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Abstract— The recovery of hand motion is one of the most
challenging aspects in stroke rehabilitation [1]. This paper
presents an initial approach to robot-assisted hand-motion
therapies. Our goal was threefold: firstly, machine learning
methods were applied to identify and characterize finger
motion patterns from healthy individuals. To this purpose,
Electromyographic (EMG) signals were acquired from forearm
muscles using Myo armband sensor. Time frequency features
were used as inputs to machine learning algorithms for recog-
nition of five hand rehabilitation exercises. Secondly, machine
learning methods were also applied to identify and characterize
muscular condition levels from healthy individuals. Muscular
contraction strength, co-activation level and muscular activation
level measurements were used as inputs to machine learning
algorithms for recognition of three muscular condition levels.
In particular, we compared the performance of Artificial Neural
Networks (ANN), Support Vector Machines (SVM), Linear Dis-
criminant Analysis Classifier (LDA) and k-Nearest Neighbor (k-
NN) algorithm for classification. Thirdly, each identified gesture
in each identified muscular condition level was turned into a
spatial trajectory of an exoskeleton by the implementation of
a generalization method of joint trajectories and interpolation
methods. For this purpose, joint trajectories have been acquired
using the LEAP motion sensor. This allowed us to plan control
trajectories for a rehabilitation exoskeleton. Experiments were
carried out to create an EMG and joint trajectories database
from 20 control subjects, the joint trajectories acquired were
used to validate the accuracy of the proposed system. The
average correlation between the generated spatial trajectories
and the tracked hand-motion was 0,89. Furthermore, statistical
analysis applied to 72 different architectures based on SVM,
ANN, LDA and k-NN algorithms showed that a 15 class SVM
classifier has better performance for the classification of the 15
proposed classes (F-score of 0,8 on average). In the future, the
trajectories controlled by EMG signals could be applied in the
exoskeleton for rehabilitation.

I. INTRODUCTION

Humans use their hands for a large number of Activities
of Daily Living (ADL), being a fundamental tool to ma-
nipulate objects and interact with the environment. Hands
are composed by 29 skeletal muscles, 27 bones, and 15
joints, allowing up to 21 degrees of freedom [2], [3]. The
sophisticated hand movements are the result of a complex
processing in the central nervous system and allow to execute
diverse ADL by means of basic movements such as power
or precision grasps (i.e. feeding, driving, writing) [4], [5].
For this reason, alterations of the hand function greatly
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affect how the individual gets along ADL. In particular, hand
function can be seriously affected after stroke, which affects
around 100−200/100,000 of world population per year, and
is the main cause of motor disability [6], [7]. Furthermore,
nearly 80% of patients present upper limb impairment after
a stroke event [8]. The impediment to performing different
activities greatly affects the independence of the patient and
can produce long-term disability.

Rehabilitation therapy is a common treatment after stroke
and is considered essential for recovery. Recent advances
in hand rehabilitation have suggested that robotic-assisted
therapy could help in the recovery of motor function [9],
[10], [3], [11]. Specifically, it could increase the intensity
and frequency of the therapy, provide accurate control of
the motor assistance, and make an objective measurement
of the patient progress [12], [3]. Additionally, recent studies
suggest that patients that suffered a stroke should perform
different types of therapeutic interventions according to the
progress of their motor condition [13] so that in the early
stages of rehabilitation, the patient’s movements should be
limited in position and speed, and should evolve according
to the progress of the patient. Robotic rehabilitation allows
a personalized and objective follow-up of the evolution
and condition of the patient, adapting to their particular
movement patterns [14].

Mainly two types of robotic systems have been developed
for the purpose of robotic-assisted therapy: the end-effector
and the exoskeleton [15]. The end-effector system provides
external assistance to the movement by applying forces at the
end of the digits [16]. Some popular systems used in hand
rehabilitation are the Amadeo (Tyromotion GmbH, Austria)
[17] and the ReHapticKnob [18]. Conversely, the exoskeleton
devices support the hand and fingers, providing direct control
to the hand joints. The function of exoskeleton ranges from
assistance of broad grasp and knob movements such as the
HWARD devices [19], to highly specialized devices that
control up to 20 DOF of finger and hand movements, such
as the CyberGrasp (CyberGlove Systems LLC), the Hand-of-
Hope (Rehab-Robotics Comp.) [20], the HEXXOR [16], the
Soft RoboticGlove [21], the Gloreha [22] and the ReHand
[23].

