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This paper presents a machine learning-based approach toward designing individually
targeted rehabilitation devices. This approach consists of a classification model for early
detection of a disease, regression, and artificial neural networks (ANNs) models to pre-
dict the target rehabilitation gait for a specific individual, and finally a generative
approach for the conditional synthesis of single degree-of-freedom linkage mechanisms
for gait rehabilitation. Design of mechanisms for human–machine interaction involves
numerous subjective criteria and constraints in addition to the motion task. This is partic-
ularly important for the rehabilitation devices, where the size, complexity, weight, cost,
and ease of use are critical factors. In this paper, we present an end-to-end computa-
tional approach for developing a device for individualized gait rehabilitation using
machine learning techniques focusing on gait classification, prediction, and specialized
device design. These models generate a distribution of linkage mechanisms, which
strongly correlate to the distribution of target path variations. This way of formulating
the problem results in a large variety of solutions to which subjective criteria can be
applied to yield practically useful design concepts that would otherwise not be possible
using traditional synthesis methods. [DOI: 10.1115/1.4046321]
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1 Motivation

In 2016, 25.7% of the U.S. adults reported some form of dis-
ability, while 13.7% of them identified mobility as the most fre-
quent type of the disability. Prevalence of any type of disability
was highest among people aged over 45 years old. Half of the
individuals presenting difficulty in physical functioning have a
gait disability [1]. Common causes for gait disabilities are injuries
to the central nervous system, traumatic brain injury, and spinal
cord injury causing the loss of motor control. Out of all these inju-
ries, stroke is the most prevalent, resulting in 795,000 new injuries
every year in the U.S. alone and it is estimated that 77–80% of
those will lead to motor function impairment [2,3]. These numbers
demonstrate the severity of the problem and the need for efficient
gait training systems. Majority of the gait training systems are
designed for acute and subacute neurological inpatients.

Gait training or gait rehabilitation is the act of learning or
relearning how to walk, after sustaining an injury or disability.
Gait training can be useful for people with amputation, osteoar-
thritis, muscular dystrophy, cerebral palsy, stroke, Parkinson’s
disease (PD), multiple sclerosis, brain and spinal cord injuries,
and postsurgery and sports injuries.

The most prevailing and accepted method for gait training is
physical therapy. Assistive walkers have long been used to aid in
gait rehabilitation. Gait training can also be carried out using

parallel bars, treadmills, body support systems, or a combination
of these systems. But the downside to these training methods is
that the individual undergoing rehabilitation need physiotherapists
to guide, supervise, and physically help them with the training.
Our motivation is to provide a support system for physiotherapists
throughout the gait rehabilitation process.

2 Introduction

Body weight supported treadmill training has become a promi-
nent method in gait rehabilitation due to the major advantage of
allowing individuals to start training very early in the recovery
process. Body weight supported systems can be used by individu-
als without adequate motor control or sufficient strength to fully
bear their body weight. This type of training has many functional
benefits, but the labor costs are considerable.

Another approach is to use powered lower limb orthoses for
gait training. Exoskeleton robots or robot-assisted gait training
systems, mainly constructed by mechatronic components, have
emerged in recent years to assist disabled individuals who sur-
vived from stroke or other gait disability and do not have enough
strength to move their limbs freely on their own. Wolff et al. [4]
present the clinical issues with the exoskeleton technology but dis-
cusses the potentials of this technology in combination with physi-
otherapy for gait rehabilitation. The robotic systems that have
made significant development in gait rehabilitation are Lokomat
[5], MIT-skywalker [6], and KineAssist [7]. These Robotic devi-
ces can be classified into two types: exoskeletons [8–10] and
end-effector robots [11–13]. However, most of these devices and
systems are expensive, bulky, tedious, and difficult to put on. D�ıaz
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et al. [14] have provided a comprehensive review of robotic sys-
tems and their challenges for lower limb rehabilitation.

In order to reduce the need for complex control logic, research-
ers have created single degree-of-freedom mechanisms for gait
rehabilitation tasks. This is done as follows: The mechanism pro-
vides the natural motion for the limbs while the person is
adequately supported during ambulation. During ambulation, a
person will be putting foot on the ground and experiences the
reaction forces. If the person is not able to ambulate, then
adequate active or passive resistance can be added to the mecha-
nism so as to force the individual to apply forces as they move
their limbs. Shao et al. [15] have presented a cam-linkage mecha-
nism for gait rehabilitation. Tsuge and McCarthy [16] have pre-
sented an adjustable six-bar linkage for natural walking
movement rehabilitation. The above methods depend upon classi-
cal precision point-based approaches like Deshpande and Purwar
[17], and Ge et al. [18] to solve the synthesis problems. The preci-
sion point approach attempts to find the solutions that best fit the
task path; however, this discards large proportions of the solution
space, which comprises of linkages with a suboptimal path, but
more desirable linkage parameters. Most of the times, optimal
numerical fitting of precision points is less important compared to
the suitability of fixed pivot regions or proportionate link ratios;
for example, a device that implements a single degree-of-freedom
mechanism to execute the given motion path may be required to
have a smaller frame, fixed and moving pivots within the envelope
of the frame, link ratios within a threshold, so as to create a com-
pact and versatile device. To incorporate these aspects for linkage
design, we present a machine learning approach for kinematic
synthesis, which comprises of a deep generative model that learns
the conditional distribution of linkage parameters to their coupler
trajectories. Since the method does not use the precision position
approach, it finds many suboptimal solutions with other desirable
properties like suitable pivot locations and proportionate link
ratios. This significantly improves the variety of solutions

obtained, which gives more freedom to accommodate other design
factors. Moreover, this kinematic synthesis approach can be
applied to a linkage database of various topologies to generate
linkages for a given task, which makes it scalable to synthesize
higher order linkage mechanisms.

