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Lifting tasks remain one of the leading causes of musculoskeletal disorders (MSDs), primarily in the low back
region. Lifting analysis tools are, therefore, designed for assessing the risk of low back pain. Shoulder muscu-
loskeletal problems have emerged as common MSDs associated with manual handling tasks. It is hypothesized
that gripping force is related to lifting conditions and may be used as a supplementary risk metric for MSDs in the
shoulder and low back regions, because it measures additional hand exertions for coupling the lifted object
during lifting. We assessed the capability tactile gloves for measuring the gripping force during lifting as a means
for assessing different task conditions (lifting weight, lifting height, lifting direction, body rotation, and handle).
Thirty participants wore the tactile gloves and performed simulated lifting tasks. Regression models were used to
analyze the effects of the task variables on estimating the measured gripping force. Results demonstrated that
58% and 70% of the lifting weight variance were explained by the measured gripping force without and with
considering the individual difference, respectively. In addition to the lifting risk measures commonly used by
practitioners, this study suggests a potential for using gripping force as a supplementary or additional risk metric

for MSDs.

1. Introduction

Lifting tasks are common contributors to workplace musculoskeletal
disorders (MSDs) and present a significant burden to society in terms of
productivity, financial costs, and worker health and safety. The U.S.
Bureau of Labor Statistics has recently reported that overexertion asso-
ciated with lifting tasks caused 86,740 injuries in the workplace, ac-
counting for around 10% of all workplace injuries (U.S. Bureau of Labor
Statistics, 2019). According to the Liberty Mutual report (Liberty Mutual
Workplace Safety Index, 2021), overexertion (i.e., handling objects)
costs businesses $13.3 billion in direct costs and accounts for 23% of
overall national worker compensation cost.

Hand force exertion has been considered an important factor for
lifting risks (Greenland et al., 2013; Lu et al., 2014; Merryweather et al.,
2009). These previous studies investigated the hand forces required for
lifting a weight and demonstrated a correlation between lifting weight
and the risk of low back disorders (Greenland et al., 2013; Lu et al.,
2014; Merryweather et al., 2009). Among the lifting risk assessments
tools, the Revised NIOSH Lifting Equation (RNLE) (Waters et al., 1994)
and the Liberty Mutual Manual Material Handling Tables (MMH Tables)

(Potvin et al., 2021) are widely used by ergonomics practitioners. Spe-
cifically, the RNLE (Waters et al., 1994) calculates the recommended
weight limit (RWL) for each lifting task based on six task variables
(horizontal and vertical distances of the loaded hands relative to the feet
during lifting; trunk asymmetry angle; hand coupling for the load at the
origin and destination of each lift; the displacement of load for each
lifting task; and the frequency of performing each lifting task). The RNLE
compares RWL with the actual weight to determine a lifting index (LI) as
an injury risk for each lifting task. These lifting risk assessment methods,
however, showed different risk magnitudes for low back pain (Marras
etal., 1999; Potvin & Bent, 1997; Waters et al., 1998). The discrepancies
were attributed to different methodologies such as biomechanics vs.
psychophysics (Marras et al., 1999; Waters et al., 1998) and static vs.
dynamic biomechanical models (Waters et al., 1998).

Lifting risk assessment methods were often not designed to protect
workers from MSDs other than low back disorders, except the MMH
Table. The MMH table was developed based on the psychophysical
method taking into account subjects’ willingness to lift a weight in
different lifting conditions (Snook et al., 1970). Theoretically, if the
studied subjects were not capable of lifting the weights in different
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conditions, their shoulder strengths might have been considered to
minimize the risk of shoulder injuries. However, the relationship be-
tween shoulder disorders and the lifting weights recommended by the
MMH table has not been investigated.

Biomechanically, the gripping force is used to couple the object for
whole body movements during lifting. The gripping effort is thought to
depend on the weight of a lifted object, the dynamics and directions of
body movements during lifting, and the handles available for lifting. The
current biomechanical models for estimating the spinal loads or mo-
ments do not consider the gripping force for lifting. Therefore, the effect
of gripping force on body joint loading is unclear. Because the gripping
force is exerted by the muscles in the arms, shoulders, and upper body,
we think that the gripping force may be linked to muscular or joint strain
in the shoulder region. We also hypothesis that there is a relationship
between the gripping force for lifting and the lifting conditions.

With the current force gauge technologies, measuring all the objec-
tive hand forces for manual handling tasks in the field is difficult (Bao
etal., 2009). Gold standard technologies include hand force transducers,
typically used for measuring required hand forces for manual tasks in
three orthogonal directions (i.e., three axes of force direction). However,
these three axis force transducers are large and not suited for instru-
mentation at the worker’s hand-tool interface for continuous measure-
ments. Measurement of the gripping force do not require such tethered,
bulky sensors, and thus, may be more suitable for field measurements.

Tactile gloves are gloves embedded with pressure sensors across
every region of the hands. These embedded pressure sensors can mea-
sure the compressive or contact hand force (i.e., force vertically exerted
on sensors). The gripping force can then be estimated by summing these
measured compressive forces. Compared to traditional techniques of
measuring the gripping force using the hand dynamometers (Bao and
Silverstein, 2005), the tactile gloves have a major advantage in that they
can be used without interfering with the workers. Thus, the tactile
gloves have been widely used by researchers and developers for
real-time and dynamic measuring tasks. A recent systematic review
(Caeiro-Rodriguez et al., 2021) illustrated that smart gloves equipped
with sensors (e.g., IMU and pressure) have been successfully utilized in
different application areas, such as measuring the hand mobility of
stroke patients for rehabilitation, estimating the hand posture and mo-
tion for enhancing the interaction between human and computer, and
training novices in professions involving hand-activities (e.g., surgeons
and musicians). Ergonomics researchers have also used the tactile gloves
to measure motor bikers’ hand forces to ensure their safety in real-time
(Ye et al., 2015), to evaluate and optimize the design of handles (Kong
and Lowe, 2005), and to measure hand forces required for pipetting (Lu
et al., 2008).

