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Real-Time User-Independent Slope Prediction Using
Deep Learning for Modulation of Robotic Knee
Exoskeleton Assistance

Dawit Lee ™, Inseung Kang

Abstract—Ground slope incline is a critical environmental vari-
able that influences exoskeleton control parameters since human
biological joint demand is correlated to changes in slope incline.
Current literature methods take a heuristic approach by numeri-
cally calculating the slope incline from on-board mechanical sen-
sors. However, these methods often require a user-specific tuning
procedure and are prone to noise and sensor drift when tested in a
dynamic setting, such as overground locomotion. In this study, we
propose the use of a deep learning slope prediction model capable of
generalizing across users and terrain. To evaluate this approach, we
collected training data (N = 10) and utilized a convolutional neural
network to predict the inclination angle and actively modulate the
peak assistance magnitude of a bilateral robotic knee exoskeleton
in real-time. From online validation results (N = 3), our model
predicted the slope incline with an average RMSE of 1.5° dur-
ing treadmill and overground walking. Furthermore, our model
accurately predicted the slope incline in the extrapolated region
outside of the training data with an average RMSE of 1.7° during
treadmill and overground walking. Our study’s findings showcase
the feasibility of using deep learning models to actively modulate
exoskeleton assistance, translating this technology to more realistic
locomotion environments.

Index Terms—Convolutional neural network, deep learning,
robotic knee exoskeleton, slope prediction.

1. INTRODUCTION

XOSKELETON technology holds great promise for im-
E proving human mobility. The effectiveness of using these
exoskeletons for augmenting human locomotion has been inves-
tigated in various applications [1]-[3]. Several literature studies
have demonstrated successful results in human augmentation
during locomotion with exoskeleton assistance, such as reducing
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the metabolic cost of walking [4]-[7]. Additionally, these studies
have shown that the user’s benefit is influenced by varying
exoskeleton control parameters, such as the desired assistance
level, which is often directly correlated with the user’s biological
demand. [8]-[10].

The knee joint exhibits an increase in biological joint mo-
ment with an increase in slope incline during incline walk-
ing [11]. Therefore, to maintain maximal human-exoskeleton
performance across different slopes, active modulation of the
exoskeleton assistance level depending on the ground slope
incline is needed. However, current literature methods are only
evaluated at a static slope incline setting and have not explored
the feasibility of translating to dynamic incline settings [12],
[13]. Thus, to translate this exoskeleton technology to a real-
world scenario, such as an outdoor terrain where the ground
slope incline dynamically changes, a robust slope predictor that
can adapt to different terrain settings is required to actively
modulate the exoskeleton assistance.

Previously, different methods have been introduced in the
literature to estimate ground slope incline. One common method
is to estimate the slope incline by numerically integrating accel-
eration data from an inertial measurement unit (IMU) mounted
to the shank or foot [14]-[16]. However, these methods are
sensitive to sensor drift and may bias the estimated incline.
Moreover, these methods rely on the cyclical nature of walking to
determine the initial conditions for numerical integration or reset
accumulated drift. However, in a real-world walking scenario
where ground slope incline can dynamically change, the assump-
tion of cyclical walking is not valid anymore, and these IMU
integration-based methods may be unsuitable. Indeed, studies
of slope estimation using IMU integration have thus far only
been tested on static inclines. Other ground slope estimation
techniques measure joint angles and segment orientation with
mechanical sensors. Using these angles, the ground slope is
calculated with geometric relations [17], [18]. In addition to joint
angles, Shim et al. uses a pressure sensor to locate the center of
pressure at the foot, and ground slope is calculated using the
normal vector [19]. Sup et al. forgoes measuring joint angles
entirely, instead using an IMU to directly measure the foot’s
tilt based on the components of gravitational acceleration for a
knee-ankle powered prosthetic [20]. While these approaches suf-
fer less from drift issues and can adapt to varying slopes, they are
not without drawbacks. All existing slope estimation techniques
update ground slope estimation after heel strike. [14]-[20].

