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Abstract—Electroencephalography (EEG) study allows the
recording of brain activity associated with different mental
tasks through electrodes placed on the scalp that amplifies the
electricity changes at neurons activity. Because of the nature of
EEG signals, their interpretation and classification require an
expert. Recently, machine learning algorithms for EEG analysis
have gained popularity and are applied in various activities
such as brain-computer interfaces (BCI), diagnostic of brain
disorders, etc. In this work, an EEG classification was performed
with different machine learning algorithms. For this, Support
Vector machines (SVM), K-nearest neighbor (KNN), Quadratic
Discriminant Analysis (QDA), Linear Discriminant Analysis
(LDA), Naive Bayes (NB) and Ensemble were implemented and
the performance of different algorithms when distinguishing
between two classes: one of movement and one of inactivity.
The movement class was composed of Motor Imagery(MI) data
and actual movement and inactivity class of a baseline. From
the proposed techniques for EEG classification, the QDA and
NB achieve the highest accuracy.
Index Terms—Classification, EEG, Machine Learning.

I. I NTRODUCTION
EEG is the recording of the brain electrical activity, and it
is obtained by placing electrodes on the surface of the scalp
[1]. The state of brain activity can be assessed by examining
the energy in frequency bands [2]. These frequency bands are
called Alpha, Theta, Delta, Gamma and Mu, and they work
in the order of 0.5 Hz to above 50 Hz [3] .
In EEG, Movement Imagery (MI) [4] is the mental execution of a movement (such as grasping or stomping) without
actually performing the movement, as means without the
execution of the muscular activity. That MI has been a
fundamental part of the development of assistive rehabilitation
technologies such as BCI [5]. These assistive technologies are
composed of devices, products, or pieces of equipment used
to increase, maintain, or improve the independence of people
with different levels of disability.
To achieve a classification, exist different techniques distinguished by their domain.Exist the techniques related to
the evoked activity, these are focused on the extraction of
information from the frequency bands, such as the average
band power, the relative band power, and the event-related
potentials. One of the techniques related to spontaneous activity is Power Spectral Density (PSD) . This technique is
defined as the rate at which motor units are triggered. You
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can also find techniques associated with frequency, such as the
Welch method [6]. Time-frequency techniques, among which
Fourier Transforms (STFT) [6], Wavelet Transforms (WT)
[7] and other methods that represent signal information can
be observed, such as Entropy, a measure of uncertainty and
represents the number of bits necessary to represent certain
information of the signal [8].
BCI systems are popular as support for people with disabilities, but it should be noted that these systems can also
be used for non-biomedical applications such as industry,
transportation, and entertainment. Many of these systems rely
on machine learning algorithms to be able to process the EEG
signals. Machine Learning algorithms can be classified [9] as
supervised learning [10], unsupervised [11], and reinforcement
of learning [9]. Each of these types of learning has different
learning objectives; for example, some of the supervised
learning algorithms are better for classification and regressions
for data analysis. These learning algorithms have tools such
as Neural Networks (NN) [12], Deep Learning (DL) [9] ,
Bayesian Networks (BN) [12] and Decision Trees [13], among
others. Many works have approached the implementation of
different classifiers based on machine learning algorithms to
solve the problem of EEG signals classification. The work of
[12] mentions some EEG algorithms which can perform the
EEG classification task. Machine learning algorithms can also
be classified through a ”family”; the differences between each
family rely on their mathematical method for classifying or
how they compute the data.
The family of Linear Models contains the LDA, QDA, and
Logistic Regression. It’s a widely used [13] family of machine learning algorithms for dimension reduction and feature
selection. Bayesian classifiers (BC) [12] is a family of simple
probabilistic classifiers based on applying Bayes’ theorem,
with strong independence assumptions between the features.
For these assumptions, it’s called ”naive” bayesian. Support
Vector Machines is an algorithm with a kernel approach [13].
A kernel is a support vector that helps to separate classes in a
hyperplane. This type of algorithm has probed good accuracy
for tasks that involves classification and regression. KNN
family [12] classifies new values based on similarity. These
algorithms search the nearest similar data to the previously
trained ones and work better with a small size of datasets.

Ensemble classifiers [14] are used in large datasets to increase
the classification accuracy, stacking different classifiers in
order to minimize the errors of classification committed by
the previous classifier.
The present work compares the accuracy of different machine learning algorithms to classify EEG signals by using
different features extracted from the MI dataset [15]. The
input of the different machine learning algorithms (SVM,
LDA, QDA, KNN, etc.) is 10 features extracted from the
original signal consisting of 6 power bands and 4 timefrequency domain characteristics. These features proceed from
ten subjects-12 trial sample of MI Physionet data [15] set. A
dimensional reduction is then performed as proposed in [16]
to lower the computational cost and increase the performance
of the algorithms. The paper organization is as follows: In
Section II a description of the proposed EEG classification
method based on machine learning algorithms is established;
Section III displays the results of the comparison between the
proposed algorithms, and finally, in Section IV conclusions
are presented.
II. M ATERIALS AND M ETHODS
The methodology followed in this work consists in : Data
recollection, pre-processing, feature extraction, feature selection and signal classification, as can be seen in Figure 1 .

