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Abstract: Monitoring physical demands during task execution with exoskeletons can be instrumental
in understanding their suitability for industrial tasks. This study aimed at developing a fatigue
level prediction model for Back-Support Industrial Exoskeletons (BSIEs) using wearable sensors.
Fourteen participants performed a set of intermittent trunk-flexion task cycles consisting of static,
sustained, and dynamic activities, until they reached medium-high fatigue levels, while wearing
BSIEs. Three classification algorithms, Support Vector Machine (SVM), Random Forest (RF), and
XGBoost (XGB), were implemented to predict perceived fatigue level in the back and leg regions
using features from four wearable wireless Electromyography (EMG) sensors with integrated Inertial
Measurement Units (IMUs). We examined the best grouping and sensor combinations by comparing
prediction performance. The findings showed best performance in binary classification of leg and
back fatigue with 95% (2 EMG + IMU sensors) and 82% (single IMU sensor) accuracy, respectively.
Tertiary classification for back and leg fatigue level prediction required four sensor setups with both
EMG and IMU measures to perform at 79% and 67% accuracy, respectively. The efforts presented
in our article demonstrate the feasibility of an accessible fatigue level detection system, which can
lclf;aedcgtfgsr be beneficial for objective fatigue assessment, design selection, and implementation of BSIEs in
real-world scenarios.
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1. Introduction

Academic Editor: Junseop Lee . . . . . .
Neuromuscular fatigue can compromise the execution of physiological functions of

Received: 28 April 2024 bodily systems, necessitating the development of interventions to prevent/delay the onset
Revised: 24 May 2024 of fatigue. Fatigue and its incomplete recovery have been linked to longer reaction time,
Accepted: 24 May 2024 impaired concentration, coordination, and information processing, and poor judgment [1].
Published: 26 May 2024 This can adversely affect task performance and increase the risk of suffering an injury [2].

The prevalence of fatigue costs U.S. employers ~$130 billion annually in lost productive
time, with ~38% of workers reporting fatigue in their previous 2 weeks of work [3]. Conse-
= quently, measuring fatigue levels can be beneficial in developing interventions that promote
workplace safety. Fatigue is measured by recording perceived exertion or by measuring
decreases in physical ability, such as the inability to maintain force generation, and the
cognitive capacity to perform tasks [4]. While localized fatigue, or muscle fatigue, is typ-
ically measured by measuring impacts on muscle activity (e.g., an increase in the peak
Attribution (CC BY) license (https:/ / amplitude of the signal) [5,6], perceived fatigue, or global fatigue, is usually measured
creativecommons.org/licenses/by,  USING subjective approaches [7,8]. There is a growing need for developing quantitative
10/). approaches of measuring perceived fatigue. Recent developments in sensors have enabled
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the in-depth recording of physiological signals. Earlier studies have demonstrated a direct
correlation of changes in such signals (heart rate, muscle activity, and body movement)
to fatigue, enabling objective fatigue level detection [9-11]. Monitoring fatigue levels can
be helpful in designing task cycles, providing optimum work-rest ratios, and accounting
for individual differences, leading to a personalized and effective approach to minimize
fatigue in industrial environments.

Machine learning classification algorithms have emerged as powerful tools to cate-
gorize data into distinct predefined classes. Common types of such algorithms include
decision trees, support vector machines, and ensemble methods. Decision trees incorporate
a hierarchical tree form with structured nodes (root, decision, and leaf nodes) to categorize
datapoints into subsets [12—-14], while Support Vector Machines (SVM) aim to establish a
boundary between predefined sets of datapoints [15-17]. Meanwhile, ensemble methods
like Random Forests combine multiple decision trees to improve predictive performance
and robustness [18-20]. Prior studies have implemented these algorithms for detecting
fatigue. Common algorithms used for fatigue detection include SVM, Artificial Neural Net-
works, k-Nearest Neighbors, Random Forest (RF), and Decision Trees [21-24]. Controlled
lab-based studies have been conducted to generate and develop training datasets and
evaluate the performance of machine learning models for predicting level of fatigue [25]. To
develop objective fatigue detection, models that utilize physiological signals obtained from
sensors have been developed. Previous studies have used features calculated from motion
data [11,21,23,25], muscle activity [26], balance [22], and variability in heart rate [11,21].
The accuracy of these machine learning models in correctly classifying the state of an
individual as fatigued or non-fatigued has been reported in the range of ~70-90%. Thus,
machine learning-based systems can be implemented to accurately detect the level of
fatigue at workplaces.

Exoskeletons (EXOs) are wearable devices that augment the physical capabilities of
their wearers using mechanical (passive) or electromechanical (active) actuation and an
external structure [27-30]. Within the past decade, EXOs have risen as promising interven-
tions to improve human performance and safety in the military [31], healthcare [32,33], and
industry [34]. These devices are often categorized based on the body region they support,
with common types being those supporting the upper body (back, shoulder, arm, wrist) or
lower body (knee, ankle) regions. The industrial variants of EXOs aim to reduce the risk
of injury due to overexertion [35]. For instance, the low back stands out as a particularly
vulnerable region of the human body, and the annual rate of injury in workplaces has
been reported to be ~17% across the U.S [36-38]. Back-Support Industrial Exoskeletons
(BSIEs) belong to upper-body EXOs that support the wearer’s torso while they perform
trunk-bending activities, aiming to decrease muscle activity in the low back muscles [39-44].
Controlled lab-based and field evaluations of EXOs are conducted by recruiting human
subjects, which assists in their design and development [45—47]. Findings from labora-
tory evaluations demonstrate decreases in back muscle activity (~8-50%) with the use of
BSIEs while performing static bending [39,40,43,48,49] and dynamic lifting tasks [43,50-54].
However, when these devices are implemented in field scenarios, their effects are reported
as mixed [55]. To check whether these devices are providing their intended benefits to
wearers, there is a need for developing approaches for detecting and monitoring physical
demands. Monitoring fatigue during EXO-assisted tasks can be beneficial in such cases.

