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ARTICLE INFO ABSTRACT

Keywords: Work-related musculoskeletal disorders (WMSDs) are commonplace in industry and a host of qualitative and
Upper limb quantitative approaches have been used to assuage the problem, including wearable sensors and biomechanical
ph_ySical faﬁg“,e endurance models, both of which were used in the present study. Six endurance models (consumed endurance,
Injury p fevemlon new improved consumed endurance and the exponential and power Frey Law and Avin general and shoulder
Occupational health and safety . . . e . . X
models) with four alternative maximum torque (Torquemq,) quantification methods, including a novel approach
to generate Torquemqy, were compared. The proposed approach to quantify Torquemqy, in combination with the
new improved consumed endurance model produced the lowest root mean square errors (RMSE), and indicated
improved performance compared to the literature. The mean RMSE was reduced from 41.08s to 19.11s for all
subjects, from 26.13s to 12.16s for males, and 51.28s to 24.45s for females using the proposed method. R? for
25% and 45% standardised intensity dynamic tasks were .459 and .314 respectively, P < .01. This research
provided an optimised and individualised endurance prediction approach for loaded dynamic movements which
can be applied to industry tasks and may lead to reduced upper-limb strains, and potentially WMSDs.

List of Abbreviations cause of workplace absences and disability, imposing substantial

financial burdens on organizations and individuals alike (Crawford

ET Endl,lrance time . etal., 2020), (James et al., 2018). WMSDs, especially those affecting the
MVC Maximum voluntary contraction o A e
Forcema Maximum force upper extremities (European Foundation for the Improvement of Living
Torquemax Maximum torque and Working Conditions, 2017), result from repetitive movements
St Standardised intensity Forceioad (European Foundation for the Improvement of Living and Working
. Forcena Conditions, 2017), (European Agency for Safety and Health at Work,
S25 Static task at 25% SI i
s45 Static task at 45% SI 2022), (Gallagher et al., 2018), (Lind et al., 2023), (Latko et al., 1999),
D25 Dynamic task at 25% SI (Silverstein et al., 1987), excessive load (European Agency for Safety
D45 Dynamic task at 45% SI and Health at Work, 2022), (Silverstein et al., 1987), (Radwin et al.,
i True Torque, T“ﬂ 2001), sustained contractions (Lind et al., 2023), (Radwin et al., 2001),
orqueémax .
™ TT calculated using measured shoulder MVC for Torquenas apq awkward pqstures (E.Llfopean Founda.tlon for the Improvement. of
TT, TT calculated using measured elbow MVC for Torquema Living and Working Conditions, 2017), (Lind et al., 2023), (Keyserling

TT3 TT calculated using gender-based MVC values for Torquemax et al.,, 1992) and are prevalent in manufacturing settings (Crawford
TTea TT calculated using the calibration task et al., 2020), (Singh et al., 2022). Furthermore, Industry 4.0 environ-
ments can lead to increased demands, causing the work pace to speed up
(Luopajarvi et al., 1979), leading to increased cognitive demands
(Madonna et al., 2019), stress (Bispo and Amaral, 2024), and physical
fatigue (Balys et al.,, 2020), (Lu et al., 2017), thus WMSDs have

1. Introduction

Work-related musculoskeletal disorders (WMSDs) are a leading
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Fig. 1. All six endurance models that are assessed in the study, all are in terms of torque/maximum torque.

detrimental impacts on worker wellbeing. Organizations are impacted
by costs due to absences (Crawford et al., 2020), reduced quality (Yung
et al., 2020) and efficiency (Williamson et al., 2011) in work output and
increased accidents (Williamson et al., 2011). Therefore, WMSD pre-
vention by means of fatigue management serves to benefit all
stakeholders.

Fatigue is a complex phenomenon that can be categorised into
mental fatigue, drowsiness, physical fatigue and muscle fatigue
(Williamson et al., 2011), the latter is characterised by the decreased
ability to produce maximum force (Wan et al., 2017), or the required or
expected force (Edwards et al., 1981), and was the focus of this study.
Fatigue is influenced by a variety of factors, including work-related
factors such as heavy loads (Crawford et al., 2020), task complexity
and mental stimulation (Williamson et al., 2011), lifestyle factors such
as smoking and high body mass index (Crawford et al., 2020), and in-
dividual factors such as sex, age, general health (Crawford et al., 2020)
and sleep homeostasis (Williamson et al., 2011), (Dawson et al., 2011).
These interrelated factors complicate the quantification of fatigue,
making effective management challenging. Current research methods to
mitigate fatigue-related risks include subjective questionnaires (Borg,
1982), (Akerstedt and Gillberg, 1990), (Hart and Staveland, 1988),
maximum allowable weight tables (Snook and Ciriello, 1991), ergo-
nomic risk assessments (Steven Moore and Garg, 1995), (McAtamney
and Hignett, 2004), (McAtamney and Corlett, 2004), (Waters et al.,
1993), endurance models (Rohmert, 1960), (Rohmert, 1973), (Frey Law
and Avin, 2010), (Mathiassen and /O\hsberg, 1999), and muscle models,
(Ma et al., 2009), (Liu et al., 2002), (Jang et al., 2017), (Jebelli et al.,
2020), these models quantify fatigue by simulating muscle states due to
external forces, the accumulation of metabolites, or force-pH relation-
ships (Yu et al., 2019). However, there is considerable debate regarding
the generalizability and reliability of the methods, highlighting the need
for alternative approaches that offer more personalized and accurate
fatigue assessments.

