Similarly to other findings in the literature, the exoskeleton demonstrated a positive impact on
the supported muscles: many statistically significant differences in the activation profiles were
found compared to the WO exoskeleton condition, suggesting a reduced level of fatigue [16, 18]
(Figure 7). However, while most muscles exhibited significant differences in instantaneous effort
between conditions (W/WO), only a few showed notable changes in the three time frames.

Results indicated that the exoskeleton-assisted condition led to reduced perceived discomfort
and effort, as well as lower instantaneous effort compared to the WO exoskeleton condition. The
Borg and SUS scales confirmed that subjects found the exoskeleton helpful, while HR data showed
increased fatigue with higher values in the WO condition (Figure 5). However, RR did not show
significant differences between conditions or over time.

Consistent with previous findings reported in the literature [72], features extracted from different
signal domains exhibited distinct patterns in relation to the level of fatigue. The time-domain
features demonstrated positive correlations with both proposed fatigue models, indicating an
overall increase in their values as fatigue progressed. In contrast, frequency-domain features
were negatively correlated, showing a general decrease in response to fatigue (Figure 6). The
only exception to this trend was observed for the ZC feature, which exhibited behavior more
consistent with frequency-domain features despite being typically classified as a time-domain
feature. This may be due to the fact that, while computed in the time domain, ZC inherently reflects
frequency-related characteristics of the signal.

While previous studies have established associations between fatigue and time-, frequency-
[72], and spatial-domain features [31-33], in this study, time-domain features exhibited a higher
degree of correlation with fatigue levels, suggesting their potential as more reliable indicators with
sEMG data (Figure 6). Conversely, HDSEMG spatial features had lower correlations, but time- and
frequency-domain features from HDSEMG still revealed significant differences between conditions,
in particular with the IMedF feature (Figure 7), facilitated by the larger size of the adhesive surface
of HDSEMG grids which reduced electrode positioning errors and shifts. Nonetheless, ZC and
IMedF features showed higher variability in regression slope analysis, with differing behaviors on
the dominant and non-dominant sides (Figure 7).

Results ranked features based on their responsiveness to fatigue and working conditions, pro-
viding useful guidelines for future research. Most features effectively identified the exoskeleton’s
positive impact on reducing muscular load, as supported by subjective feedback.

RMS, ZC, and IMedF showed significant differences in muscle activity with the exoskeleton,
except for a few muscles, with no evidence of adverse effects.

The low correlation observed for spatial-domain features indicates their potentially limited
effectiveness in low-intensity tasks. This outcome underscores the need for further investigation
in high-intensity conditions, such as those explored in previous studies [27, 31-33], to better
understand their utility and relevance.

Linear fitting analysis revealed minimal differences between the W and WO conditions, suggesting
that despite the immediate effect of the exoskeleton on the muscular load, the increase in the physical
effort was perceived in both conditions in a similar way (Figure 7).

One limitation of this study is its small, homogeneous sample of ten male participants. Given
the sample size, randomization alone may not have effectively controlled for order effects or carry-
over effects. Moreover, the inclusion of only male participants restricts the generalizability of the
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findings. Future investigations should include a balanced representation of sexes to account for
potential physiological differences in muscle activation and fatigue dynamics, increase sample size
and age range, and explore the effects of features in shorter, more intense tasks. Furthermore, the
results of this study should be interpreted in the context of the specific overhead task that was
performed. The findings are task-dependent and may not generalize to other types of physical
activity or postural demands, as the aim of this work was to evaluate the behavior of different
feature domains in the context of a defined, controlled working scenario. Given the specificity of the
task and the features assessed, additional studies will be necessary to explore the generalizability of
these findings to other tasks, postures, or operational settings. Additionally, studying these features
with real workers in actual working conditions could provide more accurate and applicable insights.

Nonetheless, the results of this study demonstrated the potential for effectively monitoring
worker fatigue levels within an Industry 5.0 scenario.

5 Conclusions

This study presented a systematic feature selection strategy based on correlations with overall
fatigue patterns, identifying key EMG characteristics closely associated with perceived physical
exertion. The proposed approach was tested in an occupationally relevant scenario by recruiting 10
healthy participants, who were asked to perform a prolonged fatiguing task involving isometric
contractions. This setting allowed us to investigate the responsiveness of different SEMG features
to physical effort and fatigue under realistic working conditions.

The application of the proposed approach enabled the identification of EMG metrics that con-
sistently highlighted physical fatigue across two different fatigue models: a linear model and a
representation-based model derived from RC charge dynamics. Results demonstrated that time-
domain features were more effective than frequency- and space-domain features in detecting fatigue
during prolonged, low-intensity isometric tasks.

The identified metrics were then used to compare the level of physical fatigue between two
conditions: a condition WO exoskeleton task execution and while wearing an occupational ex-
oskeleton. Analysis with the selected EMG metrics showed their effectiveness in highlighting the
reduced load on the monitored muscles gained from the exoskeleton use.

In general, the findings of this study contribute to strengthening the methodological foundations
for using EMG metrics to monitor physical fatigue during sustained isometric activities. Future
work will aim to extend this analysis to dynamic occupational tasks, moving beyond static isometric
exercises to capture muscle activity in more realistic, operational scenarios.
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