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Abstract—Overexertion in lifting tasks is one of the leading
causes of occupational injuries. The load weight is the key
information required to evaluate the risk of a lifting task. How-
ever, weight varies across different objects and is unknown
in many circumstances. Existing methods of estimating the
load weight without manual weighing focused on analyzing
body kinematics or muscle activations, which either utilize
indirect indicators or require intrusive sensors. This study
proposed using tactile gloves as a new modality to predict the
load weight. Hand pressure data measured by tactile gloves
during each lift were formulated as a 2-D matrix containing
spatial and temporal information. Different types of deep
neural networks were adopted, and a ResNet 18 regression
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model achieved the best performance. Specifically, it achieved a predicted R-squared of 0.821 and a mean absolute error
of 1.579 kg. In addition, to understand the model’s decision-making logic and the hand force exertion pattern during
lifting, the Shapley additive explanations (SHAPs) technique was utilized to determine the importance of each sensor at
each frame. The results demonstrated that the right hand was more important than the left hand for the model to predict
the load weight. Additionally, fingers were more important than palms, and the middle phase of a lifting task was more
important than its beginning and ending phases. Overall, this study demonstrated the feasibility of using tactile gloves
to predict the load weight and provided new scientific insights on hand force exertion patterns during lifting.

Index Terms— Load weight prediction, neural networks, tactile gloves.

[. INTRODUCTION

IFTING tasks are one of the major causes of work-related

musculoskeletal disorders (WMSDs) [1]. Load weight,
which is the weight of the object to be lifted, is a major risk
factor of lifting tasks; all existing lifting risk assessment tools
or methods take the load weight as a critical input (see [2],
[3], [4]). However, the weight varies across different objects,
and it can be unknown and hard to measure in unordered and
fast-paced working environments, such as unloading packages
from trucks.
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Existing methods of predicting the load weight primarily
focus on utilizing indirect cues such as body kinemat-
ics, postures, and muscle activations (see [5], [6], [7]).
In addition, these methods require instrumentations [e.g.,
inertia measurement units (IMUs), surface electromyography
(sEMG)] that are not scalable for application because they are
time-consuming to set up and intrusive to workers.

Motivated by the identified research gaps and needs, this
study proposed utilizing tactile gloves as a new modality to
predict the load weight. Tactile gloves are embedded with
pressure sensors capable of measuring pressure at multiple
hand regions. They have been used in many different appli-
cations, such as hand tool design and rehabilitation [8], [9],
[10], [11]. To the best of our knowledge, previous work
using tactile gloves focused on one-handed grasp predic-
tion of lightweight objects. This work focuses on workplace
applications that require lifting heavy loads in dynamic
conditions.

The application of the tactile glove in predicting lifting
weights is challenging because lifting requires varying grip-
ping efforts and different contact areas in response to the
required force distributions during the course of a lifting task.
In addition, the gripping force can potentially be affected by
other factors, such as inertia factors and muscular strength.

republication/redistribution requires IEEE permission.
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An ergonomics study has demonstrated the complexity of
gripping force in lifting tasks [12] and showed that more
than 40% of the variance of the gripping force measured by
tactile gloves during lifting could not be explained by the
variance of the load weight through simple linear regression
models.

In this study, two modeling strategies were proposed to
predict the load weight using hand pressure. First, motivated
by the physical and linear correlation between pressure and
force, two lasso regression (LR) models were trained; one
was built upon the average pressure of each sensor, and
the other was built upon the peak. The second strategy
was based on deep neural networks. Specifically, the hand
pressure data recorded for each lifting task were formulated
as a single-channel and 2-D matrix. Each data point in the
matrix represented a sensor’s reading at a certain frame; we
named this matrix as spatial-temporal pressure matrix (STP
matrix). Classic image feature extractors were transferred to
our prediction task because of their strong capabilities in learn-
ing representations from 2-D data. Specifically, we modified
the Visual Geometry Group (VGG) [13], ResNet [14], and
vision transformer (ViT) [15] models and utilized them for
extracting representative features from the STP matrices. The
best-performing model is a ResNet 18 model, which achieved
a predicted R-squared of 0.821 and a mean absolute error of
1.579 kg in predicting the weight of loads.

In addition, this study also investigated the importance of
each hand region and each frame through explainable AI (XAI)
techniques. Understanding the force distribution across the left
and right hands is essential for utilizing biomechanical models
to analyze two-handed lifting tasks; most practitioners using
biomechanical models simply assume that the load weight is
equally distributed across the left and right hands because of
the lack of related knowledge. Moreover, the dense sensor
layout used by tactile gloves can increase the design challenge
and production cost. The chance of sensor malfunction can
also be boosted because heavy and repetitive lifting tasks
can cause damage to gloves. Understanding the importance
of each hand region for predicting the load weight can be
beneficial for optimizing the hardware design, reducing the
cost, and improving the device’s durability and practicability.
This investigation was performed on the ResNet 18 model.
Specifically, we utilized the Shapley additive explanations
(SHAPs) technique [16] on this model and investigated the
SHAP value of each data point inside the STP matrix. The
SHAP technique is a well-validated XAl technique that allows
researchers and developers to leverage deep-learning models
with interpretability [17], [18].

In summary, the major contributions of this study were listed
as follows.

1) This study proposed utilizing tactile gloves as a new
modality to predict the load weight with machine learn-
ing techniques.

2) This study conducted a lifting and computational exper-
iment with a custom data preparation and augmentation
pipeline and deep-learning models; these experiments
demonstrated the feasibility of utilizing tactile gloves
to predict lifting loads.

3) This study investigated the decision-making logic of our
best prediction model, which is helpful for developers
and researchers to understand the hand force exertion
pattern and optimize the design of tactile gloves for
ergonomics risk assessments.

