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Abstract—Assistive device technology is rapidly improving with the advent of human-in-the-loop optimization algorithms. These
algorithms find an optimal set of parameters to reduce the energy cost of movement. However, energy cost is a difficult quantity to
measure and is thus the limiting factor in the optimization time. In an effort to both improve the time to optimize parameters and to take
the device out of the lab, we were interested in predicting cost from other easier-to-measure features. We fit models to both update
online in a real-world application (i.e., linear regression) and capture the complexity of the data (i.e., neural networks). Each model
performed reasonably well, and the feature and example sets were further adjusted to test different aspects of the complexity in the
human-machine system. To counteract the high bias, the feature space was reduced in the linear models. To understand the
contribution of the intersubject variability, neural networks were trained both for the general population and individual subjects. These
models show promise for use in these different applications, but more data needs to be collected before we can implement this on the
real system.
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I NTRODUCTION

R

OBOTICISTS have been trying to assist human movement for decades with very little success [1], [2]. Devices are created to assist patients with movement disorders
regain normal function [3] and to improve therapy [4].
Robotic augmentation is also an area of great interest [5].
Designing effective assistive devices poses different challenges to designing effective control for a robot. Humans
are variable both between subjects and even within a single
subject [6], [7], [8]. Although models can capture some
basic features of movement in spite of this variability [9],
[10], the complexity of the human is too vast to accurately
predict the response to a novel assistive device. Researchers
have previously attempted to use these and other physicsbased models to assist individuals [11], again with little
success. The first assistive devices to decrease the energy
cost of walking were published earlier this decade in rapid
succession [5], [12], [13]. These algorithms were the result
of intensive biomechanics research and meticulous handtuning. The time it takes to hand-tune parameters is unwieldy, especially when working with patient populations
who cannot walk as long as healthy subjects.
Human-in-the-loop optimization strategies have had recent success in improving the energy cost of walking using assistive devices [14], [15]. Using stochastic, modelfree optimization algorithms, the device parameters are
optimized specifically to reduce the energy cost of walking.
The parameters are adjusted online using a device emulator
system [16]. The energy is measured as the human walks
and is used in the cost function of the optimization algorithm, which guarantees the efficacy of the parameters and
allows for a customized set of parameters for each subject.
These processes are sample-efficient and have shown large
success in healthy populations. The number of samples can
be reduced through better optimization methods, but is
constrained by the time it takes to quantify the energy cost
of walking. Energy cost is estimated by fitting a first-order
dynamical model [17] to two minutes of metabolic data. The

time cost to getting one measurement then is 2 minutes, as a
lower bound if metabolic energy is used in the cost function.
This project was proposed to find alternative strategies
to estimating metabolic energy. Predicting metabolic energy
through other means could reduce the amount of time it
takes to measure the cost of each control parameter set
and could also allow for the commercialization of these
devices by instead measuring features that can be obtained
through the device or other wearable sensors. We used
biomechanics and device data from a similar human-in-theloop optimization study to find models (i.e., linear models
and neural networks) for the energy cost of each control
parameter set.

2

R ELATED W ORK

Metabolic cost is often held as the target metric for assistive devices [5], [12], [13], [14]. This likely comes from the
idea that humans naturally tune their mechanics in energyoptimal ways [18]. Metabolic cost is difficult to measure: it is
noisy and has slow dynamics [17]. Many devices, therefore,
use a proxy to define control strategies [19]. Some initial
research has been done to estimate metabolic cost using
wearable devices [20]. While these models show promise
in estimating metabolic cost using simple proxies, it is
not guaranteed that they will be valid when a device is
introduced. Biomechanics of movement change with the
addition of any device [21], including simple devices like
a treadmill [22].
There have been some successes in fitting models to
other areas of movement, such as kinematic variables [8],
[23], [24], [25], [26] and muscle activity [27], [28]. Predicting kinematic measures using simple models like linear
regression [23] work well because subjects follow reliable
trajectories that obey the laws of physics. We had previously
attempted to use linear regression to predict muscle activity,
similar to [23], with little success (R2 < 0.3). Physiological
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features, like muscle activity or metabolic cost, tend to be
more difficult to predict with simple models because the
complex dynamics are still not well-understood.
These methods illustrate the efficacy of machine learning algorithms to biomechanics data, even if they are not
directly applicable. Supervised learning techniques have
primarily resulted in classification techniques rather than
continuous models [26], [27]. Reinforcement learning can
generate control of assistive devices to modulate muscle
activity [28]. While these results indicate that more sophisticated algorithms can be effective in describing human
biomechanics, they fall outside of the scope of our project.
We want to continue to use the existing human-in-the-loop
optimization algorithm, so, with no actions to take, a reinforcement learning framework does not suit our problem.
The optimization algorithm [29] uses a rank ordering update
rather than a gradient descent approach on a continuous
cost function. This is beneficial when working with noisy
human data. Theoretically, there are ways that we could
take advantage of this ordering and appropriately bin our
targets to fit a classification model, but the noise in the target
measurements is too large for this to be feasible.