A. Database
The database selected for their support information and size
was the Physionet Motor-Imagery dataset [15].This database
was used in the previous classification works [9] with different
features extracted from the raw information. This allows
comparing the performance of the present work with them.
The complete database consisting of 1500 recordings of 12 minutes was obtained from 109 volunteers on 64 EEG
channels using the BCI2000 system. Each subject performed
14 experimental runs, with the following characteristics: two
one-minute baseline runs (one with eyes open, one with eyes
closed) and three experimental runs of two minutes of each of
the following four tasks:
1) Open and close the left or right fist
2) Imagine opening or closing the left or right fist
3) Open and close both fists or both feet
4) Imagine opening and closing both fists or both feet
For the present work, not the full database was employed,
only a sub-set of 10 experimental subjects. The selection of
the size was made taking into consideration a previous study
[18]that achieved a classification using a small sample and to
lower the computational cost. A 10% subject size can represent
the information. Also, the sub-set is composed of information
corresponding to the tasks and trials of opening and closing the
upper limbs and imagery of the movement and the baseline.
This information could lead to an upper limb rehabilitation
system in the future. These ten experimental subjects contain
12 trials each. Three trials correspond to the MI, 3 to the
performance of the movement, and six trials to a baseline (3
for eyes open and 3 for eyes closed), giving a total of 120
trials. These trials will compound the training set for the two
classes Movement(For MI and Movement) and Inactivity.
B. Pre-processing

Fig. 1. Methodology employed

The hardware section employed a Dell Inspiron 15 3000
with a 10th generation Intel Dual Core i3-1005G1 processor
(1.2 GHz, up to 3.4 GHz, 4 MB cache, two cores). 8 GB
DDR4 SDRAM, 128 GB solid-state drive, 1 TB HDD, Intel
UHD graphics. A Matlab R2020a version of the software
was used, with the corresponding toolboxes. The Classification
Learner application included with the mentioned version was
used for the implementation of Machine Learning algorithms.
It was chosen together with the programming environment, the
EEGLAB toolbox [17], 14 1b version, which is an interactive
Matlab toolbox to process continuous EEG data related to
events as well as other electrophysiological data, and their
extension of pre-pipeline that it’s a tool focused in the preprocessing process.

Before starting with the feature extraction, it is important to
remove the artefacts that may contaminate the EEG signals to
facilitate its reading, interpretation, and analysis. Various processes can accomplish this, including filtering, re-referencing,
segmentation, channel removal, signal damage testing, and
more. Filtering is the most precise procedure for removing
artefacts that interfere with the signal. Using the EEGLab [17]
plugin for Matlab, the pre-processing procedure of the new
data set was performed.
The baseline was removed to eliminate signal compensation
which provided a new reference. At the same time, a 60Hz
line noise filter was applied to remove the noise caused by
connecting the system to the electrical supply. This frequency
corresponds to the frequency used in the United States and
North America territory, which is the territory of origin of the
database. Later, a 0.5 High-Pass filter was applied to correct
the baseline.
C. Feature Extraction
The methodology employed for feature extraction and its
selection is suggested in [16]. It is composed of data acqui-

sition, feature extraction, and feature selection previous to a
classification process, as can be seen in Figure 1.
Feature extraction is the first step to classification an EEG
signal because it reflects the signal information that will allow
us to distinguish between the different proposed classes. In
previous works of EEG classification [9] is mentioned that
correlation between imagery and motor signals can contribute
to the performance of a BCI [19]. In Figure, 2 has portrayed
the PSD feature of 3 tasks: Baseline, Movement of upper
limbs, and Imagery of upper limbs, and is observable that
Movement and Imagery could integrate the movement class
without compromising it and could lead to a binary classification reducing the computational cost in the classification step
and with a good performing in a BCI.