[1. RELATED WORK
A. Lifting Risk Assessment

The revised NIOSH lifting equation (RNLE) is among the
most widely used ergonomic assessment tools for manual
lifting [19]. The RNLE assesses the risk of low back injury
by calculating a lifting index (LI), which is the ratio of the
load weight to the recommended weight limit (RWL) for a
particular lifting task [2]. The RWL is calculated by a load
constant (23 kg) and six task variables including the horizontal
distance between the hands and the body, vertical distance
between the center of the hands and the ground, the lift asym-
metry angle, the displacement of the load during the lift, hand
coupling, and the frequency of performing the lifting task [2].
The LI has been proven to be significantly correlated with
low back disorders in the field of ergonomics and incorporated
into the International Organization for Standardization (ISO)
ergonomic standard 11228-1 [20], [21], [22].

The variables for calculating the RWL are manually mea-
sured by practitioners in the workplace. Specifically, the six
RNLE task variables can be determined by visual observa-
tions in the field or by reviewing video recordings of the
task. Recent studies have focused on developing methods for
automatically measuring some RNLE task variables without
manual measurements. These methods consisted of wearable
IMU sensors [23], [24], [25], computer vision techniques,
or marker-based motion capture systems to track body postural
information for estimating the task variables [26], [27], [28].
However, the load weight remains a key challenge in automat-
ing the data collection process using the RNLE. Measuring the
weight of many objects for a work shift is time-consuming and
intrusive to the worker’s job.

B. Load Weight Prediction

A few studies have been focused on classifying the lifted
objects’ weight using features extracted from body kinematics
and physiological signals. Body kinematics features (e.g., the
moving velocity and moving jerk) have been extracted by
either computer vision techniques [6], [29] or wearable motion
sensors [5] to classify the weights or the resulting risks into
two or three different levels. In general, the performance
of these kinematics-based models depended on their mis-
sion (e.g., binary classification or multi-class classification),
and their accuracy ranged from 89% to 47%. Specifically,
the kinematic-based models can perform well when used to
classify weights that are significantly different (e.g., light
(26.7-53.4 N) versus heavy (106.8-133.4 N), as introduced
in [29]). However, they were not developed to provide con-
tinuous or precise weight estimations. In addition to body
kinematics, SEMG signals, which indicate muscle activations,
have also been used to predict the load weight. Specifically,
a study utilized the EMG signals from the lower back to
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classify three different weights (0-, 10-, and 24-lbs) with
an accuracy of around 80% [30]. Similarly, another study
utilized the EMG signals from various upper body regions to
predict five weights ranging from 5 to 25 kg using a nonlinear
parallel cascade algorithm [31]. The leave-one-subject-out
testing results of this study demonstrated that the algorithm’s
performance could be affected by the lifting methods
(i.e., squat or stoop); specifically, the mean absolute error of
the algorithm on squat and stoop lifts was £1 and £2.3 kg,
respectively.

The existing techniques for predicting the load weight still
have two major limitations. First, most physiological and
motion sensors require well-trained practitioners to operate.
Attaching these sensors to human bodies is time-consuming
for practitioners and intrusive to workers. Second, most of
these techniques focused on utilizing physiological signals or
body kinematics (e.g., muscle activation and joints’ moving
velocity) that indirectly correlated with the load weight. These
indirect indicators can potentially be affected by factors irrele-
vant to the load weight, such as the lifting methods. Therefore,
there is a need to find a new solution for predicting the load
weight; this solution should be relatively non-intrusive and
based on cues or indicators strongly correlated with the load
weight.

C. Tactile Gloves

State-of-art wireless tactile gloves can be a practical tool
because workers commonly wear gloves. Tactile gloves have
been successfully used in different application areas, such as
hand tool design and rehabilitation [2], [3], [4]. A recent
study has demonstrated that gripping force measured by tactile
gloves is a significant indicator of the load weight [12].
Specifically, the regression analyses in this study illustrated
that the load weight could explain up to 72% of the variance
of the gripping force when including random effects. When
random effects were not included, only 58% of the variance
could be explained by the load weight. Moreover, this study
illustrated that task conditions, which include the lifting height
and handle type, could impact the measured gripping force, but
these task conditions could only explain approximately 1% of
the variance.

Similarly, another study presented a prototype of a low-cost
tactile glove and used it to recognize objects statically held by
hands and predict these objects’ weight [32]. The objects being
handled in this study were lightweight (<700 g), and their
convolution neural network (CNN)-based weight prediction
model demonstrated that the prediction error increased as
the object’s weight increased. Specifically, when the object’s
weight was between 151 and 700 g, the mean absolute error
reached 110.97 g.

Although these studies have demonstrated the potential of
tactile gloves, the current modeling methods for tactile gloves
still have two major limitations that prevent them from being
used at the workplace for lifting risk assessments. First, with
simple linear regression models, the load weight factor could
only explain 58% of the variance of the gripping force. Second,
only one prediction model was developed for using hand
pressure to estimate the object’s weight [32], and it was
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Fig. 1. Tactile gloves used in this study (permission to use photographs
from the Pressure Profile System Company).

only used for lightweight objects. In addition, this prediction
model was developed on static handling tasks (e.g., holding
a calculator) and did not consider the information in the
temporal domain. However, lifting is a dynamic process, and
the gripping effort required to complete a lifting task can
be affected by many factors [12]. Therefore, the feasibility
of utilizing tactile gloves for predicting the load weight in
dynamic lifting tasks remains a scientific gap.

I1l. HUMAN SUBJECTS EXPERIMENT

This experiment was approved by the Institutional Review
Board (IRB) of Purdue University.

A. Device

The tactile gloves utilized in this study were developed by
the PPS, Inc. (Hawthorne, CA). Each glove had 65 embedded
pressure sensors for measuring the pressure exerted on the
palmar side of the hand Fig. 1. Each pressure sensor’s full-
scale range and minimum sensitivity was 80 psi (55 N/cm?)
and 0.04 N, respectively. The tactile gloves were designed to
scan at a rate of 25-40 Hz and were connected to a computer
via Bluetooth.

