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In medical applications, the amputation of an
arm or the lack of a limb of the body inspires
the technological advances in the area of
robotics for the creation of intelligent
prosthesis  replaces and recovers a
percentage of the functionality of the absent
limb of a person. One of the most important
bases for the development of robotic limbs is
the analysis and study of EMG signals (surface
electromyographic  signals).  EMG  signals
provide information on the dynamics of a
muscle in its different states and provide
amplitude and frequency values that
describes the movement, contraction and rest
of a muscle. For an EMG signal, there are
representative characteristics like the RMS
value, Histogram, standard deviation, among
other functions that allow characterizing a
given signal in the time domain and
frequency. The objective is fo compare the
most commonly used approaches and
characteristics of EMG signals to differentiate
between different signals that represent
gestures or movements of the hand.

Keywords.  Electromyography,  classifier,
gesture recognition, evolutionary algorithm,
prosthesis, robotic hand.

Nas aplicacdes medicas, a amputacdo de
um braco ou a falta de um membro do corpo
inspira os avancos tecnoldgicos na drea da
robdtica para a criacdo de proteses
inteligentes  substitui e recupera  uma
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porcentagem da funcionalidade do membro
ausente de uma pessoa. Uma das bases mais
importantes para o desenvolvimento de
membros robdticos é a andlise e estudo de
sinais  EMG  (sinais  elefromiogrdficos  de
superficie).  Os sinais EMG  fornecem
informacgdes sobre a dinmica de um musculo
em seus diferentes estados e fornecem
valores de amplitude e frequéncia que
descrevem 0o movimento, contracdo e
descanso de um musculo. Para um sinal EMG,
existem caracteristicas representativas como
o0 valor RMS, Histograma, desvio padrdo, entre
outras funcoes que permitem caracterizar um
determinado sinal no dominio de tempo e
frequéncia. O objetivo & comparar as
abordagens e caracteristicas mais utilizadas
dos sinais EMG para diferenciar entre
diferentes sinais que representam gestos ou
movimentos da mao.

Palavras chaves: Eletromiografia,
classificador, reconhecimento de gestos,
algoritmo evolutivo, protese, mao robdtica.

En las aplicaciones médicas, la amputacion
de un brazo o la ausencia de un miembro del
cuerpo inspira los avances tecnoldgicos en el
area de la robdtica para la creacion de
protesis inteligentes  que  sustituyen y
recuperan un porcentaje de la funcionalidad
del miembro ausente de una persona. Una de
las bases mds importantes para el desarrollo
de las extremidades roboticas es el andlisis y
estudio de los senales EMG (senales
electromiograficas de superficie). Las senales




EMG proporcionan informaciéon  sobre la
dindmica de un musculo en sus diferentes
estados y proporcionan valores de amplitud y
frecuencia que describen el movimiento, la
contraccion y el descanso de un musculo.
Para una senal EMG, existen caracteristicas
representafivas como el valor RMS, el
Histograma, la desviacion estandar, entre
ofras funciones que permiten caracterizar una
senal dada en el dominio del tiempo v la
frecuencia. El objetivo es comparar los
enfoques y caracteristicas mas utilizados de
los senales EMG para diferenciar entre las
diferentes senales que representan gestos o
movimientos de la mano.

Palavras chaves: Electromiografia,
clasificador, reconocimiento de  gestos,
algoritmo evolutivo, protesis, mano robotica.

Currently, the robofic arms are used to
facilitate and optimize some risk activities for
the human being. A robotic armis considered
as a programmable mechanical arm able to
approximate and simulate the movements of
a human arm. These movements are
inferconnected through articulations (degrees
of freedom), allowing rotational, fransnational
movements and linear displacements. Many
of the applications of robotic arms are
developed for the construction of prostheses
as presented in [1] where they develop a
system for predicting arm angles for the
control of robotic prostheses. Also, in [2] they
perform the control of a finger prosthesis.
These works are focused on people with
missing limbs. Typically, in this class of
applications, it is necessary to acquire
electromyographic signals asin [3], [4] and [5],
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here they use this type of signals for the
recognition of gestures and control of robotic
arms. This case focuses on the acquisition and
processing of electromyographic  signals
(EMG). For this, it is necessary to locate
different sensors around the arm measuring
the neuromuscular functions.