In our earlier study, we developed a model to detect medium-high level of fatigue
in the back region during repeated trunk bending/retraction using optoelectronic motion
capture, force plates, and muscle activity detection systems [56]. This article builds upon our
past work by utilizing a dataset consisting of a range of fatigue values (from 0-7 in a scale of
10) in both low back and leg regions to predict levels of fatigue (e.g., low, medium, high). In
addition, we considered intermittent trunk flexion task sequences involving static, dynamic,
and sustained trunk flexion; these were performed in both symmetric and asymmetric
postures. Furthermore, the inputs used for developing the models were sourced from four
wearable sensors (muscle activity and inertial motion sensors), to consider the accessibility
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of real-world evaluations. As being assisted with an EXO while performing tasks may
affect both local and global fatigue progression, the models proposed here may perform
better in contrast to generic fatigue prediction models (without EXOs). Thus, the purpose
of this study is to develop a model that can assist in evaluating the overall demands
on BSIE users by monitoring their fatigue level as they perform routine trunk flexion
tasks. Subsequently, the novelty of this study is that the developed models incorporate
features while performing EXO-supported tasks, making the model specific to similar
wearable assistive devices like BSIEs. Our secondary objectives were to determine the most
effective grouping of fatigue levels for optimal model performance and to minimize the
number of sensors for accessible evaluation. We hypothesized that features obtained from
a combination of muscle activity and motion would yield the highest model performance.
We also anticipated that binary grouping of back fatigue levels would yield superior model
performance to tertiary grouping. The presented efforts in this study can be utilized for
designing guidelines on using BSIEs based on the progression of global (perceived) fatigue
levels of their users.

2. Materials and Methods
2.1. Study Participants

We recruited a participant pool of 14 male adults from university population with
the inclusion criteria of: (a) range of height between 5 and 6 ft. and weight between 120
and 200 Ibs., (b) at a minimum, two exercise sessions per week, and (c) lack of disorders
of the musculoskeletal system in the past six months. Participant pool in this study was
same as our earlier work [56]. Anthropometric dimensions of participants, as measured in
terms of mean (SD), consisted of age in years: 20.2 (2.6), height in cm: 179.1 (3.7), weight in
kg: 72.9 (6.2), body mass index in kg/ m?: 22.7 (2.4), chest circumference in cm: 89.5 (3.9),
and hip circumference in cm: 86.6 (6.0). Written informed consent was obtained from
all participants prior to data collection, as approved by the university’s Review Board
(Approval number: HSRO#01113021) with experimental protocols that were aligned with
the tenets of the Declaration of Helsinki.

2.2. Experimental Tnsks, Apparatus, and Equipment

To simulate intermittent tasks, we considered a task cycle that included 30 s periods of
sustained trunk flexion (~45° sagittal flexion angle) and 15 s intervals of standing-still tasks
before and after sustained bending, performed intermittently with 15 s relaxation breaks.
As shown in Figure 1, awkward postures were simulated by considering asymmetric trunk
flexion (~45° transverse flexion angle) as an additional experimental condition. Thus, par-
ticipants performed intermittent tasks, once with ~45° asymmetry and then without. The
apparatus consisted of a height and tilt adjustable stand with wire connectors spaced ap-
proximately 10 inches apart. Placement of the stand was adjusted based on the trunk flexion
angle of each participant and depending on participants’ posture (asymmetric/symmetric).

We selected a passive rigid BSIE, BackX Model AC (SuitX, Emeryville, CA, USA),
which uses two pseudo-mechanically operated actuators and a chest pad to support the
trunk during trunk flexion. Assistance was set at a medium level (~25 Ibs.) and was kept
consistent throughout the study. This device has been reported to primarily reduce muscle
activity in the low back region [57]. Our pilot studies showed potential benefits in both
the low back and thigh regions. Thus, the muscle groups of interest included left/right
erector spinae longissimus (LES/RES) and the biceps femoris muscles (LBF/RBF). These
muscle groups are known to undergo significant contraction during trunk flexion, as they
are responsible for stabilizing the torso. To collect muscle activity data, we placed four
Electromyography (EMG) sensors on each of these muscles using the Trigno Wireless
EMG system (Delsys, Natick, MA, USA, 1200 Hz). Each sensor also included an Inertial
Measurement Unit (IMU) sensor, which provided acceleration of the sensor along x, y, and
z axes. Perceived fatigue was measured in the back and leg regions using the Borg Ratings
of Perceived Exertion (RPE) CR-10 scale [58,59].
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Figure 1. (a) An illustration depicting placement location of surface Electromyography sensors;
(b) apparatus in the study showing an adjustable stand with wire connectors; (c) exoskeleton-assisted
trunk flexion tasks in symmetric and asymmetric postures; and (d) the back support exoskeleton
used during experimentation.

2.3. Experimental Protocol

Complete experiment comprised of three sessions (training/session-1, session-2,
session-3) with ~48 h break between each session for recovery. The first session consisted
of training/familiarization, as well as calibration of equipment. Participants performed a
wall-sit task for calibrating their perceived exertion ratings on the Borg scale. We measured
Maximum Voluntary Contractions (MVC) of each muscle by restricting motion. Each of the
two subsequent experimental sessions included performing bending tasks with/without
the BSIE, once with asymmetry and once without asymmetry, with a 15 min break between
the posture conditions. Protocol for experimental tasks in each condition consisted of
intermittent task cycles with 30 s sustained bending and two 15 s standing-still activities
performed with 15 s relaxation breaks, with task cycles repeated until participants reached
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a medium-high fatigue level (Figure 2). As this study utilized data collected during the
same experiment as our prior work, a more comprehensive description of the experiment
can be found in our recent publication [56].
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Figure 2. Illustration depicting experimental tasks of repetitive and intermittent trunk flexion task
cycles and activities of standing still (SS), bending (B), sustaining bent posture (SUS), retraction (R),
and relaxation performed within each task. (Note: procedure shown in this illustration was repeated
for asymmetric as well as symmetric postures).