B. Participants

The conducted lifting experiment recruited 30 participants
who wore tactile gloves and performed lifting tasks with
different task conditions. The participants were recruited from
a college student population; 60% of the participants (n = 18)
were male, and the rest (n = 12) were female. In addition,
80% of the participants (n = 24) were right-handed. In total,
3147 lifts were recorded for analysis, and each lift’s start and
end frames were manually labeled and included.

C. Tasks

During the experiment, the participants were required to
repetitively move a box between a fixed-height chair, a height-
adjustable platform, and the floor using both hands. Each
lifting task can be described by four conditions: height level of
the platform, required body rotation degree, lifting direction,
and weight level. These task conditions were systematically
adjusted during the experiment to increase the variability and
generalizability of the dataset.

Specifically, there were three height levels: high (1.1 m),
middle (0.9 m), and low (0.7 m); three body rotation degrees:
—90°, 0°, and 90°; two lifting directions: up and down; three
load weight levels: light (1.1-4.5 kg), medium (7.9-12.5 kg),
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TABLE |
EXACT WEIGHTS ASSIGNED IN THE EXPERIMENT

Weight Level  Exact Weights (unit: kg)

Light 1.1, 2.3, 34,45
Medium 79,9.1, 10.2, 11.3, 12.5
Heavy 13.6, 14.7, 15.9, 17.0

Fig. 2. This figure demonstrates six lifting tasks with three rotation
degrees and two directions; the platform’s height level and the box’s
weight were constant in these tasks.

Complete Cut-out Handle Square Edge Handle

L} s -

X |
P "

Fig. 3. Boxes assigned in the experiment.

and heavy (13.6-17.0 kg). The weight levels depended on
the LIs of the RNLE. Specifically, weights leading to LlIs
less than 1 were categorized as the light level, and weights
leading to LIs between 1 and 2 were categorized as the
medium level. Finally, weights leading to LIs larger than 2
were categorized as the heavy level. An exact weight would
be randomly selected from each weight level for each task
during the experiment, and there were 13 different weights
being assigned in total (Table I).

Moreover, each lifting task was completed twice by the
participants. In total, each participant completed 108 lifting
tasks during the experiment (3 height levels x 3 body rotation
degrees x 2 lifting directions x 3 weight levels x 2 repeti-
tions) (Fig. 2); the participants would complete these tasks in
a controlled order, and details of the experimental procedure
were presented in [12].

In addition, four different types of boxes were assigned
during the experiment (Fig. 3). These boxes had two types of
commonly observed handles: the square edge handle and the
complete cut-out handle. The research team randomly selected
a box for each participant. 60% of the participants (n = 18)
completed their tasks with the square edge handle, while 40%
(n = 12) completed their tasks with the complete cut-out
handle.

In total, 3260 lifting tasks performed by 30 participants were
recorded by the end of the experiment.

IV. COMPUTATIONAL EXPERIMENT
A. Data Preparation and Augmentation

The dataset contains the start and end frames of each lift,
which were manually labeled; the pressure recording of each
lift was well-trimmed based on these time labels. There are
two major challenges in utilizing the well-trimmed recording
of each lift for modeling. First, the length of the well-trimmed
recordings varied between 39 and 125 frames (71.7% of them
were between 60 and 100 frames), and the tactile gloves used
in this study are embedded with 130 sensors. The resulting
data became high-dimensional but inconsistent in terms of
size, which is challenging for spatial-temporal modeling.
In addition, from a practicable standpoint, locating each lift’s
start and end frames requires action detection algorithms,
which always have prediction errors. The predicted start and
end frames of lifting tasks will not be the same as the time
labels provided by humans. Therefore, the practicability of a
prediction model can potentially be reduced if it is trained on
well-trimmed recordings.

To solve these challenges and develop prediction models
that can tolerate different start and end frames, we formulated
and augmented the data by using a sliding window with a
fixed size and stride. The raw dataset contained untrimmed
recordings, including various activities not associated with
lifting. These non-lifting activities included hand pressure data
of the participant momentarily preparing for or leaving the
task, such as touching the handle while not exerting force to
lift it or pulling the hands off the handles. The portion of
recording included in the sliding window but not related to
lifting (i.e., the proportion of the sliding window not being
covered in Fig. 4) was handled by the model as noises to
increase the model’s generalizability.

The sliding window techniques have been proven to be
an efficient technique for augmenting different types of
time-series sensor data for modeling (e.g., audio and electroen-
cephalogram (EEG) signals [33], [34]). Specifically, the sliding
window in this study had a length of 90 frames, which is the
average length of the well-trimmed recordings; the stride of the
sliding window was 3. The sliding window generated multiple
proposals from each lift; each proposal was a 90 x 130 matrix,
where the first dimension indicated the temporal domain
(90 frames) and the second dimension indicated the spatial
domain (130 sensors). Those proposals whose coverage rate
was at least 70% (1) were selected as valid spatial-temporal
pressure (STP) matrices for model training, validating, and
testing

Number of frames covered
Coverage Rate =

(D

Duration of the original lift’

A graphic illustration of how the sliding window generated
a proposal is presented in Fig. 4. The proposal extracted by
the sliding window in this figure was a valid STP matrix
because it covered most of a trimmed recording (i.e., cov-
erage rate > 70%). In addition, since the stride of the sliding
window is equal to 3, the following proposal will start at frame
83 and end at frame 173, which will also be selected because
of a sufficient coverage rate. With this sampling technique, the
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Fig. 4. Graphic illustration of the sampling technique.

dataset was significantly expanded. In total, 35517 valid STP
matrices were extracted for the augmented dataset.

A mathematical illustration of the STP matrix was presented
in (2). Specifically, the P, , in the STP matrix represents the
pressure reading of sensor x at frame y. In this study, the x
ranged from O to 129 because there were 130 sensors, and the
y ranged from O to 89 because of the sliding window

Poo  Po Po,x
) Pio  Pia Py x

STP Matrix = . . 2)
Pyo Py Py,

The proposed method of preparing and augmenting the
collected data had two major advantages. First, the size was
unified, and the data were formulated as a 2-D matrix, which is
suitable for powerful 2-D representation learning techniques,
such as CNN and ViT. More importantly, most 2-D represen-
tation learning techniques were designed for learning features
in the spatial domain; with the utilized data preparation and
augmentation method, 2-D representation learning techniques
can now learn representations not only in the spatial but also
in the temporal domain from the hand pressure data. Second,
models trained on the augmented data could potentially be
more generalizable than models trained on the well-trimmed
data because they could tolerate irrelevant information induced
by varying start and end frames.