Endurance models, represented by power or exponential curves,
depict the reduced capacity to sustain work at higher loads relative to an
individual’s maximum producible force and estimate endurance time
(ET). These models are often tailored to specific joints, ranges of motion,
and task types (Frey Law and Avin, 2010), (El ahrache et al., 2006),
(Garg et al., 2002), (Li et al., 2021), (Yi et al., 2018), and assume con-
stant force (Duan et al., 2020), therefore they are applicable to isometric
conditions and in some cases have been valid for slow isokinetic tasks
(Hagberg, 1981). While muscle models can be applicable to dynamic

tasks, they typically estimate current fatigue level or maximum exert-
able force rather than predicted ET and often have complex equations
with multiple parameters that make real-time integration difficult (Yu
et al., 2019).

Endurance models have been adapted to design human-machine
interfaces that minimize fatigue. The consumed endurance (CE) model
(Equation (1), orange line in Fig. 1), derived from Rohmert’s model
(Rohmert, 1960) for static tasks, replaces z£2¢¢ with

Forcemax

Torque
Torquemax

to capture

changes in the moment arm, offering fatigue assessment for dynamic
conditions. The CE model was applied in unloaded conditions
(Hincapié-Ramos et al., 2014) and in loaded conditions with high errors
(O’Sullivan et al., 2023), and there are disagreements regarding the
fixed asymptote (minus 15 in the denominator) not reflected in recent
empirical findings (Mathiassen and Ahsberg, 1999), (El ahrache et al.,
2006), (Li et al., 2023). The new improved consumed endurance (NICE)
model (Equation (2), blue solid line in Fig. 1), addressed these limita-
tions by removing the asymptote and fitting a power curve to experi-
mental data (Li et al., 2023).

ET_CE= 12365 75 ¢))
T
(Tor‘;ﬁlel:ax x 100 — 15)
BT NICE— 12779066 _ @
Tor
(Torzgel::ax x 100)

Frey Law and Avin (Frey Law and Avin, 2010) offered a compre-
hensive meta-analysis of maximum ET models by fitting power and
exponential curves to empirical endurance data from multiple studies.
The Frey Law & Avin power (ET = b0*(MVC)™) and exponential (ET =
bO*exp™MVC®)) models contain coefficients (b0 and b1) that describe
endurance for different joints as well as generalised curves for the whole
body in terms of maximum voluntary contraction (MVC) force per-
centage, also referred to as standardised intensity (SI). For example, the
general power model was expressed as ET = 21.92*MVC % and,
similar to the CE model (Equation (1)) which replaced force inputs in
Rohmert’s model (Rohmert, 1960) with torque inputs, the force inputs
were replaced with torque inputs in these general and shoulder power
models (Equations (3) and (4)) and general and shoulder exponential
models (Equations (5) and (6)) in this work.
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Table 1
Anthropometric and demographic data of participants.
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Table 2
Ideal and real standardised intensities (%) of the loads lifted in the study.

Subject Details

Standardised Intensities (%)

Parameters All Subjects Males Females Ideal SI All Subjects Males Females

Age (years) 27.7 + 4.3 28.5 + 3.6 26.9 + 4.8 25 24.5 + 3.8 27.1 + 3.4 21.9 + 2.0
Height (m) 1.72 + .09 1.78 + .07 1.65 + .04 45 44.5 + 4.5 45.8 + 4.6 43.7 + 4.0
Body Mass (kg) 70.48 + 13.13 78.41 + 11.11 61.99 + 9.25

Body Mass Index (kg/m?)  23.70 + 3.13 24.55 + 2.77 22.81 + 3.25

Fat % 26.95 +7.82 22.64 + 6.54 31.56 + 6.28 linearity = .02% F.S.). For shoulder MVC, participants’ arms were out-
Muscle % 33.27 £5.71 37.66 £ 3.82 28.56 & 3.01 stretched with the shoulder joint flexed at 90°, hand in supination, and
Upper Arm Length (m) .34 +£.04 .36 + .04 .33 +£.03 limb joints in ali tF b MVC. the elb fl d at
Forearm Length (m) %6 + .03 98 + 04 95 1 02 upper limb join s'1n alignment. For elbow M) i e e' ow'was exe ‘a
Hand Length (m) 18 + .01 18+ .01 18+ .01 90°, hand in supination, and elbow and wrist joints in alignment with
Shoulder MVC (N) 62.88 + 23.81 82.78 + 15.15 41.55 + 7.04 the loadcell. MVCs and tasks were completed with the dominant arm
Elbow MVC (N) 112.23 £ 53.17  152.69 + 43.37  68.88 + 14.43

21.92

ET_FA_Powergenera =——— o5 3)
( Torque )
Torquemax
14.86
ET_FA_Powerspouider = o 183 )
< Torque >
Torquemax
1122.32
ET_FA_EXDgenerq = T— ®
orque
(Torqt?emax) *4.76
e
685.46
ET—FA—E)q)Shnulder = (6)

( Torque >x4.97
Torquemax
e

This study built on previous research (O’Sullivan et al., 2023) and
compared torque-based endurance models (Equations (1)-(6), curves in
Fig. 1) and four methods of obtaining Torque, to assess their predictive
accuracy for fatiguing static and dynamic tasks. The goal was to deter-
mine the most effective models and inputs for predicting ET and to
address the limitations of current methods by developing a more indi-
vidualised approach. By focusing on fundamental tasks, this research
aimed to lay the groundwork for applying these models to more complex
industrial tasks.