3

There are some basic biomechanics terms needed to
accurately describe our feature set. A single stride is typically
defined from the point that the subject’s foot strikes the
ground until that same foot strikes the ground again. The
period when the foot is on the ground is called stance, and
the period when the foot is in the air is called swing. The
motions of the ankle are primarily in one plane. These motions are called plantarflexion and dorsiflexion; plantarflexion
is the motion where the toe points into the ground, and
dorsiflexion is the opposite. The vertical ground reaction forces
are the reaction forces of the ground on the subject; they are
often characterized by two peaks during stance, with the
valley at the middle of stance.
For this project, we used a subset of the measured data.
The target labels were the energy cost associated with each
set of parameters. The feature variables were the 4 control
parameters described above and a selection of biomechanics
measurements:
•
•
•
•
•

DATASET AND F EATURES

•

The success of human-in-the-loop optimization strategies [14] prompted a follow-up study by the authors to
determine the mechanisms behind the success. The idea
behind the study was presented at the Dynamic Walking
conference this past summer [30].
Subjects (N = 10) completed at least 36 trials as the exoskeleton control parameters were optimized. These control
parameters, described in greater depth in [14], defined the
assistance trajectory from the device. The four parameters
were
•
•
•
•

Peak magnitude of assistance (α1 )
Timing of the peak assistance (α2 )
Rise time, from 0 Nm to peak (α3 ), and
Fall time, from peak to 0 Nm (α4 ).

These parameters are illustrated in Figure 1. Metabolic energy consumption, measured through indirect respirometry,
was measured and used to optimize the control parameters.
Standard biomechanics measurements were also collected.
The data were analyzed and processed during the course of
this project.

•
•

Each one of these features was calculated at every stride on
each leg (with the exception of asymmetry). The measurements at each stride were averaged for each set of control
parameters. The timing of the peak ground reaction force
and the time spent in stance were normalized to the stride
time on that stride, so the values were nondimensional. For
consistency with reporting standards in the literature [14],
peak assistance magnitude (α1 ) and the vertical ground
reaction force magnitude were normalized by subject’s body
mass.
In total, we had n = 20 features. There were m = 392
total examples. For the linear regression analyses, m = 294
training examples and 98 test examples were used. The
same distribution was used for the generalized neural network, and for the single subject neural network, m = 38
training examples and 9 test examples were used.

4
4.1

α1

α2
α3

α4

Fig. 1. Illustration of device control parameters. The magnitude (α1 ) and
timing (α2 ) of the peak assistance define that node of the assistance
trajectory. The time for the curve to rise from 0 Nm to peak assistance
(α3 ) and the time for the curve to fall from peak assistance to 0 Nm (α4 )
define the shape of the curve.

Peak ankle plantarflexion angle
Peak ankle dorsiflexion angle
Ankle angle at the transition from stance to swing
Vertical ground reaction force of the second peak at
the end of stance
Timing of that peak of ground reaction force
Time spent in stance
Time of a single stride, and
Asymmetry between legs in stance and stride
times [31].

M ETHODS AND E XPERIMENTS
Linear Regression

A recent study used linear regressions to predict the energy cost of walking from physiological and mechanical
data collected from able-bodied individuals walking on a
treadmill at different speeds on flat ground, inclined, and
backwards in normal walking shoes [20]. Four linear models
were trained on different feature subsets. The best set of
features included heart rate, electrodermal activity, skin
temperature, muscle activity, and accelerometer magnitudes
which yielded an R2 = 0.93.
We therefore chose to train multiple linear regression
models using subsets of our features. We used features measured in the lab, rather than those from widely-marketable
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sensors [20]. Because humans change their movement in
response to device behavior [21], we were interested in first
determining if subjects’ energy cost correlated with these
features, sensed with the highest precision, before fitting
models with noisy data from mid-range sensors.
During our initial analysis, we used unweighted linear
regression to try to fit a linear function relating the features
to the target metabolic rate. By minimizing the least squares
→
−
−
error ||→
y − X θ ||22 , we have

→
−
−
XT X θ = XT →
y.