Fig. 2. PSD for S1 and 3 tasks

In this work, features were extracted and selected based on
their association with the cerebral motor region to differentiate
between the two proposed classes and consider the previously
mentioned works. At first, the signals’ extraction of the power
bands Delta, Theta, Alpha, Beta, Gama, and Mu (an alphoid
associated with motor events) was established.
In terms of features that reflected the randomness of the
signals and could be helpful to distinguish between the
two classes, the following were taken into account: Spectral
Power Density (PSD), Shannon Entropy, Spectral Entropy
and Discrete Wavelet Transform (DWT). These features were
extracted for Fc3. This channel was considered due to its
location in the 20-10 electrode positioning system and also its
in a region associated with motor activity. This information
can be found condensed in Figure 3.
D. Feature Selection
One of the goals of feature selection is to reduce computational time and increase system accuracy. In a previous review,
[9], the systems that included the selection procedure for the
output of characteristics achieved greater precision than the
BCIs that did not involve that process.
There are different types of approaches to feature selection:
manual selection, statistical selection, filter selection, probabilistic, and metaheuristics. In filter selection, for example,

Fig. 3. Composition of Sample of Physionet MI [15]

exist an algorithm called MRMR (Minimum Redundancy
Maximum Relevance) that reduces redundant data within the
database and maximizes the relevant information to classify
[20]. Metaheuristics is a procedure in which one tries to respond to an optimization model through heuristics. Heuristics
are search algorithms used to select features in large databases
because they can handle the dimensionality problems that
such databases imply. Into these metaheuristic algorithms are
genetic algorithms and differential computing.
Due to the size of the database used in the present study,
an MRMR algorithm was employed to select the data and
classify it. The feature selection through algorithms that can
adapt according to the type and content of the databases has as
an example the algorithm called Linear Discriminant Analysis
(LDA). This algorithm [21] is the evolution of a statistical
method designed to distinguish between classes of plants. It
is defined by the probability of the joint discrete/categorical
variables on their distribution and is expressed in (1).
I(x, y) =

X

p (xi , yj) log

i,j

p (xi , yj )
p (xi) p (yj)

(1)

Then, the level of ”similarity” or minimum redundancy is
expressed by (2) where ”S” represents the desired features and
|S| the number of features in the features subset.
1 X
I(i, j)
(2)
min W1 , W1 =
2
|S| i,jεS
And (3) quantifies the relevance of certain characteristics
for the classification task.
max V1 , V1 =

1 X
I (h, i)
|S|

(3)

iεS

E. Classification Methods
Once the feature selection finishes, the results (the best
features) become the input of the collection of classification
algorithms. In the present, the classification process was
developed to distinguish between two classes: Inactivity and
Movement. First, all the features available (10 features) and
then the best-ranked pair of features for the system in the
feature selection process. To classify signals adequately, algorithms should contain the following characteristics: Be able

to deal with variant patterns, prevent overfitting, and adequate
fast [12].The algorithms that are portrayed are: Decision Tree
(Fine, Medium and Coarse), Linear Discriminant, Quadratic
Discriminant, Logistic Regression, Naive Bayes (Gaussian and
Kernel), Support Vector Machines(Linear, Quadratic, Cubic,
Fine Gaussian, Medium Gaussian, Medium Gaussian, Coarse
Gaussian) K-Nearest Neighbor (Fine, Medium, Coarse, Cosine, Cubic, Weighted) and a series of Ensemble algorithms
like Boosted Trees, Bagged Trees, Subspace Discriminant,
Sub-spaced KNN, RuBoosted Trees. The Figure 4 displays
a representation of the Classification process.

Fig. 5. Ranking of features according to their relevance to the system

Fig. 4. Classification process

III. R ESULTS
To compare the impact and relevance of diverse features
in the accuracy of the classification of the database using the
proposed machine learning algorithms, the feature reduction
approach was taken, making a feature selection. With all of the
previously extracted features, a classification analysis was carried out using the Matlab classification learner toolbox to find
out which would be the best algorithm to achieve an accurate
classification. To carry out this analysis, the MRMR showed
that the best characteristics to feed the selection algorithms for
this data set are those corresponding to the Shannon Entropy
and the Discrete Wavelet (DWT) for FC3 channel information.
In Fig 5 the importance of these characteristics within the set
can be appreciated.
Table I compares the accuracy for machine learning algorithms of all the available features and pairs of features
chosen by their importance for the system. The first column
portrays the best percentage of accuracy and corresponds to
all the available features. The last column shows the features
(Shannon Entropy and Discrete Wavelet Transform pair) that
compete with the first column performance. A significant
difference in accuracy can be observed depending on the
conforming of the selected pairs. The pairs of features which
algorithms accuracy compete with the use of all the extracted
features are the ones with major relevance for the system.
In Table II it can be found the confusion matrix that
shows the performance of the training data corresponding