The control of an exoskeleton can be done by mechani-
cal or electrical signals. Mechanical signals include finger
or joint positions, forces and torques, voice commands,
or switches. Electrical signals can also drive the system
response. In particular, Electroencephalography (EEG) and
Electromyography (EMG) signals reflect the patient’s inten-
tion and control of movement [24], [25]. The EMG signal



represents the electrical activity of the muscle sent from
the central nervous system when a contraction is desired.
However, due to the low amplitude of the EMG signal
(1−10mV ) and the interference from other muscle activity
(cross-talk), the EMG signal is highly affected by noise,
requiring a high quality analog acquisition and advanced
digital processing algorithms. Furthermore, in order to con-
trol the exoskeleton, simultaneous and proportional control
of several DOFs is also necessary [26]. These challenges
have limited the current application of EMG signals to
exoskeleton systems in clinical and commercial applications
[26], [15], [25]. Indeed, from more than 165 existing devices
reported in [27], 30% have 5 or more DOFs, and only 10%
have more than 10 DOFs. From those only 10% use EMG
signals as the control signal [28], [29], [23]. Thus, robotic-
rehabilitation approaches require developing robust machine
learning methods to detect the hand movements and control
the exoskeleton.

EMG signals, furthermore to being used for motion de-
tection, also allow to make an objective measurement of
the patient progress. Studies have shown that muscular con-
traction strength, muscular co-activation [30] and muscular
activation level [31] (measured from EMG signals), correlate
significantly with motor impairment and physical disability
in the affected upper limb. From these measurements, it is
possible to identify the patient’s muscular condition and an-
alyze the motor disorders generated by stroke, thus allowing
appropriate treatment strategies to be applied to people after
a stroke.

Therefore, in this study, a machine learning approach to
decode 3 muscular condition levels in 5 exercises used in
rehabilitation (4 pinch-grip and 1 hand closed) was pro-
posed. For this purpose, we have analyzed EMG signals
from control volunteers and performed feature extraction
and measurement extraction, as well as application and
comparison of SVM, ANN, LDA and k-NN classifiers.
Additionally, we have used the classification of gestures in
each muscular condition level to generate spatial trajectories
of an exoskeleton. For this purpose, we have performed a
kinematic analysis of joint trajectories from control volunteer
acquired by the LEAP motion and implemented interpolation
algorithms. The overall architecture of the system can be
seen in Figure 1. The main motivation of this study was to
develop a robust classification of 3 muscular condition levels,
to generate control trajectories for an exoskeleton suitable to
the subject’s muscular condition.

II. METHODS

This section presents the proposed methods for the four
main phases of this study: EMG signals and joint trajec-
tories simultaneous acquisition, EMG signals preprocessing
and Machine Learning for gestures and muscular condition
levels recognition, kinematic analysis of joint trajectories and
trajectory planning with interpolation methods.
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Fig. 1. System architecture: EMG signals were used as inputs to the
machine learning module to identify gestures and muscular condition levels
to plan accurately control trajectories according to the muscular condition of
the volunteer using kinematic analysis of joint trajectories and interpolation
methods

A. EMG signals and joint trajectories simultaneous acqui-
sition

Figure 2 details the experimental protocol approved by the
Research and Ethics committee of the Engineering Faculty
of the Pontificia Universidad Javeriana, for simultaneous
acquisition of EMG signals and joint trajectories of 5 hand
exercises used in rehabilitation under 3 levels of muscular
condition to be automatically classified by the system (see
Figure 3). The data were recorded from 20 healthy volunteers
(mean age 21 ± 3 years old), who reported no previous
stroke events or hand impairments. They agreed to participate
in the study and accepted the informed consent. The EMG
signals were acquired using the Myo armband sensor placed
in the forearm of the subjects, the software of the sensor
allowed digitization (with 8-bit resolution) of the signal with
a 200 Hz sampling rate. The joint trajectories were acquired
using the LEAP motion sensor [32], which allows movement
tracking using two cameras and 3 infrared LEDs, the sensor
does not have a specific sampling frequency. In addition
its frequency cannot be configured and varies significantly
(standard deviation of 12.8 Hz [33]). The gestures of interest
(5), corresponded to pinch-grip exercises (4) and hand closed
(1). During the experiment the volunteers were asked to
perform 12 repetitions for each of the 5 gestures in the 3
defined muscular condition levels.

