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Abstract

Objective: Real-time measurement of biological joint moment could enhance clinical
assessments and generalize exoskeleton control. Accessing joint moments outside clinical and
laboratory settings requires harnessing non-invasive wearable sensor data for indirect estimation.
Previous approaches have been primarily validated during cyclic tasks, such as walking, but
these methods are likely limited when translating to non-cyclic tasks where the mapping from
kinematics to moments is not unique.

Methods: We trained deep learning models to estimate hip and knee joint moments from
kinematic sensors, electromyography (EMG), and simulated pressure insoles from a dataset
including 10 cyclic and 18 non-cyclic activities. We assessed estimation error on combinations
of sensor modalities during both activity types.

Results: Compared to the kinematics-only baseline, adding EMG reduced RMSE by 16.9% at
the hip and 30.4% at the knee (p<0.05) and adding insoles reduced RMSE by 21.7% at the hip
and 33.9% at the knee (p<0.05). Adding both modalities reduced RMSE by 32.5% at the hip
and 41.2% at the knee (p<0.05) which was significantly higher than either modality individually
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(p<0.05). All sensor additions improved model performance on non-cyclic tasks more than cyclic
tasks (p<0.05).

Conclusion: These results demonstrate that adding kinetic sensor information through EMG
or insoles improves joint moment estimation both individually and jointly. These additional
modalities are most important during non-cyclic tasks, tasks that reflect the variable and sporadic
nature of the real-world.

Significance: Improved joint moment estimation and task generalization is pivotal to developing
wearable robotic systems capable of enhancing mobility in everyday life.

Keywords

deep learning; electromyography (EMG); human Kinetics; inertial measurement units (IMUs);
joint moments; machine learning; pressure insoles; temporal convolutional network

. Introduction

Accurate estimation of human joint moments using wearable sensors could provide a

useful signal for health monitoring [1], [2] and exoskeleton control [3], [4] during real-
world activities. The gold standard approach to quantify joint moment is through inverse
dynamics enabled by optical motion capture and in-ground force plates [5]. However, these
systems are not accessible outside of the lab; thus, recent efforts have explored methods

for estimating joint moments directly from wearable sensors. Three main categories of
approaches have emerged as possible wearable alternatives: analytical models driven by
inertial measurement units (IMUs) and instrumented insoles [6], electromyography (EMG)-
driven models [7], and machine learning data-driven models [6], [8]. Deep learning methods
have shown great promise in accurately estimating joint moments with a limited sensor suite
of kinematic sensors [4], [9] and do not require the same assumptions entailed by analytical
methods [6]. However, this approach, as well as its alternatives, have mostly been tested
during limited tasks such as walking and running or on a few individual alternate tasks [6].
The question remains whether these approaches will be viable on highly dynamic, constantly
changing tasks.

The machine learning biological moment estimation approach has a potential weakness in
these unique non-cyclic activities. Most of the current approaches use only kinematic sensor
inputs such as joint angles and IMUs [4], [8]. However, changes in a person’s kinematics

do not directly predict changes in their joint moment, especially in these unique activities
because similar kinematic patterns do not necessarily result in similar kinetic patterns.
Although studies have shown promising results in estimating ground reaction forces directly
from kinematic sensors during standard cyclic activities [9], [10], these relationships may
not hold in the same way during unusual cyclic and non-cyclic tasks as shown in Fig. 1

[11]. Thus, a kinematic-based machine learning model is potentially lacking distinguishing
information for tasks with similar kinematics but differing torques or vice versa.

To add this missing information, there are two potential avenues inspired by both the current
musculoskeletal modeling techniques and the alternate approaches to moment estimation.
The inverse approach uses ground reaction forces traced up the kinematic chain to the
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joint of interest to estimate joint moments. This line of reasoning has given rise to the

gold standard of inverse dynamics [5] and the analytical models for moment estimation.
The forward approach notes that fundamentally muscle activations lead to muscle forces
which are ultimately responsible for the resulting torque exerted on the joint. This line

of thinking has inspired EMG-driven modeling techniques [12], [13]. Although current real-
time wearable systems cannot directly measure 3D ground reaction forces [14] or muscle
forces and activation [15], the substitute wearable sensors, pressure insoles and EMG, have
the potential to provide insight into kinetic changes in human movement.

Pressure insoles estimate the vertical ground reaction force (VGRF) and center of pressure
(COP) within the reference frame of the foot [16]. Pressure insoles have recently grown

in popularity for wearable robotic technologies [17], specifically for discrete gait event
detection and even locomotion mode recognition [18]. More recently, analytical methods
for moment estimation have used continuous signals from insoles as a surrogate for force
plates, but their success is varied [19]. Only a few studies have examined insoles in machine
learning approaches, two for estimating internal loading [20], [21] and a single study using
VGREF as an input in hip moment estimation for a single treadmill walking speed [22].

An analysis of the benefits of insoles on deep learning moment estimation has yet to be
explored.

Electromyography (EMG) has the capacity to encode information about muscle activation,
which relates to muscle forces and thereby joint moments. Thus, information from surface
EMG signals could provide a machine learning model with the ability to distinguish
between situations where the mapping between kinematics and kinetics may be highly
nondeterministic. EMG inputs in deep learning models have conventionally been used for
gesture recognition on upper limbs, but have also been beneficial for angle and force/torque
estimation [23]. On upper limbs, various types of neural networks have been used to
estimate forces at the wrist [24] as well as multi-degree-of-freedom torques at the wrist
[25]. Work on lower limbs has included using deep learning for estimation of gait events
with EMG [26] as well as several attempts to estimate biological moments with EMG and
neural networks [27]-[29]. In 2008, Hahn and O’Keefe used a neural network with EMG,
kinematics, and other subject information as inputs to estimate lower-limb joint moments
[27]. More recent studies have used EMG as well as kinematics to estimate ankle moments
[28] and all three lower-limb joints [29] using deep learning models. The benefits and
feasibility of estimating biological moment during unique non-cyclic tasks has yet to be
examined and a direct comparison of the benefits of EMG over kinematic sensors alone has
yet to be performed.