to the training for a QDA for all the features and the pair
corresponding to Shannon/DWT. These features were selected
by the results of MRMR that highlights them as the features
with maximum relevance for the system. The QDA algorithm
has a perfect score for the database sample; this is because
of the size of the database, QDA performance is better in
small-size databases. Also, QDA is outstanding for feature
selection and dimension reduction. The performance of this
pair of features is similar to the one displayed for the QDA
training model for all the features.
Table III is a comparison between the machine learning
algorithm training for all the features and the previously mentioned pair. It is focused on their training time and prediction
speed because this parameter portrays the computational cost.
IV. C ONCLUSIONS AND D ISCUSSION
Observing the table of comparisons of the features and
algorithms, the machine learning algorithms with the highest
accuracy are the QDA and the BN algorithms; these algorithms work better with small data sizes. All the machine
learning proposed algorithms have similar performance, but
the independence between features increases the distance
in a hyperplane between data. Consequently, the prediction
and classification task became difficult for SVM and KNN
algorithms, which significantly impacts accuracy and feature
selection.
The results confirmed that machine learning algorithms
could achieve a high classification accuracy for EEG data.
The facts suggest that the classification accuracy depends on
the features of the system. High accuracy can be achieved
using just a pair of features instead of all the features; also,
the computational cost reduces, but these features need to be
the more relevant pair for the system. The use of redundant
pairs of features for the system lows the accuracy and highs
the misclassification cost. In some EEG classification, previous
studies [9] it is mentioned the feature selection or dimension

TABLE I
MI C LASSIFICATION W ITH M ACHINE L EARNING A LGORITHM C OMPARISON
Accuracy (%)
All*
PSD/Alfa
Shannon/Mu
Delta/Alfa
Shannon/ DWT
96.7
82.5
85.8
65
96.7
96.7
82.5
85.8
65
96.7
96.7
85
80
65
96.7
Linear Discriminant
80
77.5
78.3
60
75
Quadratic Discriminant
100
76.7
79.2
60.8
99.2
Logistic Regression
90.8
78.3
80.8
58.3
77.5
Naı̈ve Bayes
Gaussian Naive Bayes
100
75.8
79.2
60.8
99.2
100
79.2
78.3
61.7
100
Kernel Naive Bayes
Support Vector Machines
Linear SVM
81.7
75
75.8
62.5
73.3
Quadratic SVM
94.2
82.5
82.5
63.3
91.7
Cubic SVM
95
85.8
84.2
61.7
73.3
Fine Gaussian SVM
87.5
85
89.2
65
91.7
Medium Gaussian SVM
89.2
80
78.3
64.2
95.8
Coarse Gaussian SVM
80
75
75
65.8
88.3
K-Nearest Neighborgh
Fine KNN
50
83.3
85
65.8
75
83.3
86.7
83.3
66.7
97.5
Medium KNN
Coarse KNN
50
50
50
50
93.3
Cosine KNN
83.3
82.5
75.8
60
50
85
85.8
83.3
65.8
89.2
Cubic KNN
Weighted KNN
94.2
82.5
86.7
70
93.3
Ensemble
Boosted Trees
50
50
50
65
94.2
Bagged Trees
86.7
78.3
88.3
74.2
50
82.5
77.5
78.3
60.8
96.7
Subspace Discriminant
Subspace KNN
76.7
68.3
69.2
59.2
75
RusBoosted Trees
50
50
50
61.7
50
*Features: PSD, Shannon Entropy , Spectral Entropy, DWT and Power Bands (Delta, Theta, Beta, Alpha, Gamma and Mu).
Type
Decision Tree

Classifier
Fine tree
Medium tree
Coarse tree

TABLE II
Q UADRATIC D ISCRIMINANT A NALYSIS C ONFUSION M ATRIX FOR
C OMPARISON
True Class
Ina
Mov

Quadratic Discriminant Analysis
All
Shannon
100%
98.30%
1.7%
100%
100%
Predicted Class

TABLE III
Q UADRATIC D ISCRIMINANT A LGORITHM COMPARISON

Quadratic Discriminant Analysis
All
Shannon/DWT
Prediction Speed ˜300 obs/sec
˜450 obs/sec
Training Time
62.907
28.931 sec

reduction as a relevant process previous to classification because of the size of the data set and the features available to
classify.
Another conclusion obtained in the present study is that
machine learning algorithms have a good performance in EEG
classification tasks, but this is related to the dataset and the feature extraction process and dimension reduction. The present
classification can be integrated as the mentioned dimension
reduction step in a further investigation using machine learning
algorithms like NN or DNN.
The contribution of the present works is the comparative
of performance of diverse Machine Learning algorithms for
EEG MI classification. The performance of them is impacted
by the feature extraction and selection process, so the feature

extraction techniques and features like Shannon entropy or
Spectral entropy were not reported in previous studies [22]
The limitations of the study are the ones focused on the
computational cost because the present work doesn’t use all
the available Physionet database or tasks corresponding to
upper limbs. Also, there is the usage of a database that is not
new or with data recollected by us. At least the classification
algorithm accuracy was not probed by a testing set.
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