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Abstract—Objective: Real-time determination of human
kinematics and Kinetics could advance biomechanics research and
enable valuable applications of biofeedback and generalizable
exoskeleton control. This work aims to investigate a task-
independent, user-independent method for obtaining precise real-
time joint state estimation across lower-body joints during a wide
variety of tasks. Methods: We developed a generalizable sensing
approach using a suit comprised of inertial measurement units
(IMUs) and pressure insoles. With the suit, we collected a dataset
of 33 tasks commonly performed during construction and
hazardous waste cleanup (N=10). We then trained deep learning
user-independent, task-agnostic models to estimate joint lower-
body kinematics and dynamics using only worn sensor data. We
likewise computed joint kinematics and dynamics analytically
from sensor data to serve as a comparison tool for model results.
Results: Our models achieved overall angle estimation root-mean-
squared-errors (RMSE) of 6.56+.92°, 8.60+1.01°, 7.58+.89°, and
6.00+.73° compared to 13.9+.1.3°, 15.31+1.0°, 10.76+.70°, and
7.56+.48° via analytical methods at the lower back, hip, knee, and
ankle, respectively. Likewise, our models achieved overall
normalized moment estimation RMSEs of .207+.069 Nm/kg,
242+.044 Nm/kg, .202+.038 Nm/kg, and .193+.034 Nm/kg
compared to .306+.036 Nm/kg, .407+.021 Nm/kg, 1.18 +.022
Nm/kg, and 1.73+.071 Nm/kg via analytical methods at the lower
back, hip, knee, and ankle, respectively. Conclusion: These results
are comparable to other state-of-the-art wearable sensing systems,
establishing deep learning as a viable sensing approach that
generalizes to new users and tasks. Significance: This work shows
promise for enabling accurate real-world biomechanical data
collection and enhancement of biofeedback systems and wearable
robot control.
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I. INTRODUCTION

REAL—TIME wearable sensing has the potential to
revolutionize the fields of biomechanics and wearable

robotics by enabling data collection in real-world settings,
beyond the limitations of traditional lab environments. This
framework preserves natural movements patterns and provides
near-instantaneous biomechanical measurement, enabling
wearable robots or biofeedback systems to act on real time
information. Additionally, it greatly reduces the post-
processing time needed to achieve usable data. These
advantages make wearable sensing an attractive option for
improving the safety of manual labor, for which traditional
biomechanics methods would be impractical for wide-spread
adoption. Moreover, there is a high prevalence of musculo-
skeletal injuries in manual labor due to overexertion [1],[2] and
amyriad of wearable assistive devices that have been developed
to help reduce these injuries [3]. This necessitates the need for
a broadly deployable wearable sensing layer that can monitor
the biomechanics of manual laborers and enhance the
capabilities of assistive devices. Many groups have developed
devices and methods for wearable biomechanics sensing across
a wide range of application areas [4],[5]. However, replicating
the consistency and accuracy of optical motion capture and
force plates, which are considered to be the state-of-the-art
method for characterizing human movement [6], remains a
pertinent challenge for all wearable systems.

Many wearable systems that rely on analytical methods for
calculating joint states have been attempted. For kinematic
sensing, angular measurement via strain sensors [7],[8] and via
IMUs [9],[10] have been investigated. However, none have
consistently performed with joint angle root mean square error
(RMSE) below 5°, which is the standard for most applications
[11]. For joint moment tracking, EMG-driven forward
dynamics methods have been attempted [12],[13], however,
EMG is highly variable across individuals and experimental
sessions, making repeatable estimates of muscle forces from
EMG sensors a major challenge [14-16]. Analytical inverse
dynamics methods that attempt to infer all of the information
typically provided by force plates (3 DOF forces and 3 DOF
moments) from pressure insoles using simplistic models have
also been attempted [17-19]. However, these methods
generalize poorly to new tasks and users, and cannot rely on
fully wearable kinematic tracking, because joint to joint error
propagation drastically throws off joint moment results when
moving up in the proximal chain from the ground. Of all these
methods, IMUs and pressure insoles appear to be the most
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reliable wearable sensor combination for quantifying
kinematics and kinetics, respectively, however, analytical
methods alone have not proven to be sufficient for wearable
biomechanics sensing.