Some applications were to relate EMG signals
are for example the one shown in [6]. They
focus on the discrimination between normal
EMG  (NOR), myopathy (MYO) and
neuropathic  (NEURQ) signals, where they
apply the support vector machine (SVM) and
the probabilistic neural network (PNN) as
feature classification methods. A similar
development takes place in [7] where SYM,
LDA and KNN methods are applied for the
classification of 7 gestures to control a robotic
army telemetry. In [8] they perform statistical
analysis for the classification of EMS, finding the
best and shortest features vector that
describes the gesture. In [9] perform Hand
Gesture Recognition Optimization based on
EMG using preprocessing of supervised and
unsupervised data in healthy subjects with
fransradial amputation.  Nowadays, many
works are carried out for the recognition of
patternsin EMG signals using Deep Learning as
those presented in [10] where through a
method called Transfer Learning, they perform
the classification offhand gestures. In [11] they
use EMG signals in the time-frequency domain
to identify normal and aggressive actions
through convolutional neural networks (CNN).

In some cases, a combination of EMG signals
and visual characteristics has been used as in
[12], [13] and [14] who perform image
acquisition using a camera to identify hand
movements. In [15] they create a database for
the analysis of individuals during learning
injuries of other languages. Also, MG signals




have been used for different tasks as in [16]
they propose that they can serve as a
biometric characteristic for the identification
of people or diagnosis of diseases.

One of the main drawbacks of the work done
with EMG signals [17] A large amount of data
is required to correctly label and perform a
good classification stage. For this reason,
much work has been done to contribute to the
scientific community of the data set related o
EMG signals of arm movements and gestures,
as mentioned in [18]. They describe in detail
the main and largest Dataset publicly
available to develop this type of application.
The most used Dataset is presented in [19] so it
is taken as a reference for this work.

In most of these works, it is observed
that it is not easy to determine the
characteristics that manage to clearly
differentiate  between ~ EMG  signals
coresponding to different gestures. In this
work the performance of the classifiers has not
been improved, this fo implement an
evolutionary  algorithm ~ that  improves
performance, selecting the vector of features
that best classify gestures. This document is
organized as follows: In section I, the
approach of the materials and the methods
used for the acquisition, exfraction, and
selection of characteristics of the EMGs signals
is described. Section Il describes the analysis
of the EMGs signals and the method of
evaluation and selection of characteristics
through a leaming evolution model (LEM).
Section IV shows the experiments and results.
Finally, section V provides some comments
and future projections of this work.

Before implementing the feature selection
system for the classification of gestures, it is
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necessary to define a series of methods
necessary to carry out this process. This section
describes  the  used  Dataset,  the
characteristics  extraction  stages, some
classification methods, and the evolutionary
algorithm.

A. Dataset

The selection of the Dataset is one of the most
important aspects when starting a pattern
recognition work as mentioned in [20]. It is
necessary to have a large amount of data
with subjects of different ages and gender to
achieve greater robustness in the classifiers. In
[18] present a detailed description of the most
used Dataset of EMGs signals. Based on this, it
is decided to select the NinaPro Benchmark
Dataset. NinaPro is for public use and was
developed for non-invasive prostheses. It is
currently the largest and most used publicly
available.

NinaPro  describes the distribution  and
acquisition protocols of EMG signals that
include data from 78 people, where 11 people
have amputationin the radial area of the arm.
The 78 people were instructed to perform 4
sefs of exercises while carrying out the EMG
signals acquisition protocol. The first exercise
contains 12 basic movements of the fingers,
the second exercise contains 8 isometric and
isotonic hand configurations and 9 basic
movements of the wrist, the third exercise
contains 23 grip movements and the last
exercise 9 strength patterns and a position of
rest. These exercises were carried out in a
process with 3 seconds rest between exercises,
and with a duration of 5 seconds per exercise.
The data described above form a set of three
different Dataset. During the development of
this work, DB2 will be the main reference in the
advance of the acquisition, extraction, and
classification of the characteristics of a signal
EMGs. It is composed as shown in Table 1.




Table 1. Dataset 2

Subjec | Movemen | Repetitio | Exercise | Senso
fs fs ns 2 rs
40 50 6 17 12

movemen
fs

Table generated by the Authors.

In DB2, 12 sensors are used distributed along
the armin the following way, 8 sensors equally
spaced in the forearm, 2 sensors located in the
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algorithm define the best set of characteristics
in such a way that a better performance is
obtained. Feature exfraction is performed in
the time domain and in the frequency domain
according to Table 2 and the Wavelet
fransforms with 7 levels db45.

With this, we obtain a set of 55 characteristics
fo be evaluated by the evolutionary
algorithm.

