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Abstract: This study aims to verify the hypothesis that the combined use of high-density surface
electromyography (HDsEMG) and segmental kinematic assessment allows an optimized
discrimination of risk levels associated with different fatigue lifting conditions. 15 participants
performed three lifting tasks lasting 15 minutes (Lifting Index(LI): 1, 2 and 3). Kinematic of upper
body and electromyographic data of erector spinae (ES) muscle were recorded using, respectively,
Inertial Measurement Units (IMUs) and both electromyographic bipolar and HD systems. The
ANOVA showed that each pair of LI can be significantly discriminated by the root mean square of
the acceleration magnitude only for the IMU on the arm, of bipolar sEMG at last two minutes of the
task and of HD grid starting from the 4t minute. Additionally, the topographical maps of EMG
amplitude show that the ES activity distribution changes between the beginning and the end of the
session especially in the high-risk condition.

Keywords: Bipolar and High-Density (HD) sEMG; biomechanical risk; fatiguing frequency-
dependent lifting activities.

1. Introduction

To prevent the onset of work-related low-back disorders (WLBDs) related to the manual lifting
of heavy loads and to evaluate the effectiveness of ergonomic interventions, it is crucial to perform
an accurate biomechanical risk assessment. Among others, the Revised National Institute for
Occupational Safety and Health (NIOSH) Lifting Equation (RNLE) (Waters et al., 1993, 1994) allows
health and safety practitioners to assess manual lifting efforts, albeit with some drawbacks due to
equation and parameter restrictions (Lavander et al., 2009).

In addition to RNLE, several promising instrumental-based assessment tools have been
designed and developed in recent years (Alberto et al., 2018). These quantitative approaches rely on
the computation of kinematic, kinetic and surface electromyography (SEMG)-based indices such as
mechanical energy consumption (Ranavolo et al., 2017), compression and shear forces at the 5%

lumbar and 1+ sacral vertebra of the spine (Ranavolo et al., 2018a) and trunk muscle co-activation
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(Ranavolo et al., 2018a, 2015). These indices are sensitive to different lifting risk conditions and are
positively correlated to stress parameters on the sacral-lumbar region of the spine (i.e. compressive
and shear forces in that region). These quantitative methods have significant advantages. They can
be used in scenarios where RNLE cannot such as lifting while seated or kneeling, in a restricted
workspace, unstable objects, while carrying, pushing, or pulling and in unfavorable environments.
Furthermore, the computational cost for indices calculation is very low and the recording of signals
from the human body can be achieved with unobtrusive, wireless, wearable, miniaturized and low
power consumption sensors (Alberto et al., 2018). The most commonly used systems are inertial
measurement units (IMUs), wireless shoe insoles for ground reaction force measurement and bipolar
sEMG probes. Instrument-based tools for biomechanical risk classification can be optimized by the
use of machine-learning techniques, such as artificial neural networks (ANNs), which have high
performance when appropriate kinematic and sEMG datasets are selected (Varrecchia et al., 2018,
2020).