B. LR Models

One of the LR models was built upon the average pressure
of each sensor, and the other one was built upon the peak pres-
sure of each sensor. The LR model was selected because the
L1 regularization technique can perform the variable selection.
Both LR models utilized the coordinate descent approach [35]
to fit the coefficients, and different alpha values were tested.
The objective function of the LR is presented in (3). In this
equation, x represents the input features (i.e., the calculated
average or peak pressure); y represents the ground-truth load
weight; w represents the coefficients; o defines the penalty

Original

7x7 filter

) _)3x3 max pool» residual global avg |, Classification

Input Image > quantity = 64 stride = 2 blocks pooling

stride =2
Modified

7x7 filter

N ) N 2x2 avg pool residual global avg W et

STP Matrix = quantity = 64 stride = 2 blocks pooling 9

stride =2
Fig. 5. Original and modified ResNet models. The green blocks

highlight the modifications made to adopt the ResNet models for the
load weight prediction task.

term, which denotes the amount of shrinkage or constraint
that will be implemented

|
mm2—||xw—y||§+a||w||1. 3)
w 2n

C. Convolutional Neural Networks

The VGG and ResNet techniques were transferred to our
prediction task [13], [14]. For the VGG technique, we adopted
the VGG 11, VGG 13, VGG 16, and VGG 19 models. Four
modifications were made to the original VGG models. First,
the original VGG models were composed of convolutional,
pooling, and fully connected layers. Our study replaced the
fully connected layers with the global average pooling layer.
Compared to the fully connected layers, the global average
pooling layer is more native to the convolution structure and
is less prone to overfitting because of fewer parameters to
train [36]. Second, we replaced the max pooling layers with
the average pooling layers. The key rationale of our decision
was that subtle features should be learned and retained because
every data point in the STP matrix was a reading of a sensor
that could be in contact with the load. Third, the batch
normalization layer was added to the VGG models to increase
the training speed and reduce overfitting [37]. To avoid over-
fitting, we also tried regularizing the VGG models with the
dropout technique during the fine-tuning process; a dropout
layer (0.3) was added after each batch normalization layer.
Our preliminary analyses demonstrated that adding the dropout
layers did not significantly impact the performance of the
VGG models in this study; in fact, it slightly degraded the
performance of some VGG models. Therefore, we decided not
to include the VGG models with dropout layers in this study.
Finally, the original VGG models were developed for image
classification tasks. To turn them into regression models, the
final layer was modified to have a single neuron activated by
the linear function. Details of our modified VGG models are
presented in Table II, and details of the original VGG models
can be found in [13].

For the ResNet techniques, we adopted the ResNet 18,
ResNet 34, and ResNet 50 models. Only two modifications
were made to the original ResNet models as shown in Fig. 5.

Specifically, we first replaced the top 3 x 3 max pooling
layer with a 2 x 2 average pooling layer to encourage
the models to learn and retain subtle features. In addition,
we replaced the original output layer with a single-neuron
layer activated by the linear function to turn the ResNet models
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TABLE I STP Matrix | | Patches
CONFIGURATION OF THE VGG MODELS Sensor ID
VGGII [ VGGI3 [ VGG 16 | VGG 19 ESEENEENEEEEN
Input: 90x130 STP matrix i ———
Conv3 - 64 | Conv3 - 64 | Conv3 - 64 SEEEENESE——
Conv3 - 64 Conv3 - 64 Conv3 - 64 Conv3 - 64 N O Y I
average pooling (size = 2), batch normalization ::::::::::::::::::
Conv3 - 128 | Conv3 - 128 | Conv3 - 128
Conv3 - 128 C ] AN NN EnN
onv3 - 128 | Conv3 - 128 | Conv3 - 128 E EEENNEEEEE NS
average pooling (size = 2), batch normalization w EEEEEEEEEENEE
Conv3 - 256 Conv3 - 256
Conv3 - 256 | Conv3 - 256 Conv3 - 256 Conv3 - 256 0 20 40 60 80
Conv3 - 256 | Conv3 - 256 Conv3 - 256 ) ) ) o )
Conv3 - 256 Fig. 6. Figure presents a visualization of an STP matrix (left) and
Conv3 - 256 L ; .
. . — the separated patches of the STP matrix (right). The horizontal axis
average pooling (size = 2), batch normalization represents the sensor id, and the vertical axis represents the frame
Conv3 - 512 Conv3 - 512 number. The pressure values ranging from 0 to 80 psi were visualized
Conv3 - 512 | Conv3 - 512 Conv3 - 512 Conv3 - 512 by colors.
Conv3 - 512 | Conv3 - 512 Conv3 - 512
Conv3 - 512
Conv3 - 512 TABLE Ill
average pooling (size = 2), batch normalization CONFIGURATION OF THE TRANSFORMER ENCODERS
Conv3 - 512 Conv3 - 512 _
Conv3 - 512 | Conv3 - 512 | 20V~ 215 | Conv3 - 512 _Model Layer _ Attention Head
Conv3 - 512 | Conv3 -512 | ~ ' 5 55 | Conv3 - 512 ViT-Light 1 8 8
Conv3 - 512 ViT-Light 2 8 12
average pooling (size = 2), batch normalization ViT-Base 1 12 8
global average pooling ViT-Base 2 12 12

one neuron, linear activation
* conv3 represents a convolution filter with a size of (3,3).
The number after the conv3 represents the number of filters.

into regression models. Details of the residual blocks can be
found in the original paper of ResNet [14].

