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Abstract— Estimating human joint moments using wearable
sensors has utility for personalized health monitoring and
generalized exoskeleton control. Data-driven models have
potential to map wearable sensor data to human joint moments,
even with a reduced sensor suite and without subject-specific
calibration. In this study, we quantified the RMSE and R? of a
temporal convolutional network (TCN), trained to estimate
human hip moments in the sagittal plane using exoskeleton
sensor data (i.e., a hip encoder and thigh- and pelvis-mounted
inertial measurement units). We conducted three analyses in
which we iteratively retrained the network while: 1) varying the
input sequence length of the model, 2) incorporating noncausal
data into the input sequence, thus delaying the network
estimates, and 3) time shifting the labels to train the model to
anticipate (i.e., predict) human hip moments. We found that 930
ms of causal input data maintained model performance while
minimizing input sequence length (validation RMSE and R? of
0.141+0.014 Nm/kg and 0.883%0.025, respectively). Further,
delaying the model estimate by up to 200 ms significantly
improved model performance compared to the best causal
estimators (p<0.05), improving estimator fidelity in use cases
where delayed estimates are acceptable (e.g., in personalized
health monitoring or diagnoses). Finally, we found that
anticipating hip moments further in time linearly increased
model RMSE and decreased R? (p<0.05); however, performance
remained strong (R2>0.85) when predicting up to 200 ms ahead.

I. INTRODUCTION

Estimating human joint moments using wearable sensors
is a critical component in enabling real-time, personalized
health monitoring and generalized exoskeleton control.
Currently, human joint moments are computed post hoc using
inverse dynamics models informed by motion capture and
ground reaction force (GRF) measurements collected from
stationary, in-lab equipment [1]. This method enables in-lab
biomechanical analyses of isolated movements; however, it
lacks the modularity to enable personalized analyses, such as
long-term health monitoring of daily mobility. Further, recent
research in lower-limb exoskeletons has demonstrated that
these devices may be used to further improve human mobility
in both able-body and clinical populations [2]-[4]. Currently,
these systems are largely constrained to well-defined
ambulatory contexts (e.g., constant speed treadmill walking),
as they rely on discrete modes of operation to provide
predefined assistance trajectories. Real-time estimates of the
user’s joint moments could enable broadly generalizable
exoskeleton controllers effective at assisting the user “in-the-
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wild,” as the exoskeleton could provide assistance based on
the user’s physiological state instead of relying on hand-
engineered parameterizations of human gait [5].

Though estimating human joint moments using wearable
sensors could provide major benefits in health monitoring and
exoskeleton control, computing these values analytically is
challenging. One approach is to use an inverse dynamics
model informed by wearable sensors opposed to conventional
motion capture and GRF measurement systems [6], [7]. For
instance, human joint kinematics can be measured by
electrogoniometers or encoders [8] or estimated using
accelerometers and gyroscopes placed on each lower-limb
segment [7], while GRFs can be measured using instrumented
footwear [6], [7], [9]. Alternatively, previous research has also
investigated the use of forward dynamics models to estimate
human joint moments based on measured muscle activations
and musculoskeletal models [10]-[13]. While these methods
often generalize well across human movements, they require
complicated and often cumbersome measurement devices,
subject-specific calibration, and detailed setup, largely
limiting their practicality.

Opposed to analytical methods, machine learning models
trained using supervised learning can approximate the
mapping between wearable sensors and human joint moments
[14]-[18]. Given the nature of data-driven approaches, these
estimators can accurately estimate human joint moments with
a reduced number of sensors compared to analytical methods.
Further, machine learning models designed to estimate gait
parameters can leverage patterns in the time history of the
input sensors to further improve model performance. This
concept was initially implemented using hand-engineered
features of raw time series data [16], [19], [20] and since has
progressed into latent representations learned by the model
using recurrent and convolutional neural networks [17], [18].
For instance, in our previous work, we demonstrated that a
temporal convolutional network (TCN) could accurately
estimate human joint moments during level ground, ramp, and
stair walking using input trajectories from an encoder and
thigh- and trunk-mounted inertial measurement units (IMUs)
[18], outperforming alternative deep learning models.