More recently, machine learning has been able to surpass the
shortcomings of analytical methods by virtue of its ability to
find underlying patterns within time-series sensor data.
Techniques including extreme gradient boosting (XGBoost),
neural networks (NNs), convolutional neural networks (CNNs),
temporal convolutional networks (TCNs), recurrent neural
networks (RNNs), long short-term memory networks (LSTMs)
and transformers have all previously been shown to estimate
joint states [20-28]. Crucially, these approaches have succeeded
using only inertial and force-sensing wearable device data, with
some work even showing promise with subject-independent
models (validation subject withheld from training data) or task-
agnostic models (same model used across all tasks). However,
existing work is limited both in terms of the number of joints
and constituent states estimated, as well as the number of task
types investigated. Furthermore, much of the work in this area
involves devices that are complicated to don or require precise
sensor placement, both of which are major drawbacks to real-
world implementation. Thus, to enable accessible real-time
estimates of complex joint states, the capabilities of a combined
deep learning model and robust, easy-to-use sensing system is
explored.

In this study, we developed an open-source wearable sensing
suit that utilizes IMUs and pressure insoles along with a deep
learning approach to be a practical solution for characterizing
lower-body biomechanics in real time. We trained subject-
independent, task agnostic models to estimate joint
biomechanics across a wide array of tasks that manual laborers
routinely perform. Then, we compared the joint state estimates
from this approach to analytical methods of quantifying the
same joint states from wearable sensors. We hypothesized that
our deep learning approach would significantly outperform
analytical methods, on a user-independent, task-agnostic basis,
because it would account for inaccuracy and inconsistency from
Sensors.

This paper makes the following critical contributions to the
field: 1) We demonstrate that deep learning combined with a
large and diverse dataset enables accurate and real-time (every
5 ms) estimates of human kinematics and dynamics without the
need for subject-specific or task-specific models. 2) We open
source the ‘Second Skin’ design — a sensing layer that can
provide out-of-the-lab biomechanics collections, real-time
biofeedback, or input to a wearable robot for control
applications. 3) We open source our dataset which provides a
huge array of useful data of numerous industry-relevant tasking
biomechanics and synced wearable sensing data for further
development of data-driven systems.

II. METHODS

A. The Second Skin

The Second Skin is an open-soruce wearable sensing device
that comprises XSENSOR X4 high-resolution pressure insoles
with attached IMUs at the feet (XSENSOR Technology
Corporation, Calgary, AB Canada), as well as 6-axis IMUs at
the shanks, thighs, pelvis and back (3DM-GX5-25, HBK

MicroStrain, Williston, VT, USA) (Fig 1A). Each pressure
insole provides vertical GRF (vGRF) and center-of-pressure
(COP) readings while the IMUs provide orientation, linear
acceleration and angular velocity. The pressure insoles are worn
in the shoes, while the shank, thigh, and pelvis IMUs are
strapped to Velcro sewn onto compression pants to achieve
skin-level contact with the wearer. It also includes a running
backpack, whose custom housing includes an onboard battery
(Kobalt 24 V 2 Ah, Lowe’s, Mooresville, NC, USA) and an
NVIDIA Jetson Orin Nano (Jetson) computing platform. All
sensors are fed through sewn-on cable channels to provide
wired connections to the Jetson over a serial connection. The
pant and insoles are available in multiple sizes and the wearable
backpack can be adjusted to accommodate wearers of any size.
The Jetson handles onboard and external communication and
time synching between all sensors. It was selected for onboard
use for its capability to run real-time deep learning models
proficiently that could estimate biological joint angles and
moments in real-time from wearable sensor data [29]. The
overall system weighs about 2.1 kg but varies slightly
depending on pant size, insole size, and cable lengths. The run
time on a 2 Ah battery is about 4 hours and the design allows
for hot-swapping of the batteries.
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Fig 1. Second Skin and its onboard sensors. MicroStrain IMUs and XSENSOR
X4 Sensor Pack each provided acceleration, angular velocity, and orientation.
X4 insoles provided estimated normal force and bi-directional center of
pressure. B. Mocap marker set and sensor locations and orientations.

Instructions for developing a replica of the Second Skin, the
code-base needed to operate it, and instructions for operation
can all be found in the Supplementary Materials, Section 1.