B. EMG signals preprocessing and Machine Learning for
gestures and muscular condition levels recognition

The digital signals were not filtered regarding the notch
filters (50 Hz, 60 Hz) implemented in the sensor and the low
frequency sampling.

The signal acquired when the subject was executing a
repetition of a gesture was called an event. An algorithm for
event segmentation was implemented in order to extract the
time domain features and the measurements for each of them.
Each subject had 12 events per gesture per level, 10 events
were selected for the experiment, each event lasts 6 seconds.
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Fig. 2. Acquisition setup: Each subject performed 12 repetitions of each
gesture of interest in 3 levels of muscular condition. In the level 1 the
volunteers were asked to perform 12 repetitions grouped in two modules,
resting 40 seconds between modules. In the level 2 the volunteers where
asked to perform 12 repetitions, but before each module they were asked
to perform a distal fatigue exercise. In the level 3 the resting period is
suppressed.
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Fig. 3. Example of acquired signals during the execution of the 5 gestures
of interest for each of the 3 muscular condition levels

Overall, we had 3000 events for the entire experiment, with
200 events per gesture per level (20 subjects x 10 repetitions).

A machine learning approach was used to identify patterns
in the EMG signals. First of all, a feature extraction stage was
implemented in order to obtain relevant characteristics from
the signals. From each event, 6 time domain features (Table
I) were extracted: Mean absolute value (MAV), Waveform
length (WL), Variance (VAR), Willison amplitude (WAMP),
Zero crossing (ZC) and Auto-regressive coefficients (AR
model)(2 coefficients) for the 8 electrodes of the Myo
armband that were simultaneously acquired, giving a total
of 56 features per event.

Then, in order to assess the muscular condition of the vol-
unteers and to differentiate the 3 defined muscular condition
levels, based on the analysis of the EMG signals with the
machine learning approach, for each event, we extracted 3
measurements: Muscular contraction strength, co-activation
level and muscular activation level, as shown in Table II.

From the extracted features and measurements, we trained
72 different architectures grouped in 3 different methods as
shown in Figure 4. Method 1 corresponds to the training of
a 15 classes classifier, where gesture 1 in muscular condition

Feature Formulation Information

MAV MAV = 1
N ∑

N
i=1 |xi|

Energy and
complexity

WL WL = ∑
N−1
i=1 |xi+1− xi|

Energy and
y complexity

VAR VAR = 1
N−1 ∑

N
i=1 x2

i
Energy and
complexity

WAMP

WAMP = ∑
N−1
i=1 f (|xi− xi+1|)

f (x) =

 1 i f x≥ umbral

0 i f x < umbral

Frequency

ZC

ZC = ∑
N−1
i=1 f (xi+1,xi)

f (xi+1,xi) =


1 i f xi+1 > 0&xi < 0

1 i f xi+1 < 0&xi > 0

0 otherwise

Frequency

AR model xi = ∑
P
p=1 apxi−p +Wi

Coeffiicientes
of the prediction

model

TABLE I
TIME FEATURES EXTRACTED FROM THE EMG SIGNALS [34]

Measurement Description Formulation

Muscular
contraction

strength

Defined as the ratio of the
VRMS of the agonist muscle

estimated during the execution
of the gesture to the VRMS

of the muscle during resting [30].
Here it is evaluated for each
one of the sensed muscles

V RMSi
V RMSreposoi

Muscular
Co-activation

Defined as the ratio of the
VRMS of the agonist muscle

to the VRMS of the antagonist
muscle [30]. Here we evaluate

the ratio of the VRMS
of each muscle i to the others n-i

muscles denoted as j

V RMSi
V RMS j

Muscular
activation

level

Defined as the ratio of the VRMS
of each muscle estimated during

the execution of the gestures
to the VRMS maximum voluntary
contraction (MCV) of the muscle

under revision [35]

V RMSi
V RMSMCVi

TABLE II
MEASUREMENTS OF MUSCULAR CONDITION

level 1 corresponds to the class 1 and gesture 5 in muscular
condition level 3 is the 15 class. Method 2 and Method 3
corresponds to a gestures classifier followed by a 3 muscular
condition levels classifier for each gesture (6 classifiers).
In Method 2, the muscular condition levels classifiers were
trained with the muscular condition measurements. Mean-
while in the Method 3 these classifiers were trained with
the measurements and with the extracted features. Finally, to
analyse the influence of the events in the performance of the
architectures, we also implemented Method A and Method
B in which the events were chosen selectively, in level 1 and
level 2 the first 5 events were selected and in level 3 the last
5 events.