Intermittent task cycles were preceded and followed by 30 repetitions of trunk bend-
ing/retraction at a similar trunk angle as the condition (with/without ~45° asymmetry).
RPE ratings in the back and leg regions were obtained from participants on the RPE scale
after each task cycle for both asymmetry and symmetry conditions. Simultaneously, objec-
tive data from equipment was collected, with each exported Excel file corresponding to a
60 s task cycle labelled according to the RPE ratings of both low back and leg regions.

2.4. Feature Engineering and Model Development

We developed a custom MATLAB code to import data, segment based on type of
activity, and calculate features. A list of features generated is displayed in Table 1. For
each task cycle shown in Figure 2, portions of the task were segmented, and measures
were calculated from raw EMG and accelerometer signals from each of the four wearable
sensors placed on low back and thighs. The EMG signal was filtered using a Butterworth
filter in the 30 Hz and 300 Hz bands [39,60]. Features from EMG sensors included the
peak and mean amplitude of muscle activity recorded by each of the four sensors on
LES, LBE RES, and RBF for each activity portion. All peak values were normalized for
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each EMG sensor on the back and legs obtained from MVC trials. Time-series data were
converted to the frequency domain to calculate the median frequency of the signal. Each
EMG sensor was accompanied by an Inertial Measurement Unit (IMU) sensor. Data from
IMU were filtered using a 2nd-order lowpass digital Butterworth filter with a normalized
cutoff frequency of 10 Hz. We calculated mean, standard deviation, and variance of the
norm of acceleration from each IMU sensor over each portion of the task. In addition, all
features were normalized for the entire condition based on the values for the first task
cycle and were added as additional features. All features were calculated for each activity
within each task cycle, including standing still at start/end, sustained bending, bending,
and retraction (Figure 2). Overall, three separate datasets were prepared with all features
representing (a) kinematics (160 features), (b) muscle activity (280), and (c) kinematics and
muscle activity (440).

Table 1. Outcomes of feature engineering showing the type of measure extracted from the wearable
sensors located on left/right erector spinae and on left/right biceps femoris muscles; the total number
of features extracted from the data and a list of all the features included in the generated dataset for
building machine learning models. (Note: activities within each task cycle included B: bending, SS:
standing at start, SUS: sustained bending, R: retraction, and SE: standing at end).

Type of Measure from Sensor Number of Features List of Features

Mean (MeanEMGIMU), maximum
(maxEMGIMU), minimum
(minEMGIMU), standard deviation
(stdEMGIMU), and variance
(varEMGIMU) of the norm of
acceleration, change in mean
Low Back and Leg Movement 160 (n_meanEMGIMU), maximum
(Inertial Sensors) (n_maxEMGIMU), minimum
(n_minEMGIMU), standard deviation
(n_stdEMGIMU), and variance
(n_varEMGIMU) of the norm of
acceleration.
(for each activity within task cycle from
all four sensors)

Peak amplitude (AmpEMG), mean
amplitude (MeanEMG), median
frequency (MedianFrequency),
standard deviation (stddevRMS),
change in peak amplitude
Muscle Activity 280 (n_AmpEMG), change in mean
(Electromyography) amplitude (n_AmpEMG), change in
median frequency
(n_MedianFrequency), change in
standard deviation (n_stddevRMS).
(for each activity within task cycle from
all four sensors)

Machine learning classification algorithms, namely Support Vector Machine (SVM),
Random Forest (RF), and XGBoost (XGB), were applied to detect fatigue level. Figure 3
depicts a flowchart showing the complete procedure of model development. Testing of
models varied according to factors of sensors (four sensors placed on low back and leg
on each side), measures (muscle activity, kinematics), fatigue region (low back and legs),
level and grouping style (binary or tertiary). Obtained fatigue level values in the range
of 0 (no fatigue) to 7 (medium-high fatigue) were categorized based on three separate
arrangement methods. Specifically, three grouping styles for labelling RPE levels were
adopted for binary and tertiary grouping of both back and leg ratings (0-7), as depicted in
Table 2. We also utilized three classification algorithms (SVM, RE, XGB), each with three
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model tuning techniques of baseline, SMOTE, and GRID. All these factors were varied to
determine the best-performing models considering metrics (such as accuracy, recall, and
precision) and accessibility (number of sensors required for prediction).

Data Acquisition

Filtering &

Electromyography j Ceier ton

Inertial Measurement Unit

Feature Extraction Fatigue Level Labelling

Back & Leg Regions

Dataset Export as
Excel (.csv)
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Fatigue Level
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Figure 3. A flowchart depicting model development and testing procedure involving steps of data

acquisition, feature engineering, dataset generation, performance evaluation/validation, and model
selection based on optimal hyperparameters. Prior to model selection, feature importances were
assessed and sensor reduction was performed.
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Table 2. List of factors with their levels that were varied during performance evaluation for
model selection.