The overview of our approach is depicted in Fig. 1. Next, we
discuss each of the components shown in this figure.

The initial component of the presented approach is the gait clas-
sifier module, which analyzes the current gait of the individual on
which various further actions are dependent. Gait analysis is a
method for identifying biomechanical abnormalities in the gait
cycle. Gait analysis is generally carried out by a medical profes-
sional by observing the gait cycle, collecting responses from a
questionnaire, and considering the medical history of the individ-
ual subject. Observational gait analysis is an acquired skill that
requires a lot of training, practice, repetition, and even a professio-
nal medical degree for one to detect physical abnormalities. Even
after all this, there are chances that the abnormality detected by
the clinicians may not be accurate as the methods used for detec-
tion are subjective.

Gait information can provide valuable information on the health
of the individual subject. Clinical research has identified clear links
between human gait characteristics and different medical condi-
tions. In an everyday environment, the state of health or even the
age of a person is recognizable by their walk. For example, people
generally walk slower as they get older and may start to shuffle;
those who have suffered a stroke may drag one of their legs and
people with an injured knee or hip joint may walk with an asymme-
try [19]. However, in the current medical diagnosis, gait informa-
tion is rarely used as an input for objective gait analysis or gait
classification. This is due to two main reasons: (1) a human can
intuitively observe an individual’s gait and perform a diagnosis on
the gait pattern, and (2) quantifying an individual’s gait is difficult.

Tahir and Manap [20] presented an artificial neural network
(ANN) and a support vector machine (SVM) model to classify

Fig. 1 Gait parameters are used to foretell the gait condition. Individual-specific parameters are used to predict the
ankle path necessary for gait rehabilitation. Desired region for fixed pivot is indicated by the shaded region near the
leg. The path traced by ankle is used to generate a conditional distribution of four-bar and six-bar linkages having
similar paths. Finally, a 2 R link representing thigh and knee are attached to support the entire lower limb.
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Parkinson’s disease gait against healthy subjects using spatio-
temporal, kinematic, and kinetic features of the subject. Yang
et al. [21] have classified three types of neurodegenerative dis-
eases from temporal variables obtained using wearable motion
sensors. Serrao et al. [22] have proposed a cluster analysis method
that can distinguish individuals with different neurological dis-
eases from time–distance parameters and lower limb joint kine-
matics. All of these methods demonstrate significantly good
results, so building on these classification methods, we develop
different machine learning driven classifiers to test on the new
dataset of gait patterns in neurological diseases [23].

We present here gait classification models, which can be used
in clinical settings to assist the medical professional for disease
identification. This paper proposes an automatic approach to
detect early anomalies in the gait cycle of subjects and also a
method to quantify and learn patterns in human gaits. Gait classifi-
cation is achieved with the general body and gait parameters,
which give significant information about the gait. These parame-
ters can be computed with a gait trial by the subject, thus making
our gait classification models clinically feasible to complement
the medical professionals in the diagnosis of the disease.

Next step is to predict the most probable joint angle trajectory
for the specific individual in order to obtain the suitable mecha-
nism for gait rehabilitation. Task specificity is one of the major
principles of gait rehabilitation, which suggests that it is crucial to
induce a gait pattern that resembles the natural gait pattern of the
specifically targeted subject during gait rehabilitation. Banala
et al. [10] have presented a robot-assisted gait training in which
they use an average healthy gait trajectory as the template for gait
rehabilitation. When an individual deviates from this template, a
force is provided on the lower limbs through the exoskeleton,
which is proportional to the deviation. The proposed gait predic-
tion provides a statistically better template, which considers body
parameters than the global average of healthy gaits. Ren et al. [24]
implement an inverse dynamics multisegment model of the body
and combines it with optimization techniques to simulate normal
walking. It derives the segmental motions and ground forces, but
with only three inputs, viz., walking velocity, cycle period, and
double stance duration, while fixing some of the variables, like
gait cycle duration and stride length. Previous machine learning
methods have analyzed correlations between gait features (e.g.,
stride length, walking speed, gait event detection, etc.) and body
parameters (e.g., age, weight, height) [25,26]. Aertbelien and De
Schutter [27] introduced a gait prediction module to predict the
future evolution of gait trajectories, but require the initial gait tra-
jectory as input to make the predictions. Luu et al. [28] proposed a
method with an ANN to predict the gait trajectory from gait
parameters, such as stride length, cadence, and walking speed.
These methods require gait parameters for predicting the trajecto-
ries, which may be difficult to find for an individual with severe
gait disability.

Yun et al. [29] present a novel statistical method for prediction
of gait kinematics with Gaussian process regression. Building on
this work, we develop different machine learning techniques to
predict the gait kinematics from the body parameters. The
approach presented in this paper predicts the walking gait with the
knowledge of age, weight, height, gender, and body parameters.
Our model presented in this paper is individual-focused and gives
personalized prediction results, as it takes into account the indi-
vidual’s body parameters.

Finally, the third module is mechanism synthesis. The goal here
is to obtain a variety of mechanism designs that would give the
desired gait path. We demonstrate generation of a multitude of
single degree-of-freedom mechanism design concepts for the cal-
culated gait profile of a disabled individual.