The gripping force has yet to be used for lifting risk assessments. The
notion that the gripping force can be a potential metric for indicating
some important lifting risk factors is based on the following motivations.
First, many lifting injuries occurred not only in the low back regions but
also in the upper extremities (e.g., shoulders, hands, and wrists). A few
studies have illustrated that excessive force while gripping objects was
linked to worker stress, fatigue, muscle strain, and hand or wrist-related
musculoskeletal disorders (Bao and Silverstein, 2005; Barr et al., 2004;
Thomsen et al., 2007). Second, the gripping force is the actual and total
force exerted by workers’ hands to complete the lifting tasks; thus, it can
potentially reflect the lifting weight and the inertial forces. Theoreti-
cally, the gripping force (i.e., force vertically acting on the pressure
sensor) should be highly associated with the lifting weight and inertial
forces against the gravity pull for lifting. A study for precision gripping
tasks has suggested that people tend to grasp the object harder when the
object is heavier (Hiramatsu et al., 2015). With the evidence from the
literature, we hypothesize that the required gripping force for a lifting
task is a function of different lifting task variables.

To test this hypothesis, this study aimed to investigate the effect of
various lifting risk factors on the gripping force measured by the tactile
gloves. This investigation may help ergonomics researchers and
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practitioners gain some an initial understanding of the gripping force

required for lifting tasks and help determine if the gripping force

measured by the tactile gloves is suitable for lifting risk assessments.
The two research objects of this study are summarized below:

e (Primary) Investigate the association between the lifting weight and
measured gripping force

e (Secondary) Investigate how different lifting risk factors (lifting
height, lifting direction, body rotation, and handle factors) affect the
measured gripping force

2. Method
2.1. Study participants

Thirty-one participants consented and completed the experiment;
39% of the participants were female, and 81% of the participants were
right-handed. One participant’s data was removed from the study due to
disconnection of the glove device. The participants were recruited from
a university population without professional experience in workplace
lifting tasks and without musculoskeletal physical pain or discomfort at
the time of the experiment. The study protocol was reviewed and
approved by the university’s institutional review board. All participants
provided signed consent prior to experiments.

2.2. Study device - tactile gloves

The tactile gloves utilized in this study were developed by the PPS,
Inc. (Hawthorne, CA). Each glove had 65 embedded pressure sensors for
estimating the pressure exerted on the palmar side of the hand (Fig. 1).
According to the manufacturer’s manual, each sensor’s full-scale range
and minimum sensitivity was 80 psi (55N/cm2) and 0.04 N, respec-
tively. The tactile gloves were designed to scan at a rate of 25-40 Hz and
was connected to a computer via Bluetooth. The area of each sensor was
provided by the manufacturer and was used to convert the measured
pressure to the compressive force exerted on each sensor.

2.3. Experiment design and procedure

2.3.1. Task conditions

The study was conducted in a laboratory environment. The partici-
pants were instructed to move a box with different assigned loads be-
tween a chair, a height-adjustable platform, and the floor (Fig. 2). The
participants performed a sequence of six tasks lifting and lowering as
described below:

Task 1: Lift the box from the chair (location 1) to the platform

(location 2) with a counterclockwise 90° body rotation

e Task 2: Lower the box from the platform to the floor (location 3) with
0° body rotation

e Task 3: Lift the box back to the platform from the ground with
0° body rotation

e Task 4: Lower the box to the floor (location 4) with a counter-
clockwise 90° body rotation

e Task 5: Lift the box back to the platform from the floor with a
clockwise 90° body rotation

e Task 6: Lower the box back to the chair from the platform with a

clockwise 90° body rotation

The platform’s height (location 2) was systematically adjusted to
have three different levels (high [1.1 m], middle [0.9 m], low [0.7 m]).
Each task was performed on every height level.

To capture some of the variabilities in box types observed in work-
places, the boxes lifted by the participants were four commonly used
containers: one commercial moving box, one crate, and two storage bin
boxes. Their handles were considered good according to the RNLE but
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Fig. 2. The layout of the experiment environment and demonstration of each task. The location 2 had three different height levels during the experiment: low,

middle, and high.

were different in terms of the shape and contact area. For the data
analysis, we categorized the required handles into two categories: type 1
and type 2. The type 1 grip was a square edge (Fig. 3a), while the type 2
grip was a complete cut-out (Fig. 3b). In this study, 60% of the partic-
ipants (n = 18) performed the lifts with the type 1 handle, while 40% (n
= 12) performed the lifts with the type 2 handle.

2.3.2. Lifting weight

Our experimental setup defined six different tasks and three different
height levels (Section 2.3.1). To determine the weights for each lift, we
used the RNLE. For each task, we determined its RWL using the RNLE
and assigned the weight. The LI, which is equal to the ratio of the actual
weight to the RWL (LI = actual weight/RWL), was utilized to control the
participants’ risk during the experiment. Specifically, a distribution of
weights was selected and grouped according to three LI ranges (LI < 1, 1
< LI < 2, and 2 < LI < 3). To guide our experimental design exploring
task conditions and lifting pattern, weight levels in this experiment were
categorize by their associated LI range (i.e., Light [LI < 1], Medium [1 <
LI < 2], Heavy [2 < LI < 3]). Table 1 details every weight that had being
assigned to the participants during the experiment under different

L. 4

a) The type 1 grip

Table 1
The weight assigned in the experiment (units: kg).