B. Data Collection

We collected gait lab and wearable sensor data from 10
participants, all of whom were drawn from an able-bodied
population (gender: 8 M, 2 F; age: 25.18 + 3.12 years; body
mass: 80.54 + 12.56 kg; height: 1.75 + 0.09 m). This study was
approved by the Georgia Institute of Technology’s Institutional
Review Board (H21228), with all participants providing
informed consent for the collection of experimental data. Each

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on October 31,2025 at 21:04:24 UTC from |IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TBME.2025.3589996

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 3
a 46 kg (105 1b) wagon push/pull static push/pull b —
68.0 kg (150 Ib} A ‘ l - 1 sel:ors Sensor Suit

47.6 kg (105 1b) push

\ Y

68.0 kg (150 Ib) pull

pull
/
k.
ﬂ/ symmetric

vertical ambulation squat )
R asymmetric
pseudo-static pose squat
unweighted stand

e

{ w
holding
power tool
wearing
we1ghted§

stairs ("
(stair height: 20 cm) N
symmetric

squat
asymmetric
squat
stand

\/

ladder.
(stair height: 25 cm)

sandbag shoveling :yr:l'\:;etri:
2.27kg (s lb) below —— vest (1134 kg (25 Ib) q )
ground asymmetric
sandbag (t0 47.72 em (187)) squat
454 kg (10 1b) | <tand
sandbag
2.27kg (5 b) below » symmetric lead
ground blanket carry
sandbag (to 101.6 cm . (20.41 kg (45 Ib)
4.54kg (10 b) 40 |oad blanket tift Welking Ssymmetric carry
_ (1134 kg or 25 1b)
0° sl wearing
90° left sope weighted vest
1134 kg (25 1b)
3 unweighted
incline
- 50slope ——""" e
90°right g incline
1005mpe‘<decline
Teboge1

Fully-connected layer
(acrass channels]

Foot (R)lin. &
insole (L) Co
insole (R) CoP [x,

Moment [Nm/kg]

1
b N ¥
X Y
IMUs f1
pressure insoles
OpenSim

external sensors

maotion capture

. . . force plates
inverse kinematics

0.5 MU
analytical calculation orientations
0 0=fxy 2)
= —
o ground truth joint angles
—= 0.5
g !n!:nls:
< P daep L N joint angles
™ Features:
o lin. acc. (x,2)
15 o ﬁ ang. vel. (x,y,z)
~o 0.2 0.4 0.6 0.8 insole vGRF, COP|
Time [s]
!a!wls:
inverse dynamics deep learni Joint moments

Features:

lin. acc. (xy,2)
ang. vel. (xy,7)
insole vGRF, COP|

-1
-2 M analytical calculation +——

upper body angles
— . IMU orientations
t=f{x0,7)

shear GRFs
insole vGRF, COP

Fig 2. (A) Task set of 6 core activities consisting of 33 unique conditions: lead blanket lift (L), agon push/pull (PP), pseudo-static postures (PS), shoveling (SH),
static push/pull (SP), vertical ambulation (VA), and walking (W). (B) Experimental data processing pipeline. Inverse kinematics and dynamics computed from
mocap and force plate data through OpenSim served as ground truth reference values. Deep learning estimates and analytical calculations from wearable sensor
data were compared to these ground truth data. Ground truth data was always filtered (6hz 4™ order Butterworth) and all sensor data was spline interpolated to
200hz (already the sampling rate for Microstrain IMUs). The insole vGRFs were normalized to the wearer’s bodyweight (C) Visual representation of the TCN

architecture that was used including all input channels to the model.

individual performed a variety of tasks designed to mimic
manual labor tasks at waste cleanup sites (Fig 2A). The types
of tasks chosen were determined from incidence of injuries at
these sites as well as feedback from workers on what tasks felt
most strenuous. Then, we expanded on this taskset by adding in
varied weight conditions, symmetry conditions, and incline
conditions to make our dataset more diverse and broadly
representative of human movement to facilitate more
generalizable ML models. category had several sub-conditions
of tasks performed. Most unique sub-conditions in the taskset
were performed for either 5 or 10 repetitions, depending on
complexity of the task, with participants completing each
repetition at their own pace. The only exceptions to this were
loaded walking, pseudo-static postures, and static
pushing/pulling where each sub-condition was performed only
once for 30 seconds. Force plate data, including vGRF and COP
were recorded at 2000 Hz on an instrumented split-belt
treadmill for walking trials and floor-embedded force plates for
the rest of the task set (Bertec Corporation, Columbus OH,
USA). Load cell data from an ATI mini45 (ATI Industrial
Automation, NC, USA) were similarly sampled at 2000 Hz for
shoveling, static push/pull, and wagon push/pull tasks to enable
the calculation of reaction forces at the hands. Optical motion
capture data were recorded at 200 Hz (Vicon Nexus, Vicon
Motion Systems, Yarnton, Oxfordshire UK) using the marker