D. Vision Transformers

Motivated by the recent successes of utilizing the ViT for
image classification tasks, this study explored the potential
of utilizing ViT for analyzing the STP matrix. In this study,
we adopted the ViT architecture introduced in [15], which was
the first ViT architecture. All ViT models in this study were
trained without pretrained parameters, and we optimized the
hyperparameters using the grid search method. Specifically,
we prepared a few sets of hyperparameters containing different
combinations of hyperparameters. We trained the models on
each set and chose to report the one that achieved the best
performance.

The first part of the ViT was a patch encoder. Specifically,
the patch encoder separated each 90 x 130 STP matrix into
117 patches; each patch had a size of 10 x 10 (Fig. 6).
Then, each patch was flattened and linearly projected into
a low-dimensional vector with a size of 32. The positional
embeddings were added to the projected vectors to retain
positional information.

After the positional embeddings were added, the projected
vectors were then sent to the transformer encoders. The
transformer encoders contained multiple layers of multiheaded
self-attention and multilayer perceptron (MLP) blocks. Differ-
ent numbers of transformer layers and attention heads were
tested (Table IIT). The normalization layer was added before
each block, and the residual connection was added after each

block. Each MLP block contained two dense layers activated
by the GELU function. The first and second dense layers
in the MLP block had 64 and 32 neurons, respectively; a
dropout layer (0.2) was added after each dense layer to reduce
overfitting.

The output of the transformer encoders was first normalized
and then flattened. A dropout layer (0.2) was added after
the flatten layer to reduce overfitting. Three fully connected
layers were added at the end. The first two layers both had
4096 neurons activated by the ReLu function and regularized
by L2. A dropout layer (0.5) was added after each fully
connected layer. The final layer was a single-neuron output
layer activated by the linear function.

E. Training

The VGG, ResNet, ViT models were trained without pre-
trained parameters. The Adam optimizer [38] was chosen to
train each with g; = 0.9, B, = 0.999, learning rate = 0.001,
batch size = 256, and weight decay = 0; we considered the
setups in [15] and used the grid search method to finalize
these hyperparameters for the Adam optimizer. In addition, the
models were compiled to minimize the mean-squared error.

The models were originally set to be trained for 450 epochs.
The early stopping technique was applied to stop the training
process on time to avoid overfitting. Specifically, the training
process would end early if the validation loss was not further
reduced within 30 epochs.

F. Validation and Test

All models were tested using the leave-one-subject-out
method. Specifically, each participant’s data would be left out
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as testing data in turn for testing the model trained on other
participants’ data. Utilizing the leave-one-subject-out method
can examine a mode’s robustness when facing a completely
unseen person.

For the deep-learning-based models, 33% of the training
data would be selected as validation data for determining the
best model checkpoint and stopping the training process early.
For the LR models, a fivefold cross-validation was performed
on the training data for hyperparameter tuning. Specifically,
the fivefold cross-validation was only for searching the optimal
alpha value between 0.1 and 3.

G. Metrics
The overall performance of each model was evaluated using
the mean absolute value (MAE) (4) and predicted R-squared
value. In this equation, y represents the ground truth weight,
v represents the predicted weight, and N represents the num-
ber of samples. We further evaluated the MAE of each model
under different weight levels (Table I). The MAE was chosen
because it was found to be a natural measure of average error
and is relatively unambiguous [39]. The predicted R-squared
was chosen to represent the proportion of the variance in the
load weight, which was explained by our prediction models
N-1 a
MAE(y, §) = =0 % = 31| o = 31| @)
N
V. FEATURE IMPORTANCE ANALYSES
The SHAP technique calculated the SHAP value of each
feature. The SHAP value was a concept in game theory used
to determine each player’s contribution in a coalition or a
cooperative game [40]. In a machine learning context, a coop-
erative game can be considered as a machine learning model
which is making a prediction. The players can be considered
the features used by the machine learning model to make the
prediction. The SHAP value of a feature indicates how much
the feature increases or decreases the model’s predicted value
from the baseline value. In this study, the features were the
11700 (90 x 130) data points inside the STP matrix, and the
sum of their SHAP values represents the difference between
the baseline load (i.e., the expected model out on selected
background samples) and the model’s predicted load
90130
Prediction = Baseline + Z SHAP;. (®)]
i=1
The Deep SHAP explainer, an enhanced version of the
DeepLift algorithm [41], was picked to interpret the ResNet
19 model. Specifically, the explainer was first fit with the
trained model with 100 background samples randomly drawn
from the testing data. Then, the explainer would take each
sample from the testing dataset as input in turn and estimate
the SHAP value of each data point in the sample. The output
of the explainer would also be a 90 x 130 matrix (6), where
Sy, represents the SHAP value of sensor x at frame y

So,0 So,1 So,x
) S1.0 Si1 St

SHAP Matrix = . . ) (6)
|S.v,0‘ |Sy,1 | |S_V,X|

TABLE IV
RESULTS OF THE LR MODELS
Models Predicted MAE MAE MAE MAE
R? (Overall)  (Light) (Medium) (Heavy)
LR (Average) 0.594 2734 2.599 2271 3411
LR (Peak) 0.538 2.938 2.681 2.659 3.537

Using the SHAP values, three steps were conducted to
summarize the importance of different sensors and frames.
First, each SHAP value had a direction (positive or negative);
however, since we focused primarily on the overall importance,
we utilized the absolute value. Second, to determine the
importance of each sensor, we summed up the absolute SHAP
values of each sensor across frames, which was the sum of
each column in (6). Similarly, to determine the importance
of each frame, we summed up the absolute SHAP values at
each frame across sensors, which was the sum of each row
in (6). As a result of the previous calculations, for each sample,
each sensor and each frame had a cumulative SHAP value,
respectively. Finally, we determined each sensor’s and each
frame’s mean cumulative SHAP value by taking the average
across samples.