In this study, a deep learning joint moment estimation approach was used to estimate

joint moments in both commaon, time-repeatable cyclic activities as well as unique non-
cyclic activities. Using subject dependent models, we analyzed the benefits of adding
EMG, simulated instrumented insoles, and both as compared to a purely kinematic sensor
baseline. Sensors were chosen to replicate those most accessible to two devices: a hip
exoskeleton and a knee exoskeleton, and the associated joint moment was selected as the
appropriate estimation label. Our main hypothesis was that EMG and simulated insoles,
both individually and together, would improve joint moment estimation on left-out-tasks as
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compared to the kinematic-only baseline. This is due to the additional information that these
sensors provide to distinguish between tasks with similar kinematics but different torques.
Our secondary hypothesis was that the benefit of adding these sensors would be higher for
the unique non-cyclic activities over the cyclic activities. Because the model architecture
received time history information, we expect that the cyclic tasks will be easier to model
without additional information from EMG or simulated insoles than the non-cyclic activities.

[I. Methods

This study utilized a temporal convolutional network (TCN) [4] in concert with different
sensor inputs (EMG, virtual insoles) to create models that estimate joint moments based

on wearable sensor data. This allowed a rigorous examination of the benefits of including
EMG, instrumented insoles, or both in estimating joint moments for unique tasks. Due to the
left-out-task training approach, our results represent the expected benefit during truly novel
tasks. Our experimental approach is outlined in Fig. 2.

A. Network Architecture

The network was designed based on the TCN introduced by Bai et. al. [30]. This

model architecture was chosen based on its ability to incorporate significant time history
information without excessive model complexity, as well as previous data demonstrating its
ability to accurately predict biological moments [4]. Inputs to the model are sequences of
time-history data where the length of time history is determined by the kernel size for the
convolutional layers as well as the depth of the network. Dilated causal convolution is used
to increase the size of the input time series. The kernel size for the convolutional layers

was set to four, and we chose a depth of five layers. Each layer consisted of a set of two
convolutions with weight normalization and rectified linear unit (ReLU) activation functions
with a dropout term to avoid overfitting. Each hidden layer consisted of fifty nodes. This
particular architecture represents an effective time history of 0.93s given a 200Hz sampling
rate. The details of the generic TCN architecture are included in Bai et. al. [30]. The depth,
kernel size, learning rate, and dropout are parameters that were set based on previous testing
with this network for estimating hip moments from purely mechanical sensors [4]. This
network architecture employed input-level sensor fusion where information from the various
sensor modalities (EMGs, joint angles, IMUs, and virtual insoles) were allowed to influence
each other from the beginning of the network.

Inputs consisted of only the sensors relevant to the specific exoskeleton (hip or knee). For

a sensor suite simulating a knee exoskeleton, the baseline kinematic sensors included knee
angle, knee velocity, a shank IMU, and a thigh IMU similar to Lee ef a/. [31]. EMG inputs
consisted of four channels of EMG from knee spanning muscles: vastus lateralis (VL),
rectus femoris (RF), biceps femoris (BF), and medial gastrocnemius (MG). For a system
simulating a hip exoskeleton, the baseline kinematic sensors included hip angle, hip velocity,
a thigh IMU and a pelvis IMU inspired by a combination of research devices [32], [33].
EMG inputs consisted of four channels of EMG from hip spanning muscles: rectus femoris
(RF), gluteus medius (GMed), gluteus maximus (GMax), and biceps femoris (BF). For both
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analyses, virtual insoles consisted of vVGRF in the frame of the foot as well as COP for both
the anteroposterior and mediolateral directions. This is summarized in Fig. 3.

Training was performed in mini-batches for 15 epochs. To choose this number, we trained
models similar to those presented here (subject-dependent models with kinematic sensors
to estimate knee joint moment) with a completely separate dataset [34]-[37] to determine
the average point at which the models stopped improving. Model weights were initialized to
random values. Mean squared error was used for the loss function.

B. Data Overview

The data used in this experiment consist of bilateral data for 12 subjects performing various
unique tasks. These tasks included conventional biomechanics tasks (e.g., walking, running,
ramps and stairs), athletic maneuvers (e.g., lunges), tasks of daily living (e.g., sit-to-stand,
turns, and lifting), and responses to external perturbations (e.g., tug of war and walking
over obstacles). The dataset was divided into 10 cyclic and 18 non-cyclic task groups. This
study was approved under Georgia Tech Institutional Review Board H17240 (07/12/2017).
We have open-sourced these data and further details on the groupings and data collection
methods can be found in that publication [11].

The mocap joint angles (VICON, UK), IMUs (Avanti Wireless EMG, Delsys, Natick, MA),
and virtual insole data (Bertec Corporation, Columbus, Ohio) from the dataset at 200Hz
were fed directly into the model (Angles: rad, velocity: rad/s, IMU data: Accel Gs Gyro
rad/s, Insoles: Force N/kg COP m). For EMG processing, the raw EMG signal was centered
by subtracting the mean, then bandpass filtered between 30 and 300 Hz using a 4th order
forward-reverse Butterworth filter. Then the signal was rectified and lowpass filtered at
6Hz with another 4t order forward-reverse Butterworth filter. This envelope was then
downsampled to match the frequency of the rest of the mechanical sensors (200 Hz). We
scaled the magnitude of the EMG envelope to be similar to the magnitudes of the other
input signals by changing the units (constant scaling factor of 10,000) because we chose
not to use feature normalization in keeping with Molinaro et a/. [4]. This was performed

for each channel of EMG. Other additional EMG features such as EMG frequency features
(short time Fourier transform analysis and wavelet analysis) were tested, but no substantial
improvement in estimation error was obtained so these were not included in the final
analyses. Labels for the model were joint moments calculated with inverse dynamics based
on kinematics from motion capture, ground reaction forces from in-ground and treadmill
force plates, and a subject specific model created in OpenSim [11]. The joint moments were
scaled by subject mass (Nm/kg) to allow easier comparison across participants.