set shown in Fig. 1B. MicroStrain IMUs were sampled at
200 Hz and the X4 sensor pack and X4 high-resolution insoles
were sampled at 80 Hz. Wearable sensor data were
synchronized with optical motion capture and force data using
a Vicon lock box synchronization pin. The orientation data of
the IMUs was tared before every task with the participant in a
rehearsed neutral standing posture. Other than this taring
process, no IMU calibration was performed. It is worth noting
that IMU orientations were only used for analytically calculated
joint states and not as features in the TCNs (Fig. 2.C). Thus,
there was no calibration affecting any feature data in our TCNSs.

We computed ground truth joint angles and moments from
mocap, force plate, and load cell data using the inverse
kinematics and inverse dynamics tools in OpenSim 4.0 [30]
(Gait2392_Simbody model), with a 6 Hz Butterworth lowpass
filter applied to mocap and force data. Although this model
accounts for multiple degrees of freedom (DOFs) at the ankle,
hip, and lower back, we restricted our analysis of joint
kinematics and dynamics to just the sagittal plane component
of the ankle, knee, hip, and lower back.

C. Joint State Estimation Approach

The machine learning algorithm implemented in this work to
estimate lower-body joint angles and moments was a variant of
the TCN originally developed by Bai et al. [31]. It was further
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developed by Molinaro et al. [32] for the purposes of biological
moment estimation for hip/knee exoskeleton control. The TCN
architecture benefitted from dilation between model layers,
maximizing the effective time history used in the estimation of
each successive time point while minimizing redundant
network connections. To estimate the biological joint moments
of cyclic and non-cyclic manual labor tasks, we trained TCN
models with hyperparameters optimized for a similar able-
bodied dataset comprising cyclic and non-cyclic tasks [32].
Here, the TCN was trained and tested in Python 3.6.9 using
PyTorch 1.8.0 [33], using 5 temporal convolutional blocks.
Each contained two convolutional layers with interstitial weight
normalization and activation layers. The rectified linear unit
(ReLU) was used as the activation function here for its
previously demonstrated benefits in time series prediction
implementations of deep learning models [34]. Each model was
trained using the Adam optimizer and a mean squared error
(MSE) loss function. We used a learning rate of 5e-5, dropout
probability of 0.15, and 80 filters per hidden Ilayer,
corresponding to an effective time history of 248 points. Every
model was trained and tested on the entire taskset from a
random initialization with a ten-fold leave-one-subject-out
validation for a maximum of 150 epochs and minimum of 75
epochs. We employed early stopping on model training if the
validation loss increased for 20 consecutive epochs after the
minimum 75 epochs were completed. A different model was
trained for each withheld subject, for each of the 8 outcomes
explored (sagittal joint angle and moment of the ankle, knee,
hip, and lower back) and model performance was averaged
across withheld subjects for each outcome. Orientation data
from IMUs were not used as features, as we found that they did
not improve model performance.

D. Load Cell Force Resolution

We used a pole instrumented with a 6-DOF load cell to
quantify the reaction forces at the hands for wagon
pushing/pulling, static pushing/pulling, and shoveling. To
resolve the reaction forces at the right and left hands, the
following system of equations were solved:

% Feyz= FxLJo/chell ZMx,y,z = Mylclg/c,tzdce” (1
An example of the expanded force and moment equations in the
z-direction that provide every term involved in the calculation
are fully written out below, to give an example of how this
calculation was done. The most general form is provided,
although some terms are later assumed to be zero.