Table 2. Features

flexor digitorum superficialis muscle and the Time domain Frequency
extensor digitorum superficialis muscle and domain
finally, 2 sensors located in the muscles biceps Rool 4val M
and triceps brachii muscles. For this work, the oormean squdred valve ean
analysis of the EMG signals obtained from the Mean absolute deviation Average
first 10 sensors, the 2 sensors located in the
muscles biceps and triceps are not Mean absolute value Median.
considered, as shown in Figure 1. Inferquartile range sk
Fig. 1. Position of sensors used. Integrated Absolute Value Finsmk3
EMGs SIGNALS Slope sign change Fnsmk4
Standard deviation FInsmk5
Variance Total power

-

Zero crossing Median power

Figure generated by the Authors.

B. Feature extraction

The process of extraction of characteristics is
carried out by separating the signals in 200ms
windows. NinaPro was acquired with @
sampling frequency of 2KHz, so the resulting
window contains 400 data. For this work, the
quantity of characteristics to extract is a key
aspect. It is infended that the evolutionary
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Waveform length Energy cd1 wavelet

Mean squared error Energy cd2 wavelet
Autoregressive 5 coef  |Energy cd3 wavelet
Maximum value Energy cd4 wavelet
Permutation entropy Energy cd5 wavelet
Multiscale Permutation  [Energy cdé wavelet
Entropy
Histogram 20 bins Energy cd7 wavelet

Table generated by the Authors.



C. Feature selection

There are several methods of feature selection
that can be structured mainly in 2 groups:

1) Deterministic methods

¢ Karhunen Loeve expansion
¢ Fisher Linear Discriminants

* Principal component analysis (PCA)

2) Probabilistic methods

* Divergence method
* Bhattacharyya distance
* Mahalanobis distance

These mentioned methods are just some of
those that have been developed to fulfill the
task of selecting the best set of characteristics.
Despite this, in some cases, these methods are
not enough. Some researchers resort to the
exhaustive search process. Therefore, the
implementation of an evolutionary algorithm
that takes care of this task is considered.
Different sets of characteristics are taken as a
population of evolution until reaching a result
that generates greater performance. The LEM
(Learnable Evolution Model) algorithm s
established as an evolution method [21]. It
presents a hybrid approach and has been
highly generalized for optimization tasks. The
general idea of LEM is to execute repeated
stretches of evolution and serial learning. Each
stage of evolution is based on prior learning,
that is, information acquired from previous
generations. This information is used tfo
generate new evolved individuals to make up
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the new population. So that in each
generation, a more appropriate set of
characteristics is obtained for the classification
stage.

D. Classifiers

Several  tests are  performed  using
characteristics like those selected in [19] to
select the classifiers that show better behavior.
The following classifiers are established.

¢ Classification ensemble model
+ Classification decision tree
* KNN classification model

* Neural Network using a Generalized Linear
Model

The EMGs signals from DB2 are read and the
windows are separated in each repetition of
the gestures that will be classified. An analysis
of the signals is presented to verify their
dynamics and extract the windows that
contain the most representative information.
Subsequently, the extraction procedure of the
characteristics mentioned in section II-B for the
whole set of EMG signals is presented. The
selection of the best set of characteristics is
made through the LEM algorithm. Finally, the
classification method is implemented.

A. EMGs signals

Figure 2 presents an EMGs signal exfracted
from the DB2 presented in the section ref
dataset. The EMG signal represents the
dynamics of one of the windows and one of
the 8 isometric movements (gestures) of the




hand. Each gesture is repeated 6 times by the
subject, this signal is acquired from the sensor
10 located in the area of the extensor
Digitorum Superficialis muscle of the arm.

The red signal represents the time where the
repetition of each gesture is executed
(constant signal different from zero) and the
time where there are breaks (signal equal to
zero) between repetitions of the movement.
This Figure contains 6 repetitions of the signal
EMGs representing the first gesture, for each of
the EMGs signals, the repetitions 1, 3, 4 and 5
were used to train the classifiers and the
repetitions 2, 5 were used for the evaluation of
the classifiers.

Fig. 2. Signal EMG for the first gesture.

ik 10 Sefial EMGs

Sefial EMGs (gesto 1)
Repeticiones

1.5

SN

-0.5

-

Amplitud
(=3

-1.5

0 2 4 6 8 10 12
Muestras «10*

Figure generated by the Authors.