Factor Level Description
sl Sensor on Left Erector Spinae (LES)
s2 Sensor on Left Biceps Spinae (LBF)
Sensors
s3 Sensor on Right Erector Spinae (RES)
s4 Sensor on Right Biceps Femoris (RBF)
Muscle Activity Surface Electromyography
Kinematics Acceleration
Measures .
Muscle Activity and Kinematics Combination of Surface Elgctromyography
and Acceleration
FB Fatigue in Back
Fatigue Region
FL Fatigue in Legs
FX2G1 IF(Fatigue Level < 3,”L”,”M”)
Binary (FX) FX2G2 IF(Fatigue Level < 2,”L”,”M”)
) FX2G3 IF(Fatigue Level < 4,”L”,”"M”)
Grouping
Method FX3G1 IF(Fatigue Level < 2,”L” (IF(Fatigue
(X=B/L) Level < 4,”"M”,”H")))
. IF(Fatigue Level < 1,”L” (IF(Fatigue
Tertiary (FX) FX3G2 ( gLevel <3 M ”H(”))() &
IF(Fatigue Level < 3,”L” (IF(Fatigue
FX3G3 LeVel S 5,”M”,”H”)))
SVM Support Vector Machine
Classification Algorithms RF Random Forest
XGB XGBoost
Baseline -
Model-Tuning Techniques SMOTE Synthetic Minority Over-sampling Technique (SMOTE)
GRID Finding best hyperparameters with cross validation

using grid search along with SMOTE

2.5. Performance Evaluation and Validation

We used the train—test split method to assess the performance of machine learning
models. All the data were divided into two sets: (a) training set, which was used to train
the model for detecting the patterns across the datapoints, and (b) test set, which was used
to evaluate the model. Performance metrics were calculated by making predictions on the
unseen data (test set) using the model trained on training set.

Metrics for assessing model performance included accuracy (A), sensitivity /recall (R),
specificity (S), precision (P), Fl1-score (F1), and G-index (G) and were calculated in a similar
manner as our prior study [56]. For calculating performance metrics, we first divided the
data into two separate sets using the train—test split technique. Based on the predictions
and the actual labels of the test data, we generated a confusion matrix for each model, with
rows and columns corresponding to each class in our model. A confusion matrix represents
four variables, as described below:

True Positive (TP): The number of instances correctly predicted as positive.
True Negative (TN): The number of instances correctly predicted as negative.
False Positive (FP): The number of instances incorrectly predicted as positive.
False Negative (FN): The number of instances incorrectly predicted as negative.
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In this study, true positives (TP) represent activities correctly labeled as belonging to
the fatigue level, while true negatives (TN) are activities correctly labeled as not belonging
to the fatigue level. False positives (FP) occur when activities are incorrectly labeled as
belonging to the fatigue level, and false negatives (FN) occur when activities are incorrectly
labeled as not belonging to the fatigue level. This can be further generalized for multi-
class classification as well. Accuracy reflects the model’s ability to correctly detect the
fatigue level of activities. Sensitivity and specificity indicate the model’s ability to recognize
different fatigue levels, while precision measures the reliability of the model’s predictions of
fatigue levels. The F1-score and G-index were calculated similar to our recently published
study [56].

The main drawback of the train—test split method is that the performance estimates
can vary widely because they depend on a single random split, indicating that different
splits can result in widely varying performance. Another drawback is that if the random
split is not representative of the distribution, it can lead to model overfitting or underfitting.
Thus, we implemented cross-validation technique for better verification of our results. This
involved partitioning the data into multiple subsets, training the model on subsets, and
validating the remaining subset. For instance, in the k-fold cross-validation method, the
model is trained on (k — 1) subsets and validated on the remaining subset. This process
is repeated k times, each time with a different fold as the validation set. The results are
averaged to produce a single performance estimate. Performance metrics are then averaged
across multiple folds, which provides a more reliable and stable estimate of a model’s
performance compared to a single train—test split. This study implemented 5-fold cross-
validation. Each model was tested using three methods, first on the testing dataset, then
applying SMOTE (Synthetic Minority Over-sampling Technique) on the training dataset to
balance the number of observations across fatigue levels. Finally, feature importances were
computed for high-performing scenarios to identify the contributions of specific features to
the overall model performance.

2.6. Determining Optimal Model Parameters

Finding the optimum value of the parameters for classification settings, known as
hyperparameter tuning, is a critical step in developing a high-performing machine learning
model [61]. Grid search is a methodical approach to hyperparameter tuning in machine
learning that involves defining a grid of hyperparameter values and exhaustively searching
through all possible combinations to find the optimal set of hyperparameters for a given
model. Hyperparameters are the parameters that are not learned by the model during
training but are set prior to the training process. We then create a grid for all the values of the
different hyperparameters we want to search for. For each combination of hyperparameters,
we perform k-fold cross-validation to evaluate the model’s performance on the chosen
metric. The final step involves identifying the combination of hyperparameters that result
in the highest possible value for the chosen performance metric. This combination is
considered the optimal set of hyperparameters.

3. Results

The top models for binary and tertiary classification of fatigue levels, identified
through performance evaluation of iterative testing by varying model factors and their
levels, are depicted in Table 3. The outcomes indicate the FL2G2 grouping method, rep-
resenting binary grouping into low (0-2) and medium (3-6) levels, led to the highest
performance in predicting leg fatigue level. The best performance (A: 95%, P: 97%, S: 83%,
R: 97%) was seen from the model using EMG and Kinematics features from two sensors
placed on the left back and leg regions. A similar grouping method, but based on perceived
exertion ratings in the back, FB2G2 demonstrated the highest performance in predicting
leg fatigue level. Considering accessibility, a single IMU sensor on the thigh (LBF) was able
to perform binary classification of leg fatigue with an accuracy of 88%. Performance was
~5-20% lower in tertiary vs. binary classification. Similarly, leg prediction performance was
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better compared to back prediction, with performance decreasing even more considering
tertiary grouping in terms of low, medium, and high levels. However, a single IMU sensor
on either side of the low back region was able to predict low or medium fatigue levels with
similar performance (A: 82%, P: 89%, 5:66%, R: 87%).