Current approaches inherently limit the system to after-the-
fact slope estimation which can induce delay in updating ex-
oskeleton control parameters. For instance, knee exoskeleton
controllers deliver large torque assistance during early stance,
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Fig. 1. (A) Autonomous bilateral robotic knee exoskeleton. The exoskeleton
uses multiple mechanical sensors to record the user’s limb kinematics. Ad-
ditionally, the Jetson co-processor predicts the ground slope in real-time. (B)
Real-time control of the knee exoskeleton during overground incline walking is
shown using the height adjustable terrain park.

immediately after heel strike. Slope estimation techniques that
require sampling sensor data after heel strike would delay the
required assistance update for the controller. Machine learning
(ML) techniques can mitigate the limitations of these analytical
approaches. Previous literature studies in the wearable robotics
field have used several machine learning techniques for infer-
ence during various locomotor estimation tasks [21]-[27]. The
majority of these ML approaches utilize multiple mechanical
sensors on the device to improve the robustness of the estimator
via sensor fusion. This approach extracts feature information
from each sensor to accurately estimate the desired locomotor
variable. While there are several ML approaches that have been
explored in the field, neural networks have recently gained atten-
tion from different groups due to their success in approximating
high-dimensional functions for complex tasks. Most of the ML
models in these studies yield compelling results, but are often
trained on a user-specific basis, which is likely infeasible for
real-world deployment.

The main objective of this study was to develop and vali-
date a novel ground slope predictor that can actively modulate
the knee exoskeleton assistance magnitude independent of the
user. We utilized a sensor fusion approach using on-board me-
chanical sensors to train a deep convolutional neural network
(CNN)-based model from ten able-bodied subjects. CNNs have
previously been used for many upper-limb kinematic recognition
tasks [28]-[30]. Using our optimized model from an offline
analysis, we evaluated our model performance for both treadmill
and overground walking in multiple slope inclines with three
able-bodied subjects, randomly chosen from the subject group
for the initial training collection. The user-independent model
for each test subject was trained using the entire data set exclud-
ing the data set of each test subject. Our findings from this study
showcase the future direction of ML-based exoskeleton control
and the feasibility of translating this technology to more realistic
settings.

II. SLOPE PREDICTION

A. Robotic Knee Exoskeleton

Our study utilized a single degree-of-freedom, light-weight,
bilateral robotic knee exoskeleton that we recently developed,
capable of providing assistance torque in flexion and extension
(Fig. 1) [31]. The exoskeleton uses several on-board mechanical
sensors: 1) an absolute knee joint encoder (angular position and
velocity), 2) 6-axis inertial measurement units (IMUs) mounted
on the shank and thigh cuffs (accelerometer and gyroscope),
and 3) two force sensitive resistors (FSRs) placed at the user’s

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 6, NO. 2, APRIL 2021

heel of each leg. The exoskeleton, running fully autonomously,
has an overall mass of 4.3 kg, including a 1.3 kg control box
and can generate a peak torque of 17.4 Nm. For this study, the
exoskeleton control loop and mechanical sensor data logging
were executed at 100 Hz on a microprocessor (myRIO, National
Instruments, USA). We implemented an additional co-processor
to the system for running real-time slope inference (Jetson Nano,
NVIDIA, USA). Data was transferred between the co-processor
and exoskeleton controller through an ethernet cable via TCP/IP
communication protocol.

B. Exoskeleton Torque Controller

Our knee exoskeleton utilized a torque controller that gener-
ated knee extension assistance during the early stance phase
(0~30%) of the gait cycle [31]. The user’s heel strike was
detected using a force sensitive resistor (FSR) placed at the user’s
heel. Using this gait event marker, we estimated the user’s gait
phase, t;, using a time-based estimation method that computed
the quotient between the time since last heel strike and the user’s
average stride duration [32]. Given a peak assistance magnitude,
Tpeak-» and assistance duration, ?4, the torque command, 7;,
was updated using a parabola scaled to the desired target peak
assistance magnitude as a function of ¢; (1).
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In this study, t4 was fixed to 30% of the gait cycle to provide
exoskeleton assistance through early stance. The exoskeleton
remained unpowered for the remainder of the gait cycle.