2. Material and methods

Subject parameters, ET and optical motion capture (MoCap) data for
shoulder tasks were extracted from an open-access dataset (O’Sullivan,
2024) which also includes additional tasks and sensor data.

2.1. Participants

Twenty-nine participants (14 females) were recruited by word of
mouth and provided written, informed consent to take part in the study.
The protocol herein received approval from the university’s ethics
committee (CREC Review Reference number: ECM4(p)July 6, 2021).
Participants were asked to attend the session fully rested and completed
a 5-min upper body warm-up prior to data capture. Demographics and
anthropometrics were gathered (Table 1) using the clinically validated
OMRON BF511 Body Composition Monitor (Omron Corporation, Kyoto,
Japan) (Bosy-Westphal et al., 2008) and anthropometric measuring tape
following measurement guidelines (Garrett, 1971), (Neumann et al.,
2018).

2.2. Maximum forces and sensor set-up

MVCs of the shoulder and elbow joints in flexion (Table 1) were
measured using a loadcell (range = 30 kg; accuracy = .02%; non-

which was defined as the arm used to perform daily tasks. Participants
pushed upwards against the loadcell using maximum effort for 3 s while
maintaining a straight posture three times (Ma et al., 2013), firstly for a
practice test, and forces were recorded on the second and third attempts
with a 2-min break in between (Freivalds, 2011, p. 78), the mean of
which was used to determine MVC. The closest weights to 25% and 45%
SI, determined the dumbbell weight lifted during tasks in the study,
available weights (in kg) were .5, 1, 2, 3, 4, 5, 6, 7.5, 10, corresponding
closely to the desired SI, and actual SIs are shown in Table 2. The closest
dumbbell load was typically below the desired SI for females (for
example, 25% SI corresponded to 1.17 kg for one subject and this was
rounded down to the available 1 kg load, resulting in an actual SI of
21.33%) and the opposite was true for males, explaining the differences
in actual and desired SI between sexes.

Ten Prime 13 and 2 Prime 13X OptiTrack cameras (NaturalPoint,
Inc., Corvallis, OR, USA), sampling at 180Hz, obtained motion data
required for calculating Torque. The highest mean calibration ray error
was .6 mm and mean calibration wand error was .1 mm. A 27-marker set
by Optitrack (‘Conventional Upper Skeleton Marker Set) was utilised,
enabling tracking of the upper body. Markers were attached to the
participant using double sided sticky tape and Velcro.

2.3. Tasks
Subjects completed four tasks, Fig. 2:

e Static at 25% (S25); the shoulder joint was flexed 90° to the trunk
with the arm outstretched, dumbbell was hand-held in a supinated
position, posture was upright.

e Dynamic at 25% (D25); the shoulder joint was continuously flexed
between 0 and 90°, where the arm was down by the individual’s side
at 0°, and in the static task position at 90°.

e Tasks were repeated at 45% load intensity, called S45 and D45.

Other tasks are included in the dataset (O’Sullivan, 2024), and were
completed in two different orders, refer to the dataset for more infor-
mation. Furthermore, these tasks involve minimal complexity,
providing a basic platform to test and compare the models, and an
elevation action such as this is relevant to manual handling and as-
sembly tasks. SIs of 25% and 45% were chosen as there is a rapid
decrease in endurance curves around 15-20% SI due to the ischemic
effect as a result of intramuscular pressure (Hagberg, 1981), and there is
much disagreement about ETs in this range, as previously mentioned.
25% was chosen as the first SI to attain an idea of ETs after this rapid
decrease, and 45% was chosen as ETs reduce significantly beyond 50%
SIL

For the 25% SI tasks, Borg RPE (Borg, 1982) scores (ranging from 6
to 20) were attained before the task, 5 s into the task, at 15 s, and every
15 s thereafter. For 45% SI tasks, Borg RPE score was acquired before the
task, at 5 s, 10 s and every 10 s thereafter (Garg et al., 2002). Experi-
mental ET was recorded as the time taken to reach a fatigued state,
indicated by Borg RPE score > 17 (Martins et al., 2021) or when the
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Fig. 2. Arm position at (left) 0° and (right) 90° during the tasks. During the static task, the 90-degree position is maintained while the arm is flexed between 0 and

90° during the dynamic task at 50 beats per minute.