(1)

Solving for θ, we obtained the closed form solution:

→
−
−
y.
θ = (X T X)−1 X T →

(2)

We first trained a model using all of the features (n = 20).
We then trained two additional models using the features
selected through principal component analysis and neural
networks.
4.2

Neural Networks

Unlike linear regression models, which can be trained online
and for which there is a closed-form solution, we used a
neural network to capture the complexity of the humanmachine dynamics. Neural networks are non-linear with a
large parameter space, allowing the possibility of a more
complicated relationship between the features and the output.
In a neural network, features are separated as individual
neurons in an input layer. These features are then propagated through subsequent hidden layer(s) and an output
layer. During forward propagation, all outputs from the previous layer are individually passed to each of the neurons
in the following layer, and manipulated by an activation
function. The outputs from these activation functions are
then passed on to the next layer and manipulated again
by the new layer’s activation functions. At the final layer
(i.e., the output layer), the resulting values are the model
prediction for the target.
A previous study had successfully used neural networks
to identify human gait patterns using similar biomechanical
features such as limb length and joint angle data [26]. They
used a single hidden layer of 28 neurons with sigmoid
activation functions and an output layer with linear nodes.
They also had 10 gait features, and around 210 training examples. This was of a similar scale to our dataset containing
20 features and 294 training examples, which also required a
continuous output (rather than classification with softmax).
Hence, we also initialized our model to a single hidden
layer with 28 neurons with sigmoid activation functions as
follows:
1
~a[1] =
(3)
[1] ~
−(W
x+B [1] )
1+e
and an output node with a linear regression activation
function.
We eventually found optimal results when we tuned our
network down to 15 features and 6 neurons. The process
behind optimizing our model is described more rigorously
in the following section.

4.3

Dimensionality Reduction

We reduced the dimensionality of the feature space using a
modified principal component analysis and analysis of the
neural network. We did not use any formal feature selection
algorithms as they were outside of the scope of this class.
Because we are interested in reducing the number of
sensors required to estimate metabolic cost, we ran principal
component analysis (PCA) on our features to understand
which contributed the most to the variance in the data. The
human-in-the-loop optimization algorithm on this noisy
data performs best when there is a certain degree of variance
between the cost measures, so PCA seemed the logical
choice. The PCA algorithm that we used first centered the
data to a zero mean and then used singular value decomposition (SVD). We used SVD because our feature matrix was
close to singular with each subjects’ asymmetry very close
to 0. In SVD, X is decomposed into X = U ΣV T . In this
analysis, V gives the principal directions and U Σ gives the
principal components. We used the MATLAB function pca.
We also analyzed the W [1] weights from our neural
network to see which features were most highly weighted
to reduce the number of features. After training the neural
network, we summed the weights for each feature across all
neurons and used those that had the greatest total weight.

5

R ESULTS AND D ISCUSSION

TABLE 1
Results of the learned models. The linear regression models (LR) were
computed on all subjects’ data using a differing number of features; the
neural networks (NN) were trained on all of the features for all and one
subjects’ data.

Model
LR
LR (n = 5)
NN (All subjects)
NN (1 subject)

5.1

Training
m
294
294
294
38

MSE
0.2196
0.4003
0.0667
0.0164

Test
R
0.81
0.66
0.95
0.98

m
98
98
98
9

MSE
0.4546
0.3787
0.3132
0.0749

R
0.69
0.63
0.74
0.95

Evaluation Metrics

We evaluated the performance of our models using mean
squared error (MSE) and coefficient of correlation (R). We
used MSE instead of root mean squared error because MSE
is more analogous to variance than standard deviation. MSE
was calculated as:
m
1 X
M SE =
(Yi − Ŷi )2
(4)
m
i=1

where m is the number of samples, Yi is the measured
metabolic cost, and Ŷi is the predicted metabolic cost.
We used R instead of the coefficient of determination
(R2 ) because we wanted to know how well the target and
predicted metabolic cost were correlated rather than the
exact relationship between the two. R was calculated as:

R=

cov(Ŷ , Y )
σŶ σY

(5)

where cov is the covariance between the measured and
predicted metabolic cost, σŶ is the standard deviation of the
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Linear Regression
All features

n=5

Data
Fit
Y = Ypred

5

Training: R=0.6609

All subjects

s=1

Training: R=0.9548

Training: R=0.9887

8
Data
Fit
Y = Ypred

5

Data
Fi t
Y = Ypred

7

ypred = 0.96y + 0.19

10

ypred= 0.90y + 0.51

Training: R=0.8095

ypred=0.44y+2.9

ypred=0.66y+1.7

10

Neural Networks

6
5
4
3
2

5. 5
5
4. 5
4

1
10

Target

5

Target

Test: R=0.6350

2

Test: R=0.63450
8

6

4

Target

6

4

8

Test: R=0.7945

6

4

2

4

7

Data
Fit
Y = Ypred

ypred = 0.77y + 1.2

Data
Fit
Y = Ypred

ypred=0.47y+2.7

ypred=0.50y+2.4

8

10

2

6.5
6
5.5
5
4.5
4

2

All: R=0.7726

10

Data
Fit
Y = Ypred

5

4

Target

6

4

8

5

Target

All: R=0.6543

6

5.5

6

Data
Fit
Y = Ypred

6

5. 5

5

4. 5

4

7

4.5

All: R=0.9265

5

Target

5.5

6

All: R=0.9782

8
Data
Fit
Y = Ypred

5

Data
Fi t
Y = Ypred

7

ypred = 0.96y + 0.16

8

ypred = 0.88y + 0.63

Target

6

ypred=0.44y+2.8

ypred=0.61y+2.0

10

4

5

Target

4

3.5
2

4.5

Test: R=0.9567

Data
Fi t
Y = Ypred

ypred = 0.99y + -0.14

5

Data
Fit
Y = Ypred

6

6
5
4
3
2

Data
Fit
Y = Ypred

6
5. 5
5
4. 5
4

1
5

Target

10

5

Target

10

2

4

Target

6

8

4

4.5

5

5.5

6

Target

Fig. 2. Accuracy plots of the different models. For a given model, the predicted target values ypred and the target values y were regressed. The
resulting linear model is stated on the vertical axis of each plot. For a perfect fit, the model would be ypred = y . The individual data points are also
shown in the plot, as is the ideal line (y = ypred ). For each model, the training, test, and final accuracies are shown with corresponding metric. We
used the correlation coefficient to determine correlation as a measurement of accuracy rather than a regressed fit. The two high-level models were
linear regression and neural networks. Linear regressions were fit using all of the features and a selected subset; neural networks were trained on
all subjects and an individual subject.

predicted metabolic cost, and σY is the standard deviation
of the measured metabolic cost.
We trained all of our models on a randomized 75% of the
sample set. We then tested our models on the remaining 25%
and ran a final test on the entire sample set. Historically, 70%
of the sample set is used for training when there are less than
a few thousand datasets. However, with our smaller dataset,
we wanted to make sure we had enough training data to
prevent overfitting, especially for the neural network, so
we increased the percentage to 75%. We also tried other
percentages and found that 75% yielded the best results.
5.2

Linear Regression

The first linear model that we trained used all of the features. During training, the algorithm predicted metabolic
cost with a MSE of 0.22 with a strong correlation between

the predicted and measured metabolic cost (R = 0.81).
When we tested this algorithm, the MSE increased to 0.4546
while the correlation coefficient decreased to 0.69 (Table 1).
The large discrepancy between performance indicated that
we overfit our model to the training set and therefore had
high bias. To reconcile this, we chose to decrease the number
of features used in the linear regression models.
Principal component analysis (PCA) was used to find
which features contributed the most to the variance. The
first principal component explained 99.98% of the variance
in the data. In this principal component, all feature coefficients were close to 0, except for the timing of peak ground
reaction force of both legs which had values of 0.7073 and
0.7069, respectively. We then ran a linear regression on
these two main features but found that the predicted and
measured metabolic costs were not well-correlated in the
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training set (R = 0.15, MSE = 0.79) and test set (R = 0.16,
MSE = 0.6311). While the timing of the peak ground reaction
force was the most variable across control parameters and
subjects, these features did not contribute to changes in
metabolic cost. Because PCA uses the variance of the features and not their contribution to the variance in metabolic
rate, using PCA to reduce the number of features was not
an effective method. We therefore looked at neural networks
to understand which features contributed to the variance of
metabolic cost.
After training the neural network, we found that the five
features with the largest weights were:
1)
2)
3)
4)
5)

Peak magnitude of assistance,
Timing of the peak assistance,
Left ankle angle at the transition from stance to
swing,
Right ankle angle at the transition from stance to
swing, and
Stance time of the right leg.