To achieve this, we use a probabilistic model, called
conditional-variational auto-encoders (C-VAE), which allows
computing mechanisms similar to the training data. To the best of
our knowledge, this is the first attempt at connecting three critical
pieces of the gait rehabilitation puzzle: classification, prediction,

and device design in the common language of machine learning
models. The focus of this paper is on the mechanical design of the
device and not the design of an experiment of clinical feasibility.

The organization of the paper is as follows: Sec. 3 presents the
techniques used for gait classification along with the classification
results on the test dataset. Target gait prediction for an individual
based on data-driven techniques is presented in Sec. 4. Finally,
Sec. 5 presents the generative approach toward the conditional
synthesis of linkages for gait rehabilitation. Section 6 concludes
the paper.

3 Gait Classification

The first problem is that of gait classification. As gait informa-
tion can be used to provide vital information about the individu-
als’ health, we propose different models to extract this valuable
information and classify both healthy and disabled individuals
from their gait data. This is to assess the effectiveness of models
against this type of dataset, which has been largely unexplored.
The goal of gait classification is to assist the medical professionals
by providing a supplementing tool in the diagnosis of the disease.

3.1 Description of the Dataset. The dataset [23] on gait pat-
terns in degenerative neurological diseases was used to test our
framework for gait classification. The dataset provides the gait
parameters and lower limb joint kinematics of 142 individuals,
which included individuals with three different types of primary
degenerative neurological diseases, namely, 19 individuals with
cerebellar ataxia (CA), 26 individuals with hereditary spastic par-
aparesis (HSP), 32 individuals with PD, and 65 individuals as
healthy control (HC) group. An opto-electronic motion analysis
system was used to measure time–distance parameters and lower
limb joint kinematics.

General gait parameters are considered as inputs, which are
easy to acquire without requiring a complex system for its meas-
urements, so that this classification model can be reused with ease
in clinical or professional setting to assist the medical personnel.
The 22-dimensional input feature vector for our machine learning
models consists of anthropometric characteristics, typically gen-
der, age, height, and weight along with the gait spatiotemporal
and joint kinematics parameters, such as stance duration (time
interval between two consecutive heel strikes of the same lower
limb), swing duration (time interval between toe off and the next
heel strike of the same lower limb), double support duration (time
interval with both feet on the floor), step length, speed, hip range
of motion (ROM), knee ROM and ankle ROM for each leg and
cadence (number of steps per minute), and step width for a gait
cycle.

All 142 subjects with their respective 22-body and gait parame-
ters form the input for our model. Given the input gait parameters,
the problem is that of multiclass classification predicting the out-
put class as CA, HSP, PD, or HC.

3.2 Preprocessing and Model Setup. As the number of sam-
ples for each class are unevenly distributed (19 for CA, 26 for
HSP, 32 for PD, and 65 for HC), there is an imbalance in the num-
ber of samples for each class. This is called the class imbalance
problem and it occurs when the class distributions are highly
imbalanced. This may result in a biased model, which will give
poor generalization. Therefore, we use the resampling technique
and try to make the number of samples for each class roughly the
same by repeating the samples for classes with minimum
frequencies.

After applying the resampling technique, the input gait parame-
ter matrix is enlarged to the dimension (238� 22), where each
row represents the individual subject and each column represents
a gait parameter. The input features are preprocessed and
normalized with L2 norm to get a uniform scale of the data so
that our model implicitly weights all features equally in their

Journal of Engineering and Science
in Medical Diagnostics and Therapy

MAY 2020, Vol. 3 / 021105-3

D
ow

nloaded from
 http://asm

edigitalcollection.asm
e.org/m

edicaldiagnostics/article-pdf/3/2/021105/6512110/jesm
dt_003_02_021105.pdf by SU

N
Y At Stony Brook user on 18 N

ovem
ber 2024



representation. The output Y for the problem is a scalar label of
238 samples and is therefore of size (238� 1).

After normalizing the data, we use principal component analy-
sis [30], which uses an orthogonal transformation to convert the
data of possibly correlated variables into a set of values of linearly
uncorrelated variables called Principal Components. Principal
component analysis is a technique that not only reduces the
dimension of the data and improves the speed of convergence for
learning algorithm but also helps to enhance the quality of the
results. We use the top eight principal components for the classifi-
cation task for each model, as they cover the maximum variance
of 97.17% of the original data. The dimension of the input data is
now reduced to (238� 8) from (238� 22) and will act as the
transformed input for the model.

The dataset is then split into training and test set. The model is
trained on the training set and the performance of the trained
model is evaluated on the test set. Grid search method is used for
tuning the hyperparameters for a model. Hyperparameters are
nontrainable variables that need to be tweaked for achieving opti-
mum performance for the model. We use cross-validation (CV)
technique called the k-fold CV [31] with tenfolds on the training
set to estimate the performance of our models. All the possible
combinations of the hyperparameters are tried and the model with
the hyperparameters that achieves the maximum accuracy on the
cross-validation set is selected, and we get the accuracy on the
test set with the selected model. Figure 2 presents an overview of
the gait classification framework for training the model with the
data, and inference for using the trained model to get predictions
on unforeseen future samples. In Sec. 3.3, we present three differ-
ent classification models for predicting disease types and the
results of the computational experiments.