JointAngles  Anthropometrics Inertia  Angular Acceleration Load Calibration Task Shoulder MVC Elbow MVC Gender-based MVC
Torque g Torqueqx :
i H
_ WrHaWepmqss i . Torquex100 = :
D =B+ o wrHawenag B¢ (7) [ Torqueme = —nrx (10 Torqueme" =MVCXI (11) !
: Exp ET '
EbWrinqss +WrHaw, - : :
CoM = A + —mass™ "0 mass 4Ty (g) E : : — : :
ArmWemgass ) *For calculating Torque,, ., usingthe calibration method for the NICE model; equations for the |
! other models are generated in the same manner by solving for Torquepq. |
|7 snowidenc]| = I X @cée x m — & x mg + Id@r)||  (9) ; ** For calculating Torque,, q, usingmeasured and gender-basedMVCs |
I | S S S — ] __________________________________________ )
i True Torque i
! Torque ]
i ———— = True Torque (TT) !
' Torquemax :
E TT, > TT using Shoulder MVC to generate Torque , o, E
i TT, - TT using Elbow MVC to generate Torque,, o '
E TT, - TT usinggender-based MVC to generate Torque . E
! TT.q; > TT using calibration method to generate Torquep, .. i
f Endurance Prediction !
: 12365 _ 1277.9066 : 2192 :
i ETCE = m (1) ET_NICE . 7(77,(100)0.7549 (2) ET_FA_POWeIGe"e,-al = —(TI')"“ (3) s
H 1
_ 1486 1122.32 685.46
: ET_FA_Powershouider = Ty (4) ET_FA_EXPGenerar = Sirrars ET_FA_EXPsnouiger = e (6) 5
H H

Fig. 3. Procedure for calculating predicted endurance times for each of the six endurance models with four methods of obtaining maximum torque, resulting in 6 x 4

= 24 different RMSE values.

correct form could no longer be maintained (Li et al., 2023). Measuring
maximum holding time is a common method used to generate endur-
ance curves (Frey Law and Avin, 2010), (El ahrache et al., 2006), (Li
et al., 2023). Since endurance models were valid for 2 s cycles in pre-
vious research (Hagberg, 1981), a slightly faster rate (50 beats per
minute) which still encouraged controlled movement was maintained
using a metronome, as quicker movements more closely resemble the
rate of real-world occupational tasks. 7.5- and 10-min breaks were
provided for tasks at 25% and 45% SI (Ma et al., 2013) and tasks could
only begin when Borg RPE was 6-7, indicating a rested state.

2.4. Analysis

Predicted ET was found using six models (Equations (1)-(6)) and

four methods of obtaining Torquem., Fig. 3. True Torque (TT) is the
required input to all models and is expressed as

TuTr‘:;ZI::M’ where Torque is the sum of the torques acting on the frontal

axis of the shoulder (Equations (7)-(9), (Hincapié-Ramos et al., 2014))
and was calculated using joint angles extracted from MoCap data,
anthropometric data (Table 1 and (Winter 2009)), inertia, angular ac-
celeration and dumbbell load, see grey in Fig. 3. Torquemq is the
maximum torque produced by the individual (Equations (10)-11)), see
orange and blue in Fig. 3.

Gaps in the position tracking of markers smaller than 90 samples
(~.5 s) were filled using cubic interpolation via Motive software (Nat-
uralPoint, Inc., Corvallis, OR, USA); larger gaps were filled with pattern
interpolation using surrounding markers as reference. A 4th degree
Butterworth filter with a 6Hz cut-off was used for filtering, takes were
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Fig. 4. Mean and standard deviation (black lines) of the experimental endurance times for all tasks for all subjects, males and females.

exported and run through a MATLAB script to extract joint angles. A
simplified approach entailed creating vectors for arm segments using
shoulder, elbow, wrist and finger markers and the angle between them
were found in frontal plane. Angles and anthropometric data were used
to calculate the centre of mass (CoM) of the system using Equations (7)
and (8), where A, B and C are the CoMs of the upper arm, forearm and
hand respectively, D is the CoM of the forearm (EbWr) and hand and
weight (WrHaWe), the dumbbell was assumed to act at the CoM of the
hand. r is the distance from the shoulder to the CoM, the inertia of the
arm segments was found similar to (Winter 2009) and the dumbbell was
approximated as a sphere. acé is the acceleration of the CoM and angular

—
acceleration a was found using 4€¢.
Iri

WrHaWe, s —
D=B BC 7
+ EbWrness + WrHaWe ass @

CoM—A + EbWrass + WrHaWemwﬁ ®
ArmWe, 55
H?shoulder.t = H? X CI—CCZ xXm— <?> X m?“r[t?t) ‘ (9)

While Torque can be calculated from MoCap data, this method of
calculating Torque takes the hand-held load into account and can be
used with wearables, such as IMUs, which future work aims to incor-
porate. Torque remains approximately constant throughout the static
tasks (as rotational equilibrium is maintained) and it fluctuates
throughout each cycle in the dynamic tasks as CoM changes. Since
Torquemqy is a constant, predicted ET remains fairly constant for static
tasks and fluctuates throughout dynamic tasks.