To increase the data available for training the model, the left leg data were mirrored to match
the coordinate system of the right leg allowing a single leg model that can be trained and
tested on both legs. This strategy has been used for kinematic sensors [38]. To verify that we
could use a similar strategy for EMG, we ran a direct comparison between models trained
separately for the left and right leg and models trained with both right and left leg data. We
found that training with combined right and left leg EMG did not decrease performance of
the estimator.
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C. Model Training/Testing and Evaluation

To train and test these models, a leave-one-group-out cross-fold validation was performed.
Groups of trials were left out such as walking (at three speeds), running (for two speeds),
sitting (two chair heights), declined walking (two inclination angles), etc. Training was then
performed on all of the held-in tasks for the given subject, and the model was used to
predict the torques of the left-out group of tasks. This was then folded across all of the task
groups and performed individually for each subject to yield the final results. To evaluate the
model’s performance and compare different approaches, root mean squared error (RMSE)
was calculated between the ground-truth joint moment labels and the estimated labels to
demonstrate the overall performance of the model. To further evaluate how well the shape
of the estimate matched the ground truth moment, R? was calculated based on a best fit line
between the ground truth joint moment and the estimate for each participant and task group
(e.g. walk) as a whole (subtasks within each task such as walking speeds are combined
before computing a single best fit line). Mean absolute error (MAE) at peak joint moments
was also examined. These were then compared between models and across subjects to
establish the benefits of the different approaches.

While this examination of left-out-task performance provides a rigorous comparison of the
impact of sensor additions, the question remains whether all of these tasks are necessary

to achieve the observed accuracy and if not, which tasks are the most important to include
when generalizing to left out tasks. To answer these questions, a forward task selection
algorithm was used to sequentially select the most important task for improving the model’s
ability to generalize to the rest of the tasks. To select the initial task, a model was trained
using each individual task from each participant as the training set and then testing on the
rest of the tasks for that participant. The task that produced the lowest moment estimation
RMSE on the rest of the tasks across participants was selected. After this initial iteration,
the following tasks were selected by sequentially testing each of the remaining tasks (those
not chosen yet) and choosing the specific task that, when added to the training set, resulted
in the greatest reduction in RMSE for the rest of the remaining tasks as compared to not
including that specific task. This was performed for the sensor case that included all sensor
types (kinematics, EMG, and insoles).

Statistics across different sensor input types and task types (cyclic and noncyclic) were
computed using a two-way repeated measures analysis of variance (ANOVA) test with

a significance level of a = 0.05. Participants were the random factor while sensor
combinations and task types were the independent variables. Moment estimation RMSE
was the dependent variable and was first averaged across trials within the same task group
and same participant and then averaged across task groups within the same participant.
This means that we compare a single value per participant per sensor set. To further
explore these effects, we ran separate simple main effect one-way ANOVAs for each task
delineation (all, cyclic, and non-cyclic) at each joint (hip and knee) to compare the four
sensors combinations (kinematics, kinematics + EMG, kinematics + insoles, kinematics +
EMG + insoles). To parse out pairwise differences between different sensor additions, we
applied paired t-tests with Bonferroni correction for the six possible comparisons. On each
individual task, we ran comparisons between sensor combinations. Due to the number of
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comparisons, we controlled the false discovery rate (q < 0.05) using the method proposed
by Benjamini & Hochberg [39]. This test controls for both the comparison of sensors within
task and its use across tasks. To test the second hypothesis, the difference in RMSE with
respect to the kinematic baseline was computed for each task and sensor addition within
each subject (1).

RMSE Dif ference (sensor)
= RMSEkmemaricx + sensor
- RMSEkinemchs

@)

The difference was then averaged separately across cyclic and non-cyclic tasks within each
subject. The reduction in RMSE for cyclic and non-cyclic activities was compared with

a paired t-test for each sensor combination. This tested whether adding additional sensors
showed more benefit during noncyclic tasks than cyclic tasks. All statistical analyses were
performed in Matlab (MathWorks, Natick, MA).

[1l. Results

Our two-way ANOVA across sensor additions and task types (with subjects as a fixed
effect) revealed statistically significant decreases in RMSE from adding different sensor
inputs in the deep learning model for both the hip (F=91.70, dfM=3, dfE=33, p < 0.01)

and knee (F=204.64, dfM=3, dfE=33, p < 0.01). It also revealed a statistically significant
difference between cyclic and non-cyclic tasks at both the hip (F=32.49, dfM=1, dfE=11,

p <0.01) and knee (F=34.51, dfM=1, dfE=11, p < 0.01) and a significant interaction

effect between sensors and task type at both the hip (F=45.43, dfM=3, dfE=33, p < 0.01)
and knee (F=16.49, dfM=3, dfE=33, p < 0.01). Because of these significant effects, we
further explored these differences with simple main effects ANOVAs across sensor additions
for different task types (all, cyclic, and non-cyclic) each of which showed statistical
significance at both the hip and knee (p < 0.01). These were followed up by pairwise
multiple comparisons tests as shown in Fig. 4a&b. When comparing results across all tasks,
the models with EMG (Hip RMSE: 0.233 Nm/kg, Knee RMSE: 0.154 Nm/kg), simulated
insoles (Hip RMSE: 0.219 Nm/kg, Knee RMSE: 0.146 Nm/kg), and EMG + insoles

(Hip RMSE: 0.189 Nm/kg, Knee RMSE: 0.130 Nm/kg) all showed statistically significant
reductions in joint moment estimation error as compared to the kinematic baseline (Hip
RMSE: 0.280 Nm/kg, Knee RMSE: 0.221 Nm/kg). This was also the case when broken
down between cyclic and non-cyclic tasks. Similar results can be seen for R? in Fig. 4c&d
where an increase in R? indicates a better match between the shape of the estimate and

the shape of the ground truth moment. Again, a two-way ANOVA revealed statistically
significant effects for sensors (hip: F=99.26, dfM=3, dfE=33, p < 0.01; knee: F=215.27,
dfM=3, dfE=33, p < 0.01), tasks (hip: F=9.04, dfM=1, dfE=11, p = 0.012; knee: F=15.84,
dfM=1, dfE=11, p < 0.01), and the interaction effect (hip: F=35.60, dfM=3, dfE=33, p