Weight Level Height Level

Low Middle High
Light 3.4,45 2.3,3.4 1.1, 2.3
Medium 10.2,11.3,12.5 9.1,10.2,11.3,12.5 7.9,9.1,10.2
Heavy 13.6, 14.7, 15.9, 17.0 13.6, 14.7, 15.9 13.6, 14.7

weight and height level combinations. Since an LI larger than 3 indicates
high injury risk, weights within this range were not included in the
experiment.

2.3.3. Lifting pattern

To standardize the experiment procedure, tasks 1-6 were considered
as an action set. There were three different height levels of the platform
and three different weight levels (Table 1). The participants were
required to complete the action set for each height and weight level
combination in a controlled pattern shown in Fig. 4. Throughout the
experiment, a study team member would randomly pick a weight from

b) The type 2 grip

Fig. 3. The two types of handles utilized in the experiment.
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Fig. 4. The lifting pattern or task order in the experiment.

Table 1 for each weight and height level combination and assigned it to
the participant.

All participants were required to perform the action set twice for
each combination of the weight and height level. Rest time was given to
the participants to reduce the fatigue effect during the experiment.
Specifically, a 10-s rest occurred after the participants finished each
task; a 2- minute rest was provided after the participants finished each
action set; and a 10- minute rest was provided after the participants
finished all required tasks for each risk level.

2.4. Data analysis

2.4.1. Data cleaning

The tactile glove has 130 embedded pressure sensors (65 from the
left glove + 65 from the right glove) for measuring the hand pressure at
different hand regions. We observed that the recorded pressure of a few
sensors was out of the measurable limit of 80 psi (provided by the
manufacturer) in approximately 3.96% of the total data collection. To
ensure the robustness of the data, we removed the lifts with readings
larger than the instrumentation limit of 80 psi.

2.4.2. Action detection algorithm

After sensor data cleaning, the exact period of each lifting event was
located with traditional signal processing techniques. Specifically, a
Gaussian + peak detection method was utilized. First, the total force
exerted by both hands at each recorded timestamp was calculated by
summing up the force observed by each sensor. This step produced a 1D
time series sequence. Second, a 1D Gaussian filter was applied to denoise
the data from step 1. The 1D Gaussian filter could flatten relatively
short-lived forces from non-lifting actions. Third, a peak detection al-
gorithm was utilized to locate the peaks on the filtered data by
comparing neighboring values. Lastly, we utilized the gradients around
each peak to locate the start and end of each task. Specifically, we
calculated all gradients 2 s before and 2 s after each peak. Then, we
sorted these gradients and selected the largest five before the peak and
the largest five after the peak. Among these selected gradients, the one
with the lowest force before the peak was set as the start, and the one

with the lowest force after the peak was set as the end. Fig. 5 demon-
strates the proposed method on an untrimmed recording.

2.4.3. Data conversion and feature extraction

Each sensor’s raw pressure reading (in psi) was converted to initial
compressive force estimations using the surface area of each sensor. The
action detection section mentioned previously located all timestamps for
each lift. With these timestamps, we calculated the aggregated
compressive force (i.e., the gripping force) exerted on hands by sum-
ming the compressive force exerted on each sensor. Then, we deter-
mined the mean and the peak of the gripping force across the located
timestamps for each lift. As shown in Fig. 5, the action detection module
would start accepting data for a lifting task when the force increase
occurred and would stop accepting data when the force fell back to
nearly zero. Finally, the units of the gripping force and the actual lifting
weight were both converted to Newton (N) in the results.

2.4.4. Linear regression analyses

This study utilized statistical models to investigate how much vari-
ance in the measured gripping force can be explained by the assigned
lifting weight. In addition, we also utilized progressive statistical models
including the individual difference (subject ID) and the task conditions
(height level, body rotation level, handle type, and moving direction) to
investigate how these conditions affected the measured gripping force.

First, two simple regression models were fitted to investigate the
correlation between the gripping force and the assigned lifting weight.
The fitted models were presented as follows:

Model 1 : Mean Gripping Force ~ Weight

Model 2 : Peak Gripping Force ~ Weight

Second, we fitted two linear mixed-effect models including the
gripping force as a fixed effect term and the subject ID as a random effect
term to investigate the effect of individual differences on the gripping
force. We determined the Nakagawa’s R-squared value (conditional) of
each model to indicate the effect of the individual differences on the
model result. The fitted models were presented as follows:

Lifting Action Detection
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Fig. 5. The effect of the 1D Gaussian + peak detection method for locating the lifting actions from an untrimmed recording. The black dotted lines depict the period

of each lift.
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Model 3 : Mean Gripping Force ~ Weight + (1|Subjectp)

Model 4 : Peak Gripping Force ~ Weight + (1|Subjectyp)

Lastly, we fitted two linear mixed-effect models including the
measured gripping force and task conditions as fixed effect terms and the
subject ID as a random effect term. Specifically, the task conditions
included the three height levels (low, middle, high), three body rotation
degrees (—90, 0, 90), two moving directions (lifting, lowering), and two
different handles (type 1, type 2). The fitted models were presented as
follows:

Model 5 : Mean Gripping Force
~ Weight + Height + Rotation + Direction + Grip + (1|Subject;p)

Model 6 : Peak Gripping Force
~ Weight 4+ Height + Rotation + Direction + Grip + (1|Subject;p)

To fulfill the normality and equal variance assumptions of the linear
regression model, all dependent variables were transformed through the
Box-Cox transformation. The scatter plot and the quantile-quantile plot
of the residuals were generated and presented for each model to illus-
trate the robustness of our results.