Since the calculation of Torque remains consistent, TT varies
depending on the method to determine Torquenqy. For TT;, TT, and TTs,
Torquen,, was approximated by multiplying MVC by arm length, the
latter of which was the distance from the relevant joint to mid-palm,
Equation (11), Fig. 3. However, different methods of quantifying MVC
exist among endurance studies. MVC was measured from the shoulder
joint in the NICE study (Li et al.,, 2023), while the CE study
(Hincapié-Ramos et al., 2014) used 101.6N for males and 87.2N for
females from elbow MVC tables (Tan et al., 1994). Measured MVC from
the shoulder (TT;) and elbow (TT,) and sex-based tables (TT3) were
used to generate three sets of TTs. Although tasks in this study focussed
on shoulder elevation, elbow MVC was included as this joint was used in
the CE study (Hincapie-Ramos et al., 2014) which included similar tasks.

A new method of obtaining TT using a calibration task, which we
called TT,y, was compared to the aforementioned TTs (TT;, TTz, TT3).

Instead of measuring MVC, generating TT.y used a calibration task to
determine the Torque,,, that resulted in the correct ET prediction for the
calibration task conditions; this Torquenq, was then used to predict the
ET for all other tasks, see orange section in Fig. 3. In other words, the
Torque and experimental ET of the calibration task were inputted into
the models that were rearranged to solve for Torquemay, Fig. 3 shows an
example with the NICE model (Equation (10)). The process was
completed using all models resulting in six TT.y per calibration task.

All tasks were assessed on their ability to perform as a calibration
task; mean and absolute mean ET errors (%) were used to compare the
predictive ability of the tasks to determine which ones perform most
effectively as calibration tasks. The TTs (TT;, TT>, TT3 and TT,y) were
then inputted into each of the six models (Equations (1)-(6)) and the
ability of different models and TTs to predict the experimental ETs of the
participants were compared. In this way, the impact of Torquepq, on ET
prediction of the models can be ascertained, and the optimal TT and
model can be selected.

MATLAB Curve Fitter was used to assess the fit of experimental data
to the curves. All subjects were analysed, then males and females were
analysed separately, firstly for all tasks, then in the following groups:
static and dynamic tasks, and tasks at 25% and 45% SI. Root mean
squared errors (RMSEs) of the TTs with all six models were examined to
understand the impact of Torquemqs, on ET predictions and to identify
which models, TTs and model-TT combinations (e.g. CE-TT; meaning
TT; was inputted to the CE model) resulted in the lowest error for each
sex, movement, and load category. This information may be used to
inform which models and TTs are best suited to a specific cohort of in-
dividuals under specific movement or load conditions. Experimental
data from the NICE study (Li et al., 2023) were shared with the authors,
to enable RMSE comparisons to be made with the present work.

3. Results
3.1. Personal factors

Mean experimental ETs across all tasks were slightly higher for fe-
males (Fig. 4). At best, moderate Pearson correlation coefficients were
achieved when analysing the relationship between personal factors and
experimental ETs, showing moderate negative relationships between

muscle % and S25, D25 or D45 (>-.394, P < .05), and moderate positive
relationships between fat % and D25 or D45 (>.427, P < .05).

3.2. Calibration task selection

To determine which tasks performed best as calibration tasks, we



P. O’Sullivan et al.

- (a) True Torque v Endurance Time (Males)

250+

N

[=]

o
T

Endurance Time (seconds)
=) o
o o
: ;

Applied Ergonomics 125 (2025) 104480

i (b) True Torque v Endurance Time (Females)

2501

2001

Endurance Time (seconds)
x =
o (42
o o

50 50
0 0 ; "
0 0 50 100 150
True Torque (%) True Torque (%)
——NICE = = =Frey Law & Avin Power Model (General) - Frey Law & Avin Exponential Model (General) * TT1 ¢ TT3

CE

Frey Law & Avin Power Model (Shoulder)

Frey Law & Avin Exponential Model (Shoulder) * TT2

Fig. 5. Different methods of determining maximum torque result in dramatically different true torques, the variable used to calculate endurance prediction time, for

both (a) males and (b) females.

TT._ v ET-NICE
Cal

T, VET-CE

40 50
True Torque (%)

90 100

TTCal v ET - Frey Law & Avin Power (Shoulder)

T T T T T

w
o
o

N

o

o
>

ET (seconds)

|
40 50 60 70

10 20 30 80 90
True Torque (%)
T

calV ET - Frey Law & Avin Exponential (Shoulder)

T T T

40 50

70 80 90 100

True Torque (%)

0 20 40 60 80 100 120 140 160
True Torque (%)
TTcal v ET - Frey Law & Avin Power (General)
T T T T T T T T
7 300 1
©
c
3 200 . |
3 &
5 100 1
. . .
10 20 30 40 50 60 70 80 90
True Torque (%)
TTCaI v ET - Frey Law & Avin Exponential (General)
T T T T T T T
- 300
©
S A
8 200
[}
A
— 100
L
0 | |
0 10 20 30 40 50 60 70 80 90 100
True Torque (%)
‘7Model

® 25% Tasks (males) ® 45% Tasks (males) 4 25% Tasks (females) 4 45% Tasks (females)‘

