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Overview

This document contains supplementary methods, analysis, and discussion relevant to this study.
Specifically, it includes 1) a discussion on the trade-offs of hip, knee, and ankle exoskeleton
assistance, 2) an analysis of estimator accuracy during eight entirely novel tasks, 3) an analysis
of user lower-limb joint kinematics during the experiments that quantified user biological joint
work, 4) a description of the biomechanical modeling methods used in this study, 5) a description
of the baseline method used to benchmark our joint moment estimator, 6) a description of the
statistical methods used in this study, and 7) a discussion on how our joint moment estimator
compared to previous offline work.

Why the Hip and Knee and not the Ankle?

During most modes of ambulation, the hip and ankle joints are the dominant power providers' >,
and recent research in human-in-the-loop optimization has demonstrated that assisting the hip and
ankle yields greater metabolic benefits to the user than assisting the knee*. Thus, most exoskeleton
studies have focused on assisting the hip and ankle joints during ambulation®. However, the knee
joint plays a critical role in many non-cyclic activities, such as squatting, jumping, and lunging'.
In fact, from our recently published dataset of human lower-limb biomechanics during cyclic and
non-cyclic tasks, we found that the positive work demanded from each lower-limb joint averaged
across non-cyclic activities was larger than that of any joint during cyclic tasks (i.e., during
ambulation)!. As such, assisting the knee joint is a viable approach for general-purpose human
augmentation, potentially augmenting users through demanding, non-cyclic tasks while mitigating

the effects of distal-borne mass during walking compared to ankle-based devices®.

Novel Task Analysis

As described in the Methods, 19 of the 28 total tasks were used to train the final model tested in
this study. This left 9 tasks out of the training set that were then tested online in our validation
experiment. The hold-out tasks were lunge, stair ascent, declined walking, start and stop, medicine
ball toss, step over, squat, curb, and step up. Thus, these tasks were new to our controller. To further
test the generalizability of our controller, we designed eight new tasks (Extended Data Table 2 and
Supplementary Video 5) that were completely novel (i.e., never tested during previous
experiments). These tasks were designed to test the absolute limits of the deep neural network
controller and attempt to find edge cases where performance might deteriorate. Three participants
completed these eight tasks while wearing the exoskeleton running our task-agnostic controller.
The accuracy of our estimator was then compared to the ground-truth joint moments
(Supplementary Fig. 1).

In general, the estimator performed well for the 9 left out tasks as well as the majority of the
completely novel tasks (Supplementary Fig. 1a & b). However, three of the extreme activities
showed decreased estimator performance (Supplementary Fig. 1c & d). For the layup task, R?
remained within the distribution of the training tasks, but RMSE was much higher than the other
tasks. This indicates that the shape of the estimated moment curve approximated the true joint
moments; however, the magnitude was not scaled correctly (as demonstrated in Supplementary
Fig. 1e). For burpees and mountain climbers, both R> and RMSE were worse than other tasks.
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To explore the uniqueness of these novel tasks relative to the distribution of the training set, we
compared the ground-truth joint moments across different tasks using two metrics. 1) We
computed the average peak joint moment for each task for both the hip and knee. We then averaged
the hip and the knee to give a magnitude score for each task. 2) We also broke each task into its
constituent subtasks (e.g., walking has several speeds, each of which is a subtask) and created a
reference table of kinetic profiles based on all of the subtasks within the training data. We then
used R? to compare the joint moment profiles from each of the subtasks (both those inside the
training set and those outside) to each of the profiles in the training data for both the hip and knee.
The maximum R? value for each subtask (best match between shape in the training set and each
task shape) was chosen (this returned 1.0 for every task in the training set since it had a perfect
match whereas those outside the training set returned a score based on how similar they were to
their best matching subtask in the training set). These values were then averaged across subtasks
within each task group and across hip and knee to give a similarity score for each task.

These two metrics, a joint moment magnitude score and a kinetic similarity score, were used to
compare all of the task groups (Supplementary Fig. 1f). These results show that the areas where
the estimator performance decreased were on tasks at the extreme boundaries of the tasks that were
tested. For tasks where the joint moment magnitude was excessively higher than any training data,
the model had difficulty correctly scaling the estimated torque even though the shape was accurate
(as shown by a high R? but also high RMSE). For tasks where the kinetic shape was substantially
different from those tasks in the training data (possibly due to the fact that both of these tasks
involve using the hands for bodyweight support), the model had difficulty accurately estimating
moments. However, even in these cases, the moment estimator remained stable and defaulted to
low torque estimates that did not impede the user’s movements (Supplementary Fig. 1e). This
effect may have also been compounded by the insole sensing breakdown when most of the force
is transmitted through the ends of the toes, which is the case for both burpees and mountain
climbers. These results demonstrate the ability of our approach to handle completely novel tasks,
which is vital to exoskeleton performance in the real world. Even when confronted with tasks at
the extreme ranges of human movement, the controller remained stable without hampering human
movement.