To further demonstrate the importance of each sensor,
we followed the procedure in [12] to calculate the gripping
force of each hand at each frame. Then, we determined
the average and peak gripping force of each hand across
frames and visualized them through box plots in Appendix
(Figs. 9 and 10); these visualizations served as supplementary
materials for researchers to further understand the hand force
exertion pattern during lifting.

VI. RESULTS

A. Lasso Regression Models

The results of the LR models are presented in Table IV.
Specifically, the LR model built upon the average pressure
achieved a predicted R?> of 0.594 and an overall MAE of
2.734 kg. On the other hand, the LR model built upon the
peak pressure achieved a predicted R? of 0.538 and an overall
MAE of 2.938 kg. The average pressure model outperformed
the peak pressure model. In addition, the medium weight lifts
had the lowest MAE, and both models performed the best with
the medium weight lifts in terms of MAE.

B. Convolutional Neural Networks

The results of the VGG models are presented in Table V.
Specifically, the VGG 11 model, which is the shallowest
model, achieved the best performance; specifically, the VGG
11 model achieved a predicted R? of 0.789 and an MAE of
1.737 kg. On the other hand, the VGG 19 model, which is
the deepest model, achieved the worst performance. All VGG
models performed the best under the lightweight level and
performed the worst in the heavy weight lifts.

The results of the ResNet models are presented in Table VI.
The ResNet 18 model, which is the shallowest model, achieved
the best performance among the ResNet models (Table VI);
specifically, it achieved a predicted R?> of 0.821 and an
MAE of 1.579 kg. On the other hand, the ResNet 34 model
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TABLE V
RESULTS OF THE VGG MODELS (D Left Paim
Model Predicted MAE MAE MAE MAE @tett Pf"ky
odels R2 (Overall)  (Light)y (Medium) (Heavy) @Lett Ring
VGG 1T 0.789 1.737 1.289 1.808 2.136 %te: e
VGG 13 0.780 1.773 1.354 1.887 2.091 @L:ﬁ:hjr‘nb
VGG 16 0.783 1.750 1.324 1.715 2.249
VGG 19 0.777 1.802 1.384 1.756 2.303 (D Right Paim
© (®Right Thumb
i (@Right Index
TABLE VI :9:: Vil
RESULTS OF THE RESNET MODELS @R:gg;hl P;:sy
Model Predicted MAE MAE MAE MAE
odels R? (Overall)  (Light) (Medium) (Heavy)
ResNet 18 0.821 1.579 1.189 1.503 2.086
ResNet 34 0.799 1.643 1.068 1.666 2.235 W
eak Strong
ResNet 50 0.804 1.574 0.998 1.609 2.151 Contribution Contribution
Fig. 7. Visualization of the importance of each sensor. The BGR color
map was chosen; the smallest mean cumulative SHAP value was coded
TABLE VI as blue, and the largest mean cumulative SHAP value was coded as red.
RESULTS OF THE VIT MODELS
Model Prediced ~ MAE  MAE MAE MAE 0.5 Importance of Each Frame
odels R? (Overall)  (Light) (Medium) (Heavy) ' &
ViT-Light 1 0.751 1.829 1.427 1.897 2.181 8045 o %,
ViT-Light 2 0.728 1.889 1.441 2.011 2.227 § ..o' %
ViT-Base 1 0.736 1.865 1.364 1.972 2.278 a 04r F
ViT-Base 2 0.714 1.928 1.487 1.970 2.352 % f
%5 0.35 s .
. .. . 4] g %
achieved the worst performance. Similar to the previous deep- % 0.3 .." S
learning models, all ResNet models performed the best in the 2025 S \
lightweight lifts and performed the worst in the heavy weight 3 . A
: 02 ° %
lifts. § e °
S )
=0.15 o
C. Vision Transformers 0.1 ‘ ‘ :
0 20 40 60 80 100

The ViT—Light one model, which had eight transformer
layers and eight attention heads, achieved the best performance
among all ViT models (Table VII); specifically, it achieved a
predicted R2 of 0.751 and an MAE of 1.829 kg. On the other
hand, the ViT—Base two model, which had 12 transformer
layers and 12 attention heads, achieved the worst performance.
All ViT models performed the best in the lightweight lifts and
performed the worst in the heavy weight lifts.

D. Feature Importance

Fig. 7 presents a visualization of the mean cumulative SHAP
value of each sensor through color coding. Three trends can
be observed from this figure. First, the right hand was more
important to the model than the left hand. On average, the
mean cumulative SHAP values of the right hand were 160.69%
higher than that of the left hand.

Second, fingers were slightly more important than palms.
The most important sensor on the right hand was on the middle
finger, and the most important sensor on the left hand was
on the index finger. Specifically, the mean cumulative SHAP
values of the fingers were 7.12% higher than that of the palms.
Finally, the left palm and both thumbs were weak contributors
to the model’s predictions.

Fig. 8 presents a visualization of the mean cumulative SHAP
value of each frame through a scatter plot. The original data
were processed by the moving average algorithm so that a
clear trend could be observed. The model clearly relied more
on the data in the middle phase than the beginning and ending

% Time

Fig. 8. Visualization of the importance of each frame. The original data
were processed by the moving average algorithm and the peak value
was found at frame 37.

phases. Specifically, the first and last few frames were the
least important moments for the model. The data became
increasingly important to the model as time went on. The
data fall between frames 35 and 50 had cumulative SHAP
values significantly higher than others, indicating that the
model relied heavily on the data fall in this time interval to
make predictions. After frame 50, the data became less and
less important to the model.

VIl. DISCUSSION

The load weight is a major risk factor significantly affecting
workers’ occupational health and safety across various indus-
tries. However, estimating the load weight is a challenging
task for safety practitioners. This study utilized tactile gloves
as a new modality to estimate the load weight. Furthermore,
we proposed a custom data preparation and augmentation
technique to formulate the pressure data and transferred
image embedding techniques to learn representations from
the pressure data in both temporal and spatial domains.
Compared to existing modalities used to predict the weight
load (i.e., EMG sensors and wearable motion sensors), gloves
are pervasive and non-intrusive—commonly used by workers
across many industries. In addition, by definition, pressure
strongly correlates with force. Our experiments demonstrated
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that the proposed method could efficiently estimate the load
weight. In SectionsVII-A-VII-E, we will discuss the modeling
results, limitations, and the potential future works of this study.