Fig. 6. Calibration true torques plotted against experimental endurance times for all models. Static tasks appear on the model curve while dynamic tasks deviate
slightly as their true torque was calculated using the torque max of the static task at that load.

analysed which one (S25, S45, D25, D45) returned the TT,,; that yielded
the lowest error in the predicted ETs for all other tasks. This was tested
on all six models to compare how models perform with a calibration
task. Overall, D45 performed best across all models, producing absolute
mean ET errors between 20.6% and 22.2%. Following this, tasks were
grouped based on load, meaning only 25% SI tasks were used to predict
ET of 25% SI tasks and the same for 45% SI tasks, this approach reduced
errors compared to using D45 as the calibration task. For 25% SI tasks,
NICE with D25 claimed the lowest mean absolute error (9.5%), while

NICE with S25 was at 11.7%; S25 performed better than D25 across all
other models but with higher mean absolute errors than the NICE model.
For the 45% SI group: D45 performed better than S45 in all models
except for NICE, where NICE achieved the lowest error across all models
in this load group with an absolute mean error of 9.8% for S45 and
11.8% for D45. Based on this information and the ease of replication of
static compared to dynamic tasks, S25 and S45 were selected as cali-
bration tasks for their respective load groups. This means that the
Torquenq, generated for each model using tasks S25 and S45 were used
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exponential model.

to generate TT,q, as per Fig. 3, to predict ETs for all tasks at that load.

3.3. Influence of TT, sex and task type

TTs were plotted against experimental ET (Fig. 5 for TT; to TT3 and
Fig. 6 for TT,y), firstly, to show the difference between experimental ETs
(data points) and predicted ETs according to the endurance models
(solid and dashed curves, (Frey Law and Avin, 2010), (Hincapié-Ramos
et al., 2014), (Li et al., 2023)); secondly, to show how TT influenced
predictions; and finally, to show load, movement and sex differences.
Mean predicted ET was plotted in Figs. 5 and 6 and since the mean
Torque resulted in the mean predicted ET for both tasks, mean Torque
was divided by Torquepm,, to generate TT for these figures. For Fig. 5, TTs
were labelled depending on MVC, where TTs from measured shoulder
and elbow MVCs were TT; (red) and TT, (purple), respectively, and TT3
(blue) were calculated using literature-reported sex-based MVCs (Tan
et al., 1994). We see that TT and sex, males in (a) and females in (b),
greatly impacted predicted ET; for example, TT3 resulted in a worse fit to
the models than TT; and TT, for males; the wide range of female
experimental ETs made it difficult to determine which model and TT, if
any, were best suited to predicting ET; saying this, TTj fitted the models
for females better than males. Even though the real SIs were within 5%
of the

target SIs (Table 2), the TT range was much greater than this due to
the influence of parameters that were used to calculate Torque, such as
arm mass and arm length.

In Fig. 6, each model is shown individually because a different
Torquen,, depending on the model in question; a sex breakdown is also
provided (circles for males, triangles for females). Static tasks appear on
the model curve since these tasks were used to generate the Torquenmqy
that delivered 0% error, while dynamic tasks appear close to the curves,
often following a consistent trajectory, with females deviating further
from the curve in general than males with D25. Models typically over-
estimated the ET of dynamic tasks with this method because experi-
mental ET of dynamic tasks (represented by data points) mostly fall

under the predicted ET values (represented by curves), except for the
NICE model where there seems to be a more even distribution of data
points. This is the opposite for TTi, TT; and TT5 as they frequently
underestimated ETs (Fig. 5), particularly for TT5; with males and for TT»
with females.

The fit of experimental data (using TT;,TT>,TT3,TT.q) to each of the
models resulted in 24 RMSEs each for the following categories: all tasks,
static tasks, dynamic tasks, tasks at 25% and 45% SI, for all subjects,
males and females. Fig. 7, S1 and S2 (the latter two are in Supplementary
Materials) show the RMSEs across all categories, highlighting the
models, TTs, and model-TT combinations that resulted in the lowest
errors. Across all tasks and subjects (Fig. 7), NICE-TT,, performed the
best and lowest RMSEs were generated with this model-TT combination
(RMSE is 19.11s for all subjects, 12.16 s for males and 24.45 s for fe-
males). The TT,, column in Fig. 7 includes the combined RMSE of static
and dynamic task, note the 0 s RMSE for static tasks using TT.q, as
shown in Fig. S1 (a) and (c) which gives a breakdown of static and dy-
namic tasks by sex. For dynamic tasks (Fig. S1 (b) and (d)), NICE-TT,y
remains the best performing model-TT combination, where the best
RMSE for females was reduced from 56.20 s (best model-TT without
TT,.q) to 34.58 s (best model-TT with TT,y) and for males from 25.21 s
(best model-TT without TT,y) to 17.19 s (best model-TT with TT,y).