By contrast, the capacity of these approaches to detect the biomechanical risk is currently limited
only to single frequency-independent lifting task (single repetition of task) (Waters et al., 1994) with
no adjustments for the influence of muscle fatigue. Indeed, previous studies (Ranavolo et al., 2015,
2017, 2018a; Varrecchia et al., 2018, 2020) involved lifting tasks were designed to be executed at a
lifting frequency < 0.2 lift/min providing frequency multipliers of RNLE always equal to 1 (not
affecting the RNLE). The use of sSEMG-based biomechanical risk assessment tools for fatiguing lifting
tasks has not been explored yet. For instance, myoelectric manifestations of muscle fatigue can be
estimated using bipolar sSEMG by monitoring changes in the amplitude and frequency of the signals
over time (Cifrek et al., 2009; Merletti and Parker, 2004; Merletti and Farina, 2016) attributed to
fatigue-induced changes in muscle fibers conduction velocity (Farina and Merletti, 2003; Farina and
Merletti, 2004). On the other hand, high-density sSEMG (HDsEMG) can be used to evaluate the spatial
distribution of the muscle activity and to estimate the discharge times of motor units by using
decomposition algorithms (Farina et al,, 2016; Negro et al. 2016; Falla and Gallina; 2020). An
important advantage of HDsEMG over traditional bipolar sEMG, is the improved spatial sampling
attributed to the multi-channels grids, which cover a wider muscle region than that of single pairs of
electrodes (Del Vecchio et al., 2020; Madeleine et al., 2006; Farina et al. 2008; Gallina and Botter,
2013; Falla et al., 2017, 2014). A wider spatial sampling allows assessment of the changes in the
distribution of muscle activity during various motor tasks (Farina et al., 2008; Falla and Farina, 2008;
Tucker et al., 2009). Redistribution of muscle activity during sustained or repetitive tasks appears to
have the physiological and functional significance of minimizing muscle fatigue whilst and
maintaining motor output (Falla and Gallina, 2020; Farina et al., 2008; Gallina and Botter, 2013; Falla
et al., 2014). Redistribution of muscle activity was particularly evident for the lumbar erector spinae,
where a correlation was observed between endurance time and the extent of redistribution of erector
spinae activity (Sanderson et al., 2019).

For these reasons and given of the better spatial sampling provided by HDSEMG compared to
bipolar sEMG, in this study we aimed to verify the hypothesis that the combined use of HDsEMG
and segmental kinematic assessment allows an optimized discrimination of risk levels associated

with different fatigue lifting conditions.

2. Materials and Methods
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2.1 Participants

Fifteen asymptomatic participants (9 female; age: 27.87+3.98 years; body mass index [BMI]:
25.26+3.21 kg/m?) were recruited according to the following inclusion criteria: participants must have
the capacity to give informed written consent, no relevant history over the last three years of back or
lower limb pain or injury that limited their function and/or required treatment from a health
professional. Exclusion criteria were concurrent systemic, rheumatic or neuro-musculoskeletal
disorders which may confound testing, current pregnancy, currently on high doses of opioids (> 30
mg of morphine equivalent dose).

All participants gave their informed written consent before taking part in the study, which was
conducted according to the Declaration of Helsinki at the Centre of Precision Rehabilitation for Spinal
Pain (CPR Spine), the University of Birmingham, approved by the School of Sport, Exercise &
Rehabilitation Sciences Ethics Committee (protocol number MCR260319-1).

2.2 Experimental procedure

The participants performed lifting tasks in three different lifting conditions selected to obtain
the Lifting Index (LI) values of 1, 2, and 3 (Waters et al., 1994). LI was calculated as the ratio between
the actual weight of the lifted load (L) and the recommended weight limit (RWL). RWL provided an
estimate of the level of physical demand associated with the lifting task (Waters et al., 1994) and was
calculated according to the RNLE as:

RWL = My xHMXVMxDMxAMXFMxCM (1)

where m,.(is the reference mass for the identified user population group, HM, VM, DM and
AM are the horizontal distance, vertical distance, vertical displacement and asymmetry multipliers
calculated by using equations or derived by tables by measuring appropriate parameters (horizontal
distance (H), vertical location (V), vertical travel displacement (D) and angle of asymmetry (A)), CM
is the coupling multiplier for the quality of gripping and FM is the frequency multiplier depending
on lifting frequency (F), lifting duration and vertical location. Table 1 shows, for each lifting condition,
the values of L, H, V, D, A, F and the corresponding values of the multipliers HM, VM, DM, AM, FM
and CM. The hand-to-object coupling was defined as “good” for all three lifting tasks (Waters et al.,
1994). The three conditions differed only the values attributed to F and FM while remaining

parameters and multiplies assumed the same values.

LC H A% D A F L
Task HM VM DM AM FM C CM RWL LI
(kg) (cm) (cm) (cm) ©) (lift/min) (kg)
A 23 44 057 75 099 40 093 0 1 4 0.83 good 1 10 15 1
B 23 44 057 75 099 40 093 0 1 11 0.41 good 1 100 75 2
C 23 44 057 75 099 40 093 0 1 15 0.28 good 1 10 5 3

Table 1. For each task (A, B, and C), the values of the load weight (L), the horizontal (H) and vertical (V)

locations, the vertical travel distance (D), the asymmetry angle (A), the lifting frequency (F) and the hand-to-
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object coupling (C) and the corresponding values of the multipliers (HM, VM, DM, AM, FM, CM), the

recommended weight limit (RWL) and the lifting index (LI).