While our previous work optimized a purely causal hip
moment estimator, it is likely that removing the requirement
of causality in the model input sequence (i.e., inducing delay
in the estimate) would further improve model performance. In
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this case, applications that are not penalized by short delays in
joint moment estimates but may heavily rely on the detection
of small changes in mobility (e.g., health monitoring) could
greatly benefit from a noncausal implementation of a joint
moment estimator. Thus, in this study, we analyzed the effects
of delaying the hip flexion/extension moment estimates with
respect to the model input sequence using a TCN. We
hypothesized that a noncausal estimator (i.e., one that
generates an estimate y,_,, corresponding to a time At before
the latest value in the input sequence x,.;) would improve
model performance in R? and RMSE compared to a purely
causal estimator, as the kinematic input sequence after-the-fact
should further allow the estimator to approximate the
underlying dynamics of the system.

In contrast, a model that anticipates (i.e., predicts) the
human’s joint moments may have benefits in other contexts.
For instance, to promote a seamless interaction between an
exoskeleton and human user, the exoskeleton controller could
be designed such that the controller commands assistance
based on the user’s anticipated movements (i.e., the user’s
intent) [21], [22]. In this case, anticipating the user’s joint
moments a priori may allow the exoskeleton to better
transition with changes in the user’s gait (e.g., during
ambulation mode transitions) and could have general benefits
from a controls perspective. In our previous work, we
identified the effect of anticipation time on joint moment
estimation; however, the model used kinematic and
electromyographic data collected across the entire limb and the
model was trained using subject-specific data [22]. In this
study, we have extended this analysis by evaluating the effect
of anticipation time on hip moment estimation when trained
on a subject-independent basis using kinematic sensor data
localized around the hip joint.

Thus, this study comprises a detailed analysis to extend the
capability of our previously optimized subject-independent
hip moment estimator. Specifically, we have 1) quantified the
potential benefits of extending the input sequence of the TCN,
2) analyzed the potential improvement in model performance
from noncausal input sequences, and 3) extended our previous
work to understand the potential of this system to anticipate
future hip flexion/extension moments. Additionally, the
analyses in this study were conducted using input sensor data
recorded from a robotic hip exoskeleton, further verifying the
real-world viability of the model. Therefore, this study
provides critical information for the future design of data-
driven joint moment estimators applicable in multiple
domains, including exoskeleton control and personalized
health monitoring, using a reduced sensor suite and without
the need for subject-specific calibration.

II. EXPERIMENTAL DATA COLLECTION

A. Protocol & Measurements

Nine able-body participants (5 males, 4 females, height of
1.75+0.07 m, body mass of 70.4+8.7 kg, age of 22+3 years)
participated in this study. Each participant provided written,
informed consent according to the protocol approved by the
Georgia Tech Institutional Review Board for this study.
During the protocol, each participant completed 20 walking
bouts over level ground, ramp inclines/declines of +7.8°,
+9.2°, £11.0°, and £12.4°, and stairs of height 10.2 cm, 12.7

b)

Machine Learning » \
Coprocessor ‘4
Exoskeleton
Microprocessor
Pelvis-Mounted IMU

Hip Actuator &
Encoder

Thigh-Mounted IMU

——Gs

{ Variable Height
Staircase

_
Level Ground

—
=1

Force Plates

Ambulation Mode Selectiiods

Exoskeleton

Sensors

Estimate Gait Phase

(2]

ompute Assistance s
P | A==
2l Motor
I Command [ ‘_

Gait Phase
Fig. 1. a) The experimental setup is shown. Participants walked over level
ground, ramps, and stairs while motion capture and force plate data were
collected. b) The robotic hip exoskeleton is shown. The exoskeleton assisted
the participants while walking and recorded wearable sensor data. ¢) A block
diagram of the exoskeleton controller is shown. Commanded torque was
computed as a function of gait phase and ambulation mode.