For each of the above-mentioned methods, we trained four
types of classification algorithms: (i) Support Vector Machine
(SVM), (ii) Artificial Neural Network (ANN), (iV) Linear
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Fig. 4. Classification methods. N1, N2 y N3 corresponds to the 3 muscular
condition levels. Method 1 corresponds to a 15 class classifier. Method 2 and
3 corresponds to a 5 gestures classifier followed by a 3 muscular condition
levels classifier for each gesture. The difference between Method 2 and
Method 3 are the features used for the training of the classifiers.

Discriminant Analysis Classifier (LDA) and (iii) k-nearest
neighbors (k-NN). The optimization of these supervised
algorithms required an initial training stage with 70% of the
events, and a testing stage with the remaining 30%. For the
SVM classifier, 2 kernel functions were tested. For the k-
NN we used the number of neighbors equal to 1 and the
euclidean distance. Finally for the ANN we used a feed-
forward network of 28 neurons in the hidden layer with tan-
sigmoidal activation function. Architectures of the Method
A are shown in Figure 5.
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Fig. 5. Proposed classifiers architectures corresponding to Method A

C. Kinematic analysis of joint trajectories
The normalized directions of the fingers bones of the hand

from base to tip were acquired and digitized using the LEAP
motion sensor [36]. This sensor generates images with the
information of the infrared sensors. These are then processed
using the software of the sensor which generates the required
data based on the fit of the images and tracking layers.

Using the normalized directions, we calculated the joints
trajectories by solving the problem of finding the angle
between two straight lines in ℜ3. We defined a straight line
in ℜ3 in Equation 1 using its direction vector (~v) and a point
of the line ~Po. With this definition, we calculated the angle
using Equation 2, with ~u and ~v the normalized directions
of two consecutive bones. Due to the noise presented in the
joint trajectories, these were filtered using a moving average
filter [37] with window size of 200.

TABLE III
DH PARAMETERS

Joint α a q d
1 −π/2 L1−dig j q1,dig j (t) 0

digits 2-5 ( j =2...5) 2 0 L2−dig j q2,dig j (t) 0

3 0 L3−dig j q3,dig j (t) 0

4 0 L4−dig j q4,dig j (t) 0

x = ~Po+α ~v, α ∈ℜ (1)

θ =Cos−1 (~u ·~v)
‖~u‖‖~v‖

(2)

Then, forward kinematics method was applied to find
the spatial trajectories of the tip of the chains of an ex-
oskeleton (Tn,0 = ∏

n
i=1 Ai,i−1) using the joint trajectories

previously calculated. This exoskeleton was developed in
the Project PPTA 7167 “Diseño y Fabricación de un ex-
oesqueleto robótico para terapia articular”. For this work, it
was modeled as a branched physical system, in which each
finger is composed by a chain of rigid bodies serially con-
nected through rotational joint links. Therefore, conventional
Denavit-Hartenberg (DH) geometrical parameters were used
to represent the morphology of the model [1]. Figure 6 details
the multi-body diagram to represent the robotic system. The
forward kinematic was solved by posmultiplying the standard
homogeneous transformation matrix Ai+1,i.

Ai+1,i =

[
ri+1,i pi,i+1

0 1

]
=

cosqi −cosαi sinqi sinαi sinqi ai cosqi
sinqi cosαi cosqi −sinα cosqi ai sinqi

0 sinαi cosαi di
0 0 0 1


(3)

The term ri+1,i ∈ R3×3 is the rotation matrix that relates
the joint frame {i + 1} with {i} and pi,i+1 ∈ R3 is the
position vector that connects consecutive frames. Both terms
are dependent on the DH parameters αi, ai, di (Table III)
[1].