Tasks were performed with the participant standing in a neutral body position with his/her feet
parallel spaced at a natural standing distance for him/her. The task consisted of lifting a plastic crate
(34x29x13 cm) with handles using both hands in the three different lifting conditions. The participants
performed the lifting tasks in three different sessions performed on three different days, one for each
LI The different lifting sessions were randomly (selecting numbers between one and three from an
opaque envelope) executed across the three days. The three sessions were 72 hours apart and
conducted at the same time of the day for each participant to avoid confounding effects due to fatigue
or daily habits (Filho et al., 2013). The duration of each of the lifting tasks was 15 minutes. The number
of repetitions was determined by the frequency parameter used to obtain the specific LI of the session.
A timer and acoustic feedback were used to monitor the duration of lifting and the frequency of tasks,

respectively.

2.3 Electromyographic and kinematic recordings

2.3.1 Bipolar and HDsEMG

Muscle activity was acquired via two wireless bipolar sSEMG sensors (Ultimium EMG system,
Noraxon, USA Inc. Scottsdale, AZ) bilaterally from the erector spinae longissimus (ESL), following
guidelines for electrode placement (seniam) and the atlas of muscle innervation zones (Barbero et al.,
2012).

HDsEMG was acquired via two 64 channels grids placed 2.5 cm away from the spinous process,
between the 2nd and 5 lumbar vertebra (see Fig. 1A) (Falla et al., 2014; Sanderson et al., 2019). The
grid consisted of 13 rows and 5 columns of electrodes (1-mm diameter, 8-mm interelectrode distance
in both directions), with one electrode absent from the upper right corner (Fig. 1A)). The position
corresponding to the missing electrode was used as the origin of the coordinate system to define the
electrode location. Prior to the application of electrodes, the skin in the region lateral to the lumbar
spine was prepared by shaving the area if needed, applying an abrasive paste (SPES Medica, Italy),
and finally washing and drying the region. The electrodes were prepared by applying a thin custom
double-sided adhesive foam pad to the electrode grid (SPES Medica, Genoa, Italy) where the cavities
of the electrode grids were filled with an electroconductive paste (SPES Medica). Reference electrodes
were placed on prepared skin over the sacrum, posterior and anterior superior iliac spines. The EMG
signals were amplified (128-channel surface EMG amplifier, OT Bioelettronica; #3 dB bandwidth 10-
500 Hz) by a factor of 2000 and sampled at 2048 Hz.

All devices were synchronized together during lifting tasks with a trigger signal generated by a

synching device (MyoSync, Noraxon).
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Fig. 1. Description of the experimental setup. A) Positioning of the HD-sEMG grids: 2.0 cm lateral to
the L5 spinous process on the lumbar ES. Schematic representation of the electrode grids showing the
x- and y-axes and inter-electrode distance (left) and an example of topographical maps (see the text
for further details). B) On the left, setup and IMUs sensor configuration and the right, displacement
and velocity of IMU placed on the load. These curves were used to define the lifting cycle: the events

of lifting start and stop are also reported (see the 2.5.1 for further details).

2.3.2 Kinematic assessment

Inertial sensors (myoMotion Research PRO IMU, Noraxon) were used to acquire movements of
the following body segments (Fig. 1B): the head (in the middle of the back of the head), upper thoracic
(T2), lower thoracic (over the spine at L1/T12), pelvic (bony area of the sacrum at L5-5S1 level), right
arm (mid-length of the humerus) and right forearm (mid-length of the forearm). An additional IMU
was placed on the plastic crate (z-axis in the vertical direction). Calibration was carried out with the
participant in a standing upright position to determine the value of the 0° angle of the assessed body

segments. Sampling frequency for the inertial sensors was set at 200 Hz.