3.3 Gait Classification Models

3.3.1 Support Vector Machines. The standard soft margin
SVM is a nonprobabilistic linear classifier, which attempts to find
the best hyperplane that separates all data points of one class from

those of the other class. SVM aims at finding the optimal hyper-
plane that maximizes the margin between linearly separable
classes. We use the one-versus-one approach for multiclass classi-
fication. The loss function for training the SVM model is given by

L ¼ 1

N

Xn

i¼1

max 0; 1� bYi w Xi � bð Þ
� �

þ k jjwjj2 (1)

where the first term is the hinge loss which minimizes the mispre-
dictions of the class and the second term is the regularization term
which maximizes the separating decision boundary between the
classes. N is the number of training samples, and k [32] is the reg-
ularization hyperparameter that gives a tradeoff between correct
classification of training examples against maximization of the
decision function’s margin. bYi is the actual output and ðw Xi � bÞ
is the predicted output by the SVM model. The objective is to
learn the parameters w and b such that the loss is minimized. If
the original data are not separable by linear decision boundary,
the kernel trick is used to transform the data into higher dimension
to make it linearly separable. The different kernel functions that
we try using grid search are linear, polynomial, and radial basis
function [33].

After training the SVM classifier model on different hyperpara-
meters using grid search, the best set of hyperparameters obtained
were k as 8 and a kernel as radial basis function. The SVM model
with the best hyperparameter set gives an accuracy of 90.53% on
cross-validation set and 95.83% on the test set.

3.3.2 Artificial Neural Networks. Artificial neural networks
[34] have the ability to learn and model nonlinear and complex
relationships, which is important in real life (like in our case),
because many of the relationships between inputs and outputs are
nonlinear and complex as well.

A standard feed-forward neural network is implemented for
pattern recognition. The training cases are used to train the neural
net using back-propagation, whereas validation cases are used to
test the reliability of the network. The network is trained using

Fig. 2 Gait classification framework
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cross-entropy loss function and Adam optimizer [35]. The loss
function is given by

E ¼ � 1

N

Xn

i¼1

bYi log Yið Þ (2)

where bYi is the ground truth, Yi is the predicted value by the artifi-
cial neural network, and N is the number of training samples. This
equation gives the error in the predictions. The goal of the artifi-
cial neural network model is to learn the parameters for the neural
network (in turn the output, Y) to be as close to the ground truth,bYi , as possible, which is achieved by minimizing the loss function.
The hyperparameters to be tuned for the ANN model are the num-
ber of layers and number of hidden neurons in each layer, the
maximum number of iterations for training the network, type of
activation function used to introduce nonlinearity in order to learn
complex function (ReLU [36], tanh, logistic) after each layer
except the output layer where we use sigmoid activation function.

After training the ANN model on different combinations of the
hyperparameters using grid search, the model achieves the best
accuracy on cross-validation set with the following hyperpara-
meters: single-layer ANN with 16 neurons, ReLU activation func-
tion, and maximum iterations of 250. This ANN classifier model
gives a classification accuracy of 94.21% on the cross-validation
set and a test accuracy of 95.83%.

3.3.3 Random Forests. Random forests (RFs) are ensemble
algorithm, which combines more than one algorithm of decision
trees from a randomly selected subset of the training set for classi-
fying the sample. A decision tree is a graph that uses a branching
method to illustrate every possible outcome of a decision. The
hyperparameters that need to be tweaked using grid search method
are the number of trees in the random forests and the maximum
depth of the trees.

Random forests classifier, with 40 decision trees and maximum
depth of nine, achieves an accuracy of 94.21% on the cross-
validation set and test accuracy of 100%.

3.4 Gait Classification Results. Gait classification task was
carried out using aforementioned classification models and experi-
mental investigations showed that the random forests classifier
outperformed all the other learning models. The accuracy
achieved by the random forests model on the unforeseen data was
100%. Even with such a small and complex dataset, we achieved
a perfect classification accuracy with the random forests classifier.
Table 1 encompasses the CV accuracies using k-fold cross-
validation and the accuracies on the test set, for all the gait classi-
fication models.

The classification model from their gait parameters predicts if
the individual is healthy or is showing signs of inclination to any
of the other three classes of disease. This can help in early detec-
tion of the disease and help the individual take appropriate meas-
ures for gait correction or other health corrections. Also, if our
model predicts that the individual is showing an inclination
toward a certain disease, they can take therapeutic measures with
the proposed hypothesis in Secs. 4 and 5. This classification can
also complement with the diagnosis performed by a medical
professional.

The classification model also can be used to monitor the health
condition of the individual under gait rehabilitation. The individ-
ual, who has already been classified for a specific disease by our

model, can regularly update their gait parameters during gait reha-
bilitation. Once their gait parameters are similar to that of a
healthy individual, the classification model will output the indi-
vidual as healthy. This approach would at the least provide some
initial data points for a clinician to make an informed decision and
provide additional recommendations. These gait classification
methods are in no way to replace disease identification by the
medical professionals, but to aid them in confirming the onset of
the disease.

4 Gait Prediction

The goal of gait prediction is to be able to predict the gait tra-
jectories for an individual given their body parameters. In order to
be able to do that, we first map the healthy individuals’ gait trajec-
tories to their body attributes.

4.1 Description of the Dataset. KIST human gait pattern
dataset provided in Ref. [29] was to test our gait prediction frame-
work. Gait trials were carried out on 108 healthy individuals on
treadmill with no known history of pathological condition. The
body parameters, such as age, weight, height, gender, calf length,
thigh length, and other eight lower limb parameters, were col-
lected for the individuals prior to the gait trials. The gait trials cap-
tured the sagittal lower limb joint angles for hip, knee, and ankle
varying with respect to time. The joint angle trajectories are con-
sidered for a single gait cycle and time normalized for 80 time-
steps, for all the individuals.