Finally, in order to generate control trajectories for each
volunteer for the execution of each gesture in each identified
muscular condition level, it was implemented a general-
ization algorithm based on the spatial trajectory of the 12
repetitions of the gesture. But first, the segmentation of the 12
movements of interest was needed. We defined the movement
of interest as the flexion of the fingers, that is, the trajectory
that starts from the position in which the hand is open and the
finger involved in the exercise is carried towards the thumb,
for gestures 2 to 4; and as the trajectory when the hand
closes starting from the open position in gesture 5. In order
to segment the movements we followed the steps of Figure
7.
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Fig. 7. Movements of interest segmentation: First we filtered the spatial
trajectories with a Moving average filter. Then we found the minimums
values of the signal. Finally, for each repetition we calculated the numerical
derivative and took the segment corresponding to the negative velocities
(flexion movements)

D. Trajectory planning with interpolation methods

In this section the control trajectories for each gesture
in each muscular condition level and for each volunteer
were planned. For this purpose, for each spatial trajectory
a generalization of the 12 segments was implemented. Due
to the need of a spatial generalization and because not all the
segments have the same spatial sampling, it was necessary
to interpolate the Z component of the trajectories. For the
resulting segments it was calculated the median of the Z
component.

Finally control points were extracted from the resulting
trajectory and were used as the input to an interpolation
algorithm called Constrained Cubic Splines [38] in order to
generate the control trajectories. This algorithm interpolates
the control points defining a resulting polynomial piecewise
function. The function S(t) defined between to, tn is con-
structed by the calculation of the coefficients of the poly-
nomials. In order to find the coefficients of the polynomials
we followed Algorithm 1.

Algorithm 1 Constrained Cubic Splines
1. Define si(ti) = aihi

3 +bihi
2 + cihi +di

2. Find hi = ∑
n−1
i=1 ti+1− ti

3. Solve the system b = A−1 f where

A =



2h1 h1 0 · · · 0

h1 2(h1 +h2) h2 0
...

0
. . .

. . .
. . . 0

... hn−2 2(hn−2 +hn−1) hn−1
0 · · · 0 hn−1 2hn−1



f =



3
h1
(d2−d1)−3Vo

3
h2
(d3−d2)− 3

h1
(d2−d1)

...
3

hn−1
(dn−dn−1)− 3

hn−2
(dn−1−dn−2)

3Vf − 3
hn−1

(dn−dn−1)


4. Calculate ai =

bi+1−bi
3hi

5. Calculate ci =
1
hi
(di+1−di)− hi

3 (2bi +bi+1)
6. Calculate di = S(ti)
Return S(t)

III. RESULTS

A. EMG-based classification of gestures and muscular con-
dition levels

First, the classifiers were trained with 2100 events, in
order to find the optimal parameters that minimize the error
function between the estimation and the real label of each
event. Then, the performance of the methods were evaluated
for 900 events in the testing set. In order to compare
the classifiers, a confusion matrix (15x15) was constructed,
containing the number of events correctly and incorrectly
classified per gesture and level. The precision, recall and F-
score for the methods were calculated. In Figure 8 are shown
the minimum, maximum and average of the F-score of the
15 respective classes for the best 28 classifiers. In particular,
the classifiers c1 and c37 had the best performance. c1 and
c37 are 15 classes classifiers (SVM with quadratic kernel)
using Method A and Method B respectively. Moreover, the
best classification on average within the 28 classifiers was
obtained for gesture 3 muscular condition 1 (class 7) (F-
score 0.831) and the worst for gesture 1 muscular condition
2 (class 2) and gesture 1 muscular condition 3 (class 3) (F-
score 0.633 and F-score 0.636, respectively).

B. Trajectory planning with interpolation methods

First of all, regarding the selection of the interpolation
method for the trajectory planning we performed a compar-
ison between the Cubic Splines and fourth grade Splines
methods using as inputs the control points of Table IV. The
Cubic Splines Algorithm (Figure 9) adapted better to this
application, because for this application it is not necessary
to have an algorithm such sensitive and with high spatial
resolution as the fourth grade Spline algorithm (Figure 10).