2.4 Questionnaires data

At the end of each session, participants completed a visual analogue scale (VAS) which was used
to rate pain intensity in the low back region (with 0-100 as anchor points for no pain and the worst
pain imaginable, respectively) and the Borg scale to rate fatigue (with 6-20 as points for extremely

light and extremely hard perceived exertion, respectively; (Borg, 1982)).

2.5 Data Analysis

Data were processed using Matlab (version 8.0.0.783; MathWorks, Natick, MA, USA) software.
Kinematic, kinetic and electromyographic data during the lifting task were time-normalized to the
duration of the lifting task. The data were interpolated to 100 samples for the lifting phase and 100
for the lowering phase: the interpolated value at a query point is based on linear interpolation of the

values at neighbouring grid points in each respective dimension.

2.5.1 Lifting cycles detection
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The vertical displacement and velocity of the IMU placed over the crate were calculated. To
estimate vertical velocity and displacement, the filtered acceleration of IMU (3rd order low-pass
Butterworth filtered by applying a 10Hz cut-off frequency) was integrated once and twice
respectively, and the drift was corrected assuming that before and after lifting the vertical
acceleration and speed were zero. The onset of the lifting task was defined as the time point at which
the IMU velocity exceeded a velocity threshold of 0.025 m/s (Ranavolo et al., 2015) along the vertical
axis. End of the lifting task was defined where the IMU load velocity fell below the velocity threshold
in the opposite direction after reaching the minimum value (see Fig. 1B). After the cycles definition,
a Dynamic Time Warping approach (Muscillo et al., 2007) was used to align the curves that were

shifted (see Fig. 2) if wrong events were detected.

[%maximum value]

0 s L L L 4 L s L L J
0 20 40 60 80 100 120 140 160 180 200

Lifting Lowering

o

[%maximum value]

0 50 100 150 200 250 300 0 20 40 60 80 100 120 140 160 180 200

200 samples Lifting Lowering

Fig. 2. Dynamic Time Warping (DTW) approach to align curves. A) Vertical displacement of the IMU
placed over the load in all detected cycles; B) Mean curve and one shifted curve; C) Mean curve and
aligned curve with DTW approach; D) Vertical displacement of the IMU placed over the load in all

aligned cycles.

2.5.2 Bipolar sEMG

The sEMG signals for each lifting task were band-pass filtered using a 3-order Butterworth filter of
20400 Hz to reduce low-frequency artifacts and high-frequency noise (Butler et al. 2009; Drake and
Callaghan, 2006). To extract the envelope of sSEMG signals of each lifting task, full-wave rectification,
and low-pass filtering using a fourth-order Butterworth filter at 5 Hz were applied (Winter, 2009).
Then, to highlight differences in the sEMG activity between different conditions, the root mean
square (RMS) within the cycle was calculated. All the acquired data — all the conditions (LI=1, 2 and
3) of all the lifting tasks — were time-averaged over one-minute windows and expressed as a

percentage relative to the initial value (first value of the task) (Falla et al., 2014).

2.5.3 HDsEMG
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HDsEMG signals were digitally band-pass filtered in the frequency bandwidth 20-400 Hz (3t order
Butterworth filter). Fifty-nine bipolar EMG signals were obtained from each grid (12 longitudinal
bipolar recordings in each column except the first column of the grid, which had 11 electrode pairs).
To characterize the spatial distribution of muscle activity, the RMS values were computed from each
of 59 bipolar recordings from adjacent, nonoverlapping signal epochs of 0.5-second duration, as
described in Farina et al. (2008) and in Falla et al. (2014). The RMS values for each bipolar signal were
used to create a topographical map of ESL activity. For graphical representation, the 59 values were
interpolated by a factor of 8, but only the original values were used for data processing and statistical
analysis. The individual RMS values for each bipolar signal were averaged to produce the mean RMS
across the grid (RMStun gia). Furthermore, for each cycle, the region of activation (RoA) was
determined as follows: the mean RMS for the area of each four neighbouring electrodes was
determined, and the RoA was considered as the area with higher mean RMS (RMSroa, see Fig. 3).