cm, 15.2 cm, and 17.8 cm (Fig. 1a). Inclines and stair heights
were set based on available presets. During each trial, motion
capture data were collected at 200 Hz using a 36-camera Vicon
motion capture system (Oxford Metric, Oxford, U.K.), and 6-
axis GRF data were collected at 1000 Hz using 10 Bertec force
plates (Bertec, Columbus, Ohio, USA). Based on the force
plate configuration, each walking bout recorded either 6 level
ground strides, 2 ramp ascent and descent strides, or 5 stair
ascent and descent strides.

B. Robotic Hip Exoskeleton

While completing each trial, participants wore the Gait
Enhancing and Motivating System (GEMS), a robotic hip
exoskeleton developed by Samsung Electronics (Suwonsi,
Gyeonggi-do, South Korea) [23], able to provide a peak torque
of 12 Nm to the user’s hips in the sagittal plane (Fig. 1b). The
exoskeleton controller ran at 200 Hz and recorded sagittal hip
encoder and pelvis-mounted IMU data. An onboard
coprocessor (Jetson Nano, NVIDIA, CA, USA) was also
added to the exoskeleton to provide real-time gait phase
estimates using a convolutional neural network developed and
validated in our previous work [24] and to record data from
two MPU-9250 IMUs (TDK, CA, USA) mounted on the thigh
struts. The coprocessor (server) provided gait phase estimates
to the exoskeleton (client) asynchronously using a wired
connection and TCP/IP. In a separate process, the coprocessor
also recorded the thigh IMU data at 200 Hz. The thigh IMU
data measured by the coprocessor were resampled using linear
interpolation based on the exoskeleton timestamps to align the
coprocessor data with the exoskeleton data. The total mass of
the exoskeleton and coprocessor system was 3.7 kg.

During the walking bouts, the exoskeleton provided hip
flexion/extension assistance to the user based on predefined
spline trajectories that were a function of gait phase and
ambulation mode. The splines were parameterized using six
nodes corresponding to flexion assistance onset, peak flexion
assistance, flexion assistance offset, extension assistance
onset, peak extension assistance, and extension assistance
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offset, computed using piecewise cubic hermite interpolating
polynomials. To collect a diverse dataset, two assistance
trajectories were used per ambulation mode: 1) a trajectory
designed to mimic the average biological hip flexion/extension
moment for each ambulation mode based on the results from
Camargo et al. [25] and 2) a trajectory based on previously
optimized assistance trajectories [26], [27] and further tuned
based on the preference of the experimenters during initial
piloting. Each subject completed 10 walking bouts for each
condition using each controller (20 total walking bouts per
ambulatory condition). During exoskeleton operation, an
experimenter manually selected the ambulation mode and
controller type from a remote connection.

C. Ground-Truth Hip Moment Labeling

The opensource, musculoskeletal modeling software,
OpenSim [28], [29], was used to compute ground-truth joint
moments from the motion capture and GRF data. The
Gait2392 lower-limb model was first scaled to each
participant’s anthropometry using motion capture data from a
static trial while the participant did not wear the exoskeleton.
Since markers around the pelvis were occluded by the hip
exoskeleton, a second static trial was collected while the
participant wore the exoskeleton with the pelvis markers
placed on the exoskeleton. The subject-scaled OpenSim
model was then rescaled using the second static trial without
modifying the segment properties of the model (i.e., only
adjusting model pose and marker locations). Finally, the mass
of the exoskeleton was manually added to the pelvis of the
scaled OpenSim model as a point mass. Thus, this scaling
approach provided an OpenSim model scaled to the
participant’s anthropometry but with marker locations that
matched those when wearing the exoskeleton.