4.2 Preprocessing and Model Setup. We would like to pre-
dict joint angle trajectories for a gait cycle for a specific individual
given the body parameters for that individual. This is a multivari-
ate time-series prediction problem. For the prediction of joint
motions, the training input vector, X and the corresponding train-
ing output, Y are defined as follows:

X ¼

XT
1

�

XT
n

�

XT
N

2666666664

3777777775
; Y ¼

h1�1 k1�1 a1�1

� � �

hn�t kn�t an�t

� � �

hN�T kN�T aN�T

2666666664

3777777775
where N is the total number of subjects, t denotes the time index
at which the joint angle is measured, and T (¼ 80) is the last index
of the gait cycle. Xn is an input vector denoting the body parame-
ters for the nth subject, and Y are the corresponding output of the
three joint angle predictions at all 80 time-steps for hip extension
(hn�t), knee flexion (kn�t), and ankle plantar flexion (an�t).

The input X is a matrix of dimension (108� 13) where the rows
denotes the number of subjects and the columns denotes their
respective body parameters. The output, Y of dimension
(108� 80� 3) or (108� 240) after reshaping, indicates the three
joint angles for 108 individuals over a gait cycle. The input is pre-
processed and normalized to have zero mean and unit standard
deviation before feeding it to our machine learning models. After
preprocessing, the data are split into training and testing set. The
model is trained on the training set and the performance of the
trained model is evaluated on the test set. We again use k-fold
cross-validation on the training set with k¼ 10, to assess the pre-
dictive performance of the models accurately and grid search
method for tuning the hyperparameter for the models.

We developed various automatic gait prediction models, and
compared their results to find out which model gives the best per-
formance. We use the standard root-mean-square error (RMSE) as
the performance evaluation parameter for the regression models,
which is a quadratic scoring rule that also measures the average
magnitude of the error. It is given by

Table 1 Accuracies for the gait classification models

Method SVM ANN RF

CV accuracy 90.53% 94.21% 94.21%
Test accuracy 95.83% 95.83% 100%
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RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

Xn

i¼1

bYi � Yi

� �2

s
(3)

where bYi is the actual output, Yi is the predicted output, and N is
the number of samples. Figure 3 presents an overview of the gait
prediction framework for training the model with the data, and
inference for using the trained model to get predictions on the
unforeseen future samples. We experiment with three regression
models and compare their results, as presented further in this
section.

4.3 Gait Prediction Models

4.3.1 Lasso Regression. Lasso regression is an extension built
on the linear regression model with a regularization function.
Lasso regression is a modification to linear regression with abso-
lute value for the regularization term. It makes a huge impact on
the tradeoff between under-fitting and over-fitting [37]. Lasso
method overcomes the disadvantage of linear regression by not
only punishing high values of the coefficients h but also setting
them to zero if they are not relevant. This leads to lasso regression
to achieve extremely good results. The loss function of lasso
regression is of the form

L ¼
Xn

i¼1

bYi �
Xm

j¼0

hj Xij

" #2

þ a
Xm

j¼0

jhjj (4)

where bYi are the actual outputs and hjXij are the predicted outputs
from the lasso regression model; h’s are the weights to be learned,
and a is the regularization hyperparameter, which penalizes the
large weight values. The objective of training the lasso regression

model is to learn the optimum values of the parameters, h’s that
minimize the loss function.

After training the lasso regression model, the root-mean-square
error, between the predicted and the actual values for the joint
angle trajectories, of 7.2412 is achieved on the cross-validation
set with a¼ 1.0. RMSE for prediction on test set is 8.2671.
Figure 4 shows the predicted and the actual joint trajectories of
hip, knee, and ankle for four arbitrary individuals by our lasso
regression model.

4.3.2 Polynomial Regression. Polynomial regression is a
form of regression analysis in which the relationship between the
independent variable X and the dependent variable Y is modeled
as a nth degree polynomial in X. Polynomial regression fits a non-
linear relationship between the values of the input, X and the cor-
responding output, Y. The hyperparameters for grid search for
polynomial regression model are the degree of the polynomial
function and the regularizer hyperparameter, a. The loss function
for polynomial regression is given by

L ¼
Xn

i¼1

bYi �
Xm

j¼0

hj Xij

" #2

þ a
Xm

j¼0

jhjj (5)

where bYi are the actual outputs, Xij are now the polynomial fea-
tures, and hjXij are the predicted outputs from the polynomial
regression model; h’s are the weights to be learned, and a is the
regularization hyperparameter, which penalizes the large weight
values. The objective of training the polynomial regression model
is to find the optimum values of the parameters, h’s that minimize
the above loss function.

After training the polynomial regression model, the best hyper-
parameters, which give the least root-mean-square error, are
degree of polynomial as 2 and a as 0.1. The polynomial regression

Fig. 3 Gait prediction framework
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model with these hyperparameters gives a RMSE of 10.6978
between the predicted and the actual values of the joint angle tra-
jectories, and a RMSE score of 10.0015 on the test set. Figure 5
shows the gait trajectory predictions of four randomly chosen
individuals from the test set with polynomial regression.