3. Result
3.1. Visualization of the measured gripping force

Results from models 1 (mean) and 2 (peak) gripping force are shown
in Fig. 6. A 1:1 matching line, whose slope equal to 1 and intercept equal
to 0, was added in each plot to further demonstrate how does each point
(i.e., value of the measured gripping force) correlated with the actual
weight (underestimation/overestimation). The plots demonstrate that
when the actual weights were heavier, the measured gripping forces,
especially the mean gripping forces, were smaller than the actual
weight. On the other hand, when the actual weights were lighter, the
measured gripping force, especially the peak gripping forces, were
larger than the actual weight.

3.2. Regression models without the task conditions (model 1-4)

The model 1 and model 2 achieved an R-squared of 0.581 (p < 0.001)
and 0.574 (p < 0.001), respectively. The scatter plot and the quantile-
quantile plot of the residuals are presented in Appendix 1-2. These re-
sidual plots demonstrate that the normality and equal variance as-
sumptions were not violated.

Adding the subject ID as a random effect term into the regression
model increased both models’ performance. The performance of the

Actual Weight Vs Mean Gripping Force
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mixed-effect model utilized the mean gripping force as the independent
variable achieved a conditional R-squared of 0.711 (p < 0.001); the
performance of the mixed-effect model utilized the peak gripping force
as the independent variable achieved a conditional R-squared of 0.724
(p < 0.001). The scatter plot and the quantile-quantile plot of the re-
siduals are presented in Appendix 3-4. These residual plots demonstrate
that the normality and equal variance assumptions were not violated,
thus the results of the model 3 and model 4 were robust. Each model’s
summary, which include the coefficient and t-value of each term in the
model, was presented in Table 2 and Table 3.

3.3. Regression models with the task conditions (model 5-6)

The results of the model 5 utilizing the mean gripping force as a
dependent variable is shown in Table 4. Increases in the lifting weight
increased the mean gripping force (p < 0.001). Compared with the
middle height, lifts to the low height level required less (p = 0.010)
gripping force on average. In contrast, compared with the middle height,
the high height level required more (p = 0.009) gripping force.
Compared with the lowering direction, the lifting direction increased (p
< 0.001) the mean gripping force. The handle factor also had a signif-
icant effect on the mean gripping force (p < 0.001). Specifically, the type
2 handle required less gripping force than the type 1 handle on average.
The body rotation factor had no effect on the mean gripping force (p =
0.822 for —90° rotation, p = 0.170 for +90° rotation).

The summary of the peak gripping force model was presented in
Table 5. Increases in the lifting weight increased the peak gripping force
(p < 0.001). Compared with the middle height, the low height level
induced less (p < 0.001) peak gripping force. In contrast, compared with
the middle height, the high height increased (p < 0.001) the peak
gripping force. Compared with the lowering direction, the lifting di-
rection increased (p < 0.001) the peak gripping force. The body rotation
(p = 0.829 for —90° rotation, p = 0.778 for +90° rotation) and grip
factors (p = 0.774 for handle type 2) had no effect on the peak gripping
force.

The scatter plot and the quantile-quantile plot of the residuals of the
models 5 and 6 are presented in Appendix 5-6. These residual plots il-
lustrates that the normality and equal variance assumptions were not
violated, thus the results of the models 5 and 6 were robust.

4. Discussion

This study was based on the notion that the gripping force can pro-
vide a new variable for real-time monitoring of lifting tasks, and if
feasible, may contribute metrics for modeling muscular strain in the
upper body segments, potentially leading to MSDs in these body regions.
We investigated the relationship between the required gripping force for

Actual Weight Vs Peak Gripping Force
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Fig. 6. The scatter plots for visualizing the measured gripping force across each assigned weight. The blue line represents the 1:1 matching line for demonstrating the
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Web version of this article.)
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Table 2
(Model 1 and model 3) dependent variable: Mean gripping force.

Applied Ergonomics 107 (2023) 103917

Simple Regression

Mixed effect with Subject ID

R-squared: 0.581

R-squared: 0.711

Coefficient t-value p-value Coefficient t-value p-value
(Intercept) 1.56 295.69 <0.001" 1.56 295.69 <0.001"
Weight 0.0030 65.98 <0.001" 0.0033 65.98 <0.001"
? p < 0.05 = statistically significant term.
Table 3
(Model 2 and model 4) dependent variable: Peak gripping force.
Simple Regression Mixed effect with Subject ID
R-squared: 0.574 R-squared: 0.724
Coefficient t-value p-value Coefficient t-value p-value
(Intercept) 2.28 214.22 <0.001" 2.28 214.22 <0.001"
Weight 0.0070 65.10 <0.001" 0.0065 65.10 <0.001"

# p < 0.05 = statistically significant term.

Table 4
(Model 5) dependent variable: Mean gripping force.

Summary of the Linear-Mixed Effect Model R-squared = 0.717

Coefficient t-value p-value

Intercept 1.55 197.01 <0.001*
Assigned Weight
Weight 0.0033 66.57 <0.001"
Task Conditions
Height Level (middle) Reference
Height Level (low) —0.016 —2.57 0.010"
Height Level (High) 0.017 2.63 0.009"
Body Rotation (0°) Reference
Body Rotation (—90°) 0.0014 0.23 0.822
Body Rotation (+90°) 0.0086 1.37 0.170
Lifting Direction (Lowering) Reference
Lifting Direction (Lifting) 0.021 4.10 <0.001"
Handle Type 1 Reference
Handle Type 2 —-0.019 -3.43 <0.001"
@ p < 0.05 = statistically significant term.

