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Abstract. A Brain-Computer Interface (BCI) is a communication and
control system that attempts to provide real-time interaction between a
user and a computer device, based on the brain electrical signals that are
generated when user imagine specific movements or actions. For doing so,
classification models are developed to identify the user movement inten-
tion according to specific signal features. This paper presents a classifica-
tion model to BCI that is based on the processing of Electroencephalog-
raphy (EEG) signals. The power spectral density (PSD) representation
of EEG signals is used for training a deep Convolutional Neural Net-
work (CNN) that is able to differentiate among four different movement
intentions: left-hand movement, right-hand movement, feet movement,
and tongue movement. Performance evaluation results reported a mean
accuracy of 0.8797 ± 0.0296 for the well-known BCI Competition IV
Dataset 2a, which outperform state-of-the-art approaches.
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1 Introduction

A Brain-Computer Interface (BCI) is a communication and control system that
measures and analyzes brain activity from biological signals to provide real-
time interaction between a human and computer devices [1]. A BCI system is
commonly composed by four main stages: signal acquisition, preprocessing, fea-
ture extraction and representation, and movement intention identification [2].
Acquisition of neurophysiological signals can be performed using different non-
invasive and invasive methodologies. However, as can be expected, the invasive
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approaches come with risks of causing physical injury to the individual [3]; for
this reason, non-invasive systems such as EEG are a more convenient alternative
to preserve patient health, since they are based on the superficial placement of
electrodes on the scalp, avoiding cortical implants and surgeries that endanger
subject integrity. BCI systems based on EEG can use different types of signals
from brain electrical activity such as Slow Cortical Potentials (SCP), Visual
Evoked Potentials (VEP) and Sensorimotor Rhythms from Motor Imagery (MI)
[4]. MI is the process of imagine certain action or movements without performing
the action or movement itself. It is known that MI process activates approxi-
mately the same brain regions that the real movement would do [5]. The sec-
ond stage, feature extraction and representation, concerns to the extraction of
the most relevant characteristics of the acquired neurophysiological signals and
representing it in a feature vector. This step is very relevant to non-invasive
acquisition methodologies since they are very noise-prone [6]. The third stage
is the identification of the desired action from the acquired signals for its later
execution on a device, a task known as signal classification.

This work proposes the use of Power Spectral Density (PSD) and deep learn-
ing techniques to develop an EEG signal classification model for MI. PSD estima-
tion method identifies dominant frequencies that allow to find good separability
patterns in the EEG signals, in this work two well-known PSD estimation func-
tions were evaluated i.e. Welch and Periodogram. PSD features are then learned
by a Convolutional Neural Network in order to differentiate among four move-
ment intentions i.e. left-hand movement, right-hand movement, feet movement,
and tongue movement. As BCI signals are not well suited for CNN due to the
lack of spatial correlation among channels, a window-based preprocessing app-
roach was implemented, which reorganizes the position of channels according to
their distance in the scalp. Additionally, a sliding-window scheme was performed
to reach the data required to train a deep model.

This paper is organized as follows: in the next section, a brief summary of the
related works described in the literature is presented. Section 3 introduces the
technical details of the proposed approach, describing the acquisition (dataset
description), information representation based on PSD estimation, and CNN
based classification stages. Section 4 presents experimental results that show the
reliability of the proposed architecture, and finally, Sect. 5 presents the conclu-
sions and discusses perspectives of future works.

2 Related Works

Development of techniques for identifying MI from EEG signals has been a
strong field of research in recent decades [7]. In the pre-processing stage, the
development of techniques to reduce noise is sought. At this point, techniques as
Common Spatial Pattern (CSP), Principal Component Analysis (PCA), Com-
mon Average Reference (CAR), among others have been used [8]. In the field
of feature extraction and representation, it has been attempted to develop tech-
niques that allow identifying or finding discriminating characteristics among the
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different signals. From the strategies that have been proposed, stand out those
based on Wavelet Decomposition, Sub-band Energy and Shanon Entropy, among
others. (A complete review of recent works at this point can be found at [9]).
Finally, in the field of signal classification, there are many techniques that have
been proposed, including k-Nearest Neighbors (k-NN), Support Vector Machines
(SVM), Linear Discriminant Analysis (LDA), Artificial Neural Networks [10] and
recently Deep Neural Networks [11].

Several datasets have been published to promote research on BCI systems
based on EEG. Among them, the BCI Competition IV dataset 2a [12] have been
widely used in the literature and will be used for evaluating the proposed app-
roach. Thus, at the following, the best performing approaches to this database
will be described in order to establish a comparative context of the results.