4.3.3 Artificial Neural Networks. Artificial neural networks,
like in the case of classification, can be used for regression task as
well. A standard feed-forward neural network is implemented
here to learn the function between the input parameters
and the gait angle trajectories. The network is trained using

Fig. 4 Predicted angle trajectories of four arbitrary individuals with lasso regression

Fig. 5 Predicted angle trajectories of four arbitrary individuals with polynomial regression
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back-propagation. The artificial neural network is setup with our
preprocessed input, X as the input body parameters and Y as their
corresponding joint angle predictions. The hyperparameters for
the ANN regressor are same as that in the case for ANN classifier,
except that we do not apply any activation at the last layer, as we
need the actual values of joint angle predictions. The loss function
for training the neural network in this case is the mean squared
error, given by

E ¼ 1

N

Xn

i¼1

bYi � Yi

� �2
(6)

where bYi are the ground truths, Yi are the predicted values by the
artificial neural network model, and N is the number of training
samples. This equation gives the error in the predictions. The goal
of the artificial neural network model is to learn the parameters h
(in turn the output, Yi) to be as close to the ground truth, bYi , as
possible, which is achieved by minimizing the loss function.

The best set of hyperparameter obtained using grid search, that
gives the least RMSE of 7.4125 between the predicted and the
actual trajectories, on the cross-validation set are two-layered
ANN with 100 neurons each, logistic activation function, and
maximum iterations of 500. The RMSE on the test set is 8.5097.
The actual and the predicted joint trajectories of hip, knee, and
ankle of four individuals is shown in Fig. 6.

4.4 Gait Prediction Results. Gait prediction is a very com-
plex task as it involves prediction of multivariate time series. Still,
the models developed here give superior results and show the
potential these models have to offer for gait prediction. These
models provide a functional relationship between the comprehen-
sive body parameters and gait cycle predictions.

Polynomial regression gives us average results because adding
the polynomial features, for the purpose of learning complex func-
tion, but that creates more parameters, which are difficult to train.
ANN regression model gives good results, but lasso regression
model gives us the best predictions along with smooth joint angle
trajectories for individual-specific parameters, with least error
between the predicted and the actual joint trajectories. Table 2

summarizes the RMSE values of the gait prediction models on the
CV and the test set. Table 2 also shows that the least error
obtained, between the predicted and the actual trajectories, on the
unforeseen test set is by lasso regression model, and thus this
model is used for the gait prediction task.

The gait prediction models developed return the joint angle tra-
jectories from the body parameters of a specific individual. The
benefit of such a model is that given that the individual is follow-
ing an unhealthy gait pattern, from our classification model, we
can define a gait trajectory template for that specific individual
from their body parameters alone. Moreover, this model can be
utilized for robot-assisted gait training or orthosis systems for
determining the customized gait trajectory for a distinct user and
train them with their specific trajectory than a target gait cycle.
The range of possible applications of this machine learning-based
model-driven gait prediction varies from biomechanics analysis to
rehabilitation robot control.

Using the predicted joint angle trajectories from the regression
model and the leg lengths of the individual subject, we derive the
rehabilitation path for individual’s ankle using forward kinemat-
ics. The rehabilitation path thus includes information about the
joint angle motion and the leg lengths of the subject. Figure 7
shows the locus of ankle position trajectories obtained from lasso
regression model for the samples in the test set. This provides the
information about the rehabilitation task paths that our mechanism
needs to generate. With the help of this rehabilitation path, we
will carry out mechanism synthesis in Sec. 5.

5 Mechanism Synthesis

Once the gait required for training the individual is obtained,
the design process for the device can be initiated. The first step in

Fig. 6 Predicted angle trajectories of four arbitrary individuals with artificial neural network

Table 2 RMSE for the gait prediction models

Method Lasso Polynomial ANN

CV RMSE 7.2412 10.6978 7.4125
Test RMSE 8.2671 10.0015 8.5097
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the design of the device is to setup the synthesis problem. The
open-ended nature of the problem can give rise to different
designs, but by marrying a suitable design methodology with the
machine learning techniques, it is possible to generate a multitude
of solutions, which can satisfy multiple practical constraints. In
this paper, we choose to design a one degree-of-freedom device as
it removes the need for complex control logic and reduces sensor
requirements. This further facilitates highly customized design of
devices that address an individual’s disability.

5.1 Problem Setup. The task is to find linkage type and
dimensions such that the linkage can move the individual’s ankle
along the prescribed path. Here, the prescribed path is obtained by
performing forward kinematics on a kinematic model representing
an individual’s lower limb. Along with the prescribed path, the
fixed and moving pivots of the linkages should lie above the
ground throughout the entire simulation. The above constraint on
the moving pivots cannot be put into a closed-form equation. On
top of this, the mechanism should be compact and should have
suitable link proportions. Thus, it is not practical to consider each
of such constraints at the first step. So, the approach is to apply
these constraints after a set of solutions are found for the path syn-
thesis problem. The solutions which pass these specifications con-
stitute the feasible set of concept solutions.

Therefore, it is desirable to have a path synthesis method,
which yields a diverse set of solutions. In order to synthesize
diverse planar kinematic linkages, it would be useful to the learn
the conditional distribution of linkage parameters from a dataset
of unique mechanisms. This section presents our step in this direc-
tion by formulating a generative model of linkage parameters.

In this work, we have used C-VAE [38] as our generative mod-
eling framework, which is a directed probabilistic model. The
generative model can generate data samples whose probability
distribution is similar to that of training data, which are called
maximum likelihood samples.