C. Initial Training Data Collection

We recruited ten able-bodied adults (4 females/6 males, mean
=+ standard deviation, 22.2 + 3.5 years, 173.1 4 8.6 cm, and
68.7 £ 8.5 kg) after providing informed written consent. Our
study was approved by the Georgia Institute of Technology
Institutional Review Board. All subjects were asked to walk on
a treadmill wearing the bilateral knee exoskeleton at a constant
walking speed of 1.0 m/s. Subjects walked at various inclination
levels starting from 0° to 10° of inclination at 2° increments
and walked for 2 minutes at each inclination level. Before the
subject started the first walking condition, level-ground, the
angle reading of the encoder was initialized to 0° and was not
re-initialized again throughout the data collection. The early
stance phase is where the knee undergoes positive power gener-
ation through an extension moment during slope walking [11].
Thus, the exoskeleton provided knee extension assistance during
the early stance phase of the gait cycle on both legs using the
exoskeleton torque controller. The peak assistance magnitude,
Tpeak> Was modulated based on the inclination level (s), such
that 7peqr was 1 Nm at 0° and was linearly increased by 1 Nm
for every 2° increment in slope, as shown in (2).

Tpeak = 0.55 + 1 )

This was based on the increase in the knee joint’s peak exten-
sion moment during early stance phase as inclination becomes
steeper [11]. Throughout the trials, all mechanical sensor data
from the right leg (knee joint encoder and shank and thigh IMUs)
were recorded for training the model.
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Convolutional Neural Network-based slope predictor for controlling the robotic knee exoskeleton. Raw mechanical sensor data over 350 ms is input

to the CNN model to predict the ground slope at heel contact during walking. The predicted slope updates the targeted knee assistance peak torque to adapt the
exoskeleton assistance to the inclination. Each hidden node of the fully-connected layers is activated using the ReLU function.

D. Convolutional Neural Network Model Optimization

We implemented a deep Convolutional Neural Network
(CNN), using three 1-dimensional convolutional layers and two
fully connected layers, to estimate the ground inclination at each
heel strike of the right leg (Fig. 2). CNNs remove the burden
of pre-processing the input data compared to hand-engineered
feature extraction and often learn better feature representations,
resulting in improved model performance [33]. Additionally,
CNNs reduce the number of learnable parameters compared
to fully connected networks by localizing the connections in
each layer as specified by the kernel shape, which reduces the
likelihood of overfitting. The input sequence length to the model
was fixed at 350 ms, which was selected to maximize the input
sequence length during the swing phase of gait. This allowed
for the maximum amount of information to be provided to the
network without including previous stance phase data that could
bias the estimate towards the previous ground inclination.

The forward pass of each convolutional layer of output chan-

;'» was computed using the learned filter (z;l)) and bias
(bglo)m’ ;) and activated using the rectified linear unit (ReLU),
where n is the number of input channels of the current layer
(D), x is the cross-correlation operator, and a'? is the windowed
exoskeleton sensor data, as shown in (3).

O

n—1
agl) = ReLU(bconv,j + Z Z](l7) * a’v(llil))J = 1’ 27 3 (3)
=0

The two fully connected layers included after the convolutional
layers were used to compute the estimated slope inclination
(8 € R) using the learned feature representation from the convo-
lutional layers. Thus, § was computed using the weights (w(®)

and biases (bgfg) of the fully connected layers and final output of
the convolutional layers (a®) as shown in (4) and (5).

“
(&)

We trained both user-dependent and user-independent slope
prediction models for each subject using Python v3.7.1 and the
deep learning package, Pytorch v1.4.0. The complete model
architecture is shown in Fig. 2. Each model was trained using
the RMSprop optimizer, with a learning rate of 0.0001 and a
loss function computed as the root-mean-square error between
the labeled and predicted inclination angles. Using the user-
dependent method, models were trained using data specific to
a single subject. 8-fold cross-validation with early stopping

a® = ReLU(w™" a® + ()

§=w®" q@W 4 bgcsc)

criteria was used to prevent overfitting of the user-dependent
models. The best performing model for each subject was then
tested offline on 20% of the data, which was held-out during
the cross-validation training. The user-independent models were
trained using a leave-one-subject-out approach, in which each
model was trained using the entire dataset excluding the test
subject. These models were trained for 300 epochs without
monitoring the test subject score to prevent biasing the model’s
performance on the test subject data. Each user-independent
model was then evaluated on the novel subject data.