FZRi‘ght+ pleft o FZLoad — FZLoadcell 2)

z

Right Right Right Right
(d, 9" xEY9) + (d,9" x B9 + 3)
(@ x BTy + (dit x EFTY) + (dhoad x FRoad) +

(djl;oad x Fload) | Mfight + MZLeft-}- MLoad — pfloadcel

Here, the superscripts Right, Lefi, and Load denote
contributions from the right hand, left hand, and load,
respectively. d denotes the distance from an applied force to the
load cell, which was determined via optical motion capture
data. To

create a unique solution for this the system of equations
described in (1), we assumed that moment and force were the
same at the left and right hand for wagon pushing/pulling and
static pushing/pulling due to the symmetric nature of the tasks.
For shoveling, it was assumed that the force and moment at the
left and right hand was the same through the axis of the pole (z-
direction) and that neither hand exerted a moment in the x and
y directions (Supplementary Materials, Section II).

E. Analytical Kinematics and Dynamics

In addition to training TCNs for angle and moment
estimation, we analytically calculated joint angles and moments
from raw sensor outputs to serve as a comparison metric for
performance of the TCN models. For kinematics, sagittal plane
angles were calculated by taking the difference in segment
angles of two IMUs across a joint. Our IMUs came with stock
calibrations and robust onboard filters for pose estimation,
which we operated with the magnetometer disabled to avoid
magnetic noise in our collection space from corrupting each
IMU’s pose estimate. To calculate joint moments, IMU-derived
lower-body joint angles, normal force from the pressure insoles,
and COP from the pressure insoles were substituted in for lower
body inverse kinematics from optical motion capture, normal
force measured by force plates, and COP measured by force
plates, respectively. Then, these inputs were run through the
inverse dynamics tool in OpenSim. Ground truth upper body
joint angles, shear reaction forces and moments, and model
scaling properties from a full optical motion capture set were
still used for this calculation to create a ‘best case’ calculation
against which to compare TCN results, as our system does not
have a corresponding measurement to these key inputs to
inverse dynamics analysis. We allowed the analytical approach
to ‘cheat’ in this way to demonstrate the performance of the
deep learning system against the absolute best-case of the
analytical system; in reality, its performance would be worse
than what is reported here.

F. Qutcome Metrics

We used RMSE and R? to assess model performance
throughout the paper. All timeseries data (ground truth,
analytical estimates, and ML estimates) were filtered with a 4th
order 6 Hz Butterworth filter before computing RMSE and R?
between estimates and ground truth. Every task-specific
outcome calculation only includes data for that task. For
example, RMSE of SH only includes shoveling data, but RMSE
of Overall includes all tasks in the dataset. RMSE is calculated
by first taking the mean squared error (MSE) across all
datapoints in all timeseries data relevant to the task being
assessed and then calculating its square root to get RMSE. R?is
calculated on a trial-by-trial basis for each task being assessed.
The Pearson’s correlation coefficient is calculated between
estimate and ground truth for every relevant trial, then squared
to get the R? value for each trial. Lastly, the R? value from each
trial is averaged to get the final R? metric for each outcome.

G. Statistical Analysis

MATLAB 2024a (Mathworks, Natick, MA, USA) was used
to perform a one-way repeated measures ANOVA test (o =.05)
for all 8 outcome types (joint moment and angle of the lower
back, hip, knee and ankle) for both outcome metrics (R? and
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RMSE), for all task types collected to determine the statistical
significance of differences between ML-based and analytical
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Fig 3. Overall and individual participant averages of joint angle, normalized
joint moment, and normalized joint power for the lumbar, hip, knee, and
ankle, for shoveling 4.54kg (101b) to 45.7cm (18”).

tracking of joint state. The predictor variable was model type
(ML vs analytical). Each participant was treated as a separate
measure, making this a within-subjects statistical analysis.
Mauchly’s sphericity test (o = .05) was used to verify the
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sphericity assumption of data before performing every ANOVA
test.