5.2 Conditional Variational Auto-Encoders. Conditional-
variational auto-encoders [38] are a neural network architecture
that learns to approximate conditional distribution of an observed
data X given an observed property Y. Figure 8 shows a general
architecture of a C-VAE. In this figure, X and Y are concatenated
and fed to Recognition Model as the input. There are two hidden
layers h1 and h2 in the Recognition Model, while the Generative
Model has one hidden layer h3. In the middle, there is feature
space encoded by the variable z, which seeks to capture the salient
features of the input data in a compact latent space. Given
observed variables X and Y, recognition model computes an
approximate probability distribution qðzjX; YÞ of the latent vari-
able z as following:

l; r ¼ QðX;Y; heÞ (7)

qðzjXÞ ¼ N ðl; rÞ (8)

Here, Nðl;rÞ is a multivariate Gaussian distribution function
with mean l and variance r. The generative model is a function
which is trained to maximize likelihood samples bX by taking a
sample from z 2 qðzjX;YÞ and concatenating it with Y. Thus, X is
given by

bX ¼ Gðz; Y; hgÞ (9)

In this paper, we assume the prior probability distribution of p(z)
as a multivariate Gaussian with mean 0 and unit variance. The
training task is to find parameters hg; he of G(z) and Q(X), respec-
tively, that maximize an objective, which is a combination of gen-
erating maximum likelihood samples and obtaining posterior
distribution of z (i.e., qðzjX; YÞ) close to the true distribution p(z).

Fig. 7 Predicted ankle trajectories by lasso regressor

Fig. 8 Recognition model encodes the observed data X and observed property Y into probabilistic latent cod-
ing z of dimension much smaller than X. In this case, we assume a multivariate Gaussian distribution for z.
Generative model takes samples from this distribution and combines it with Y to generate output bX .
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This is achieved by training the neural network models for mini-
mizing the loss given by

L ¼ ðbX � XÞ2 þ
Xzdim

j

KLðqjðzjX;YÞjjpðzÞÞ (10)

Here, the first term represents reconstruction likelihood and the
second term is called Kullback–Leibler divergence (KL diver-
gence) [39], which is the measure of divergence in between the
learned distribution qðzjX; YÞ and true prior distribution p(z). Note
that zdim is the dimension of latent space. KL divergence, when
p(z) is a Gaussian distribution with zero mean and unit variance,
is given by

KL ¼
Xzdim

i

r2
i þ l2

i � logðriÞ � 1 (11)

where l and r are given by Eq. (8); for further details see Ref.
[38]. The reconstruction likelihood imposes a penalty for not

being able to reconstruct the original data, while the KL diver-
gence term penalizes creation of an excessive number of clusters
in the feature space.

Once the entire C-VAE is trained, the generative model can be
used separately to perform kinematic synthesis. Parameters of this
neural network are learned to map a concatenating vector com-
prising of latent space and label Y to a reconstruction, which
would exhibit similar latent attributes z if passed through the rec-
ognition network. The architecture of this model starts with an
input layer, which receives the concatenated vector and passes
through single or multiple layers of neurons culminating into the
original size of the observed data. The middle layers are fully con-
nected layers which upscale the input they receive from the previ-
ous layer. We apply Leaky ReLU activation function [40] on the
output of each hidden layer. Leaky ReLU is given by

ReLUðxÞ ¼ maxðax; xÞ (12)

where a is a small constant, which we take to be 0.001 based on
common machine learning practice.

5.3 Training Conditional-Variational Auto-Encoders for
Mechanism Synthesis. Conditional-variational auto-encoders
discussed in Sec. 5.2 require a tuple (X, Y) to train, where X is an

Fig. 9 A Stephenson six-bar linkage with the fixed link of unit
magnitude and colinear with X-axis. The polar coordinates of
points fPig6

i 5 1 stacked together for m crank orientations consti-
tute the state representation of the six-bar.

Fig. 10 Reconstruction and KL Divergence losses for C-VAE-
FB and C-VAE-SB. The architectural details of these models are
given in Table 3.

Table 3 VAE and C-VAE Model Architectures (FB 5 four-bar, SB 5 six-bar)

Observed data (X) X dimension Name Encoder architecture Latent (z) dim Decoder architechture Y Reconstruction loss KL loss

FB linkages 100� 6 C-VAE-LF10 (300, 100) 10 (100, 300) } 1.90 2.24
SB linkages 100� 12 C-VAE-LS15 (600, 300) 15 (300, 600) } 6.45 12.59

Fig. 11 Stephenson six-bars generated by C-VAE-LS15 (see
Table 3) conditioned for coupler curve Y and 15 dimensional
Gaussian multivariate z. The mechanisms having pivots in
desired region are selected for the next step.
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observed variable (in this case the entire linkage parameters) and
Y is an observed property or condition (in this case, the coupler
curve path). In theory, this formulation should work for any such
tuple, which has a strong correlation. The observed variable X is
obtained from the linkage parameters such that it should contain
the information of the entire simulation of linkage in its current
configuration. Also, it is amenable for machine learning to ensure
that the X is unaffected by scale, orientation, and translation trans-
formations. To do that, we orient and scale the linkage such that
one of its fixed links has magnitude 1 and is parallel to the X-axis.
We sample locations of all the points of interest for m crank orien-
tations divided uniformly throughout the possible range. Next, we
represent these locations in polar coordinates with origin at fixed
pivot corresponding to the crank. Then, these coordinates are
stacked together for all of the m orientations. In the case of a Ste-
phenson six-bar linkage, we have six points of interest
P1;P2;P3;P4;P5;P6 as shown in Fig. 9. Thus, the state tensor X is
given by

X ¼ frP1; hP1; rP2; hP2; rP3; hP3; rP4; hP4; rP5; hP5; rP6; hP6gm
i¼1

(13)

where rPj and hPj are the radial and angular coordinates of
point Pj. It should be noted that a tuple ðX ¼ frP1; hP1;
rP2; hP2; rP3; hP3; rP4; hP4; rP5; hP5; rP6; hP6gm

i¼1; Þ for any of the
orientations can be used to construct the original mechanism
back.