A. Modeling Results—Lasso Regression Models

In a gripping force study [12], the authors used two simple
linear regression models to investigate how much variance in
the load weight could be explained by the average and peak
gripping force, respectively. The gripping force was defined
as the sum of each pressure sensor’s exerted force, calculated
as the product of pressure and sensor area. The gripping
force was calculated at each frame first, and the peak and
average gripping force were then found across all frames.
Their results demonstrated that the average peak gripping force
could explain 58.1% (R? = 0.581) and 57.4% (R*> = 0.574)
of the variance in the load weight, respectively.

Unlike the gripping force study accumulating sensors’ read-
ings at each frame, our study extracted features (i.e., peak
and average) from each sensor separately. The R? of our LR
model built upon the average pressure of each sensor was
slightly higher than the R? of the average gripping force-based
model (0.594 versus 0.581); however, the R? of our LR model
built upon the peak pressure of each sensor was significantly
lower than the R? of the peak gripping force-based model
(0.538 versus 0.574). The degraded performance of our LR
model could imply the importance of spatial information at
each frame because it was not incorporated into our model as
the peak gripping force-based model did; the peak reading of
different sensors could be found at different frames.

Overall, the predictions of the LR models were not as
accurate as the predictions of the CNN or ViT models.
Nevertheless, these LR models only require a small amount
of computational power to infer; hence, they are potentially
suitable for embedding or edge computing (e.g., smart gloves
embedded with a microcomputer), especially of our feature
importance findings are used to optimize sensor designs.

B. Modeling Results—CNN and ViT

The CNN models were the most effective models in our
study. By comparing the performance of the VGG and ResNet
models individually, we observed that a deeper structure
could not improve the performance of either the VGG or the
ResNet models. Specifically, the VGG 11 model achieved a
better performance than the other VGG models. Similarly, the
ResNet 18 model was better than the other ResNet models.
However, by comparing the performance of the VGG and
the ResNet models, we observed that the residual connection
technique had a positive impact because the ResNet models
performed better than the VGG models. Our comparisons
and observations on these models did not completely agree
with the convention that a deeper network could lead to a
better performance, which had been demonstrated in image
classification tasks. The scarcity of our data could be a
potential cause for this discrepancy because it could induce
an overfitting issue for large models. Specifically, compared
to RGB images used to train the original VGG and ResNet
models (224 x 224 x 3), the STP matrix is relatively small

(90 x 130). In addition, even with our proposed data aug-
mentation technique, only 35517 samples were available in
the dataset, which is relatively tiny compared to most image
datasets.

Similarly, the lightweight ViT models outperformed the
other ViT models in our experiment. In addition, the CNN
models clearly outperformed the ViT models in our study.
Compared to the CNN models, the ViT models require more
data to attain better performance and are less efficient on small
datasets because of the lack of inherent inductive biases [42].
However, numerous researchers have been improving the ViT
models with different techniques (see [43], [44]). Therefore,
future studies can be focused on exploring how these improved
ViT models can be modified or transferred to our prediction
task.

C. Feature Importance

By using the SHAP technique, this study discovered that
the ResNet 18 model relied more on the right hand than
the left hand to make load weight predictions. This result
could be explained by the participants’ handedness and grip
strength. Specifically, studies have demonstrated that the grip
strength of the right hand was 12.72% larger than that of
the left hand for right-handed people [45]. In contrast, the
grip strength tended to be similar between the left and the
right hand for left-handed people. Specifically, a study in [46]
conducted an experiment that demonstrated that 10.93% of
the right-handed subjects had their nondominant hand stronger
than their dominant hand. In comparison, 33.33% of the
left-handed subjects had their nondominant hand stronger than
their dominant hand. Based on these grip strength studies,
there are indications that right-hand grip strength is higher
than left-hand grip strength regardless of handedness. This
could be one potential explanation for why our model relied
more on the right hand, as more weight could be absorbed or
counterbalanced by the stronger side. Further studies should
be conducted to investigate the impact of handedness during
lifting using tactile gloves.

Moreover, the model relied slightly more on the fingers
than the palms to predict load weight. The handles’ shape
could increase the fingers’ importance because the fingers
could primarily wrap around the complete cut-out and square
edge handles during lifting. In addition, we visualized and
compared the SHAP values of different hand regions across
handles, illustrating the difference in hand pressure distribution
caused by different handles (see Appendix). These findings
are inconclusive for comprehending the hand pressure pattern
during lifting since they only indicated each hand region’s
importance to the model. In addition, they may not be gen-
eralizable to all lifting tasks because two types of handles
were considered. Further studies and experiments should be
conducted to analyze lifting tasks involving other types of
handles.

Finally, this study found that the pressure data lying in the
middle phase of lifting tasks are important for the model to
predict the load weight. There are two potential causes of this
trend. First, the sensors’ readings may be relatively steady
in the middle phase, while the beginning and ending phases
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involve rapid changes. The relatively steady middle phase may
be more helpful for predicting load weight than the force
patterns in other phases of the lifting tasks. Second, the middle
phase of the recordings was scanned more often than the other
phases, leading to a relatively imbalanced input distribution.
Specifically, the middle phase of the recordings was included
in most of the samples used to develop the models, while the
starting and ending phases were only included in a relatively
small proportion of the samples. For instance, for a lift
that lasted for 100 frames, most samples generated by the
sliding window would include the 50th frame, while only a
few would include the first frame. Models trained on such
imbalanced input distribution could exhibit bias toward the
pressure readings in the middle phase [47].

In summary, the feature importance analyses increased the
transparency of the ResNet 18 model by revealing some
rationales for the model’s decision-making process. These
analyses also provided new scientific insights regarding the
hand force exertion pattern during lifting.