Exoskeleton Effects on User Kinematics

To understand the potential kinematic impact of wearing the exoskeleton, we compared the joint
angles at the hip, knee, and ankle under three conditions (Exo On, No Exo, and Zero Torque)
during the six joint work tasks (Supplementary Fig. 2). As explained in Extended Data Table 3,
environmental factors, such as squat depth and timing were controlled across conditions, allowing
a fair comparison between the kinematics. These results demonstrate that there is very little
difference between the kinematics when wearing the exoskeleton (powered on or off) and not
wearing the exoskeleton. Even though we controlled each task with a metronome, some tasks (like
squatting, lunges, and step ups) have greater variability in the exact timing of the task within each
individual condition (as shown by the higher standard deviation); however, across conditions the
average kinematics still follow the same profile. These results indicate that the exoskeleton was
able to achieve transparency with respect to the desired range of motion of the participant, while
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still providing enough assistance to significantly reduce the positive lower-limb biological joint
work. This also confirms the validity of the joint work analysis by demonstrating that the
improvements seen with the exoskeleton assistance are not primarily coming from a change in the
way participants performed the tasks; however, we do note that upper body kinematics were not
measured or investigated.

Data Processing & Biomechanical Modeling

We followed the same procedure for processing motion capture marker trajectories and GRF data
as detailed in our previous work!. Ground-truth joint kinematics and moments were computed in
OpenSim using the Inverse Kinematics and Inverse Dynamics tools, respectively’-®. The OpenSim
gait2354 model was used as the base model for each subject-specific anthropometric model. To
model the participant in the exoskeleton, the OpenSim model was first scaled based on a biological
static pose and biological body mass from a neutral standing trial collected without donning the
exoskeleton. This initial model ensured that the model’s segment masses and sizes were accurate
with those of each participant. This biological model was used to compute joint kinematics and
moments during the No Exo trials.

To model the exoskeleton, cylindrical masses were placed on the shank and femur segments of the
scaled biological model at locations that matched the exoskeleton actuators. The mass of each
modeled actuator was 0.485 kg and was constant across participants. The mass of the exoskeleton
aside from the actuators was added to the model torso segment since the additional weight was
mainly from the electronics housed in the exoskeleton backpack. Finally, the markers were
adjusted based on a static pose with the participant wearing the exoskeleton; however, the
dimensions, mass, and inertia of each segment were held constant to maintain an accurate model
of the participant’s anthropometry when wearing the exoskeleton. The resulting OpenSim model
was used to compute joint kinematics and moments during the Exo On, Zero Torque and model
accuracy trials.

Detailed Description of Baseline Method

Because no other studies have tested an exoskeleton controller in such a wide array of tasks, we
developed a best-case baseline method to compare against our joint moment estimator,
implemented as an extension of previous mode-based exoskeleton controllers. Many exoskeleton
controllers use an activity classifier to switch between exoskeleton control modes®'°. Within each
state, different control laws can be applied!>~!°. We opted to use a 28-mode classifier approach for
our best-case baseline since it matched our delineation of task groups in the rest of the paper.
Although a 28-mode classifier would likely result in many mode misclassifications if trained and
deployed online, substantially fewer classes would result in very poorly tuned control laws within
each task group and increasing to a separate class for each subtask (66 mode classifier) would
unreasonably increase possible misclassifications. This baseline is a best-case model because
whenever possible we gave this approach ideal inputs that represent the ceiling of what a real
system could achieve. For the classifier, this meant that we applied the model post hoc and assumed
perfect classification accuracy, which currently would be nearly unachievable in a real scenario,
especially given 28 classes to choose from.
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We used data from the same 15 training participants that we used to train our deep learning
approach to create the baseline method. We then tested it on data from the same 10 participants
that we collected to verify our deep learning-based approach. To design the control laws to apply
during each mode, we used the three categories of cyclic, impedance-like, and unstructured.
During cyclic tasks, many controllers rely on gait events and gait phase percentages to look up the
corresponding biological moment®° 2. Thus, to create the control law during cyclic tasks, the stride
averaged curves from the training data (Phase 1 and Phase 2) were used to design a single moment
profile for the hip and one for the knee in each of the cyclic activities. We accomplished this by
first segmenting the body mass-normalized ground-truth moment data by gait cycle, normalizing
time to percent cycle, and then averaging the curves across participants for each subtask. We then
averaged those subtask participant-averaged curves across all the subtasks within a larger task
group. This gives a single profile of the total joint moment that can be applied to any task that is
classified as belonging to that task group. Although any real-time gait phase estimator will have
associated errors in the estimate, we chose again to use a best-case model where we assume that
we have perfect gait phase estimates when we applied these splines to the real data.