Table 3. Models selected based on performance and accessibility for binary grouping of leg fatigue
levels in low and medium levels along with the values of accuracy (A), precision (P), specificity (S),
sensitivity /recall (R), F1 score (F1), and G-index (GI) with classification algorithm (C), categorized
according to the type of measures, number of sensors, their location, fatigue region, and grouping
method. (Note: All models selected were tested using Grid search.).

l;{a:;%::: i/lr:;&igg Measure Sensors Location C A P S R F1 GI
FL2G2 EMG, Kinematics 2 LES, LBF XGB 095 097 083 097 097 004

FL2G2 EMG, Kinematics 4 LES, LBE,RES,RBF  XGB 094 096 078 097 097 0.05

Leg FL2G2 EMG 4 LES, LBE, RES, RBF RE 093 095 072 096 096  0.06
(Binary) FL2G2 EMG, Kinematics 2 LBF, RBF RFE 093 095 072 096 096 0.6
FL2G2 EMG, Kinematics 1 RES RE 093 096 078 095 096 0.06

FL2G2 Kinematics 1 LBF RF 088 094 067 091 093 0.11

FL3G2 EMG, Kinematics 4 LES, LBF,RES,RBF  XGB 079 078 079 079 078 031

FL3G2 EMG 4 LES, LBE, RES, RBF RE 077 076 077 077 076 033

Leg FL3G2 Kinematics 4 LES, LBF,RES,RBF ~ XGB 074 074 074 074 074 037
(Tertiary) FL3G2 EMG, Kinematics 4 LES, LBF, RES, RBF RE 074 073 074 074 073 037
FL3G1 EMG, Kinematics 4 LES, LBE, RES, RBF RFE 074 073 074 074 073 038

FL3G1 EMG 4 LES, LBE, RES, RBF RE 072 072 072 072 071 040

FB2G2 EMG, Kinematics 4 LES, LBE RES,RBF ~ XGB 088 089 062 097 093 0.1

FB2G2 EMG 4 LES, LBE, RES,RBF  XGB 086 090 069 091 091 0.3

Back FB2G2 Kinematics 4 LES, LBE, RES, RBF RF 086 08 062 093 091 013
(Binary) FB2G2 EMG, Kinematics 1 RES XGB 085 089 066 091 090 0.14
FB2G2 Kinematics 1 RES XGB 082 089 066 087 08 017

FB2G2 Kinematics 1 LES XGB 082 089 066 087 08 017

FB3G2 EMG, Kinematics 4 LES, LBE, RES, RBF ~ XGB 067 067 067 067 067 047

(Te]iiicali'y) FB3G3 EMG, Kinematics 4 LES, LBF,RES,RBF  XGB 067 066 067 067 065 048
FB3G3 EMG 4 LES, LBE, RES, RBF ~ XGB 067 065 067 067 066 048

3.1. Effects of Performance with Variation in Model Factors and Parameters

Variation of performance values across levels of classification algorithms (SVM, RF,
XGB) and model tuning techniques (Baseline, SMOTE, GRID) are shown in Figure 4. The
highest performance was observed when using the XGB algorithm and when using the
Grid search tuning technique. Among the classification algorithms, SVM demonstrated
the lowest performance values. Performance improved after using SMOTE to balance
the number of datapoints between groups of different fatigue levels, and even higher
performance was achieved after performing hyperparameter tuning using Grid search.
Performance of predicting the fatigue level across the six different grouping methods is
depicted in Figure 5. The highest performance was seen in the second grouping method for
the binary classification of back fatigue (FB2G2) as well as leg fatigue (FL2G2) levels. On
the other hand, the FB2G3 grouping method demonstrated the lowest performance. Table 4
shows the variation in model performance with a reduction in sensors for a model utilizing
EMG and Kinematics measures with the XGB algorithm (GRID). Using both sensors on
the low back resulted in an accuracy of 95%, which dropped if either only LES or RES
was used.
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Table 4. Variation in the values of accuracy (A), precision (P), specificity (S), sensitivity/recall (R),
F1 score (F1), and G-index (GI) with number of sensors for XGB model using Grid search with both

EMG and Kinematics measures, categorized according to grouping method of FL2G2.

Sensors Location A P S R F1 GI
LES, RES 0.95 0.97 0.83 0.97 0.97 0.04

4 LES, LBE RES, RBF 0.94 0.96 0.78 0.97 0.97 0.05

1 RBF 0.92 0.97 0.83 0.93 0.95 0.07

2 LBF, RES 0.92 0.97 0.83 0.93 0.95 0.07

2 LBE RBF 0.91 0.96 0.78 0.93 0.95 0.08

1 RES 091 0.97 0.83 0.92 0.95 0.08

2 LES, RBF 0.90 0.97 0.83 0.91 0.94 0.09

1 LBF 0.88 0.94 0.67 0.92 0.93 0.10

1 LES 0.85 0.92 0.56 0.90 0.91 0.13

Accuracy ™ Precision

Measures: EMG, Kinematics
Location: LES, LBF

SVM RF
Classification Algorithms

(a)

Measures: EMG, Kinematics

Location: LES, LBF, RES, RBF

XGB

m Specificity = Recall

SVM RF
Classification Algorithms

Accuracy ® Precision M Specificity @ Recall

(©

XGB

Baseline

Accuracy m Precision

Baseline

Accuracy ® Precision

Measures: EMG, Kinematics

Location: LES, LBF

SMOTE
Model Tuning Techniques

GRID

m Specificity ™ Recall

(b)

Measures: EMG, Kinematics
Location: LES, LBF, RES, RBF

(d)

SMOTE
Model Tuning Techniques

GRID

m Specificity % Recall

Figure 4. Graphs depicting variation of performance with (a,c) classification algorithms of Support
Vector Machine (S§VM), Random Forest (RF), and XGBoost (XGB); and (b,d) model tuning techniques
of Baseline, Synthetic Minority Over-sampling Technique (SMOTE), and Grid search (GRID) using
the XGBoost algorithm. Higher performance was observed using XGB classification algorithm and

using Grid search tuning technique.
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Figure 5. Graphs depicting variation of performance across binary and tertiary fatigue level grouping
methods for XGBoost algorithm using Grid search (GRID) using data from four wearable sensors on
locations of left/right erector spinae (LES/RES) and biceps femoris (LBF/RBF). Higher values were
observed for binary vs. tertiary fatigue level grouping methods.