D. Practical Applications

For our target application for assessing lifting injury risks,
the proposed load weight estimation method can directly
provide load weight estimations for practitioners to input for
the NIOSH lifting equation. However, lifting at the workplace
can be highly varied, and several task conditions may affect
the accuracy of our pipeline. These factors include lifts with
boxes without handles, load-carrying tasks, one-handed lifts,
and lifting at paces shorter than 39 or more than 125 frames.
These factors may affect our observed accuracy since the
proposed model has not seen the hand pressure pattern in
such tasks. The model will have to be trained for these
additional factors; however, the lifts studied in this work are
representative of common lifts observed in the workplace.
To apply our model, workers will need to wear the glove
system, and safety practitioners will need to apply the pipeline
and model to monitor load weights over time.

In addition, many weights, a person can lift, were not
included in the training dataset. Although not in our train
set, the LR model presented in the results can potentially
infer random weights unseen by our model, especially if
the random weight is within the range of weights in our
train dataset, which is a key strength of our presented LR
model. For our deep-learning-based regression models (i.e., the
CNN and ViT models), the accuracy will likely be furthered
lower than the accuracy presented in our results because the
model was optimized for the weights in our dataset, which
means the model could be overfit to the existing weights.
Further experiments with additional weights are needed to
demonstrate or investigate the models’ performances on those
unseen weights.

E. Limitation and Future Work

Based on the presented results and previous discussions, five
major limitations were found, and the corresponding future
solutions were proposed.

First, the conducted experiment and the resulting dataset
needed to be more comprehensive to develop generalizable

load weight prediction models because the task conditions vary
at the workplace. For example, lifting tasks involving objects
without handles or single-handed lifting tasks were missing
in the experiment and dataset, while they can be commonly
observed at the workplace. In addition, the current models did
not consider lifting shaped objects and lifting with physical
contact between the lifted objects and workers. Future studies
can focus on collecting data covering a wide range of lifting
tasks and conditions for improving generalizability.

Second, the sliding window utilized in this study may not be
suitable for lifting tasks with extremely short or long record-
ings (e.g., shorter than 39 or longer than 125 frames). For short
lifts, too many unrelated pressure readings can be included
and potentially affect the model’s prediction performance; for
long lifts, the information extracted by the sliding window
can potentially be insufficient for the model to make reliable
predictions. Future studies can explore different techniques for
handling these corner cases; some potential methods include
utilizing random downsampling and interpolation techniques.

Third, the results demonstrated that the tactile gloves were
not suitable for analyzing heavy tasks (i.e., load weight >
13.6 kg), potentially because of the dead spaces between
sensors [12]; however, heavy tasks can bring more risks to
workers than tasks involving medium or light weights. There
is a need to explore a solution for increasing the model’s
performance for heavy lifting tasks. A potential method is to
develop a specialized regression model for analyzing heavy
lifts only. Specifically, the specialized regression model should
be trained only on heavy lifts.

Fourth, this study only transferred and implemented a
handful of classic CNN and ViT architectures, while there are
many other architectures of CNN and ViT [42], [48]. Future
studies can be focused on transferring different architectures
of CNN and ViT or developing custom architectures to further
improve the prediction performance.

Finally, in addition to the load weight, there are other factors
that can also affect the lifting risks, such as body kinematics
and posture [49], [50]. This study only focused on predicting
the load weight while did not account for other risk factors. For
practitioners to conduct comprehensive risk assessments, the
tactile glove should be integrated with other modalities capable
of measuring other risk factors in future studies. For example,
body kinematics and posture can be measured by computer
vision techniques and wearable motion sensors [6], [25]; thus,
integrating cameras or motion sensors with tactile gloves can
potentially help practitioners conduct comprehensive lifting
risk assessments.

VIII. CONCLUSION

This study proposed utilizing tactile gloves as a new modal-
ity for predicting the load weight, one of the most important
risk factors of lifting tasks. To validate the feasibility, a human
subjects experiment was first conducted to collect hand pres-
sure data of participants performing various lifting tasks.
Then, a computational experiment was performed. A custom
data preparation and augmentation technique was proposed
to formulate the hand pressure data into 2-D STP matrices.
Convolutional neural networks and ViTs were modified and
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Fig. 9. Comparison of the average gripping force between the left and
right hand.
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Fig. 10. Comparison of the peak gripping force between the left and
right hand.

transferred to learn representations from the STP matrices for
predicting the load weight. The ResNet 18 model was the best-
performing model, and it achieved a predicted R-squared of
0.821 and a mean absolute error of 1.579 kg.

In addition, the SHAPs technique was used to investigate the
decision-making logic of the ResNet 18 model. Specifically,
the importance of each sensor and the importance of each
frame were determined. From the spatial perspective, the data
from the right hand were more important than the data from the
left hand, and the data from the fingers were more important
than the data from the palms. From the temporal perspective,
the data lying in the middle phase of lifting tasks were more
important than the data lying in the beginning and ending
phases.

In summary, this study demonstrated the efficiency of utiliz-
ing tactile gloves with the ResNet 18 model to predict the load
weight, and the SHAP technique increased the transparency
of the model and enhanced our understanding of hand force
exertion during lifting tasks.

APPENDIX

A. Comparison of Gripping Force Between Hands

We visualized and compared the average and peak gripping
force across the left and right hands in Figs. 9 and 10. These
two figures illustrated that the right hand exerted more force
than the left hand on average. In general, this trend aligned
with the decision-making logic, where the SHAP values of the
right hand were larger than that of the left hand.

Handle Comparsion for Left Hand
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Fig. 11.
hand.

Comparison of the SHAP values between handles for the left

Handle Comparsion for Right Hand
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Fig. 12. Comparison of the SHAP values between handles for the right
hand.

B. Comparison of SHAP Values Between Handles

We visualized and compared the SHAP values of different
hand regions between handle types in Figs. 11 and 12. Average
SHAP values for both handles were observed to be similar
regardless of handle type. However, the right middle fingers
appeared more important for the square edge handle than the
complete cut-out handle.
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