For each condition (LI=1, 2 and 3) of all the lifting tasks, RMStui_gric and RMSroa were time-
averaged over one-minute windows and expressed as a percentage relative to the initial value (first
value of the task) (Falla et al., 2014).
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Fig. 3. Region of activation (RoA) definition.

2.5.4 Kinematics: Acceleration and Jerk

Stability parameters were evaluated from the acceleration signals: the RMS of the acceleration
magnitude (RMSacc_magnitude) and the RMS of the jerk (i.e. the derivative of the acceleration) magnitude
(RMSjerk) (Fazio et al., 2013).

2.6 Statistical Analysis

All of the statistical analyses were performed using Matlab software (version 2018b
9.5.0.1178774, MathWorks, Natick, MA, USA). For each parameter (kinematic and sEMG), the
normality of data distribution was checked using the Shapiro-Walk test. One-way repeated-measures
analysis of variance (ANOVA) was performed to determine whether LI levels determine significant
changes in each parameter. Post-hoc analyses were performed using a paired t-test with Bonferroni's
corrections when significant differences were observed. Furthermore, for each lifting condition and
EMG parameter, we applied a parametric paired-samples t-test to detect any differences between the

right and left side. P values < 0.05 were considered statistically significant.
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3. Results

3.1 Bipolar sSEMG

Fig. 4 shows the mean envelopes (+ Standard Deviation, SD) for each lifting condition of right
and left ESL during the lifting (100 samples) and lowering cycles (100 samples).

. RESL LESL
I 2 I
I I
1 W '
| | ' | |
‘ I |
ot 1 0t +
0 50 100 150 200 0 50 100 150 200
Lifting Lowering Lifting Lowering
LI=1 LI=2-LI=3

Fig. 4. Mean envelopes (+ SD) for each lifting condition of the right (RESL) and left (LESL) erector

spinae - longissimus during the lifting (100 samples) and lowering cycles (100 samples).

Since no statistically significant differences were found between sides (p > 0.05), the following
results uniquely refer to the right side only.

Fig. 5A shows the mean and standard deviation values of RMS for each LI during each minute
of the lifting cycles. For each considered epoch, one-way ANOVA showed significant effects for RMS

considering LI (p < 0.05). The statistical significances for the post hoc analysis are reported in Fig. 5A.

3.2 HDsEMG

Since no statistically significant differences were found between sides for RMStun_gria and RMSroa
(p > 0.05), the following results uniquely refer to the right side.

The mean and standard deviation values of RMStui_gri¢ and RMSroa for each LI, during each
minute of the lifting cycles, are reported in Fig. 5B and 5C. For each considered epoch, one-way
ANOVA showed significant effects for both RMSsu_gria and RMSroa considering LI (p < 0.05). The
statistical significance of post hoc analysis is reported in Fig. 5B and 5C.

Fig. 6 shows the topographical map of RESL EMG amplitude for a representative participant for
LI=1 (A), LI=2 (B) and LI=3 (C) recorded at 2 min intervals throughout the task. In each map, the RoA
is represented as a black square.

Fig. 7 shows the map of activation of RESL for a representative participant for LI=1 (A), LI=2 (B)

and LI=3 (C) in a cycle of the 1t minute and a cycle of the 15t minute.
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Fig. 5. Mean and standard deviation values of RMS of erector spinae longissimus (ESL) for bipolar

signals (A), for all grid of HD signals (RoAsui_g:id, B)) and of RoA of HD (RMSroa, C)) for each LI during

lifting cycles. *statistical significance. RMS: root mean square; HD: high density; RoA: region of

activation.
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Fig. 7. Topographical EMG amplitude maps recorded from the right erector spinae — longissimus for
a representative participant for LI=1 (A)), LI=2 (B)) and LI=3 (C)) in a cycle of the first minute and a
cycle of the last minute of the task.

3.3 RMS of acceleration and jerk

Fig. 8 shows the mean and standard deviation values of RMSacc_magnitude and RMSjerk for each IMU
and each LI during each minute of the lifting cycles. For each considered epoch, one-way ANOVA
showed significant effects for both RMSacc_magnitude and RMSjerk, considering the LI (p < 0.05). The

statistical significance of post hoc analysis is reported in Fig. 8.
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Fig. 8. Mean and standard deviation values of the RMS of the acceleration magnitude (RMSacc_magnitude)
and the RMS of the jerk magnitude (RMSierk) for each IMU and each LI considering lifting cycles.