We investigated the sensitivity of hyperparameters on the metric of accuracy by
varying the levels of three parameters: maximum depth (values: 5, 10, 15, 20, 25), learning
rate (0.00001, 0.0001, 0.001, 0.01, 0.1), and subsample rate (0.1, 0.3, 0.5, 0.7, 0.9), as shown
in Figure 6. Higher values of model accuracy were obtained with lower values of max
depth and higher values of learning rate and subsample rate. Based on the plotted graphs,
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Figure 6. Sensitivity analysis showing impact of variation in model parameters of max depth, learning
rate, and subsample rate on the overall model accuracy. Accuracy improved with lower values of
max depth and with higher values of learning rate and subsample rate (Note: model used for this
example consisted of two sensors placed on left erector spinae (LES) and left biceps femoris (LBF)
muscle groups with classification performed using XGBoost (XGB) classification algorithm based
with Grid search (GRID) on kinematics measures.).

3.2. Model Selection and Feature Importances

For both the binary and tertiary grouping methods, a single model was chosen for
predicting back and leg fatigue based on performance and accessibility (number of sensors),
as depicted in Table 5. To explore model performance, confusion matrices (Figure 7)
were plotted. Values in the left-right diagonal elements were better for binary models as
compared to tertiary classification models, which were not as effective in distinguishing
between low and high fatigue levels.

Table 5. Selected models for each grouping method for back and leg (A), precision (P), specificity (S),
sensitivity /recall (R), F1 score (F1), and G-index (GI) (Note: All models utilized XGB classification
algorithm with Grid search (GRID) tuning technique.).

Model

Grouping
Method

Measure Sensors Location A P S R F1 GI

FL2G2

EMG, Kinematics

LES, LBF 0.95 0.97 0.83 0.97 0.97 0.04

FL3G2

FB2G2

Kinematics

RES 0.82 0.89 0.66 0.87 0.88 0.17

FB3G2

EMG, Kinematics

2

Kinematics 4 LES, LBE RES, RBF 0.74 0.74 0.74 0.74 0.74 0.37
1
4

LES, LBE, RES, RBF 0.67 0.67 0.67 0.67 0.67 0.47

In both binary models, the number of samples correctly classified as medium fatigue
(True Positives) were much higher than the number of samples correctly identified as low
fatigue. On the other hand, considering tertiary models, the number of samples correctly
identified as low and high fatigue were much higher compared to medium fatigue class. In
both models B and C, 16 and 17 samples belonged to high fatigue levels but were predicted
to be a low level.
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Figure 7. Confusion matrices for (a,c) binary and (b,d) tertiary fatigue level grouping methods
for the four selected models using XGBoost with Grid search (GRID) classification algorithm
(Model A: FL2G2— EMG, Kinematics—LES, LBF; Model B: FL3G2—Kinematics—LES, LBF, RES, RBF;
Model C: FL2G2—Kinematics—RES; Model D: FB3G2—EMG, Kinematics—LES, LBF, RES, RBF).

For each of the selected models, we examined feature importance (Figures 8 and 9)
to determine the most prominent features. Looking at feature importances, a lack of clear
pattern was seen in the top 30 features for all models, and features from all portions
contributed to overall performance. Overall, the normalized mean value of the norm of
acceleration from the sensor placed on the RES during the sustained bending portion was
one of the most prominent features in all models. Models A and D used features from both
EMG and kinematics measures, while models B and C relied solely on kinematics measures.
For models A, B, and C, features from EMG measures that represented changes in value
('n_") were among the most prominent features.
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Figure 8. Feature importances for binary and tertiary fatigue level grouping methods for the
four selected models using XGBoost (GRID) classification algorithm (Model A: FL2G2—EMG,
Kinematics—LES, LBF; Model B: FL3G2—Kinematics—LES, LBF, RES, RBF). (Note: format for
features is in the form ‘feature name’, ‘sensor’, and ’_portion’. Sensor represents location as s1: LES,
s2: LBF, s3: RES, s4: RBE. Portion represents activity as B: bending, SS: standing at start, SUS: sus-
tained bending, R: retraction, and SE: standing at end. In features, ‘n_’ stands for normalization or

change in the value of the parameter over time.)
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Figure 9. Feature importances for binary and tertiary fatigue level grouping methods for the four
selected models using XGBoost (GRID) classification algorithm (Model C: FL2G2—Kinematics—RES;
Model D: FB3G2—EMG, Kinematics—LES, LBF, RES, RBF). (Note: format for features is in the form
‘feature name’, 'sensor’, and ’_portion’. Sensor represents location as s1: LES, s2: LBF, s3: RES, s4: RBF.
Portion represents activity as B: bending, SS: standing at start, SUS: sustained bending, R: retraction,
and SE: standing at end. In features, ‘n_’ stands for normalization or change in the value of the
parameter over time.).