In 2015, Bashashati et al. [13] presented a comprehensive comparison of clas-
sification models for identifying movement intentions in several EEG datasets,
including the BCI Competition IV - 2a. The methodology used starts with a
filter bank composed by fifth order Butterworth band pass filters array. Then,
a spatial filter (common spatial pattern) is applied before extracting signal fea-
tures that were then used for evaluating the classification models. In the BCI
IV competition 2a dataset, the logistic regression and Multi Layer Perceptron
(MLP) classifiers outperformed others, getting a mean accuracy of 74.33% and
74.42% respectively. However, a high dispersion between the accuracy of each
subject makes the results unreliable.

Recently, Helal et al. [14] developed an LDA based method with Autoen-
coders, which was composed of five stages: pre-processing, feature extraction,
dimensionality reduction, classification, and evaluation. In the preprocessing,
signal artifacts were removed by applying whitening, CAR and Z-Score nor-
malization to the raw data. Band-power method was implemented as feature
extraction, PCA and Autoencoders were used for dimensionality reduction, and
finally, LDA was employed in the classification task. Reported results showed
that Autoencoders with non-linear activation function (Sigmoid) achieves better
performance compared to PCA, getting a mean classification accuracy of 67%.

Methodologies based on deep learning with filter banks and CSP have been
also proposed with promising results. Merinov et al. [15] proposed a spatial fil-
ter network (SFN). Their approach was evaluated using the BCI competition III
dataset 3a and the BCI competition IV dataset 2a. In the preprocessing step, time
segments between 0.5–4 s from the instruction cue on set, are taken for obtain-
ing segments of 3.5 s as training set, then, the signals were passed through the
frequency bands range of the original CSP algorithm. In the SFN, authors uti-
lized cross-entropy loss function, a batch learning scheme and data augmenta-
tion. Each learning epoch is composed by 100 batches, in a 5-fold cross valida-
tion loop. This approach reported a best accuracy of 0.65. Sakhavi et al. [16]
used the Filter-Bank CSP (FBCSP) proposed in [17]. A bank of 9 filters from 4
to 40 Hz, with a width of 4 Hz was initially applied for extracting a set of fea-
tures that were then selected by a mutual information feature selection algo-
rithm. For the CSP process, four pairs of spatial filters were picked for each
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frequency band, finally the proposed parallel CNN and linear architecture were
implemented to decode the final movement intention class. Mean accuracy for
all subjects of 70.60% in the BCI IV Competition 2a dataset was obtained.
Yang et al. [18] proposed Augmented CSP (ACSP) features based on a varying
the frequency bands with different bandwidths to cover as many bands as pos-
sible, and a CNN based methodology to classify EEG signals, using the BCI IV
competition 2a dataset. They proposed a way to select the feature maps, namely
frequency complementary map selection (FCMS), and compared it with random
map selection (RMS) and with the selection of all feature maps (SFM). Average
cross-validation accuracy of 68.45% for FCMS and 69.27% for SFM was achieved.
Nonetheless, approaches based on Filter banks with CSP highly depends on the
filter bands selection and this can cause loss of relevant information.

3 Materials and Methods

3.1 Method Overview

Figure 1 illustrates the main stages of the proposed approach. EEEG signals
are initially processed to improve two data characteristics: the amount of data,
performed by a data augmentation process based on a sub-window sampling, and
the spatial relations between electrodes, aimed by a channel reordering. Then, a
PSD based feature extraction approach is carried out for each subsampled signal.
Finally, feature vectors are used to train and test a deep learning classification
model in a 5-Fold cross validation strategy.

Fig. 1. Summary of the proposed approach for motor imagery classification

3.2 Dataset Description

Performance evaluation is carried out using the BCI Competition IV dataset 2a
[12], which consist of EEG signals taken from 9 subjects, with a ample rate of
250 Hz. Each subject was taken four motor imagery tasks: left hand movement,
right hand movement, and feet and tongue movements, which were labeled as
classes 1, 2, 3 and 4 respectively. For each subject, two sessions with six runs
each one were recorded. One run was composed of 48 trials (12 per class), for a
total of 288 trials per session.
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The dataset is originally in GDF format, which is used for biomedical signals.
The signals are in an array of 672528 × 25, the last three columns correspond
to electrodes intended to acquire Electrooculography (EOG) signals, which were
not taken into account in the classification task.