Using the scaled OpenSim model, subject joint kinematics
and moments were computed using the OpenSim Inverse
Kinematics and Inverse Dynamics Tools, respectively. Before
running these tools, the motion capture and GRF data were
lowpass filtered using a zero-lag, Butterworth filter with 6 and
20 Hz cutoff frequencies, respectively. Additionally, the
resulting joint kinematics and moments were filtered using a
zero-lag, Butterworth filter with a 6 Hz cutoff frequency. The
hip flexion/extension moments were then normalized to each
participant’s body mass and used as the label when training
and evaluating the hip moment estimators in this study.

III. HIP MOMENT ESTIMATION & ANALYSES

A. Hip Moment Estimator

In this study, we implemented the hip moment estimator
using a temporal convolutional network (TCN) [18], [30],
[31]. TCNs leverage 1D convolutional layers to learn latent
feature representations of time series input data. Further, by
exponentially dilating the kernel through the model layers,
TCNs can explicitly input long sequences of data with a
relatively small number of learnable parameters. Given these
benefits, TCNs have yielded competitive performance in many
sequence modeling problems [18], [31]. For instance, our
previous work demonstrated that the TCN significantly
outperformed alternative neural network structures when
estimating human biological hip moments [18]. Given these
results, we implemented the TCN in this study using a similar

framework. Specifically, the hip moment estimator in this
study was trained using supervised learning and the ground-
truth, mass normalized hip flexion/extension moments as the
label. The input channels of the TCN were the exoskeleton
ipsilateral encoder position and velocity and the 6-axis
accelerometer and gyroscope data measured by the ipsilateral
thigh-mounted and pelvis-mounted IMUs. Contralateral limb
sensor data were not included to minimize model input
dimensionality and to prevent overfitting to limb symmetries
specific to healthy ambulation. Before being input to the neural
network, the encoder velocity was also filtered using a 2™
order 10 Hz low pass filter to smooth the signal. To train the
model for estimating both left and right hip moments, the
dataset was split into two groups — one corresponding to the
data required for estimating left side hip moments and the
other corresponding to right side hip moments. To align the
data, such that model inputs were agnostic to the
corresponding side — the left leg input data was mirrored
before being input to the model. This was done by negating the
left thigh accelerometer data and rotating both the left thigh
accelerometer and gyroscope data 180° along the
medial/lateral axis. Additionally, the same transform was
applied to the pelvis IMU data for left side estimates. The TCN
was then trained by randomly combining both the right side
and left side datasets, such that the model could output hip
flexion/extension moment estimates regardless of side.

To validate the hip moment estimator, each condition was
trained and evaluated using 9-fold leave-one-subject-out
validation, in which the model was iteratively trained on 8
subjects in the dataset and validated on the hold-out subject.
Thus, the results of our analyses are based on models trained
without subject-specific data in the training set. Each model
was trained using mean-squared-error loss with the Adam
optimizer in PyTorch on the Georgia Tech Pace Computing
Cluster. For each fold, the model was trained from random
initialization for a minimum of 100 epochs and maximum of
500 epochs. Early stopping based on the validation subject loss
was used to prevent model overfitting and reduce overall
training time. The hyperparameters of the TCN were selected
based on our previous optimization [18] (i.e., 50 channels per
hidden layer, dropout probability of 0.3, and learning rate of
0.0005); however, the kernel size and number of network
levels were reoptimized based on our analysis of model input
sequence length (see Section II1.B).

B.  Analysis of Causal Input Sequence Length

Given the structure of the TCN, the model input sequence
length is dictated by the kernel size, number of network levels
(i.e., residual blocks), and dilation. As outlined by Bai et al.
[31], we designed the TCN to have a constant kernel size for
each layer of the network. Further, kernel dilation was
exponentially increased with each level of the TCN, starting
with a dilation of one. This strategy of dilation exponentially
increases the input sequence length (i.e., receptive field) h of
the model with a linear increase in the number of levels [ of
the network, computed as,

h=1+%52(k - Dd,, O]
where the dilation at level i is computed as
d; = 2. 2)
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Fig. 2. Diagrams depicting the a) analysis of varying model input sequence length (input sequences depicted in orange), b) analysis of delaying model
estimation (timing of estimate depicted in blue), and c¢) analysis of model anticipation (timing of prediction depicted in red) are shown.