4. Discussion

EXOs are engineered to assist in physically demanding tasks by providing torque
assistance to alleviate muscular strain in vulnerable areas, such as the low back. However,
their efficacy in real-world settings varies, necessitating objective methods to assess their
advantages and limitations in complex industrial environments. The efforts in this study
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showcase one such method: a fatigue level prediction model. By employing a minimal
number (<4) of wearable sensors (integrated EMG and IMUs), we demonstrated that a
portable and accessible sensor system can offer an objective means of predicting levels
of fatigue in the back and leg regions. Previous studies have explored fatigue prediction
using physiological signals [11,21-23,25,26]. We developed a fatigue level prediction model
specific to BSIEs (Back-Support Industrial Exoskeletons), incorporating realistic conditions
such as intermittent task cycles with a diverse range of activities and awkward postures.

4.1. Performance Variation across Fatigue Level Grouping Methods

The literature shows variation in fatigue prediction accuracy using wearable sensors
depending highly on evaluated tasks and the type of classification algorithm utilized. For
instance, one study demonstrated accuracy up to ~95% using polynomial kernel-based
SVM in predicting low and high fatigue during repetitive lifting, push/pull, and carrying
tasks [21]. Similarly, fatigued states (no fatigue vs. fatigue) while walking were detected at
an accuracy of 90% [25], while tertiary fatigue levels (low, medium, high) were detected
during sit-to-stand tasks at an accuracy of 82% [11]. Thus, the prediction accuracy for
binary fatigue-level classification in our study was 3% higher in the best performing model
(Model A), while the same for tertiary classification was ~8% lower when compared to a
similar prior work [11]. However, differences in task, equipment, and application need
to be considered when directly comparing the outcomes with earlier studies. Analysis
of the models in our study shows that performance decreased with tertiary vs. binary
classification. Specifically, our selected models (Table 5) show ~15-20% difference in
accuracy between top performance models between tertiary and binary grouping.

We observed that the selection of fatigue levels (low/medium/high) based on RPE
ratings varied in the literature. For instance, one study assigned 1-3 (low), 4-6 (medium),
and 7-9 (high) on a CR-10 scale [11], while another selected <6 (no fatigue), 7-11 (low),
12-16 (medium), and >17 (high) on a CR-20 scale [22]. In addition to using the default
grouping of 1-3 (low) and 4-6 (medium), we also explored the effects of variation in the
fatigue level grouping method on prediction outcomes. Findings indicate that grouping
method 2, which included <2 (low) and 2-6 (medium), led to the highest prediction
performance for both the back and leg regions (Figure 5). This indicates that differences in
objectively collected data were greater between low and medium fatigue levels when they
were pooled together, according to FB2G2/FL2G2 methods vs. other methods. This also
means that a fatigue level of 3 corresponded more to a medium fatigue than a low fatigue
level. Such differences may have occurred due to subjective bias in reported fatigue levels,
possibly caused by wearing the BSIE (such as perceiving a lower fatigue level than actual).

The fatiguing tasks chosen for this study comprised intermittent trunk-flexion cycles
with sustained bending and short relaxation breaks (15 s intervals), reflecting the typical
pattern of real-world tasks involving static, sustained, and dynamic activities. Our analysis
revealed prediction accuracies of 95%, 82%, and 74% for the binary grouping of leg fatigue
and back fatigue and the tertiary grouping of leg and back fatigue, respectively, indicating
the feasibility of the top-performing models in detecting fatigue levels. A detailed exami-
nation of the models revealed that both binary models were more effective in predicting
medium fatigue levels (see Figure 5). These findings align with the study’s objectives,
as detecting medium fatigue is critical and its presence may necessitate intervention to
prevent further fatigue escalation. Conversely, tertiary models exhibited larger samples of
the high fatigue class being predicted as low fatigue, which could be detrimental. Therefore,
preference should be given to binary grouping models, with caution exercised when using
tertiary grouping models.

4.2. Performance Variation between Measures for Selected Models

EMG and kinematics data were collected from each of the four wearable sensors
positioned on the low back and leg regions. Among the four selected models, models
A and D necessitate both EMG and kinematics inputs, whereas models B and C only
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require kinematic inputs (refer to Table 5). However, due to challenges associated with
obtaining accurate EMG data in real-world settings [55], alternatives to model A that rely
solely on kinematics data may be more practical, albeit with slightly lower accuracy (~88%)
(Table 4). Furthermore, our model encompasses features derived from various activities,
including standing still (start/end), sustaining a bent posture, bending, and retracting
activities. Hence, a pivotal component of our proposed fatigue detection system involves
event detection for each activity to calculate features, necessitating trunk motion data
like the segmentation approach employed in this study (utilizing acceleration data from
the low back sensor). We selected models with this consideration, and each of the four
proposed models incorporates kinematics measures from a low back sensor. The fatigue
level prediction model introduced in this study can serve as a tool to monitor changes in
physical demands when employing a BSIE.

The BSIE was designed to assist the wearer during the sustained bending portion of
the activity. Interestingly, the feature of normalized mean value of the norm of acceleration
from the sensor placed on the RES during the sustained bending portion was among the
most prominent in the models (Figures 8 and 9). This indicates that as perceived fatigue
level changes, there is a change in body movement while sustaining the posture. Model C
incorporated kinematic features from a single sensor on the RES, which shows that features
denoting movement from sustained bending and standing at the end are more prominent
compared to other portions representing dynamic activities of bending and retraction. One
possibility is that as subjects becoming fatigued may cause more sway while performing
static and sustained activities. A more detailed comparative analysis of specific features
between different study conditions will be conducted in our future studies.

4.3. Performance Variation between Levels of Fatigue Grouping Methods

Outcomes of our study showed that the developed models performed better in predict-
ing medium vs. low fatigue for binary classification, as depicted in the confusion matrices
in Figure 5. For instance, the model for the FL2G2 and FB2G2 groupings correctly predicted
82 and 61 more samples at medium fatigue vs. low fatigue, respectively. One reason for
this difference could be the lower proportion of datapoints at low fatigue compared to
medium fatigue levels in our dataset. We expected lower low fatigue level samples, as the
selected binary grouping method consisted of categorizing RPE levels <2 as low fatigue
and levels of 3-6 as medium fatigue, leading to a higher number of task cycles. While our
current model showed better performance for predicting medium fatigue levels, prediction
for low fatigue levels can be further improved by adding a greater number of datapoints
for low fatigue levels.