III. REAL-TIME VALIDATION

A. Experimental Protocol

To evaluate the online performance of our optimized user-
independent slope prediction model, three subjects walked with
the exoskeleton using our slope predictor. The range of tested
slope conditions was chosen to include slopes within the training
data of 0° to 10° (interpolation) and outside of the training
data above 10° (extrapolation) to quantify the model’s ability
to recognize previously unseen slopes. First, the subject was
asked to walk on a treadmill for 460 seconds while wearing
the powered knee exoskeleton as the treadmill dynamically
varied the ground slope between 0° to 14° at 1.0 m/s using a
predefined slope profile. The slope initially started at 0°, was
raised to 1°, increased to 13° in 2° increments, and reached 14°.
Then, the slope eventually traveled back to 0° in 2° decrements.
Afterwards, the subject was asked to walk on the overground
inclined ramp (5.2°, 7.8°, 9.2°, 11°, 12.4°, and 18°) at their
preferred walking speed. The CNN model updated the ground
slope prediction at heel-contact of the right leg, which was used
to scale the peak assistance magnitude in real-time for both legs
using (2) during walking.

B. Data Analysis

The slope prediction root-mean-square error (RMSE) was
computed using the difference between the ground-truth slope
and the predicted slope from the CNN model. For online testing
on overground walking, the RMSE for each slope was calculated
by averaging the RMSE for each slope for each subject across
the three subjects. The RMSE of interpolation and extrapolation
were separately calculated by averaging across RMSEs for
slopes less than or equal to 10° and slopes greater than 10° re-
spectively. Since the training data was collected during treadmill
walking, the data from treadmill walking were analyzed for both
offline and online analysis. For the offline analysis of treadmill
walking, the average RMSE of slopes for each subject was
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Fig. 3. Time series plot of a representative subject’s real-time treadmill slope

prediction instances (orange dots) with respect to the ground truth slope (black
line). The shaded grey region indicates the extrapolation region, and the white
region indicates the interpolation region.

separately averaged for both user-dependent and -independent
models. A two-tailed paired t-test was used to determine the
statistical difference between the offline test results of the user-
dependent and user-independent training methods in RMSEs.
The statistical test was conducted using SPSS Statistics 21.0
(IBM, Amonk, NY, USA) (o = 0.05). For overground walking,
the transition step between the level ground and the inclined
ramp was excluded for the analysis since the step involved
turning at a right angle and the training data collected on the
treadmill did not include turning. The data is presented as mean
+ standard error of mean (SEM).

IV. RESULTS

A. Overall Slope Prediction Performance

Our offline analysis resulted in a significant decrease in slope
prediction RMSE by the user-dependent CNN compared to the
user-independent model (p < 0.05). Specifically, the offline user-
dependent model resulted in a prediction RMSE of 0.61 £ 0.05°,
which was a 71.4% reduction compared to the user-independent
offline RMSE of 2.15 £+ 0.29°. When deployed in real-time, the
user-independent slope prediction model resulted in an average
RMSE of 1.51 £ 0.17° during treadmill walking across all
tested slopes (Fig. 3), which was similar to our offline result.
Additionally, the user-independent model performed similarly
in the overground condition with an overall RMSE of 1.58 +
0.17° (Fig. 4). Furthermore, the peak assistance magnitude in
the exoskeleton torque profile was simultaneously updated and
resulted in the overall RMSE of 0.75 £ 0.13 Nm and 0.79 +
0.07 Nm during treadmill walking and over-ground walking,
respectively (Fig. 5).