In our previous optimization of the TCN hip moment
estimator [18], we did not evaluate hyperparameter
combinations resulting in input sequence lengths greater than
1000 ms due to constraints in the dataset. Given that the
optimized model of our previous work resulted in an input
sequence length of 930 ms, which was close to the maximum
boundary, it is possible that increasing the network capacity to
include a longer input sequence could further improve
performance. Thus, we conducted an extended
hyperparameter sweep including kernel sizes on the closed
interval of 3 to 10 while also varying the number of network
levels on the closed interval of 3 to 7 (Fig. 2a). In this analysis,
we only excluded hyperparameter combinations that exceeded
an input sequence length of 3000 ms, resulting in a total range
in candidate input sequences from 140 to 2790 ms.

From the hyperparameter sweep, we reported the best
validation RMSE and R? of the evaluated networks; however,
since it was likely that several combinations of
hyperparameters would have similar validation results to the
best network but may have drastically different input sequence
lengths, we introduced a second criteria in our analysis, the
network of minimally sufficient input sequence length. This
was defined as the network which had the smallest input
sequence length that resulted in a RMSE within 3% of the best
model. Since TCN input sequence length correlates with
overall model size, the network of minimally sufficient input
sequence length provides a practical context into which set of
hyperparameters maintained performance while gaining
common benefits of a smaller network (e.g., faster
training/inference times and robustness to overfitting).

C. Analysis of Delayed Hip Moment Estimation

To quantify the effect of delaying the hip moment estimate
with respect to the input sequence, we iteratively retrained the
TCN from random initialization while decrementing the time
instance of the corresponding hip moment labels when
training the model (Fig. 2b). The total model delay was swept
from 50 to 1000 ms in increments of 50 ms. To prevent the
noncausal input data from overwriting important data points
of the causal input sequence, we conducted this analysis on
an expanded TCN (5 network levels with a kernel size of 7),
resulting in a total input sequence length of 1860 ms. This
expanded model had an input sequence twice the length of our
previously optimized model [18], thus preventing the
likelihood that key information in the causal input sequence
would be lost when incorporating the noncausal input data.
To determine the minimum delay that maximized model
performance, we computed the maximally beneficial delay,
defined as the minimal estimator delay resulting in a RMSE
within 3% of the best result.

D. Analysis of Hip Moment Anticipation

We conducted an additional analysis to quantify the ability
of the TCN to anticipate (i.e., predict) future hip moments.
Specifically, the TCN was iteratively retrained from random
initialization while the corresponding hip moment labels were
shifted forward in time, thus training the model to anticipate
future hip moments (Fig. 2c). The evaluated anticipation
times spanned the closed interval of 50 ms to 1000 ms with
increments of 50 ms. To interpret the results among both
delayed estimation and anticipation, we again used the
expanded TCN structure defined in Section III.C when
running this analysis.

E. Statistical Analyses

All statistical tests were completed using MATLAB
(Mathworks, Natick, MA, USA) with a 0.05 alpha level of
significance. Statistical trends identifying the effects of
delayed model estimation and model anticipation on
validation RMSE and R? were conducted using linear
regression. Separate linear regression models were fit for
delays in model estimation less than and greater than the
maximally beneficial delay (see Section III.C). Additionally,
a one-way repeated measures ANOVA was used to identify a
main effect among the validation RMSE and R? results of the
best causal estimator, the causal estimator corresponding to
the minimally sufficient input sequence length, and the
noncausal estimator corresponding to the maximally
beneficial delay. Finally, a post hoc multiple comparisons test
with a Bonferroni correction was used to identify statistical
differences among the three models.