III. RESULTS

A. Novel Biomechanics

Because the taskset described in Fig. 2A features many tasks
which are not commonly reported in the biomechanics
literature, a visualization of ground truth biomechanical time-
series data of one of those tasks is provided in Fig. 3, for
shoveling 4.54 kg (10 1bs) to 45.7 cm (18”). Overall participant
averages and individual participant averages are shown for joint
angle, normalized joint moment, and normalized joint power of
left and right ankle flexion, left and right knee flexion, left and
right hip flexion, and lumbar flexion. Red and blue represent
the right and left joint, respectively, for bilateral joints. Time
series visualizations for lead blanket lifting and ladder ascent
and descent can be found in the Supplement, Section IV. This
section also contains a link to the biomechanics dataset for this
study which includes wearable sensor data, EMG, motion
capture data, rection force data, inverse kinematics data, and
inverse dynamics data from all tasks for the full N=10 subjects
collected for this study.

B. Ground Reaction Forces

Fig 4a. shows the Second Skin’s R? and RMSE values for
GREF tracking. Normal force, frontal COP, and lateral COP had
RMSE values of .146+.022 bodyweights, .102+.009 foot-
lengths, and .096+.013 foot-widths, respectively, across all
participants and tasks. Walking had the highest RMSE values
of every task type for normal force (.235+.084 bodyweights),
frontal COP (.141+.015 foot-lengths), and lateral COP
(.171£.096 foot-widths). Pseudo-static postures and static
push/pull both had abnormally low R? values for normal force
tracking (.438+.039 and .406+.093, respectively), while
maintaining RMSE values in-line with other tasks due to the
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Fig 4. (a) R? and RMSE of normal force, frontal COP, and lateral COP tracking across all tasks. (b) Kinetic timeseries data from a representative participant
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Fig 5. (a) R? and RMSE of lumbar, hip, knee, and ankle kinematics from both TCN estimates and analytically derived estimates. (b) Kinematic timeseries data

from a representative participant

isometric-like nature of these tasks. Fig 2b. column 2 shows the
timeseries GRF tracking of one of these tasks and should help
to visualize why the R? value is poor for these tasks, as there is
essentially no trend in the data, making correlation fitting a
difficult metric for model performance on these tasks. The
phenomenon of low R? values yet in-line RMSE values for
Pseudo-static postures and static push/pull exists for kinematic
tracking (Fig 5a.) and moment tracking (Fig 6a.) as well.

C. Kinematics

Fig 5a. shows R? and RMSE values of analytically derived
and TCN derived estimates of sagittal plane joint angles. The
TCN estimates had significantly lower overall RMSE than the

analytically derived joint kinematics at every joint except the
ankle (p < .05) with the most extreme case being a relative
RMSE reduction of over 50% at the lower back. At the ankle,
TCN estimate RMSE was significantly lower than analytically
derived RMSE for vertical ambulation, walking, wagon
push/pull and shoveling (p < .05). Analytically derived RMSE
was not significantly lower than TCN RMSE for kinematics of
any task types at any joint. The RMSE for analytical joint angle
tracking of shoveling at the lower back stands out as being
much higher than RMSE for the rest of the tasks. This is
because the lower back and hip experience higher flexion
angles during shoveling than the rest of the taskset. The same
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Fig 6. (a) R* and RMSE of lumbar, hip, knee, and ankle moments from both TCN estimates and analytically derived estimates. (b) Joint moment timeseries data
from a representative participant containing ground truth joint moment, analytically derived joint moment, and TCN estimates of joint moment.
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trend can be seen for vertical ambulation at the ankle, which is
by far the task with the most ankle flexion in our taskset. R?
tracking for walking at the lower back is another task with an
abnormal performance relative to other tasks. This is because
the lower back angle is essentially constant during walking (fig
Sb., column 1), making this another instance of a task within
our taskset where RMSE is normal, but R? is a very difficult
metricfor a model to uphold.

D. Joint Moments

Fig 6a. shows R? and RMSE values of analytically derived
and TCN derived estimates of normalized joint moments.
Overall RMSE of TCN moment estimates at the lower back,
hip, knee, and ankle were .207+.069 Nm/kg, .242+.044 Nm/kg,
.2024+.038 Nm/kg, and .193+.034 Nm/kg, respectively. The
TCN estimates had significantly lower overall RMSE than the
analytically derived moments for every task at every joint (p <
.05). The worst performance of TCN estimates by a wide
margin was at the lower back for shoveling (.295+.093 Nm/kg)
where there were significant reaction forces at the hands that
the Second Skin is not equipped to directly sense. This can be
seen within timeseries data from the representative participant
(Fig. 6b.). Overall RMSE of analytically derived joint moments
at the lower back, hip, knee, and ankle were .306+.036 Nm/kg,
407+.021 Nm/kg, 1.18 +£.022 Nm/kg, and 1.73+£.071 Nm/kg,
respectively.