Fig. S2 shows a breakdown of SI and sex, where NICE-TT,y resulted
in the lowest RMSEs for males (14.31 s) and females (31.07 s) for both
tasks at 25% SI (S25 and D25), and the remaining model-TT combina-
tions span the following ranges, 32.41 s (FA_EXPgpouider-TTcar) t0 85.81 s
(FA_EXPGenerq-TT 1) for males and 52.44 s (FA_ExPgnouder-TTcal) tO
187.50 s (CE-TT,y). Similar to 25% SI tasks, NICE-TT,q resulted in the
lowest RMSEs for males (9.53 s) and females (15.18 s) for 45% SI tasks,
Fig. S2. Remaining model-TT combinations for 45% SI tasks ranged from
12.26 s (NICE-TT2) to 49.05 s (FA_Expsnouder-TT3) for males and 21.50 s
(CE-TT.q) to 52.37 s (FA_Expgpouger-TT 2) for females. The introduction
of TT,q led to significant reductions of RMSEs across all load levels and
subjects. There were consistently higher RMSEs for females at both load
levels, however, TT.; narrowed the gap between male and female
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errors, especially at 25% SI for females, 67.31 s (best model-TT without
TT.q) to 31.07 s (best model-TT with TT,y). R? for NICE-TT, were .459
for D25 and .314 for D45, denoting a weak explanation of the variability
in the data.

4. Discussion
4.1. Summary of findings

This study built on previous research (O’Sullivan et al., 2023) and
used six torque-based endurance models to predict ET during lifting and
highlighted the impact of Torquemq measurement. Unlike traditional
models that rely on force inputs and focus on one joint or task (Frey Law
and Avin, 2010), (El ahrache et al., 2006), (Garg et al., 2002), (Li et al.,
2021), (Yietal., 2018), the described approach accounted for changes in
Torque and considered three joints in the upper extremities, widening
the applicability to tasks with different arm configurations. The study’s
findings offer practical recommendations for improving ET predictions.
By conducting static calibration tasks at multiple load levels researchers
can determine the optimal Torquemq, for lifting tasks in a standardised
and easily reproducible manner. Future work will focus on assessing the
generalizability of this method to other manual tasks. This approach
provides a repeatable method for reducing ET prediction errors and
presents potential for improving fatigue management in real-world
settings. Furthermore, the predictive output supports the move to-
wards proactive fatigue prevention for dynamic tasks which is lacking in
the literature (Kheiri et al., 2023), (Lim and D’Souza, 2020), and pre-
viously mentioned methods in current research, such as (Snook and
Ciriello, 1991), (McAtamney and Corlett, 2004), (Rohmert, 1960), (Frey
Law and Avin, 2010), (Ma et al., 2009), (Jang et al., 2017), do not
directly provide.

4.2. Influence of Torquemax

Results highlighted variations in ET predictions based on the method
used to quantify Torquenqc. The NICE model, when combined with the
calibration approach, demonstrated the lowest prediction errors. The
Torquemqy used to generate TTy, TT,, TT3 with Equation (11), Fig. 3, may
have faced error propagation while Torque,q achieved by the calibra-
tion method did not. Calibration tasks resulted in reduced errors for both
static and dynamic tasks, as mean errors (mean absolute errors) were
7.63% (11.65%) for both 25% SI tasks and —4.69% (9.8%) for both 45%
SI tasks, where positive values indicate overprediction and negative to
underprediction of ET. ET errors were reduced compared to previous
work (O’Sullivan et al., 2023) which used the CE model to predict ET of
fatiguing static and dynamic shoulder elevation using only measured
shoulder forces for Torquenq,; mean absolute ET errors (and standard
deviations) were 28.62% =+ 23.27% for static and 115.45% + 70.42%
for dynamic tasks.

4.3. Static versus dynamic tasks

Fig. 6 revealed that dynamic tasks exhibited a different endurance
trajectory compared to static tasks, with lower mean TT for dynamic
tasks at the same SI, due to Torque fluctuating during movement. When
the arm is outstretched at 90° from the trunk, Torque is at its peak, but
Torque decreases as the arm moves closer to 0°, primarily because r
decreases. Meanwhile, the high Torque position was maintained during
static tasks, resulting in a shift of the dynamic data points to the left (to
this lower TT) compared to the static data points completed at the same
SI, leading to models generally overpredicting dynamic tasks with TTq
(Fig. 6) which can lead to health and safety concerns in real-world ap-
plications (i.e. endurance limit has been reached before the model pre-
dicts). However, NICE-TT,y, with its lower RMSE, showed a more even
distribution of dynamic data points, suggesting a better fit and reduced
errors compared to other models, Fig. 6(a). We found that endurance
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models can predict ET for quicker, more realistically paced tasks for
workers compared to force-based models that were valid for static tasks
and slow movements with sustained contractions (Hagberg, 1981).

4.4. Model fit and accuracy

Frey Law and Avin models (Frey Law and Avin, 2010) showed R?
values between .784 and .897 (using force inputs), while the NICE model
(Li et al, 2023) had an R? of .572. In the present study, the
best-performing model, NICE-TT,,; showed lower R? values (.459 for
D25 and .314 for D45, P < .01), although these were for dynamic
movements as opposed to static movements in the aforementioned
studies. Interestingly, D25 had a better R? than D45, although D45
performed better in terms of RMSE. Despite lower R?, the RMSE of the
NICE-TT.qy model (19.11 s) was significantly lower than the NICE
model’s RMSE (65.23 s) (Li et al., 2023), indicating improved predictive
accuracy.