IV. RESULTS

A. Effects of Causal Input Sequence Length

The hyperparameter sweep produced TCN architectures
with input sequence lengths ranging from 140 to 2790 ms
(Fig. 3). The best validation RMSE was 0.138+0.013 Nm/kg,
resulting from the architecture with an input sequence length
of 2520 ms (6 network levels with kernel size of 5). The
minimally sufficient network (i.e., the network with the
smallest sequence length resulting in a RMSE within 3% of
the best network) had a sequence length of 930 ms (5 network
levels with kernel size of 4), resulting in a RMSE of
0.141£0.014 Nm/kg. Further, the best validation R?> was
0.888+0.027, resulting from the model with input sequence
length of 2790 ms (5 network levels with kernel size of 10),
whereas the minimally sufficient model resulted in a R? of
0.883+0.025.

B. Effects of Delayed Hip Moment Estimation

The results of iteratively delaying the estimated hip
moments with respect to the input data are shown in Fig. 4
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Fig. 3. The resulting RMSE (top) and R? (bottom) of the hip moment
estimator are shown with respect to the model input sequence length. The
input sequence length was varied by sweeping a range of kernel sizes and
number of layers in the network. The blue data point indicates the sequence
length resulting in the best model performance. The black data point
represents the minimally sufficient sequence length computed as the smallest
sequence length resulting in a RMSE within 3% of the minimum. Error bars
represent 1 standard deviation.

and 5. The maximally beneficial delay (i.e., the resulting
sequence length of noncausal data that minimized estimator
delay but maintained a validation RMSE within 3% of the
best result) was 200 ms, resulting in a RMSE and R? of
0.126+0.011 Nm/kg and 0.906+0.019, respectively (Fig. 4).
The line of best fit within an anticipation time of 0 ms and the
maximally beneficial delay (green trendline in Fig. 5) resulted
in first order coefficients of 0.065 Nm/kg-s (p=0.007) and -
0.124 /s (p=0.015) when fit to the validation RMSE and R?
results, respectively. Further, the line of best fit between the
maximally beneficial delay and maximum delay evaluated in
this study (black trendline in Fig. 5) resulted in first order
coefficients of -0.001 Nm/kg-s (p=0.855) and -0.001 /s (p=0.
930) when fit to the validation RMSE and R?, respectively.

Additionally, a significant effect was found when
comparing the validation RMSE and R? results among the
best causal estimator, the minimally sufficient causal
estimator, and the noncausal estimator of maximally
beneficial delay (one-way repeated measures ANOVA:
p<0.001 for both RMSE and R?). Further, the noncausal
estimator significantly improved RMSE and R? compared to
the causal estimators (multiple comparisons: p<0.05);
however, no statistical differences between the two causal
estimators were found.

C. Effects of Hip Moment Anticipation

Anticipating the hip flexion/extension moments diminished
model performance (Fig. 4 and 5). Specifically, the line of
best fit among positive anticipation times (i.e., from 0 to 1000
ms) resulted in a first order coefficient of 0.052 Nm/kg-s
(p<0.001) when fit to the validation RMSE. Similarly, the
first order coefficient of the linear regression model fit to the
R? results was -0.154 /s (p<0.001).
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Fig. 4. The resulting RMSE (top) and R? (bottom) of the hip moment
estimator are shown with respect to anticipation time. Positive anticipation
times indicate model prediction of future hip moments. Negative anticipation
times indicate the delay of the model estimate with respect to the input
sequence. The red data point represents an anticipation time of zero (i.e., the
TCN was trained to estimate hip moments at the same instance in time as the
most recent input data). The green data point represents the maximally
beneficial delay (i.e., the minimal amount of delay resulting in a RMSE
within 3% of the best result). Error bars represent +1 standard deviation.