< 0.01; knee: F=21.79, dfM=3, dfE=33, p < 0.01) with significant simple main effects
ANOVASs (p < 0.01). Across all tasks, R? significantly increased when adding EMG (Hip
R2: 0.68, Knee R2: 0.81), insoles (Hip R2: 0.69, Knee R2: 0.83), and both EMG and insoles
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(Hip R2%: 0.76, Knee R2: 0.86) as compared to the kinematic only baseline (Hip R2: 0.56,
Knee R2: 0.62). This also held when separated into cyclic and non-cyclic tasks. Across task
groups, models with EMG + insoles had lower estimation error and a higher R2 value than
models with either EMG or insoles individually (p < 0.01). When broken down into cyclic
and non-cyclic tasks, this held for the non-cyclic tasks (p < 0.01), but not in cyclic task
RMSE at the knee or R? at either joint. No statistically significant difference was detected
between adding EMG versus adding insoles across all tasks. However, when broken down
by cyclic and non-cyclic, there was a detectable difference in RMSE between adding EMG
and insoles at the hip during non-cyclic tasks and in R? at the knee for cyclic activities (p

< 0.05), both favoring insoles over EMG. However, the opposite can be seen favoring EMG
over insoles for R? at the hip. Similar results are shown in the online supplement for mean
absolute error at the peak joint moments.

The results for specific task groups for both the hip and knee are shown in Fig. 5 broken into
cyclic and non-cyclic tasks to show the performance differences on each specific task group.
Performance on different task groups varies significantly based on the complexity of the
task, but more of the non-cyclic tasks demonstrate statistically significant differences based
on sensor additions than the cyclic tasks. Changes relative to kinematics for each individual
task are provided in the online supplement.

The results from the reduction in RMSE of noncyclic versus cyclic tasks are shown in Fig.
6. All three additional sensor combinations showed a statistically significant improvement in
the noncyclic activities as compared to the cyclic activities for both hip and knee (p < 0.01).

Task selection optimization results are presented in Fig. 7a&b for the hip and knee. The
performance of kinematic +EMG + insole models trained with the tasks up to that iteration
are subtracted from the corresponding participant and task results presented in Fig. 5. Thus,
zero represents performance equivalent to the performance from Fig. 4-5 with many fewer
tasks in the training set. At the hip, RMSE drops to within 5% of the RMSE of the average
left-out-task accuracy for this sensor set in the first 9 tasks and for the knee this occurs
within the first 11 tasks. A similar result can be seen for R? in Fig. 7c&d.

IV. Discussion

As hypothesized, adding kinetic sensor information in the form of EMG or insoles
significantly aided in estimating joint moments using a deep learning model. This
contributes a formal comparison of these unique sensor modalities that has not yet been
explored, and it expands joint moment estimation to unique non-cyclic activities where we
show that these additional sensor inputs are more essential.

In general, EMG or insoles added additional information that improved model performance.
For RMSE during non-cyclic tasks at the hip and R? during cyclic tasks at the knee

there are statistical difference between adding only EMG versus adding only insoles. This
indicates that either the EMG added less relevant information for these tasks at that joint
compared to the insoles or that the EMG information could not be utilized as well without
the added information from the insoles. The opposite can be seen for the hip R2 during
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cyclic tasks. This contrasts with our assumption that proximal joints would benefit less from
insoles given that ground reaction forces must be traced farther up the kinematic chain, and
unmeasured shear forces have a larger effective moment arm. The counterintuitive result for
RMSE at the hip may be due to the fact that fewer EMGs were available for direct sagittal
plane actuation at the hip and the only accessible hip flexor muscle (rectus femoris) is a
biarticular muscle where placement may play a role in which action (hip flexion or knee
extension) is captured more clearly in the signal [40].

Including both EMG and insoles compared to either on their own showed significant
benefits overall, but this difference was more substantial in the non-cyclic activities than

the cyclic activities. This demonstrates that the information provided by these modalities is
unique, though they may contain some overlapping information. The lack of significance for
some comparisons during cyclic activities may reflect that the model cannot benefit from
this additional information due to the repeatable nature of the activity. Thus, the time history
embedded in the model architecture may provide enough information to accurately predict
moments without the need for as much additional information.

The task-by-task breakdown demonstrates that more statistically significant differences are
detectible in the non-cyclic tasks than in the cyclic tasks. This may be due to the fact that
these activities lie more often on the extremes of the sensor input ranges. Thus, when left
out of training, these tasks require the model to extrapolate to new unique conditions which
may be easier with more information. Particularly at the hip, the most commonly heretofore
tested tasks like walking, running, stairs, and ramps do not show significant improvements
with additional sensing while the less commonly tested cyclic and non-cyclic activities do.
This may explain the lack of apparent benefit to including EMG at the hip and knee in
Camargo et al. [29].

Differences between cyclic and non-cyclic activities are hinted at in the previous analyses
but to further elucidate this effect, we compared the relative improvement of these sensor
additions from non-cyclic to cyclic tasks. In all cases, adding additional sensors had a
statistically larger reduction in moment estimation error during the non-cyclic activities than
during cyclic activities. This is most likely due to the inherently more challenging nature of
non-cyclic tasks as highlighted by the similar kinematics but different kinetics shown in Fig.
1.

The task optimization results demonstrate that while the above analyses used 27 tasks as

the training set and then evaluated performance on the left-out task, similar performance
can be achieved with only ~10 tasks in the training set. Also, although the ordering differs,
seven out of the first ten tasks are shared between the hip and the knee optimizations.