In general, most signals contained in DB2 have
a similar dynamic to the EMGs signal
presented in Figure 2. For the analysis of the
EMG signals, the signals representing gestures
1,28, 9, 10, 12, 13 and 14 are taken into
account, as shown in Figure 3. The resting times
are not taken info account to perform the
analysis of the samples where the signal
represents each gesture.
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Taking into account that the resulting windows
are 400 data in each repetition of each signal
EMGs. Each repetition is divided into é equal
partitions, to analyze the 4 internal partitions
where the most representative information of
the freated gesture is found and thus carry out
the process of extracting characteristics.

B. Classification

In this stage, the implementation of some
classifiers that show good behavior in the
distinction of several classes is carried out.

* Neural Network using a Generalized Linear
Model

+ Classification decision tree
* Ensemble of classification learners
* KNN classification model

During the tests, the classifier that presents the
best results was the Neural Network using a
Generalized Linear Model. For this reason, it
was decided to select this as an evaluation
function for individuals for the evolutionary
algorithm.

Fig. 3. Gestures.

=N =

1. Thumb up 2. Extension of index 8. Adduction of extended

=

9. Wrist supination
(axis: middle finger)

and middle fingers
10. Wrist pronation

13. Wrist flexion
(axis: middle fingers)

14, Wrist extension

Figure generated by the Authors.
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C. Feature selection with LEM

Although there are 55 characteristics for the
classification of gestures, not all characteristics
are useful for classifying some gestures. Taking
them into account can result in atf least a
higher computational effort. In the worst case,
the performance of the classifier worsens. To
solve this problem, a model of evolution by
LEM learning was used. In [22] this method has
been generalized for optimization, the general
idea is to execute repeated stretches of
evolution and serial leamning, where the new
evolution is based on previous learning, that is,
information  acquired  from  previous
populations. The algorithm uses KNN learning
method in conjunction with LEM. An XOR s
used as a crossing operator and no mutation
operator, KNN is applied as a particular form
of survival selection operator that judges an
individual according to the neighbors’ fitness
values, in Figure 4 presents the pseudocode of
the LEM algorithm.

The algorithm is encoded in binary form and
starts generating a random population of 200
individuals that are constituted by 55 bits,
where each bitis related to the use or omission
of one of the features mentionedin the section
I-B. This population is evaluated by a fithess
function and is separated into 3 groups, one in
which the best fitness values are contained
(Group H), anotherin whichis the worst (Group
L), and another to replace children and new
individuals.

The fitness function is a comparison between
the gesture you want to make and the gesture
that is predicted. This is done through a
Dataset designed to test the performance of
the algorithm, the number of correctly
predicted gestures over the totals will be the
fitness value for the individual. From the group
of good individuals, the algorithm crosses two

individuals from group H to generate a child.

The sonis only part of the next generation if he
fulfills that his closest neighbors belong to
Group H. LEM is executed according fo the
learning gap, which corresponds to the
number of generations that must pass to
update group H. The algorithm performs this
process of evolution for 5 generations.

Fig. 4. Pseudocode

Algorithm 1 pseudo-code for KNNGA

1: population size= 200; =0

2: max generation number= 10 .

3: k=4, learning gap=1, threshold=0.4 .

4: generation number = 0.

5: Initialize a new population with population size.
6: Evaluate current population .

7: repeat

8:  reproduce current population

9:  if(generation number % leaming gap== 0) then

10: copy current population into learning population .

11: calculate the H-group and L -group according to threshold .
12: endif

13: while{i < population size) do

14
15
16:
17
18:
19:
20:
2L
2%
23

mutate a parent individual to generate a new child.
calculate the k nearest neighbours for this child.
if(the majority of this child's k neighbours are nearer to H-Group) then

evaluate and place it intn the next generation.
Ik

else

child is aborted.

end if

apply crossover on two parent individuals in the current population to generate two new children.
for each of these two children, repeat steps 15-21.

24: end while
25: penerationnumber ++.

26: until{generation number == max generation number)

Figure generated by the Authors.

Different trials were carried out to test the

extraction

methods,  classification  and

evolution of the features for each EMG signal.
Considering that each sub-dataset of the
signal contains 6 repetitions per gesture, 66%
of the repetitions of each of the EMG signals
contained in DB2 will be implemented for the
fraining 34% of the repetitions of each of the
signals for the evaluation.
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First, a total of 14 random subjects are
considered, where 2 gestures (gestures 2 and
10) made by each subject are evaluated.
Subsequently, the variances in  the
performance and evolution of the classifiers
mentioned in the section of characteristics
coresponding to each EMG signal are
analyzed for the first 10 sensors located along
the arm, observing similar results to those
presentedin [15].