IV. DISCUSSION

A. ML vs. Analytical Estimates of Body-Joint Dynamics

Our main hypothesis that deep learning-based body-joint
state estimates outperform analytically derived joint states was
overwhelmingly supported (Figs. 5,6). There were no joint
states for any task type where analytically derived joint states
had significantly lower RMSE than TCN estimates.
Furthermore, the only joint state that the TCN did not have
significantly lower overall RMSE values for was ankle angle,
and only in a few tasks. The industry standard of analytical,
wearable kinematic tracking was XSens’s MVN system circa
2020, before they decided to adopt heavier ML practices for
kinematic tracking as well. Our TCN estimates of joint angles
likewise outperform this system, with angle RMSEs of 6.0°,
7.6°, and 8.6° compared to 6.8°, 9.6°, and 8.6° at the ankle, knee
and hip, respectively [35].

Even with some of the best MEMS IMUs available currently,
combined with a highly accurate pressure insole (as seen by our
results in Fig. 4), and providing ground truth values for shear
forces and twist-axis moments, analytical inverse dynamics is
far too inaccurate for real-world deployment (Fig. 6). However,
we believe the results presented here show that incorporating
end-to-end deep learning, thereby eliminating challenges
associated with shear sensing, and avoiding an approach prone
to error propagation, can lead to reasonable inverse dynamics
that are user-independent and task-agnostic (e.g. highly
generalizable). Few studies have validated generalizability to
the extent shown here.

B. Second Skin Sensing Performance vs. State of the Art

Figueiredo et al. achieved R? values of .92, .94, and .87 for
sagittal hip, knee, and ankle angles, respectively, during

walking [28], compared to our R? values of .94, .96, and .82 on
our walking tasks. However, our system did not rely on precise
sensor placement and task-specific models. Hernandez et al.
was able to achieve mean absolute errors (MAE) for walking
and running of 3.7°, 2.9°, and 5.1° at the hip, knee, and ankle,
respectively, without relying on precise sensor placement [36].
This slightly outperforms our MAE for walking of 6.1°, 4.8°,
and 4.3° at the hip, knee, and ankle, however they included a
significantly larger and more homogeneous population of 27
males, with no females and only had to perform well on two
gaits. Overall, we believe our system performed in line with
current wearable state-of-the-art for kinematic sensing as we
have accuracy that is closely in line with the very best presented
in the literature and demonstrate generalization of our system
on a far wider task set than shown previously.

Where our system is truly novel is its ability to estimate joint
moments in a task-agnostic, subject-independent manner. The
only other system to have implemented this successfully is
Molinaro et al. [32]. Molinaro et al. achieved RMSE of .15
Nm/kg and .13 Nm/kg for cyclic tasks and .21 Nm/kg and .16
Nm/kg for non-cyclic tasks at the hip and knee, respectively.
This is compared to our result of .22 Nm/kg and .22 Nm/kg for
walking and .21 Nm/kg and .17 Nm/kg for non-cyclic tasks at
the hip and knee, respectively. We were slightly outperformed
in terms of RMSE in walking, but had nearly the same for non-
cyclic tasking. Our results interestingly show worse results for
cyclic tasks than non-cyclic tasks, which is contrary to what
Molinaro et al. observed. We believe this is due to our dataset
having very little cyclical data compared to the dataset used in
Molinaro et al. (Fig. 4b). It is worth noting that our system has
two key advantages over Molinaro et al. which its functionality
at more joints (ankle and lower back), and the fact that it was
designed to be a sensing suite that is reasonably compatible
with biofeedback systems and wearable robots. Additionally,
our sensors were on the human body (rather than on an
exoskeleton) allowing for deployability across different
wearable devices, as well as to contexts outside wearable
robotics such as biofeedback training and out-of-the-lab
biomechanics collections.