Using these features, we ran another linear regression and
found that the training and test sets performed similarly.
The performance of the training set was R = 0.66 and
MSE = 0.4004 while the testing set was R = 0.63 and
MSE = 0.3787 (Table 1). Since the training and test sets
yielded similar results, we were able to successfully reduce
overfitting.
Previous studies indicate that assisting subjects during
a period called push-off will yield the greatest reductions in
energy cost [5], [12], [13], [14]. In fact, these results were
the basis for the parameterization of the control [14]. This
period is the time during stance that the foot exerts the
greatest force to propel the foot forward [32]. Thus, it is
unsurprising that the timing of the peak ground reaction
force contributed the largest variance to the feature set.
We observed during experiments that the optimization algorithm was determined by the peak magnitude of assistance and the timing of that assistance, so it was expected
that these control parameters contributed the greatest total
weight to the energy cost. We also noticed in this particular
experiment the ankle angle at the transition from stance to
swing had an effect on the performance of the hardware,
so, while this may not have an effect in general, for this
experiment and this hardware, we believe that subjects
were unconsciously aware of this angle and modulated it
accordingly. Most people are right-dominant and thus tend
to favor this side in an uncomfortable environment [31].
Hence, changes in stance time on the dominant leg may be
correlated with changes in energy cost.
The slope of the accuracy plots ranged from 0.44 to
0.66 where the target slope for a perfect prediction was 1
(Figure 2). However, when looking at the majority of the
data, it appears as though most of the data lies around the
y = ypred line with a few outliers strongly affecting the
slope of the best-fit line. We know from previous literature
that observed metabolic cost tends to lie in a small range of
values [14], illustrated by the dense cluster of points. The
fact that the linear regression is accurate within this dense
cluster is more promising than the correlation coefficient or
the slope of the best-fit line.

5

5.3

Neural Networks

The initial setup of our neural network with 1 hidden layer
of 28 neurons and 20 features yielded results that suggested
high bias in our model, as our test sets yielded starkly worse
results than the training set. We pruned the number of features by a weighting metric, described in Section 4.3, until
the performance decreased. We also reduced the number
of neurons in the hidden layer to 6 neurons by the same
method, to yield the best performance.
Based on literature [6] and qualitative observations during the experiment, we were also concerned about the
variability between subjects. Following the reporting standards in the literature, some features were normalized by
body mass (Section 3). However, variability is not easy
to model [6], [7] and should not be treated as noise. To
determine if the subject variability had a significant effect
on the results, we trained separate neural networks for each
individual subject and averaged the results over all the
subjects. This resulted in a huge improvement in results,
especially in the training accuracy. As seen in Table 1,
our MSE errors and R values saw decent improvements
dropped from 0.0667 to 0.95 and 0.95 to 0.97 in the training
set. However, the most drastic improvements were in the
test set where MSE and R values improved from 0.3132 to
0.0749 and 0.74 to 0.95, respectively.
This drastic improvement suggests that we cannot assume a generalized model for this population. The only
identifying traits collected for subjects were mass and subject number. Mass is already used to normalize the data,
with results discussed above. Subject number as a feature
may improve the performance of the model, but, as it has
no bearing on the individual, would make classifying new
subjects impossible.
The experiment from which the data were taken was
designed to understand the role of customization in the
control algorithm [14], [30]. Therefore, the improvement in
the neural network performance is an interesting result that
confirms our hypothesis, and the issue of individualization
will be considered outside of the scope of this project.

6

C ONCLUSIONS

We used two different machine learning architectures to
predict metabolic cost from standard biomechanics features.
As in existing literature [20], we trained linear regression
models to generate easily implementable models that could
be used and trained online. These regressions performed
well, considering the noise in the target measurements, and
performance was not drastically affected when the feature
size was reduced to one-fourth the size. Neural networks
provided a more accurate model, but would be difficult to
train online on a commercial device. These models could
be used in a clinic, where having accurate subject-specific
models are more important. Biomechanics experiments are
time-consuming, so the data size is often small (N = 10).
Before we implement these predictive models on commercial devices, we will collect more subjects’ data to improve
the training of the model.
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