Table 3 shows the results of the first fest of the
performance calculations and the evolution
of the selected characteristics for each signal,
considering each sensor located along the
arm. The total of characteristics selected by
the LEM evolutionary algorithm is also
presented. I is observed that the evolutionary
algorithm manages to improve performance
by approximately 15 %.

Table 3. First Test for 14 Subjects and 2 Gestures

Sensors | Performance | Evolution | Selected

% % Features
1 53.13 70.78 29
2 57.13 68.96 27
3 68.61 74.68 23
4 55.56 69.30 29
5 62.66 71.59 26
6 64.03 75.72 27
7 50.40 67.12 27
8 51.32 70.10 22
9 50.63 77.32 25
10 52.12 67.12 24

Table generated by the Authors.

After performing the tests for each sensor and
taking into account the 14 subjects and the 2
gestures treated (2 and 10), it was found that
the performance of all the characteristics
extracted from the EMGs signals captured by
the sensor 9 is 50.63 %, this indicates that the
sensor located in the Flexor Digitorum
Superficialis muscle of the arm, has an
acceptable response in which  some
characteristics mentioned in the section II-B
are distinguished for the 2 gestures treated.
When submitting this result to the LEM
evolutionary algorithm, it is found that
performance evolved by finding the 25 most
representative characteristics of gestures 2
and 10 of the EMG signals captured by the
sensor 9.

On the other hand, there is an increase in
performance of 26.69 % on the part of the LEM
algorithm, which results in a new evolution
performance of 77.32 %. These results reveal
the accuracy and rigor of the LEM algorithm
by increasing performance by selecting the
most  representative  characteristics  for
gestures.

Table 4 shows the results of the second test of
performance calculations and the evolution
of the selected characteristics for each signal,
considering a tfotal of 14 subjects and 4
different gestures made by each subject are
evaluated.

Table 4. Second Test for 14 Subjects Variation
of 4 Gestures

Sensors | Performance | Evolution | Selected
% % Features

9 43.05 52.36 28

9 43.32 53.11 2]

9 43.18 55.91 28

3 40.77 5489 28

Table generated by the Authors.
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For the second test, the same number of
subjects are considered, but changes are
made in 4 different gestures and a change in
the indicator of the sensor to be analyzed.
Initially, the performance of the sensor 9 is
analyzed, in the first result obtained in Table IV
the gestures 14, 12, 13 and 1 are taken into
accountwhen acquiring all the characteristics
for each gesture made by the different 14
subjects, an initial performance of 43.05% is
obtained. This result is submitted to the LEM
algorithm, which results in an evolution
performance of 52.36% for an amount of 28
selected characteristics, which indicates an
increase of approximately 9.31% of the
performance.

A change in the analysis of the gestures is
made taking gestures 2, 8, 13 and 1 as a
reference, so the second result obtained in
Table IV shows that the performance for all the
characteristics is 43.32 %. This result is submitted
to the LEM algorithm, which results in an
evolution performance of 53.11 % for an
amount of 21 selected characteristics, which
indicates an increase of approximately 9.8 %
of the performance.

The third result obtained in Table IV is obtained
by reference gestures 2, 9, 13 and 1, unlike the
previous result a gesture 8 is changed by
gesture 9. In this case, a performance of 43.18
% is obtained. This result is submitted to the LEM
algorithm, which results in an evolution
performance of 55.91 % for an amount of 28
selected characteristics, which indicates an
increase of approximately 12.73 % of the
performance.

Finally, the last result reflects the analysis of the
sensor 3 in which the same number of subjects
and the same gestures of the previous result
were implemented. A performance of 40.77 %
was obtained (lower than that of the previous
results). However, when this result is processed
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by the LEM algorithm, an evolution
performance of 54.89 % is obtained for an
amount of 28 selected characteristics, which
indicates an increase of 14.12 % (higher than
that of the previous results).

The LEM algorithm proved to be an effective
tool for identifying the most appropriate set of
characteristics to define each gesture.
Optimizing in all cases the performance of the
classifier by 10 % in the worst case and the best
case up 10 26.69 %.

As future work, we want to improve the
performance of the classifiers before making
use of the LEM algorithm, performing a
processing to the previous EMGs signals, in this
way to achieve the best possible performance
fo implement and develop a robotic
prosthesis, that makes successful form the
movements desired by the subject and natural
dynamics of an arm.
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