These results indicate that this moment estimation approach could be feasible for real-time
implementation while promising a small subset of tasks necessary for task generalization.
Again, non-cyclic tasks are more highly represented in the most important tasks than are the
cyclic tasks.

A direct comparison to current joint estimation models is difficult because this study
explores subject dependent models trained on many unique tasks in a left-out-task group
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manner whereas other studies examine small subsets of tasks with subject independent
models and without full task withholding. However, it is useful to note that even with tasks
completely withheld and the requirement that the model generalize to a wide range of tasks,
the accuracy of the models presented here is in line with other studies examining joint
moment estimation. Molinaro et a/. reported hip moment estimation errors of 0.13 Nm/kg
for walking, ramps and stairs with slight increases due to left out slopes and speeds [4].
This is slightly better than the kinematic baseline presented here perhaps due to our training
paradigm leaving out the entire walking group at once and using a subject dependent model
with much less training data. Our results for walking (0.070 range normalized RMSE for the
hip and 0.063 for the knee) are also slightly above Hossain ef a/. who included more sensors
[9] but lower than Mundt et. a/. [41]. Thus, our performance on cyclic tasks has similar
error magnitudes to previous studies that do this without generalizing to new tasks. For

the non-cyclic tasks, only a few papers have examined tasks that could be similar, but the
ranges are again comparable. Chaaban et a/. presented knee extension moment estimation
during jumping of 0.028 (normalized to BW*HT) for an independent model with only thigh
IMUs [42] whereas our results for a similar activity are lower at 0.0143 but with both thigh
and shank IMUs. Thus, while our model can estimate many more tasks than previous deep
learning approaches, it still maintains comparable accuracy for similar activities, showing
the great extensibility of deep learning. Beyond comparisons to deep learning approaches,
our results can be compared to both analytical and EMG-driven approaches with similar
restrictions as above prohibiting a direct comparison. To compare to analytical models,
Wang et al. present results using IMUs and instrumented insoles for several cyclic and
non-cyclic activities. Across subjects their error was 0.37 Nm/kg at the knee and 0.85 Nm/kg
at the hip which are much higher than those presented here even with only kinematic sensors
[19]. To compare to EMG-driven models, Sartori et a/. reported their lowest errors of 23.75
Nm at the knee and 26.06 Nm at the hip for the stance phase of walking, side-stepping,
cross-stepping, and running combined. Although there is no direct comparison, our results
averaged across running and walking for the entire gait cycle are 17.9 Nm for the hip and
12.0 Nm for the knee with kinematics and EMG. These results demonstrate that the key
contributions from our analyses rest upon baseline results that fit well within the current
literature.

There are several limitations of this work. First, these models are subject dependent due

to the nature of EMG as a very subject specific signal. Future work could explore the
usefulness of EMG in independent systems but this was beyond the scope of this work

and likely would still necessitate some subject specific data incorporated through adaptive
or transfer learning approaches [43], [44]. Second, although the IMUs and EMGs were
real sensors, the insole portion of this analysis was run with simulated insoles. This means
that these results represent the best possible case for the benefit of instrumented insoles.
Real-time studies with physical insoles may reveal that the current state-of-the-art sensors
may not provide as much benefit as shown here. To maintain as fair a comparison as
possible, we also present the best-case EMG results by using non-causal filtering techniques.
Real-time estimation would require causal filtering techniques which may result in a slight
decrease in performance, but that decrease can be mitigated by optimizing the filtering

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2024 September 01.
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strategy. Third, if this strategy were applied to exoskeleton control, changes in kinematics
and possible interaction noise in sensor signals could have an impact on model performance.

V. Conclusion

This study demonstrates that EMG and insoles can provide highly useful information in
estimating joint moments for wearable systems. While they show some benefit in normal
cyclic activities like walking and running, the situations where these additional sensors
become highly important is during unique non-cyclic activities where the relationship
between kinematics and kinetics may be highly nondeterministic. This study provides
pivotal information for device designers choosing sensor inputs for both wearable robotic
devices and health monitoring devices. This study also provides another step to encourage
scientists in these fields to begin testing on more activities than just the conventional gait lab
activities in order to advance technologies that can be deployed in real-world scenarios.
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Refer to Web version on PubMed Central for supplementary material.

Acknowledgments

This material is based upon work supported by the National Science Foundation Graduate Research Fellowship
under No. DGE-2039655. This work was also supported in part by NSF FRR award #2233164 and #2328051 as
well as NSF NRI #1830215. The authors would like to acknowledge X, The Moonshot Factory for their support
and the research cyberinfrastructure resources and services provided by the Partnership for an Advanced Computing
Environment (PACE) at the Georgia Institute of Technology, Atlanta, Georgia, USA.

References

[1]. Chehab EF et al. , “Baseline knee adduction and flexion moments during walking are both
associated with five year cartilage changes in patients with medial knee osteoarthritis,”
Osteoarthritis Cartilage, vol. 22, no. 11, pp. 1833-1839, Nov. 2014, doi: 10.1016/
j.joca.2014.08.009. [PubMed: 25211281]

[2]. Tateuchi H et al. , “Daily cumulative hip moment is associated with radiographic progression of
secondary hip osteoarthritis,” Osteoarthritis and Cartilage, vol. 25, no. 8, pp. 1291-1298, Aug.
2017, doi: 10.1016/j.joca.2017.02.796. [PubMed: 28232145]

[3]. Li M et al., “Towards Online Estimation of Human Joint Muscular Torque with a Lower
Limb Exoskeleton Robot,” Applied Sciences, vol. 8, no. 9, Art. no. 9, Sep. 2018, doi: 10.3390/
app8091610.

[4]. Molinaro DD et al. , “Subject-Independent, Biological Hip Moment Estimation During
Multimodal Overground Ambulation Using Deep Learning,” IEEE Transactions on Medical
Robotics and Bionics, vol. 4, no. 1, pp. 219-229, Feb. 2022, doi: 10.1109/TMRB.2022.3144025.