B. Generalizability of Slope Prediction

The online user-independent model generalized well to ex-
trapolation tasks of previously unseen slopes (> 10°), with the
largest average extrapolation RMSE of 2.09 + 0.30° occurring

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 6, NO. 2, APRIL 2021

3 -
. Interpolation Extrapolation
W
(2]
=
i
c
ie)
S
e
2
o
[O]
Q.
ke
w
5.20 7.80 9.20 11.00 12.40 18.00
Slope (°)

Fig. 4. RMSE for each overground slope. 5.2°, 7.8°, 9.2° are within the
interpolation region, and 11°, 12.4°, and 18°are in the extrapolation region as
shown by the gray shaded region. The model shows a relatively higher RMSE
for the slope prediction during the extrapolation region than the interpolation
region. The error bars show mean + 1 SEM.

107
—— Predicted Slope |

3 True Slope
< 6
o
&
» 4T

2 -

I T
0
10r
Commanded Torque Profile

€ B v Expected Torque Profile
£ 6
g
o 4f
o

s A

LA A A

Time (s)
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prediction of ground slope. The top shows the slope prediction in real-time
and bottom shows the corresponding torque command generated from the slope
prediction. Black dotted lines indicate the ground truth for slope and torque.

at the 12.4° overground condition (Fig. 4). When tested on
the treadmill, the extrapolation conditions resulted in a 0.1°
increase in slope prediction RMSE compared to the interpolation
conditions (Fig. 6). The overground test yielded a similar result,
as the extrapolation conditions increased the RMSE by 0.6°
compared to the overground interpolation conditions.

V. DISCUSSION

On average, our CNN model predicted walking inclination
within 2.1° across all offline and online test conditions. Our
offline analysis showed that the user-dependent slope predictor
resulted in an RMSE of 0.61 + 0.05°, which was significantly
lower than the user-independent RMSE of 2.15 + 0.29° (p <
0.05). The accuracy presented in this work showcases the use
of a deep learning approach to predict the slope incline. The
offline user-dependent model result in this paper outperformed
our previous offline user-dependent neural network slope es-
timator using a hip exoskeleton, 1.4° RMSE [24]. Comparing
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the accuracy to other methods, previous works integrating IMU
signals for slope estimation, Sabatini et al. and Lopez et al.
reported 0.87° and 2.86° [15], [16]. Additionally, the methods
relying on joint angles and leg geometry Kim ez al. and Zou et al.
reported absolute slope estimation errors of 1.52° and 0.39°, re-
spectively [17], [18]. While the accuracy our ML approach does
not always outperform other methods, we emphasize that the
strength and novelty of ML lies in its predictive power and ability
to adapt to dynamically varying incline as a user-independent
solution.

The user-dependent predictor performed significantly better
than the user-independent model in our offline analysis. How-
ever, the user-dependent approach presents complications for
real-world deployment given the need to collect subject-specific
data. Conversely, the user-independent predictor is immediately
ready for online deployment regardless of the user’s anthro-
pometry or gait patterns, which provides real-world viability for
our exoskeleton controller. Specifically, no subject-specific data
or sensor normalization was required during our online user-
independent validation other than initializing the encoder angle
during exoskeleton startup. Additionally, the user-independent
model performed competitively during online testing (1.46°
RMSE) compared to the offline result (2.15° RMSE) for 0 to 10°
treadmill walking. This indicates that our initial data collection
appropriately captured the variability in mechanical sensor data
across users and that the kinematic patterns of the user’s limbs
described by the sensor data were globally generalizable across
subjects. However, the offline result suggests that user-specific
data can further improve accuracy and that self-adapting systems
that learn user-specific gait patterns online could be beneficial.