Table 5

(Model 6) dependent variable: Peak gripping force.
Summary of the Linear-Mixed Effect Model R-squared = 0.735

Coefficient t-value p-value

Intercept 2.25 142.58 <0.001%
Assigned Weight
Weight 0.0066 66.23 <0.001"
Task Conditions
Height Level (middle) Reference
Height Level (low) —0.052 —4.20 <0.001°
Height Level (High) 0.049 3.91 <0.001"
Body Rotation (0°) Reference
Body Rotation (—90°) 0.0027 0.22 0.829
Body Rotation (4+90°) —0.0035 —0.28 0.778
Lifting Direction (Lowering) Reference
Lifting Direction (Lifting) 0.034 3.31 <0.001"
Handle Type 1 Reference
Handle Type 2 —0.0031 -0.29 0.774

# p < 0.05 = statistically significant term.

lifting and many lifting task variables as the first step to gain insight into
the utility of using the tactile gloves for performing field measurements
of lifting tasks. We used the tactile gloves for estimating the gripping
force in relation to different lifting weights, lifting heights, lifting di-
rection, body rotations, and handle types.

Results demonstrated that four lifting risk factors (i.e., lifting weight,

lifting height, moving direction, and handle type) significantly affected
the measured gripping force. These task variables explained approxi-
mately 70% of the variance of the measured gripping force. In the
following sections, we discuss the correlations between the measured
gripping force and the selected lifting risk factors. Then, we discussed
the limitations and potential future work of utilizing the tactile gloves
for risk assessments in the workplace.

4.1. Measured gripping force and lifting weight

The result of our best simple regression model (i.e., the peak gripping
force) demonstrated that 58.1% of the variance of the peak gripping
force could be explained by the variance of the lifting weight.
Comparing between the mean and peak gripping force, the peak grip-
ping force is a better indicator of the lifting weight than the mean
gripping force, i.e., the models’ R-squared values indicated that more
variance of the peak gripping force could be explained by the lifting
weight. One potential reason is that the mean gripping force accounted
for both the starting and the ending stage (as shown in Fig. 5) where the
force measurements at these two stages can be significantly different
from the actual weight.

Comparing the results between the simple regression models and the
mixed-effect regression models that accounted for the subject effects, we
showed that the subject differences contributed to the variability in the
measured gripping force. Although intuition may suggest a strong
physical relationship between the lifting weight and measured gripping
force that is robust to individual factors, the R-squared values increased
by 0.13-0.15 when subject factors are taken into account. This may be
partially due to the complexity of lifting. Lifting tasks are highly dy-
namic, and different participants may have different hand sizes, force
exertion patterns, or lifting techniques that influence the amount of
force exerted (Abdoli-Eramaki et al., 2019; Authier et al., 1996).
Although further work may be needed to confirm how subject factors
influence the gripping force in lifting tasks, a practical implication of the
current findings suggests that individual calibration may be needed for
improving the prediction of lifting weight. For example, workers may
need to perform a standardized set of lifts prior to beginning their shifts
with the gloves.

4.2. Measured gripping force and task variables

Comparison of the task factor levels showed that some, but not all the
task factors influenced the measured gripping force. For example, the
low height level required a lower gripping force than the middle height
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level, and the height level of lifting height required a larger gripping
force than the middle height level. This result may be interpreted as a
positive relationship between the initial lifting height and the required
gripping force for lifting. Other studies have also observed impact of
height on population-based strength capability (Yu et al., 2018).

The vertical moving direction significantly affected the measured
gripping force as well, i.e., lifting required a larger gripping force than
lowering when other task conditions were identical. From a biome-
chanics perspective, lifting an object may require the participants to
exert a vertical force beyond the object’s weight to counter the inertia (e.
g., gravity) to accomplish the desired motion, while lowering an object
may not require as much effort to counter these effects.

Our findings demonstrated that the body rotation factor had no
significant effect on the measured gripping force. This may imply that
other lifting factors influence our models more than rotation. However,
this study only considered two body rotation levels (90-degree or 0-de-
gree), which limited the generalization of the regression model. As-
sessments of multiple body rotation levels are needed.

Lastly, this study illustrated that the handle factor had a significant
effect on the mean gripping force, meaning that different handle types
require different amount of gripping force. This finding aligned with
previous works introducing that the hand pressure measured by tactile
gloves can be used to evaluate the quality of hand grip (Bao and Sil-
verstein, 2005). Although the two different types of hand grip assigned
in this study were both considered as good handles, they were different
in that the first handle had a square edge while the second handle was a
complete cut-out. This study implies that the tactile gloves can be used
to reflect the handles’ minor difference in shape; however, we note that
handle factor was not significant in the peak force model. Thus, if handle
is not of interest to the practitioner, a peak force model may be
appropriate.

4.3. Limitations

The tactile gloves utilized in this study exhibit some limitations
worth mentioning.

First, the pressure sensors embedded in the tactile glove have a
measurable range (0-55N/cm?) that may not be applicable for
measuring gripping force for heavy weights.

Second, the exact contact area of each sensor is difficult to measure
accurately in real-time. We assumed that each sensor’s actual contact
area was equal to its total surface area to convert the pressure to force,
meaning that the weight was equally distributed and loaded on each
sensor’s surface area. This assumption likely led to underestimation of
the gripping force observed in this study (Fig. 6) because some weights
could be loaded on a small region only. In addition, as mentioned pre-
viously, the averaging process of calculating the mean gripping force
considered the incremental and decremental stages, which could
potentially cause the underestimation issue, as the measured gripping
force in these two stages could be smaller than the lifting weight.

Third, although the gloves contained many sensors, there were also
many sensor gaps; these spaces were dead spaces that were unable to
detect pressure. The gaps reduce the gloves’ capability of measuring the
exact gripping force if some contact forces were generated in the dead
spaces, which may be a cause for the underestimation of the lifting
weight. Embedding more pressure sensors to fill in these dead spaces
may improve the reliability of the measurements but will significantly
increase the cost and flexibility of the glove. Another solution is to
implement advanced non-linear modelling techniques (e.g., deep neural
network) to either compensate or penalize the measurements of the
gloves.