*statistical significance. RMS: root mean square.

3.4 Questionnaires

The values of VAS and Borg scale at the end of each session are reported in Table 2. The

repeated measures ANOVA revealed no significant effect of the LI on perceived pain (p=0.114) but a

significant effect on perceived fatigue (p<0.001). Post hoc analysis showed significant differences

“U=1 -L=2 -LI=3
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between LI=1 and LI=2 for perceived fatigue (p=0.04) and between LI=1 and LI=3 for perceived fatigue
(p=0.002).

Scale LI Mean+SD

1.4+3.22

VAS (0-100) 4.73+£10.81
7.53£1.55
9.242.62

3 10.1+2.65
Table 2. Pain and fatigue scores measured at the end of each lifting task. VAS, visual analogue scale (0-100); LI,

1
2
3 11.6+22.78
1
Borg Scale (6-20) )

Lifting Index. Values are presented as mean + SD.

4. Discussion

This study investigates, for the first time, the upper body kinematics using IMUs and erector
spinae behaviour using both sEMG and HDsEMG approaches to detect three risk conditions related
to fatiguing frequency-dependent lifting designed using the RNLE. Previous sensors-based
investigations were limited to single frequency-independent lifting tasks by considering the
frequency multipliers of RNLE equal to 1 and excluding the influence of muscle fatigue. Expanding
the analysis capacity would allow better preventive strategies for handling heavy loads which occur
in many workplaces (Le et al., 2017) and are considered one of the main causes of WLBDs. The risk
of lifting-related WLBDs increases as the lifting frequency increases (Johanning, 2000). WLBDs
account for 13-24% of all workplace injuries and illnesses, 15-25% of the annual number of sick leave
days, 25% of workers’ yearly compensation expenses (Garg et al., 2014) and the 19% of Work-related
Musculoskeletal Disorders (WMSDs) (Moreira-Silva et al., 2020).

The erector spinae activity showed an increased activation at the beginning of both lifting and
lowering phases with a decrease until the upright position was reached, and the load was released
(Fig. 4). The results did not reveal any side to side difference of erector spinae activity for any of the
lifting conditions, not even in the most demanding one where fatigue could perhaps give rise to
asymmetric activation. Such finding provides relevant information for the future development of
new sEMG-based risk assessment tools in symmetric tasks, where only unilateral measurements can
be relevant.

The ANOVA showed that, every minute of the trial, the RMS of bipolar sEMG was significantly
influenced by changes in LI (Fig. 5); the higher the risk, the greater the muscle activity. While at the
beginning of the session, differences among the three risk conditions were not detected, from the
third to the 11% minute lower and higher levels of risk (LI=1 vs LI=3) were significantly different. The
medium-risk condition was well distinguished from the high-risk condition only towards the end of
the session (12% and 13 minute) while all the three risk conditions could be discriminated only at the
end of the task (14t and 15" minute).

When we consider the HDSEMG results, the mean RMS across the grid (RMStu_grid) and the mean
RMS in the region of activation (RMSroa) were both sensitive to all three levels of risk; the higher the
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risk, the more significant the increase of RMS (Fig. 5B and C). Specifically, the RMStui_gria revealed
differences between low and medium (LI=1 vs LI=2) and low and high (LI=1 vs LI=3) risk levels which
were already evident from the 2nd minute (Fig. 5B). When the RMSroa was considered, the differences
between low and medium (LI=1 vs LI=2) and low and high (LI=1 vs LI=3) risk levels were detected
from the beginning of the task (Fig. 5C). Starting from the 4™ minute, the RMSroa could discriminate
between the three risk levels (Fig. 5C) as possibly due to the higher spatial sampling achieved by the
measure RMSsui_grid.