During impedance-like tasks many controllers use spring and damper parameters along with joint
angles and joint velocities to compute the desired torque'®!*-?. To create our impedance control
laws (which were only active when the foot was on the ground), we concatenated the ground-truth
body mass-normalized joint moment data, joint angle data, and joint velocity data across training
participants and subtasks within each larger task group. We then used an optimizer (fmincon in
Matlab) to find the optimal spring stiffness and damping to minimize the error between the
impedance-based estimate of the total joint moment and the actual ground-truth values. This
process was performed for each task group within the impedance-like category as well as
separately for the hip and the knee. Although real-time implementations of this method would
likely operate on joint angles and velocities from exoskeleton encoders, which may not resemble
the biological kinematics due to soft tissue deformation and sensor noise, we again chose to use a
best-case model where we provide the impedance equation with the actual biological joint angles
and velocities based on motion capture and inverse kinematics.

Because standard control architectures have no methods for handling highly unstructured
activities, we did not compute a baseline method for the unstructured tasks.

Statistical Analyses

The statistical analyses were conducted using Minitab v19 with an alpha level of significance of
0.05. Due to the experimental design, all statistical tests were computed using within-subject
differences (i.e., repeated-measures) with the subjects incorporated as a random factor; all other
factors were modeled as fixed. Additionally, all tests were two-sided. Our first hypothesis was that
our joint moment estimator would significantly increase R? and significantly reduce RMSE and
normalized MAE relative to the baseline method. To test this hypothesis, a two-way ANOVA was
used to test for main and interaction effects between estimators (independent variable: our
approach and the baseline method) and among activity types (independent variable: cyclic and
impedance-like activities) with respect to model R? (dependent variable), corresponding to the
results in Fig. 3b. This ANOVA was also repeated, using RMSE and normalized MAE as the
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dependent variable, with corresponding results in Extended Data Fig. 5a & c, respectively. Prior
to computing the results, the joint moment estimates and corresponding ground-truth values were
time-aligned to account for any delays in the online joint moment estimator. In the case that the
ANOVA found a significant main effect between the estimators, a post hoc multiple comparisons
test using a Bonferroni correction was also run to evaluate pairwise differences between our
approach and the baseline method. Since the Bonferroni correction can substantially reduce
statistical power in the presence of many pairwise comparisons and since we were only interested
in comparing the performance of our approach with the baseline method within each activity type,
we only evaluated a subset of the possible pairwise comparisons during this test, which were
determined a priori (i.e., before looking at the results). Specifically, the only pairwise comparisons
considered were those that compared our approach to the baseline method within the same activity
type. Given that Minitab does not support this type of planned comparison, we ran a full multiple
comparisons test in Minitab and subsequently corrected the p-values manually based on the
reduced set of comparisons.

Within each type of activity (cyclic and impedance-like), three additional two-way ANOVAs were
used to test for main and interaction effects between estimators (independent variable) and among
each activity (independent variable), which corresponds to the results presented in Extended Data
Fig. 4 for R?, RMSE, and normalized MAE (dependent variables corresponding to the ANOVAS).
In the case that an ANOVA found a significant effect between the estimators, a post hoc multiple
comparisons test using a Bonferroni correction was also run to test for differences between our
approach and the baseline method during each task. As described above, we again used a planned
comparisons approach to evaluate the pairwise comparisons between the results of our approach
and the baseline method only when each result pertained to the same task.