Forth, the mixed effect regression model used for testing for the ef-
fects of the task variables on the gripping force was based on the
experimental design where only the lifting weight were randomly
assigned to the participants, while other task variables were assigned to
the participants in a fixed order. The mixed effect model may have a
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comprised statistical power for detecting a significant effect.

Finally, the primary object of this study was to investigate the
feasibility of utilizing the gripping force measurements as a means for
assessing different task conditions. The assumption that the gripping
force can be used as a risk metric for MSDs in upper body regions need to
be tested with injury date from the field in future research.

4.4. Future work

Despite the potential for utilizing the gripping force measured by the
tactile glove for evaluating lifting risks is demonstrated in this study,
MSD rates in upper body regions resulting from manual lifting tasks in
the field should be collected and used as hypothesis testing metrics.
Specifically, we recommend four areas of future work for researchers
and developers to focus on for implementing the tactile gloves for real-
world lifting risk assessments.

First, future studies should consider developing machine learning
and deep learning models for predicting the lifting weight or hand force
exertions for lifting using the measured gripping force. Individual and
task difference should be considered when developing the prediction
models for improving the prediction accuracy and reliability because the
mixed-effect models demonstrated the individual difference and task
conditions improved the R-squared values.

Second, additional lifting experiments covering move levels of lifting
task variables should be conducted to expand on our dataset to thor-
oughly investigate the gloves’ capability of analyzing lifting risks in
many lifting conditions.

Third, other types of sensors (e.g., motion or vision/camera sensors)
can be integrated with the tactile glove sensors to develop a compre-
hensive lifting risk assessment tool (Kratzke et al., 2022; Zhou et al.,
2022). The combined usage of other sensors provides additional lifting
risk information, such as dynamic body motion that has been indepen-
dently associated with the risk of MSDs. This step will be very critical to
future workplace implementation. Specifically, lifting conditions may
vary greatly during a typical workday, and the computer vision tech-
niques can provide real-time measurements of these changes to input in
our gripping force model.

Lastly, to account for training effect and work experience, re-
searchers may consider conducting lifting experiments using actual or
experienced workers who perform lifting as part of their daily jobs. The
experiment conducted in this study involved college students who might
have different lifting techniques and styles from actual workers.

5. Conclusions

This study proposed utilizing the tactile gloves to measure the
gripping force for lifting tasks and investigated the effects of different
lifting risk factors on the measured gripping force. Several findings could
be drawn from this study. First, through the simple linear regression
analyses without considering the individual difference, we illustrated
that the lifting weight explained 58.1% and 57.4% of the variance of the
mean and peak gripping force, respectively. By adding the individual
difference as a random effect term into the regression models, the lifting
weight explained 71.1% and 72.4% of the variance of the mean and peak
gripping force, respectively. The individual difference, which was
potentially induced by factors such as the personal strength, affected the
measured gripping force significantly. In addition, through the linear
mixed-effect models, this study illustrated that the measured gripping
force can also be explained by other lifting risk factors. The measured
gripping force was significantly affected by the lifting height, handle
type, and moving direction factors. In summary, this study demon-
strated the feasibility of utilizing the gripping force measured by the
tactile gloves for indicating some important lifting risk indicators, such
as the lifting weight and height. In addition to the lifting risk measures
commonly used by practitioners, this study suggests a potential for using
gripping force as a supplementary or additional risk metric for MSDs in



G. Zhou et al.
the upper body regions.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence

the work reported in this paper.

Applied Ergonomics 107 (2023) 103917
Acknowledgement

Findings and conclusions in this report are those of the authors and
do not necessarily represent the official positions of National Institute
for Occupational Safety and Health (NIOSH), Centers for Disease Control
and Prevention (CDC). Mention of any company or product does not
constitute endorsement by NIOSH, CDC.

Appendix
Simple Scatter of Unstandardized Residual by Unstandardized Predicted Value Normal Q-Q Plot of Unstandardized Residual
6
50000
- 4
w
3 o
g s = 2
& E .
3 2
B oo g
T o
i
£
S 25000
-2
-50000
-4
160000 120000 1.80000 180000 200000 2.10000 220000 -050 025 000 025 050 075
Unstandardized Predicted Value Observed Value
Al. Residual Plots for Model 1
Simple Scatter of Residual by Predicted Value Normal Q-Q Plot of Unstandardized Residual
6
150000
- 4
S 100000
3 =
7 T
M E .
g s 2
N -
bl g
§  oocoo =
@
£
H
2
-50000
-

-1.00000

225000 250000 275000

Unstandardized Predicted Value

3.00000

Simple Scatter of Residuals by Predicted Values

5000

2500

0000

325000 L0 05 0.0 0s 10 15

Observed Value

A2. Residual Plots for Model 2

Normal Q-Q Plot of Residuals

-2500

Residuals
© aorosoromoT -
oI 00
© OO o
0 IO ©
0 DO ©

© OO EONIETNIIETIOCIITTO © ©

-5000

Expected Normal

16000 17000 1.8000 1.9000

Predicted Values

2.0000

21000 22000 050 025 0.00 025 050 075

Observed Value

A3. Residual Plots for Model 3



G. Zhou et al. Applied Ergonomics 107 (2023) 103917

Simple Scatter of Residuals by Predicted Values Normal Q-Q Plot of Residuals
6
15000
4
10000
E
) £ 2
S s 2
3 o
@ g
& g .
£
0000 =
2
-5000
-
-1.0000
22500 25000 27500 3.0000 32500 10 05 [ s 10 15
Predicted Values Observed Value
A4. Residual Plots for Model 4
Simple Scatter of Residuals by Predicted Values Normal Q-Q Plot of Residuals
6
° °
5000 0...
I 4
° © 8
o oo o0
@ ° £ 2
g i 3
b=} o
oo £ 3
& z 8
s
x
@
°
HROET
e T .
8
-5000
-
16000 15000 2.0000 22000 050 025 000 025 050 075
Predicted Values Observed Value
AS5. Residual Plots for Model 5
Simple Scatter of Residuals by Predicted Values Normal Q-Q Plot of Residuals
6
15000
4
10000
E
) £ 2
S o0 2
3
« g o
-3
0000 X
2
-5000
-4
-1.0000
22500 2.5000 27500 3.0000 32500 10 05 00 0s 10 15
Predicted Values Observed Value
A6. Residual Plots for Model 6
References Hiramatsu, Y., Kimura, D., Kadota, K., Ito, T., Kinoshita, H., 2015. Control of precision