X has dimensions ½m; 2� PoI�, where PoI is the number of
points of interest, whereas Y is taken as the corresponding coupler
path, which has dimension 2 m. We flatten X and Y to form vec-
tors of dimensions m� 2PoI and 2 m, respectively. In order to
train C-VAE, we pass a batch of X and Y to the network and com-
pute gradients and losses. The training losses of C-VAE for four-
bar and six-bar mechanisms are depicted in Fig. 10. It can be seen
in Fig. 10 that C-VAE for four-bar takes lesser time to train with
better training accuracy. This observation is supported by the fact

Fig. 12 Collection of feasible six-bar mechanisms with desirable properties. It can be seen that
their fixed pivots are in the desired shaded region.

Fig. 13 Final linkage concept solutions
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the six-bar linkages have higher complexities in the distributions
of the parameters. The model architectures and their training
results are tabulated in Table 3, where } signifies path problem.
This table also shows the details of each architecture, such as the
number of neurons in each layer, the number of hidden layers, and
the losses.

5.4 Conditional Generation of Mechanisms. Conditional-
variational auto-encoders for six-bar mechanisms (C-VAE-SB)
are trained to map the probability distribution of linkages from the
dataset on which it is trained to the shape of their corresponding
coupler paths. Now, we use this trained model to generate concep-
tual designs for the prescribed gait rehabilitation path. C-VAE
generates a conditional distribution of linkages for a given path. A
hundred samples from this distribution were taken out of which
forty of the samples possessed similar coupler curves as the task
curve. From those samples, eleven linkages were selected by vis-
ual inspection and displayed in Fig. 11 along with the prescribed
path Y.

It should be noted that by avoiding to formulate the problem as
minimizing the fitting error between the task path and the coupler
curve of the mechanisms, we are able to generate a multitude of
mechanisms with desired structure. Figure 12 shows a few such
feasible mechanisms. It can be seen that some of these mecha-
nisms may have a worse fitting to the task path, but are better
suited for this application as their fix pivots lie inside the desired
region. Here, the number of solutions obtained is only limited by
the sampling of the latent space; however, not every sample would
produce a unique or useful linkage.

The concepts obtained in Fig. 12 can be further fine-tuned in
detailed design phase. Along with six-bars, C-VAE-FB model
(see Table 3) was also used to find out the suitable four-bar link-
ages. The Figure 13 shows one chosen solution concept along
with an additional 2 R link, which resembles the thigh and lower
leg of the person. It can be seen that fixed pivots and link ratios
have appropriate proportions with respect to the lower limb of the
person. Using the C-VAE approach, we are able to generate a
large sample of mechanisms that can satisfy a variety of highly
constrained requirements.

6 Conclusion

In this paper, we have presented an end-to-end approach toward
designing individually targeted rehabilitation devices. The
approach starts with the classification model that predicts early
detection of a disease and provides guidance on the need for gait
rehabilitation. The classification model can also be used to moni-
tor the individual under rehabilitation by updating their new gait
parameters as the input to the model during training. The next
step in the process was training the regression model on the data-
bases containing information about concerned gait cycles of
healthy individuals. The regression model is used to predict the
rehabilitation path (or motion) suitable for the specific individual.
This predicted path (or motion) is taken as the task for the synthe-
sis of mechanisms. Then we apply the deep generative models to
obtain conditional distribution of mechanisms for the given task.
The generative models are trained to approximate the conditional
distribution of a variety of mechanisms given their coupler paths
(or motions). This novel approach provides a real-time variational
synthesis of mechanisms to generate a set of diverse solutions.
Traditional methods usually involve solving high-order polyno-
mial equations. Solving higher-order polynomial equations
required significantly intensive calculations of iterative nature,
which may take several hours on an average computing machine.
Whereas, computing output from a trained neural network is a
real-time computation. It can be argued that training neural net-
works is equally intensive in terms of computation, but at the time
of inference, little computing power is needed. Thus, the proposed
method uses significantly low computation at the time of synthe-
sis. Since the method is not driven to find the numerically optimal

solutions to the gait trajectory, it is not discouraged to find subop-
timal solutions with other desirable properties. The method pro-
vides a distribution of probable linkages from which any number
of linkages can be sampled. However, there is no hard guarantee
that generated linkages will resemble the target gait. Further
exploration is necessary to compare the performance of the pro-
posed method to traditional synthesis methods.

Designed single degree-of-freedom mechanisms by virtue of
their design are comparatively inexpensive for a gait rehabilitation
system and also have added benefits of being individually
focused, compact, and capable of carrying the gait rehabilitation
without the need for complex control. The mechanism obtained
can also have a provision to be integrated with assistive walkers
and one of the links can be made adjustable as well to get some
variation in the trajectory, if desired during the rehabilitation pro-
cess. In conclusion, we have demonstrated a novel approach lever-
aging machine learning techniques for gait classification,
prediction, and mechanism design for gait rehabilitation, which
has the potential to address motion-related challenges for disabled
individuals.
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