Additionally, we hypothesized that our task-agnostic controller would significantly reduce user
metabolic cost and lower-limb positive biological joint work relative to the Zero Torque condition
for each evaluated activity. To analyze metabolic cost (Fig. 4a) and lower-limb joint work (Fig.
4c), a one-way ANOVA was used to test for a significant main effect among the exoskeleton
controllers (independent variable: Exo On, No Exo, and Zero Torque) for each activity (dependent
variable was metabolic cost or lower-limb joint work depending on the activity). Following a
significant effect, a multiple comparisons tests with a Bonferroni correction was used to determine
pairwise differences within each activity. We did not test for interaction effects on metabolic cost
or lower-limb joint work between exoskeleton controller and user activity.

Since each sensor modality provided unique information to the joint moment estimator (joint 1D
positions and velocities from encoders, 3D linear acceleration and 3D angular rate from IMUs,
and ground reaction force information from pressure insoles), we also hypothesized that retraining
the model with a reduced sensor suite would significantly reduce R?. Similarly, since the model
was trained on a specific sensor suite (thigh, shank, and foot IMUs, hip and knee encoders, and
pressure sensing insoles), we hypothesized that the loss of a sensor during deployment would
significantly reduce the R* of the model. To compare the effects of each sensor combination
(independent variable) on overall estimator performance (Extended Data Fig. 1a & b), we used
two separate one-way ANOVAS to test for a main effect in R? (dependent variable) at the hip and
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knee. The same approach was used to test the effect of loss of sensor data (independent variable)
on R? (dependent variable), with corresponding results in Extended Data Fig. 1¢ & d. To evaluate
pairwise comparisons between the All condition and each sensor ablation or dropout condition we
used a planned comparisons approach with a Bonferroni correction as explained above.

Comparison to Offline Moment Estimators

While current biological moment estimators in the literature have only been validated on a small
subset of activities and typically rely on offline analyses, our joint moment estimator performed
similarly to or outperformed previous subject-independent hip and knee moment estimators'??*
27 For instance, Wang et al. introduced a moment estimator evaluated on four non-locomotion
tasks in addition to level ground walking and running with performance of 0.85 Nm/kg RMSE at
the hip and 0.37 Nm/kg RMSE at the knee?®. Our results (hip RMSE 0.17 Nm/kg and knee RMSE
0.14 Nm/kg) substantially outperform this approach and were validated on more than 20 additional
tasks, demonstrating the breadth of our approach. Averaging Hossain et al.?’ Pearson’s correlation
coefficient (r) across treadmill, ramps, and stair modes results in a r of 0.904 for hip flexion
moment and 0.919 for knee moment. Our results for those modes (Pearson’s correlation of 0.904
for the hip and 0.928 for the knee) are similar; however, the comparison isn’t direct because
different input sensor data were used in that study, and their approach estimated both moments and
GRFs. For only ambulation modes (level walking, ramps, and stairs), Molinaro et al. reported
offline RMSE results of 0.13 Nm/kg at the hip*® with follow up work reporting an RMSE of 0.14
Nm/kg when deployed onboard a hip exoskeleton®. We found similar performance during these
activities (average RMSE of 0.15 Nm/kg); however, our model simultaneously estimated knee
joint moments and was capable of estimating joint moments over a much broader range of tasks.
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Supplementary Fig. 1. Novel task analysis. The (A) R? and (B) RMSE of the hip and knee are
compared for three categories (19 tasks matching those inside the training set, 9 tasks matching
those withheld from the training set, and 8 completely novel tasks). Each symbol represents a 3-
subject average across the subjects that performed the novel tasks. The (C) R? and (D) RMSE of
the hip and knee for the eight novel tasks are grouped for easier visualization based on the
estimator’s performance on the tasks. The bars represent the average across the three subjects and
the error bars represent =1 standard deviation. (E) A single representative time series is shown
from three selected activities where the ground-truth joint moments are presented in black behind
our approach’s estimate. The exact RMSE and R? for each specific time-series trace is included at
the top of each graph. (F) A comparison of the ground-truth joint moments between the training
set tasks and those outside the training set is presented in terms of moment magnitude and shape
similarity. The colored backgrounds are based on the performance of the estimator and are included
to give additional intuition that the estimator didn’t perform as well on tasks where ground truth
moments were far outside the bounds of the training set.
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Supplementary Fig. 2. Lower limb joint angle comparison during joint work activities. Hip (A),
knee (B), and ankle (C) angles are shown for three conditions: wearing the exoskeleton using the
task-agnostic controller (Exo On), without wearing the exoskeleton (No Exo), and while wearing
the exoskeleton without assistance (Zero Torque). The solid lines represent the subject-average
joint angle and the shaded fill represents the standard deviation.
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