The RoA changed with the level of risk; at the low level of risk (LI=1, Fig. 6A) the RMSroa was
static, whereas during the medium level of risk (LI=2, Fig. 6B) it changed slowly and at the high level
of risk (LI=3, Fig. 6C) the RoA was highly variable/dynamic. This could imply that during more
demanding, fatiguing tasks, there is a redistribution of activity to minimize or delay muscle fatigue;
a feature which cannot be detected with traditional bipolar sEMG.

Additionally, the topographical maps of EMG amplitude during a lifting cycle (Fig. 7) show that
during the task at the low level of risk (LI=1, Fig. 7A) there are no differences in the spatial distribution
of erector spinae activity between the beginning (1t minute) and the end (15t minute) of the task.
Conversely, when the level of risk increases (LI=2 and LI=3, Fig. 7B and 7C), changes in the
distribution of erector spinae activity can be observed between the beginning and the end of the
session becoming even more evident in the high-risk condition (Fig. 7). As previously stated, changes
in the distribution of muscle activity during either sustained or repetitive tasks are considered to be
functionally relevant to maintain motor output (Farina et al., 2008; Sanderson et al., 2019) and
potentially avoid overload of the same muscle fibers during prolonged activation. During the task at
a high level of risk, the shift in the distribution of muscle activity was in the caudal direction or the
erector spinae (Fig. 7C). This finding is consistent with previous studies reporting an increase in
sEMG amplitude in the more caudal region of the lumbar erector spinae compared to the more cranial
region following tasks that induced fatigue (Falla et al., 2014; Tucker et al., 2009; Sanderson et al.,
2019; Brazier et al., 1992; Martinez-Valdes et al., 2019; van Dieen et al., 1993).

Collectively, our findings suggest that it is possible to detect the risk level when monitoring
fatiguing lifting tasks by using HDSEMG tools. Therefore, ergonomists and health and safety
practitioners could detect the risk level in order to verify the efficacy of an ergonomic intervention.
This is relevant considering the Industry 4.0 scenario (Kapelner et al., 2020) within which a fast
pattern recognition and classification of workers” movement intentions is needed to control human-
robot collaboration technologies such as wearable robots (i.e. exoskeletons). Recent research has led
to an improvement in measuring and classifying myoelectric signals for man-machine interfaces
thanks to neuro-musculoskeletal models driven by neural information decomposed by HDsEMG (Da
Xu et al., 2018; Kapelner et al., 2019). Moreover, early detection of fatigue could be used to
provide visual, acoustic or vibrotactile stimuli to workers alerting of muscular fatigue (Ajoudani et
al., 2014).

For the kinematic data, the RMS of the acceleration magnitude (RMSacc_magnitude) and the RMS of
the jerk magnitude (RMSjer, Fig. 8) distinguished the low and high level of risk (LI=1 vs LI=3).
Furthermore, for some parameters, there were significant differences between LI=1 and LI=2 or/and
LI=2 and LI=3 (see Fig. 8). In particular, a better distinction between LI was obtained for the
RMSacc_magnitude for the IMU on the arm and forearm since they were able to significantly discriminate

each pair of L1
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This study has many strengths, including the combined analysis and features extraction from
EMG and Kinematic data. A possible limitation of this study could be its application in the workplace
as HDSsEMG requires more time to set up compared to bipolar sEMG. Such limitation can be
mitigated by adopting wireless HDSsEMG technology (limiting the amount of acquired channel to e.g.
64 channels).

In conclusion, HDSEMG can be used to discriminate low, medium and high-risk conditions
where the lifting frequency of the RNLE changes. Machine-learning techniques, such as ANNS, can
be used in future studies to estimate the biomechanical risk analyzing HDsEMG-extracted features.
This approach can lead to a reliable biomechanical risk classification system for lifting tasks. Future
developments could include the use of sensorized garments (SOPHIA project) to simplify the
application of HDsEMG. The findings of this study can be used to extend the possibilities offered by
the currently available instrumental-based tools on risk classification in lifting tasks. Such tools have
only been used to investigate single frequency-independent lifting tasks (single repetition of task) so
far (Alberto et al., 2018; Ranavolo et al., 2017, 2018, 2015; Varrecchia et al., 2018, 2020).
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