grip force in lifting and holding of low-mass objects. PLoS One 10 (9), e0138506.
. . . https://doi.org/10.1371/journal.pone.0138506.
Adeh_Eran.lakl’ M., Agabal?ova, M',’ Janabi, J., Pas%{o, E"_ Damecoulj, C," ,2019' . Kong, Y.-K., Lowe, B.D., 2005. Optimal cylindrical handle diameter for grip force tasks.
Evaluation and comparison of lift styles for an ideal lift among individuals with K . X
diff levels of training. Apol. E 78. 120-126. https://doi 10.1016/i Int. J. Ind. Ergon. 35 (6), 495-507. https://doi.org/10.1016/j.ergon.2004.11.003.
! eren;oi\’;eozoo Ot;amlng. PPl LIgon. 76, -126. https://doi.org/10. /3 Kratzke, LM., Zhou, G., Mosaly, P., Farrell, T.M., Crowner, J., Yu, D., 2022. Evaluating
A thaiple—rzlz\;[l L rt'i M G non. M.. 1996. Manual handling techni . comparin the Ergonomics of Surgical Residents during Laparoscopic Simulation: A Novel
uthier, V., Lortie, M., Gagnon, V., - Vanual handiing fechniques: comparing Computerized Approach. The American Surgeon, 000313482110475. https://doi.
novices and experts. Int. J. Ind. Ergon. 17 (5), 419-429. https://doi.org/10.1016/ org/10.1177,/00031348211047505
ol 69_.8] 41 (9.5)00005_4' . . . . Liberty Mutual Workplace Safety Index (2021). https://business.libertymutual.com/ins
Bao, S., Silverstein, B., 2005. Estimation of hand force in ergonomic job evaluations. ights/2021-workplace-safety-index- the-top-10-causes-of-disabling-injuries,.
Ergonomics 48 (3), 288-301. https://doi.org/10.1080/0014013042000327724. - - ; R
B S. Soielholz, P.. Hi 4 N.. Sil tein. B.. 2009, F t in field Lu, M.L., James, T., Lowe, B., Barrero, M., Kong, Y.K., 2008. An investigation of hand
a0, 5., Ple, 0iz, ¥., howard, 2 1.vers ein, B., - rorce measurement in fie X forces and postures for using selected mechanical pipettes. Int. J. Ind. Ergon. 38 (1),
ergonomics research and application. Int. J. Ind. Ergon. 39 (2), 333-340. https://doi. 18-29
org/10.1016/j.ergon.2008.03.005. . . X . PN
. Lu, M.-L., Waters, T.R., Krieg, E., Werren, D., 2014. Efficacy of the revised NIOSH lifting
Barrﬁ:&i.’aﬁzﬂj\:?ix.i;igiix:li(;ll?) ?y" 523:)‘p\;lv;sri];sgteaigl:;gggﬁitegilctlj:asfl;i:rs of the equation to predict risk of low-back pain associated with manual lifting: a one-year
. ’ ’ ) i f . . https: i. 10.11
J. Orthop. Sports Phys. Ther. 34 (10), 610-627. https://doi.org/10.2519/ ggﬂ%’;;g;f;;‘gé Ogum Factors 56 (1), 73-85. https://doi.org/10.1177/

C .)osit.io,()434‘11v(l).6(1)(t). Gonzélez. 1.. Mikic-Fonte. F.A.. L1 Nistal. M.. 2021 Marras, W.S., Fine, L.J., Ferguson, S.A., Waters, T.R., 1999. The effectiveness of
ael[:o— Ot rlgL;?z, erfo— onzd E.Z’l > tlci onte, .4, . :in:as— lsda ! Dlieations commonly used lifting assessment methods to identify industrial jobs associated with
S 5y§ emzal I(CSSEVIEW of commercial smart gloves: current status anc appiications. elevated risk of low-back disorders. Ergonomics 42 (1), 229-245. https://doi.org/
ensors : ) - 10.1080/001401399185919.
Greenland, K.O., Merryweather, A.S., Bloswick, D.S., 2013. The effect of lifting speed on Mer h . . .
X . . . R ryweather, A.S., Loertscher, M.C., Bloswick, D.S., 2009. A revised back compressive
cumulative and peak biomechanical loading for symmetric lifting tasks. Safety and force estimation model for ergonomic evaluation of lifting tasks. Work 34 (3)
Health at Work 4 (2), 105-110. https://doi.org/10.1016/j.shaw.2013.04.001. . ) ’
’ b 263-272. https://doi.org/10.3233/WOR-2009-0924.