Finally, in order to validate the generated spatial trajecto-
ries, the correlation between the trajectories generated for
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X [cm] Z [cm] Vx [cm/s] Vz [cm/s] Time [s]
7.6977 -6.3682 0 0 0
8.4043 -6.6324 3.1302 -0.4553 0.2241
9.4193 -6.7601 4.2523 -0.0806 0.4482

10.6214 -6.8424 5.2617 0.1367 0.6723
11.9006 -6.8199 4.9538 1.1523 0.8959
13.0669 -6.6369 4.8804 2.2547 1.1209
14.1517 -6.3556 3.9463 2.3039 1.3450
15.1226 -6.0334 2.7695 2.7650 1.5695
15.8059 -5.6384 0.3230 1.7130 1.7936

TABLE IV
PARAMETERS IN CONTROL POINTS

Fig. 9. Interpolation using Cubic Splines Algorithm

Fig. 10. Interpolation using fourth grade Splines algorithm

each volunteer for the execution of each gesture in the
three muscular condition levels and the 12 repetitions of
the movements acquired when the subject performed the
movements (ground-truth) were calculated. In Figure 11 are
shown three examples of the generated trajectories and the
12 repetitions of the movements used for the validation. On

average, we have obtained a correlation coefficient of 0,89.

Fig. 11. Trajectories validation: Correlation between the generated control
trajectories and the 12 repetitions of the movements acquired when the
subject performed the gestures

IV. DISCUSSION
The muscular condition measurements proposed in this

work allow the discrimination of the defined muscle con-
dition levels. Furthermore, the features extracted from the
EMG signals improved the performance of the classification.
For this reason, in a future work the correlation between
these features and the motor condition can be analyzed
acquiring EMG signals of stroke patients.

The architectures and parameters used for the SVM and
KNN classifiers were suitable for the proposed classifi-
cation problem. Moreover, regarding the performance of
the ANN classifier, as a future work, modifications in the
ANN architecture can be implemented in order to improve
the performance of the algorithm, such as increasing the
number of hidden layers, changing the activation function,
implementing regularizers to the model parameters. Finally,
regarding the LDA classifier, in order to analyze the in-
fluence of non-linearity on the classification problem, as a
future work, the comparison between LDA classifier and the
Quadratic Discriminant Analysis (QDA) classifier could be
performed.

Our experimental protocol, on 20 control volunteers, con-
sisted in 12 repetitions of 5 gestures in 3 muscular condition
levels. The sample size was sufficient to plan accurate control
trajectories when the patterns between repetitions of the same
gesture were similar and without outliers. However, to per-
form a generalization non sensitive to outliers, it is required
to increase the database. The sample size of the events used
to train the classifiers was sufficient to demonstrate a good
performance of the methods. However, for a clinical study,
a larger database would be necessary. In particular, EMG
signals from stroke patients should be analyzed in detail,
as they could have an altered shape and a more variable
behavior. In addition, a correlation and comparison between
EMG and ECG signals could be performed as a future work
with the aim of find the optimal electrical control signal.

The module was develop in order to be applied in the
robotic-assisted therapy field, however, as it can asses the
muscular condition level based on the analysis of EMG sig-
nals, and with this information generates control trajectories,
this module can also be applied to other exoskeletons such as
those designed to support tasks in which there are changes in
the muscular conditions caused by the execution of repetitive
tasks.



V. CONCLUSIONS

In this work, we have used machine learning algorithms
for classification of 3 muscular condition levels in 5 hand
exercises used in rehabilitation based on the offline analysis
of EMG signals, which defined the spatial trajectories of
an exoskeleton. This approach is interesting, as it could be
applied to the field of robotic-assisted rehabilitation, in order
to control a hand exoskeleton and to assess the progress in the
rehabilitation with EMG signals. In fact, EMG signals result
of particular interest as they represent the subject’s intention
of movement and muscular condition. However, this field still
presents different challenges and limitations. In particular,
many proposed systems focus on rehabilitation of broad
movements of the hand, instead of dexterous movements
of the fingers. In addition, many of the proposed methods
that generates the control trajectories of the exoskeleton,
don’t consider the progress of the subjects. Furthermore, the
validation of the outcome for robotic-assisted rehabilitation,
compared to conventional therapy, still needs more evidence
and is not conclusive.

Here we have presented a first approach that aims to
overcome some of the challenges. First, we decoded 5 hand
movements, including pinch- grip finger movements. Second,
we used EMG signals to assess the muscular condition of the
subjects. Then, with this information and with joint move-
ment patterns information, we derived the control trajectories
of an exoskeleton. In the future, we would apply these results
to a robotic exoskeleton. Specifically, we would use the
information of the EMG signals to adapt the performance
of the robotic system, as long as the patient improves during
the rehabilitation process.
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