[5]. “Kinetics: Forces and Moments of Force,” in Biomechanics and Motor Control of Human
Movement, John Wiley & Sons, Ltd, 2009, pp. 107-138. doi: 10.1002/9780470549148.ch5.

[6]. Lee CJ and Lee JK, “Inertial Motion Capture-Based Wearable Systems for Estimation of Joint
Kinetics: A Systematic Review,” Sensors, vol. 22, no. 7, Art. no. 7, Jan. 2022, doi: 10.3390/
§22072507.

[7]. Gurchiek RD et al. , “Estimating Biomechanical Time-Series with Wearable Sensors: A
Systematic Review of Machine Learning Techniques,” Sensors, vol. 19, no. 23, Art. no. 23,
Jan. 2019, doi: 10.3390/519235227.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2024 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Scherpereel et al.

Page 12

[8]. Liang W et al. , “Extended Application of Inertial Measurement Units in Biomechanics: From

Activity Recognition to Force Estimation,” Sensors, vol. 23, no. 9, Art. no. 9, Jan. 2023, doi:
10.3390/s23094229.

[9]. Hossain MSB et al. , “Estimation of Lower Extremity Joint Moments and 3D Ground Reaction

[10].

[11].

[12].

[13].

[14].
[15].

[16].

[17].

[18].

[19].

[20].

[21].

[22].

[23].

[24].

[25].

Forces Using IMU Sensors in Multiple Walking Conditions: A Deep Learning Approach,” IEEE
Journal of Biomedical and Health Informatics, pp. 1-12, 2023, doi: 10.1109/JBHI.2023.3262164.

Ancillao A et al. , “Indirect Measurement of Ground Reaction Forces and Moments by Means of
Wearable Inertial Sensors: A Systematic Review,” Sensors, vol. 18, no. 8, Art. no. 8, Aug. 2018,
doi: 10.3390/518082564.

Scherpereel K et al. , “A human lower-limb biomechanics and wearable sensors dataset during
cyclic and non-cyclic activities,” Sci Data, vol. 10, no. 1, Art. no. 1, Dec. 2023, doi: 10.1038/
$41597-023-02840-6. [PubMed: 36596836]

Buchanan TS et al. , “Neuromusculoskeletal Modeling: Estimation of Muscle Forces and

Joint Moments and Movements from Measurements of Neural Command,” Journal of Applied
Biomechanics, vol. 20, no. 4, pp. 367-395, Nov. 2004, doi: 10.1123/jab.20.4.367. [PubMed:
16467928]

Durandau G et al. , “Robust Real-Time Musculoskeletal Modeling Driven by Electromyograms,”
IEEE Transactions on Biomedical Engineering, vol. 65, no. 3, pp. 556-564, Mar. 2018, doi:
10.1109/TBME.2017.2704085. [PubMed: 28504931]

Miller JD et al. , “Novel 3D Force Sensors for a Cost-Effective 3D Force Plate for Biomechanical
Analysis,” Sensors, vol. 23, no. 9, Art. no. 9, Jan. 2023, doi: 10.3390/s23094437.

Zajac FE, “Muscle and tendon: properties, models, scaling, and application to biomechanics and
motor control,” Crit Rev Biomed Eng, vol. 17, no. 4, pp. 359-411, 1989. [PubMed: 2676342]

Shahabpoor E and Pavic A, “Measurement of Walking Ground Reactions in Real-Life
Environments: A Systematic Review of Techniques and Technologies,” Sensors, vol. 17, no.
9, Art. no. 9, Sep. 2017, doi: 10.3390/s17092085.

Martini E et al. , “Pressure-Sensitive Insoles for Real-Time Gait-Related Applications,” Sensors
(Basel), vol. 20, no. 5, p. 1448, Mar. 2020, doi: 10.3390/s20051448. [PubMed: 32155828]

Chen B et al. , “A foot-wearable interface for locomotion mode recognition based on

discrete contact force distribution,” Mechatronics, vol. 32, pp. 12-21, Dec. 2015, doi: 10.1016/
j.mechatronics.2015.09.002.

Wang H et al. , “A wearable real-time kinetic measurement sensor setup for human locomotion,”
Wearable Technologies, vol. 4, p. el1, ed 2023, doi: 10.1017/wtc.2023.7. [PubMed: 37091825]
Matijevich ES et al. , “Combining wearable sensor signals, machine learning and biomechanics
to estimate tibial bone force and damage during running,” Human Movement Science, vol. 74, p.
102690, Dec. 2020, doi: 10.1016/j.humov.2020.102690. [PubMed: 33132194]

Matijevich ES et al. , “A Promising Wearable Solution for the Practical and Accurate Monitoring
of Low Back Loading in Manual Material Handling,” Sensors, vol. 21, no. 2, Art. no. 2, Jan.
2021, doi: 10.3390/521020340.

McCabe MV et al. , “Developing a method for quantifying hip joint angles and

moments during walking using neural networks and wearables,” Computer Methods in
Biomechanics and Biomedical Engineering, vol. 26, no. 1, pp. 1-11, Jan. 2023, doi:
10.1080/10255842.2022.2044028. [PubMed: 35238719]

Xiong D et al. , “Deep Learning for EMG-based Human-Machine Interaction: A Review,”
IEEE/CAA Journal of Automatica Sinica, vol. 8, no. 3, pp. 512-533, Mar. 2021, doi: 10.1109/
JAS.2021.1003865.

Hajian G et al. , “Generalized EMG-based isometric contact force estimation using a deep
learning approach,” Biomedical Signal Processing and Control, vol. 70, p. 103012, Sep. 2021,
doi: 10.1016/j.bspc.2021.103012.

YuY etal., “Continuous estimation of wrist torques with stack-autoencoder based deep neural
network: A preliminary study,” in 2019 9th International IEEE/EMBS Conference on Neural
Engineering (NER), Mar. 2019, pp. 473-476. doi: 10.1109/NER.2019.8716941.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2024 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Scherpereel et al.

[26].

[27].

[28].

[29].

[30].

[31].

[32].

[33].

[34].

[35].

[36].

[37].

[38].