The online performance validation of our user-independent
predictor demonstrated reliable real-time prediction of ground
slope incline. During treadmill walking, the incline RMSE be-
tween the interpolation and extrapolation region showed similar
prediction performance with only a 0.1° difference in average
RMSE. This result indicated that the ML model was capable
of extrapolating the slope prediction outside of the slope ranges
that were seen within the training data set, up to 40% of the range
of training data for treadmill. Interestingly, the overground test
showed a larger increase in RMSE of 0.6° between the inter-
polated and extrapolated conditions compared to the treadmill
test; however, this larger increase may have been because the
overground test included larger slope inclines, up to 18°, than

3999

the treadmill result. Nevertheless, the prediction RMSE during
the overground extrapolated conditions, 1.86° RMSE, was still
below the RMSE produced by our offline analysis and suggests
that our slope prediction model appropriately generalized to a
wide range of slopes up to 80% larger than those included in
the training data. This result also indicates the feasibility of
using a model trained on treadmill-based data, which is easy to
collect and label, for slope prediction during overground walk-
ing, which is more representative of community locomotion.
One possible explanation for this result is that the subject’s
treadmill walking speed might have been representative of their
self-selected overground walking speed, especially since the
average adult’s preferred walking speed at a 7° inclined surface
is 1.0 m/s [34], which was the walking speed on the treadmill for
this experiment. Therefore, walking at similar speeds between
the training and test data may be an important consideration
for developing future ML-based estimators for gait variables.
Another interesting result observed from the overground trial
was at the maximum incline setting (18°). The observed joint
kinematics during an uphill walking at an extreme incline was
more representative of stair ascent [35], [36]. Given that our
maximum testing condition was comparably steep, we expected
that our slope predictor performance would start to degrade as
the user’s gait dynamics would start to deviate further from the
ones seen in the training data set. However, our ML model only
had an RMSE increase of 0.67° from the interpolation region
illustrating the power of neural network in generalizing the
prediction slopes which would not have been possible using a
conventional heuristic method shown in the literature.

There were several limitations of the study that can be ad-
dressed in the future to improve the performance of the slope pre-
diction model. 1) The training data was collected from ten able-
bodied adults. Given that we used a user-independent method
for this study, the performance of the model may have been
improved if we collected the training data from a larger number
of participants. 2) The training data was only collected during
steady-state walking on a treadmill. It is likely that including
gait mode transitions and varied walking speeds will improve
the performance and generalizability of the slope prediction
model. 3) Similarly, we trained and tested our model using a
single exoskeleton controller. Future research should explore the
generalizability of the slope estimator to changes in exoskeleton
control, such as changes in magnitude or assistance shape, espe-
cially if the controller changes user leg swing dynamics. 4) Our
study only investigated slope prediction during incline walking.
This work should be extended to include decline walking and
could likely be applied to the prediction for other continuous gait
environment variables, such as the stair height. It is possible that
other neural network variants, such as a many-to-one LSTM
model, that do not rely on a constant input window size may
also be well-suited for this task; however, these models would
require additional toe-off sensing to reinitialize the hidden/cell
states for each new swing phase, which our current device does
not include.

Our study was also limited by the low number of subjects
that participated in the online validation of our slope prediction-
based controller. Additionally, our study limited the scope of
analysis to evaluating the accuracy and generalizability of the
slope prediction model. Also, due to the limitation in the walking
platform, the range of slope tested for treadmill and overground
was different. Future studies should investigate the impact in
human biomechanical outcomes of using this controller during
various locomotion tasks.
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VI. CONCLUSION

This study presented the design and real-time validation of
a novel user-independent slope prediction model used to scale
assistance magnitude of a bilateral knee exoskeleton. Our model
used a deep convolutional neural network to predict the ground
slope using multiple mechanical sensors on-board the exoskele-
ton, resulting in accurate real-time slope prediction across a
wide variety of inclines during both treadmill and overground
locomotion, with an overall RMSE of 1.51 £+ 0.17° and 1.58
=+ 0.17°, respectively. We tested our system online under slope
conditions within and outside the range of slopes in the training
data and found that the model sufficiently generalized slope
prediction to extrapolation tasks with a maximum RMSE of
2.1°, which is an improvement from comparable systems in
the literature. Therefore, our study introduces and evaluates a
completely autonomous, end-to-end exoskeleton system capa-
ble of adjusting assistance magnitude with respect to changes
in biological joint demand. This is an exciting step towards
autonomous exoskeleton solutions for real-world community
ambulation.
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