C. Challenges for Analytical Inverse Dynamics in Wearables

Our analytically derived inverse dynamics results show
increasingly worse performance moving proximally from the
ground. We believe this is due to kinematic error propagating
from joint to joint, which is not an issue experienced in our end-
to-end deep learning approach. A similar trend is seen in the
work of both Liu et al. and Khurelbaatar et al. where inverse
dynamics and kinematics are solved from the ground up, and
dynamics error propagates in the same direction [18],[19]. In
these analyses, however, optical kinematic tracking is
employed, which cuts down heavily on kinematic error. This
suggests that with the current wearable state-of-the-art for
kinematic tracking, analytical methods for ground up inverse
dynamics alone may be insufficient. Perhaps other analytical
models, like top-down approaches could be considered for
analytical models of proximal joints (like the back and hip)
[37], but this was beyond the scope of this study.
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D. Limitations

The Second Skin itself lacks inertial sensors at the arms and
has kinetic sensors only at the feet. This limits its capabilities to
lower-body biomechanics only and requires users to be on their
feet to attain reasonable joint moment estimates. Future
iterations of our open-source Second Skin platform will address
these limitations as arm forces are also critical for monitoring
many industrial tasks, such as some of the ones collected in this
protocol.

Certain tasks in our dataset had reaction forces at the hands,
for which we had to make assumptions to fully characterize
from a single load-cell. This likely introduced a small amount
of error into our ‘ground truth’ inverse dynamics results for
these tasks. However, these rection forces were characterized
reasonably well, they were typically at least an order of
magnitude smaller than the ground reaction forces, and they
were applied to the body at distal locations relative to all the
joints of interest in our analysis. It is therefore unlikely that this
limitation had a significant impact on our results.

The experiment conducted was designed to stay within the
scope of tasks commonly performed by industrial workers and
thus is not perfectly representative of all the tasks that a person
may perform while wearing the Second Skin. For example, high
power movements such as running and jumping are absent from
the taskset, so it is unclear how the Second Skin would perform
in these cases with the current existing models. However, the
performance of the task-agnostic models we trained across the
plethora of tasks that were included suggests that the Second
Skin is capable of good performance across an incredibly
diverse range of tasks. We therefore believe that this work, and
the robustness of the Second Skin could be seamlessly
expanded to new biomechanical domains outside the realm of
manual labor, so long as there is sufficient data to train new
models.

The population of the dataset collected was entirely able
bodied, with ages ranging from 22 to 32 years old, and included
only 2 female participants. It is thus unclear if the Second Skin
would produce reliable biomechanics estimates on clinical
populations and for people significantly out of this age range.
Furthermore, it is unclear if there is a significant difference
between model performance on males and females, and if
separate male and female models should be considered.

Our dataset was only about half the size of the dataset
collected by Molinaro et al. [32], and we have nearly twice as
many timeseries channels of input to our model. Because more
data are generally needed for models to perform optimally when
they have more inputs [38], our system may have been limited
by the amount of data that we had, or conversely the amount of
sensor channels we chose to include for each joint state
estimation model. In future work, the Second Skin’s
performance will likely benefit from more data, a formal
analysis on feature importance for each joint state, and a
hyperparameter optimization of its own, rather than using
Molinaro’s extensive hyperparameter optimization results,
which requires an extremely large amount of compute
resources.

V. CONCLUSION

This study investigated a novel, participant-independent,
task-agnostic approach for estimating joint angle and moment
at the lower back, hip, knee, and ankle, the design and software
for which was made open-source. We demonstrated that with a
large and diverse dataset, deep learning can enable fast and
accurate estimates of human kinematics and dynamics. Our
system achieved competitive performance with previous
machine learning and analytical-based kinematic and dynamics
wearable sensing systems within the literature, and did so while
generalizing to a diverse array of tasks and joint states. We were
able to reliably estimate joint moments in a subject-independent
and task-agnostic manner, even for tasks with reaction forces at
the hands (shoveling, wagon push/pull, static push/pull), which
were extremely challenging tasks for analytical-based
solutions. In the future, this work should be expanded on with
larger datasets and more optimized model training to improve
accuracy and generalization further to move towards real-world
deployment efforts. This approach to wearable sensing has the
potential to revolutionize biomechanics as it could allow for a
far more accessible means of collecting data that requires less
post-processing, while simultaneously allowing for more
natural movement patterns than current biomechanics labs.
Likewise, this framework could expand the capabilities of
biofeedback systems and wearable robots by enabling better
real-time sensing and control.
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