[39].

[40].

[41].

[42].

[43].

Page 13

Morbidoni C et al. , “A Deep Learning Approach to EMG-Based Classification of Gait Phases
during Level Ground Walking,” Electronics, vol. 8, no. 8, Art. no. 8, Aug. 2019, doi: 10.3390/
electronics8080894.

Hahn ME and O’Keefe KB, “A neural network model for estimation of net joint moments during
normal gait,” J. Musculoskelet. Res, vol. 11, no. 03, pp. 117-126, Sep. 2008, doi: 10.1142/
$0218957708002036.

SiuHC etal. , “A Neural Network Estimation of Ankle Torques From Electromyography and
Accelerometry,” IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 29,
pp. 1624-1633, 2021, doi: 10.1109/TNSRE.2021.3104761. [PubMed: 34388093]

Camargo J et al. , “Predicting biological joint moment during multiple ambulation tasks,”
Journal of Biomechanics, vol. 134, p. 111020, Mar. 2022, doi: 10.1016/j.jbiomech.2022.111020.
[PubMed: 35228154]

Bai S etal. , “An Empirical Evaluation of Generic Convolutional and Recurrent Networks

for Sequence Modeling,” Mar. 2018, Accessed: Oct. 05, 2021. [Online]. Available: https://
arxiv.org/abs/1803.01271v2

Lee D et al., “Real-Time User-Independent Slope Prediction Using Deep Learning for
Modulation of Robotic Knee Exoskeleton Assistance,” IEEE Robotics and Automation Letters,
vol. 6, no. 2, pp. 3995-4000, Apr. 2021, doi: 10.1109/LRA.2021.3066973.

Kang | et al. , “The Effect of Hip Assistance Levels on Human Energetic Cost Using Robotic Hip
Exoskeletons,” IEEE Robotics and Automation Letters, vol. 4, no. 2, pp. 430-437, Apr. 2019,
doi: 10.1109/LRA.2019.2890896.

Lee H-Jetal. , “A Wearable Hip Assist Robot Can Improve Gait Function and

Cardiopulmonary Metabolic Efficiency in Elderly Adults,” IEEE Transactions on Neural Systems
and Rehabilitation Engineering, vol. 25, no. 9, pp. 1549-1557, Sep. 2017, doi: 10.1109/
TNSRE.2017.2664801. [PubMed: 28186902]

Camargo J et al. , “A comprehensive, open-source dataset of lower limb biomechanics in
multiple conditions of stairs, ramps, and level-ground ambulation and transitions,” Journal of
Biomechanics, vol. 119, p. 110320, Apr. 2021, doi: 10.1016/j.jbiomech.2021.110320. [PubMed:
33677231]

Camargo J, “Data repository for Camargo, et. al. A comprehensive, open-source dataset of lower
limb biomechanics. Part 1 of 3,” vol. 2, Oct. 2021, doi: 10.17632/fcgm3chfff.2.

Camargo J, “Data repository for Camargo, et. al. A comprehensive, open-source dataset of lower
limb biomechanics. Part 2 of 3,” vol. 2, Oct. 2021, doi: 10.17632/k9kvm5tn3f.2.

Camargo J, “Data repository for Camargo, et. al. A comprehensive, open-source dataset of lower
limb biomechanics. Part 3 of 3,” vol. 2, Oct. 2021, doi: 10.17632/jj3r5f9pnf.2.

Molinaro DD et al., “Anticipation and Delayed Estimation of Sagittal Plane Human Hip
Moments using Deep Learning and a Robotic Hip Exoskeleton,” in 2023 IEEE International
Conference on Robotics and Automation (ICRA), May 2023, pp. 12679-12685. doi: 10.1109/
ICRA48891.2023.10161286.

Benjamini Y and Hochberg Y, “Controlling the False Discovery Rate: A Practical and
Powerful Approach to Multiple Testing,” Journal of the Royal Statistical Society: Series B
(Methodological), vol. 57, no. 1, pp. 289-300, 1995, doi: 10.1111/j.2517-6161.1995.tb02031.x.

Watanabe K et al. , “Novel Insights Into Biarticular Muscle Actions Gained From High-Density
Electromyogram,” Exerc Sport Sci Rev, vol. 49, no. 3, pp. 179-187, Jul. 2021, doi: 10.1249/
JES.0000000000000254. [PubMed: 33927163]

Mundt M et al. , “A Comparison of Three Neural Network Approaches for Estimating Joint
Angles and Moments from Inertial Measurement Units,” Sensors (Basel), vol. 21, no. 13, p.
4535, Jul. 2021, doi: 10.3390/521134535. [PubMed: 34283080]

Chaaban CR et al. , “Combining Inertial Sensors and Machine Learning to Predict vGRF and
Knee Biomechanics during a Double Limb Jump Landing Task,” Sensors, vol. 21, no. 13, Art.
no. 13, Jan. 2021, doi: 10.3390/s21134383.

Zheng N et al. , “User-Independent EMG Gesture Recognition Method Based on Adaptive
Learning,” Frontiers in Neuroscience, vol. 16, 2022, Accessed: Jul. 18, 2023. [Online]. Available:
https://www.frontiersin.org/articles/10.3389/fnins.2022.847180

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2024 September 01.


https://arxiv.org/abs/1803.01271v2
https://arxiv.org/abs/1803.01271v2
https://www.frontiersin.org/articles/10.3389/fnins.2022.847180

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Scherpereel et al.

Page 14

[44]. Lehmler SJ et al. , “Deep transfer learning compared to subject-specific models for SEMG
decoders,” J. Neural Eng, vol. 19, no. 5, p. 056039, Oct. 2022, doi: 10.1088/1741-2552/ac9860.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2024 September 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Scherpereel et al.