After implementing SMOTE, which uses existing observations to generate synthetic
data, performance did not substantially improve as variation across features did not
increase [61]. Nonetheless, the practical implications of our study imply higher importance
in detecting medium fatigue levels, as interventions would be needed for fatigue levels
exceeding RPE >7. Considering this, we selected our models based on recall performance
for medium fatigue levels in binary classification. Meanwhile, considering tertiary grouping
methods, both FL3G2 and FB3G2 were able to predict low fatigue better than medium and
high levels. However, looking at the confusion matrices, the samples at medium fatigue
were much lower than the other two levels, potentially affecting the classification of the
data into three groups. Specifically, due to lower samples of medium fatigue level, the
model was not able to perform classification between low vs. high fatigue level correctly,
as seen from the high values in the bottom-left boxes. One practical deficiency in our
experiment was that an equal number of task cycles were not performed for each fatigue
level, as study participants demonstrated varying levels of capacity. To resolve this, we
recommend that studies include separate data collection sessions for each fatigue grouping
to ensure equal datapoints in each grouping method (such as 100: low level (RPE of 1-2)
and 100: medium level (RPE of 3-6)).
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5. Study Limitations and Future Directions

To develop the model, we generated a dataset through experimental studies involving
both symmetric and asymmetric trunk flexion activities, as asymmetry has been known to
elevate physical demands [62,63]. One limitation of our study is that we solely considered
asymmetric bending towards the left side, potentially resulting in slightly different or inter-
changeable model predictions (left vs. right) depending on the evaluated task. Back sensors
were positioned approximately 2 inches apart, and similar outcomes can be anticipated
for kinematics measures. However, outcomes may vary for leg muscles, as asymmetry
can significantly alter demands on either leg, particularly if features extracted solely from
EMG are considered. Therefore, we advise caution when selecting a model presented in
this study with a single sensor on either leg (LBF/RBF). In our controlled experiment,
participants performed tasks and subjectively reported their fatigue levels while wearing
sensors as well as the BSIE. There may be an effect of experimental procedures and sensor
placement on the reported perceived fatigue ratings. Future steps can include recording
data while performing more complex, real-world activities. Furthermore, future studies
should consider a larger as well as a more diverse and inclusive pool of participants, as
gender and anthropometric variations can provide a generalizable model.

Wearable sensors were positioned on the erector spinae and biceps femoris muscles, as
previous studies have highlighted the beneficial effects of BSIEs in reducing activity in these
muscles [64,65]. Both regions have also been observed to experience motion alterations
due to the structural design of the device [43,57]. However, it is plausible that the effects
of performing tasks with BSIEs can be more pronounced in other regions, such as the
extremities (e.g., upper back of the trunk) when considering the kinematics measures,
and future studies could evaluate the most prominent sensor locations. Furthermore,
although our experiment was centered on back fatigue levels, we did not achieve an
equal distribution of datapoints per level, as the rate of fatigue increase varied among
individuals. Moreover, the developed model and the experiment conducted in our study
involved unloaded activities. However, real-world tasks involving the lifting of items,
even lighter loads, can affect body movement and muscle activity measures, which were
used as inputs to our developed models. Thus, future work can incorporate more diverse
industrial activities.

We utilized features from all activities within the task cycles, but future work may
consider feature reduction by identifying the most prominent activities (static, sustained,
dynamic). Additionally, future studies could explore alternative sensor placements, a
different set of measures (e.g., whole-body stability, ground reaction forces), and simulate
tasks considering asymmetry on the left and right sides. Moreover, it is worth noting
that our experiment only encompassed RPE levels from 0 (no fatigue) to 7 (medium-
high fatigue), as tasks performed at exertion levels exceeding 7 are unlikely in real-world
scenarios. Including RPE levels up to level 10 according to the Borg Scale could have
potentially enhanced the outcomes presented in this study. Lastly, owing to the controlled
nature of our experiment, we recruited participants representing an average adult male.
Future studies could involve incorporating a larger and more diverse pool of participants
to ensure the generalizability of our fatigue level prediction model to real-world settings.

6. Conclusions

This study contributes to the advancement of evaluation methodologies for assessing
EXO effectiveness in real-world settings. We developed a fatigue level prediction model
tailored specifically for BSIEs employing wearable sensors. Our approach involved an
experiment to generate a dataset representative of real-world conditions, encompassing
intermittent task cycles, awkward postures, and a diverse array of activities involving static,
dynamic, and sustained trunk flexion. The results demonstrate that the XGBoost (XGB)
classification algorithm can effectively predict fatigue levels in both the back and legs of
BSIE wearers utilizing wearable sensors. The selected models exhibited accuracies of up to
95% in the binary classification of leg fatigue using both EMG and IMU sensors and 82%
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for back fatigue prediction employing a single inertial sensor. This sensor could potentially
be substituted with a smartphone or smartwatch for more accessible evaluations. However,
tertiary grouping yielded comparatively lower accuracies (legs: 79%, back: 67%) and
necessitated four-sensor setups. Overall, further improvements in the outcomes could be
achieved by collecting real-world data, refining model parameters, incorporating additional
statistical features, and employing a larger, more diverse, and inclusive sample size for
dataset generation. Subsequent studies could focus on testing the performance of these
models” using data collected in industrial environments. The presented outcomes in this
article can be instrumental in designing guidelines for the implementation of BSIEs in
real-world scenarios, ultimately enhancing workplace safety and performance.
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