V. DISCUSSION

This study provides a multi-faceted analysis, in which we
1) quantified the effect of TCN input sequence lengths on hip
moment estimation performance via an extended
hyperparameter sweep of model kernel size and number of
levels, 2) determined the benefits in model performance
gained by leveraging noncausal sensor information via
delayed estimation, and 3) quantified the trend in model
performance when retraining the TCN to anticipate, or
predict, the hip moments in time. Based on the results of the
hyperparameter sweep, we found that the minimally sufficient
input sequence length was 930 ms, meaning further increases
in model input sequence length had little to no impact in the
resulting validation RMSE. Further, we did not find any
statistical differences in RMSE or R? between the best
performing network and the model of minimally sufficient
sequence length (multiple comparisons test: p>0.05).

Alternatively, delaying the model estimate by adding
noncausal data to the input sequence posed an additional
method for improving model performance. This could be
especially beneficial in applications that can accept small
delays in joint moment estimates (e.g., out-of-lab
biomechanical analyses or monitoring daily effort). In this
study, delaying the model estimates statistically improved
model RMSE and R? by 0.065 Nm/kg-s and 0.124 /s when
delaying the estimate by up to 200 ms (linear regression
analysis: p<0.05). However, we found that further delaying
the model estimate with respect to the input sequence beyond
200 ms did not yield further improvement to model
performance (linear regression analysis: p>0.05). This is an
important finding for applications of wearable sensor-based
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joint moment estimators, able to accommodate small delays
in the estimate. For instance, the ~10% improvement in
RMSE of using the delayed estimator could improve the
predictive power of a joint moment estimator deployed to
diagnose the onset of mobility disorders in aging populations.

The results of the causal model of minimally sufficient
input sequence length (RMSE and R? of 0.141+0.014 Nm/kg
and 0.883+0.025, respectively) and the noncausal model of
maximally beneficial delay (RMSE and R? of 0.126+0.011
Nm/kg and 0.906+0.019, respectively) were either similar to
or better than previous subject-independent, data-driven hip
moment estimators in the literature. For instance, our previous
work of optimizing a subject-independent TCN to estimate
biological hip moments using wearable sensors resulted in an
average RMSE and R? of 0.131 Nm/kg and 0.880,
respectively [18], but was trained and evaluated using
simulated IMU data. Additionally, Dorschky et al
implemented an IMU-based convolutional neural network,
with a hip moment estimation RMSE of 0.17 Nm/kg during
walking [17]. Further, Forner-Cordero et al. reported a
sagittal plane hip moment estimation RMSE of 0.15 Nm/kg
using an inverse dynamics model informed by pressure
insoles [6], indicating that the causal and noncausal estimators
of this study can outperform analytical approaches, even with
a reduced set of sensors.

As expected, anticipating hip moments further in time
significantly reduced model performance (linear regression
analysis: p<0.05). However, we found that predicting hip
moments up to 200 ms into the future resulted in a validation
RMSE below 0.150 Nm/kg and R? above 0.850, suggesting
the model has strong predictive power within this anticipation
window. Future analyses should explore the effects on joint
moment anticipation when deployed online, especially when
the estimated result could impact the resultant joint moments
(e.g., in an exoskeleton controller that leads the user’s joint

dynamics based on the anticipated results); however, this
analysis was outside the scope of this study.

This study contained multiple limitations. Although the
models were trained using measured sensor data from an
actuated exoskeleton, the performance of these models was
evaluated offline. It is possible that deploying these models
online (e.g., in the loop of an exoskeleton controller) could
result in further error [32]. Additionally, the scope of this
analysis was limited to hip moment estimation in the sagittal
plane. Future work should include the extension of this
analysis to incorporate the remaining lower-limb joints.

VL

This study analyzed the relative effects of time history
information in the delayed estimation and anticipation of
human hip moments using a temporal convolutional network.
In general, we found that benefits to model performance
saturated after adding more than 930 ms of previous sensor
data as input to the model. Further, we found that delaying the
estimator by 200 ms maximized model performance while
minimizing total estimator delay. Additionally, anticipating
future hip moments up to 200 ms in the future did not degrade
model performance beyond that of an alternative analytical
model, suggesting the TCN was able to maintain high levels
of fidelity during short windows of anticipation, which may
have value for control applications.

CONCLUSION
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