Page 15

7

-20

-40

Hip Angle (°)

-60

Knee Angle (°)

Similar Kinematics Y4 Different Kinetics )

15
100

Hip

[
=]

— Lifting
— Medicine Ball Toss

o
[

-50

Hip Velocity (°/s)
o
Hip Moment (Nm/kg)

-100

100 0 50 100 0 50 100
% cycle % cycle

200 2\

50
% cycle

0.8 //,’f'/ :\':, . Kn ee

— Forward Lunge
Backward Lunge

Knee Velocity (°/s)
Knee Moment (Nm/kg)

100 0 100 0

50
% cycle j

50
% cycle j

50
% cycle

/

Fig. 1.

Several non-cyclic tasks that demonstrate similar kinematic profiles but different kinetic
profiles at the hip and knee. The curves are subject average profiles drawn from Scherpereel
et al.
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Overview of our approach for estimating biological joint moments on a task independent
basis. Wearable signals were collected over many different tasks of daily living and then
used as inputs to a temporal convolutional network (TCN) to estimate biological moment.
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Dgtailed view of sensors and locations used as inputs to the model. Angles were computed
using motion capture trajectories and wearable sensors were placed for the surface
electromyography (EMGs) and the inertial measurement units (IMUs). Dotted sensor
symbols indicate the posterior side. Insoles were simulated based on vertical ground reaction
force (VGRF) and center of pressure (mediolateral: COPy,_ and anterior-posterior; COPap)
transformed from the force plate to the reference frame of the foot. EMG sensors for the

hip included: rectus femoris (RF), gluteus medius (GMed), biceps femoris (BF), and gluteus
maximus (GMax). For the knee, BF and RF were again used as well as the vastus lateralis
(VL), and medial gastrocnemius (MG).
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Sugmmary of results from comparing different sensor inputs in a deep learning model for
joint moment estimation. Hip (a) and knee (b) moment estimation errors (RMSE) across
sensor additions are presented for all of the tasks and then broken down into cyclic and
non-cyclic tasks. The corresponding R? value for the hip (c) and knee (d) are also shown.
Error bars represent the standard deviation across the 12 subjects.
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Results broken down by task groups for the hip (a) and the knee (b). This is shown based
on the performance for each left out task from a model trained on the other tasks. Lines
above the bars show the standard deviation across the 12 subjects. Statistically significant
comparisons as determined by controlling the false rate of discovery are indicated with
colored bars above each task.
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cyclic tasks and cyclic tasks for the hip (a) and the knee (b). Error bars represent standard
deviation across the 12 subjects. Asterisks indicate statistical significance.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2024 September 01.



Page 21

Bumno+

. ~Bbumnd+
{abun+ ) J_ {abunj+
J w“""wu_ﬁﬁ. Aw qaupur+
Haul )l 3utPap+
\m. \ $®  H{juadseeys+ H3uadse seys+
g & o Jjuadsep L_mﬁ+ 41uadsap aieys+
5 m ®  {jlem payyblam+ q +i1em payybrom+
%8 ¢ 1 ncmmum s+ _ 4 puess ys+
K ®  H{ybrem Y+ @ |5 13ybrom Y+
° R d Juiny+ o IN Huiny+
g5 ¢ {spiemypeqyem+ = | & 4 sprempeq yjem+
92 &  {uni+ |9
22 b, 218 Juni+
& m d 4s1enbs+ ol o b 4s1enbs+
5 b HJosiw+ =y = { qosiw+
L =3 H 5
g J1opueaw+ L3 38 f J1opuesw+ 2
o i H1em jo m2+a _m, o b 41em jo Bny+
g i mmo‘_um wn(+ 2| 4 ssosne dwn(+
¢ H19n0 doys+ 2ls b 11910 days+
S {pueys+ g m [ 1 pueis+
DI J1masimy+ 218 | H123s1M3+
| 4{ss01 ||eq+ | {sso1jjeq+
| H{so1uayssieo+ 4 so1uayssijes+
{sdn days+ | 4sdn days+
| 4dojs Jeys+ | - dojs ueys+
| H1ind ysnd+ | 411nd ysnd+
Ind y
| 4 v__mz.,u+ - | iem+
& | +9oe|d urdwnf+ 492e1d ur dwnf+
L . S L qnd> L | L o-cEss s 86— qInd
™ wn ] 0 - e o v — o — ~ o0 < wn O
s ¥ o g S g 2 S S 8 © © o o

foeinoy v_mm, So_tﬂ >.>o_mm.
24 JusWo dauy bunsa)

o o
(B5/wN) A>e4N20Y Yse] IO 13T dA0qY
JSIY JusWo dauy bunsal

Pl
|
|
|
|
|
|

[S)

P T TN TR T TR TN TN S S ST ST SN SN TN TN T S ST ST ST S ST S T T

JUDISR RS+

ssope dwnf+ <=

ylem pajybrom+
SJIUdY)SIed+

JUddSe IS+

! abun|+ ) _ 4 9bunj+
Jem Jo bny+ +1em jo bmy+
spiemydeq yjem+ 4 spremydeq yjem+
Wyb1om Yij+ Hybram i+
sdn days+ 4 sdn days+
aulpul+ 4 aupur+
uni+ Hunis
Japueaw+ 4 19pueaw+
oSIw+ 4 os1w+
JUIDSIP JIRYS+ +3uadsep steis+
syenbs+ 4 s1enbs+
aulPap+ 4 auipep+
wn+ o~ Huiny+ .

ssone dwnf+ =

ylem pajybram+
SOlUaY3sIed+

Increasing Training Set (1-28)
Decreasing Testing Set (27-0)

pueys+ pueis+
Alem+ Slem+
50} ||eq+ S0} ||eq+
qand+ qUno+
Bumnd+ bumno+

aoejd ur dwnl+
dojs yeys+

aoe|d ur dwnf+
dojs eys+

0
1
0.2
3
4
S
06—

performance are shown in terms of moment estimation error (RMSE) for the hip (a) and
the knee (b) and also in terms of R2 for the hip (c) and knee (d). Each datapoint represents

the average performance on a given task group across all 12 participants when including

Task optimization performance compared to the corresponding leave one task out
kinematics, EMG, and insoles. Error bars were omitted for visual clarity.
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