4.5. Personal factors

Mean experimental ETs across all tasks were slightly higher for fe-
males (Fig. 4), which is in alignment with studies that found females
generally exhibit lower fatiguability than males during isometric tasks at
the same SI (Hunter, 2016), (Hunter, 2014) - similar trends were found
during some dynamic tasks (Hunter, 2016). Higher sex-based fatigu-
ability differences were observed for lower velocity and SIs, particularly
with elbow flexors (Hunter, 2016), (Hunter, 2014), and similar effects
may apply to shoulder tasks in the present study. Importantly, muscle
group and contraction type affect sex differences, where recovery is
slower for females in lengthening activations of some muscle groups
(Hunter, 2014), which can be explored in future research. Additionally,
lower actual SIs for females compared to males (Table 2) may have
impacted differences. The inclusion of torque denoted increased indi-
vidualisation compared to force-based models due to the inclusion of
arm segment lengths and masses in Equations (7)—(9). Contrary to ex-
pectations, fat percentage showed a positive relationship with experi-
mental ET, while muscle percentage had a negative relationship. These
findings highlight the need for further research to explore the impact of
personal factors on endurance.

4.6. Limitations

The number of subjects was in alignment with the literature, but this
can vary significantly, ranging from 9 (Hagberg, 1981) and 12 (Garg
et al., 2002), (Li et al., 2023) to 40 (Mathiassen and Ahsberg, 1999) and
60 (Liu et al., 2019) participants. A larger dataset could achieve a more
representative view of the population, and the narrow age range of
subjects (Table 1) does not represent the working population. Measured
arm segment lengths could have been considered from the shoulder joint
centre (Nussbaum and Zhang, 2000) instead of the acromion. Additional
dumbbells, such as a 1.5 kg dumbbell, may have resulted in actual and
desired SIs matching more closely (Table 2) and may impact sex-based
differences. Despite participants feeling rested before tasks, there may
be a cumulative effect of fatigue that potentially resulted in under-
performance in final tasks. Other methods of Torque,q, measurement
exist, for example, (Chaffin et al., 1999) determines MVC from loadcell,
mass and anthropometrics, and (O’Sullivan et al., 2022) uses height and
upper forearm volume. These methods and other maximum ET models,
listed in El ahrache et al. (2006), were not considered. A straight-arm
configuration was maintained in all tasks without consideration of
abduction and bent-arm conditions as was done in the CE and NICE
studies (Hincapié-Ramos et al., 2014), (Li et al., 2023).

4.7. Practical recommendations

New ET models were not developed, instead, alternative inputs and
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Fig. 8. Recommended use of calibration method to determine an individualised maximum torque value for endurance prediction.

models were compared to reduce ET prediction errors. Static calibration
tasks should be completed with multiple loads and the Torquemq, cor-
responding to the load in a manual handling task should be used to
predict ET, Fig. 8. This work established an easily reproducible approach
to achieve reduced ET errors that take an individual’s fatigability at each
SI into account. However, these results may not provide optimal
Torquemqy for tasks other than lifting; different calibration tasks may be
more appropriate depending on the specific type of task for which
endurance is being estimated. This study offered a significant contri-
bution when modelling endurance with Torque for loaded dynamic tasks
and provided an alternative approach to measuring Torquenq, leading to
lower errors and a basis to potentially reduce ET prediction errors in
more complex tasks.

4.8. Future research

The limitations can be addressed by exploring alternative Torquemqy
measurement methods and considering posture, individual factors,
measured distances to joint centres, applicability to tasks with increased
complexity, one-handed versus two-handed tasks and cumulative fa-
tigue using the dataset (O’Sullivan, 2024). Wearables and computer
vision have been used with ergonomic risk assessments (Battini et al.,
2022), (Stefana et al., 2021) and muscle models (Jang et al., 2017), (Yu
et al., 2019) and may aid in adapting the present work to real tasks and
work environments. Although a system incorporating endurance
models, IMUs for motion tracking, and pressure insoles for external load
estimation could enable fatigue forecasting (Kheiri et al., 2023), (Lim
and D’Souza, 2020), further research is needed. The results contribute to
proactive evaluation of work tasks and may help refine endurance
models and ergonomic assessments. By improving fatigue predictions,
this research supports future advancements in workplace safety and
injury prevention, paving the way for more advanced risk assessments
and fatigue monitoring solutions.

5. Conclusion

Six models and four methods of measuring Torquenq, were used to

predict ET of 29 subjects under static and dynamic conditions at low and
medium SIs. Predictions varied greatly depending on the Torquemqy
employed. A calibration task which determined the optimal Torquenax
and the NICE model produced the lowest RMSEs. For all tasks, the mean
RMSE was reduced from 41.08 s for the best model without the cali-
bration method to 19.11 s using the calibration method for all subjects,
from 26.13 s to 12.16 s for males and 51.28 s to 24.45 s for females.
Static tasks at a particular load can be used to calibrate an individual for
personalized endurance prediction of dynamic tasks and presents op-
portunities for improved ergonomic risk assessments while laying the
foundation for real-time physical fatigue detection with wearables.
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