https://doi.org/10.1016/j.apergo.2019.02.007
https://doi.org/10.1016/j.apergo.2019.02.007
https://doi.org/10.1016/0169-8141(95)00005-4
https://doi.org/10.1016/0169-8141(95)00005-4
https://doi.org/10.1080/0014013042000327724
https://doi.org/10.1016/j.ergon.2008.03.005
https://doi.org/10.1016/j.ergon.2008.03.005
https://doi.org/10.2519/jospt.2004.34.10.610
https://doi.org/10.2519/jospt.2004.34.10.610
http://refhub.elsevier.com/S0003-6870(22)00240-X/sref6
http://refhub.elsevier.com/S0003-6870(22)00240-X/sref6
http://refhub.elsevier.com/S0003-6870(22)00240-X/sref6
https://doi.org/10.1016/j.shaw.2013.04.001
https://doi.org/10.1371/journal.pone.0138506
https://doi.org/10.1016/j.ergon.2004.11.003
https://doi.org/10.1177/00031348211047505
https://doi.org/10.1177/00031348211047505
https://business.libertymutual.com/insights/2021-workplace-safety-index-the-top-10-causes-of-disabling-injuries/
https://business.libertymutual.com/insights/2021-workplace-safety-index-the-top-10-causes-of-disabling-injuries/
http://refhub.elsevier.com/S0003-6870(22)00240-X/opt9RYK93i9xQ
http://refhub.elsevier.com/S0003-6870(22)00240-X/opt9RYK93i9xQ
http://refhub.elsevier.com/S0003-6870(22)00240-X/opt9RYK93i9xQ
https://doi.org/10.1177/0018720813513608
https://doi.org/10.1177/0018720813513608
https://doi.org/10.1080/001401399185919
https://doi.org/10.1080/001401399185919
https://doi.org/10.3233/WOR-2009-0924

G. Zhou et al.

Potvin, J.R., Bent, L.R., 1997. NIOSH equation horizontal distances associated with the
Liberty Mutual (Snook) lifting table box widths. Ergonomics 40 (6), 650-655.
https://doi.org/10.1080/001401397187946.

Potvin, J.R., Ciriello, V.M., Snook, S.H., Maynard, W.S., Brogmus, G.E., 2021. The Liberty
Mutual manual materials handling (LM-MMH) equations. Ergonomics 64 (8),
955-970. https://doi.org/10.1080/00140139.2021.1891297.

Snook, S.H., Irvine, C.H., Bass, S.F., 1970. Maximum weights and work loads acceptable
to male industrial workers. Am. Ind. Hyg. Assoc. J. 31 (5), 579-586. https://doi.org/
10.1080,/0002889708506296.

Thomsen, J.F., Mikkelsen, S., Andersen, J.H., Fallentin, N., Loft, I.P., Frost, P.,
Kaergaard, A., Bonde, J.P., Overgaard, E., 2007. Risk factors for hand-wrist disorders
in repetitive work. Occup. Environ. Med. 64 (8), 527-533. https://doi.org/10.1136/
0em.2005.021170.

U.S. Bureau of Labor Statistics, 2019. Injuries, Illnesses, and Fatalities (IIF).

10

Applied Ergonomics 107 (2023) 103917

Waters, T.R., Putz-Anderson, V., Baron, S., 1998. Methods for assessing the physical
demands of manual lifting: a review and case study from warehousing. Am. Ind. Hyg.
Assoc. J. 59 (12), 871-881. https://doi.org/10.1080/15428119891011045.

Waters, T.R., Putz-Anderson, V., Garg, A., 1994. Applications Manual for the Revised
NIOSH Lifting Equation. https://doi.org/10.26616/
NIOSHPUB94110revised092021.

Ye, Q., Seyedi, M., Cai, Z., Lai, D.T.H., 2015. Force-sensing glove system for
measurement of hand forces during motorbike riding. Int. J. Distributed Sens. Netw.
11 (11), 545643 https://doi.org/10.1155/2015/545643.

Yu, D., Xu, X., Lin, J.H., 2018. Impact of posture choice on one-handed pull strength
variations at low, waist, and overhead pulling heights. Int. J. Ind. Ergon. 64,
226-234.

Zhou, G., Aggarwal, V., Yin, M., Yu, D., 2022. A computer vision approach for estimating
lifting load contributors to injury risk. IEEE Transactions on Human-Machine
Systems 52 (2), 207-219. https://doi.org/10.1109/THMS.2022.3148339.


https://doi.org/10.1080/001401397187946
https://doi.org/10.1080/00140139.2021.1891297
https://doi.org/10.1080/0002889708506296
https://doi.org/10.1080/0002889708506296
https://doi.org/10.1136/oem.2005.021170
https://doi.org/10.1136/oem.2005.021170
http://refhub.elsevier.com/S0003-6870(22)00240-X/sref19
https://doi.org/10.1080/15428119891011045
https://doi.org/10.26616/NIOSHPUB94110revised092021
https://doi.org/10.26616/NIOSHPUB94110revised092021
https://doi.org/10.1155/2015/545643
http://refhub.elsevier.com/S0003-6870(22)00240-X/optDqIHc1X4xl
http://refhub.elsevier.com/S0003-6870(22)00240-X/optDqIHc1X4xl
http://refhub.elsevier.com/S0003-6870(22)00240-X/optDqIHc1X4xl
https://doi.org/10.1109/THMS.2022.3148339

	Investigating gripping force during lifting tasks using a pressure sensing glove system
	1 Introduction
	2 Method
	2.1 Study participants
	2.2 Study device – tactile gloves
	2.3 Experiment design and procedure
	2.3.1 Task conditions
	2.3.2 Lifting weight
	2.3.3 Lifting pattern

	2.4 Data analysis
	2.4.1 Data cleaning
	2.4.2 Action detection algorithm
	2.4.3 Data conversion and feature extraction
	2.4.4 Linear regression analyses


	3 Result
	3.1 Visualization of the measured gripping force
	3.2 Regression models without the task conditions (model 1–4)
	3.3 Regression models with the task conditions (model 5–6)

	4 Discussion
	4.1 Measured gripping force and lifting weight
	4.2 Measured gripping force and task variables
	4.3 Limitations
	4.4 Future work

	5 Conclusions
	Declaration of competing interest
	Acknowledgement
	Appendix Acknowledgement
	References