3.3 Data Preprocessing

Because CNN requires a large amount of data, and spatial relationships between
them, which are not necessarily found in one-dimensional MI signals, the pre-
processing stage is herein composed of two steps, the first one seeks to expand
the number of training and testing data, and the second, reorganize the order
of the electrodes according to its proximity into the scalp, seeking to establish a
spatial correlation between the signals.

Data Augmentation Based on Sub-window Extraction. A window-based
approach over temporal signals was carried out, in order to extract the enough
amount of pseudo images as [19] proposed, but with few differences in the over-
lapping. For the sake of generality, we introduce some notation; for each subject
suppose a matrix X ∈ R

T×N where T is the amount of temporal observations
and N is the number of channels in the recording process. The main purpose is
to use a sliding window of size τ to slice the temporal axis in several overlapping
windows given by xi ∈ R

τ×N ∀ i = 1, . . . , T − τ + 1. In order to avoid over fit-
ting, the overlap size was 95%(this value was selected as rule-of-thumb) instead
of the maximum overlapping size that gives an almost identical pseudo image,
redefining the classification task. This process can be seen on Fig. 2.

Channel Reordering. Commonly, CNNs are trained using 2D data, where
spatial correlation is guaranteed. However, motor imagery signals are not spa-
tially organized. To overcome this problem, we ensure spatial correlations among
channels by applying k-means clustering over them, in line with its site in the
scalp, unlike [19], where K Nearest Neighbor was applied. Site in the scalp was
based on the electrode montage corresponding to the international 10–20 system
used on [12], with the value of the coordinates representing the distance between

Fig. 2. Preprocessing of motor imagery signals.
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the electrodes, having an inter-electrode distance of 3.5 cm, obtaining the spatial
matrix:

SP = [0 0;−7 −3.5;−3.5 −3.5;0 −3.5;3.5 −3.5;7 −3.5;−10.5 −7;−7 −7;−3.5
−7;0 −7;3.5 −7;7 −7;10.5 −7;−7 −10.5;−3.5 −10.5;0 −10.5;3.5 −10.5;7
−10.5;−3.5 −14;0 −14;3.5 −14;0 −17.5]

Electrode 1 takes the coordinates (0,0) and the others take its coordinates
according to its distance in cms to electrode 1. Then, the 22 channels were
organized in four groups, within each group channels were ranked according to
the distance to the center of its group, finally, all groups are stacked into a single
matrix. This method was used by Walker et al. [19].

3.4 Feature Extraction Based on Power Spectral Density

PSD gives an estimation about the power of a signal at different frequencies for
any temporal signal [20].

Periodogram Function. This measure is computed over a signal to find the
spectrum in different parts. The square of these results are known as peri-
odograms, defined by the following expression [21]:

P =
1
N

A2[ω] (1)

where A2[ω] is the square of the FFT for a signal a[k] with N observations. In
this work, PSD was employed for feature extraction in EEG signals using FFT,
this is done for each channel; that is, given a record xi ∈ R

τ×N we computed
periodograms for the channel j ∀j = 1, . . . , N . PSD implementation available in
the SciPY package [22] was used.

Fig. 3. PSD estimation approaches.
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Welch Function. This nonparametric approach for PSD estimation is regularly
employed, its main advantage is the no assumption about the distribution of data
[23]. The main drawback of the periodogram estimator is the high variance [24].
Conversely, the Welch method presented in [20] is a more efficient estimator
which is based on overlapping sections, where a sliding window is used to find
the periodogram in those segments. Finally the result is obtained by averaging
the estimations of all sections as is explained in [23]. Figure 3 shows this two
PSD estimation approaches.

3.5 Deep Network Architecture

An outline of the architecture used can be seen in Fig. 4. Convolutional Neural
Networks are able to extract feature maps from non-processed data obtaining
high level abstractions over input data by using trained filters [25]. The weights
of these filters are corrected during the training process by stochastic gradient
descent or any other variation of the gradient descent algorithm.

Fig. 4. Configuration of the convolutional neural network.

We found that the lack of convolutional layers can give rise to a low classifica-
tion performance. As a result of this, the proposed network architecture consists
of nine convolutional layers, which are responsible of extracting the necessary
features from the preprocessed signals. All convolutional layers are composed by
3× 3 kernels. With these kernels 32, 16, 16, 16, 8, 8, 8, 16, 16, features maps
are computed on each layer, respectively. The first three layers are followed by
MaxPooling sub sampling applied in 2× 2 regions to preserve only the most rel-
evant information, Rectified Linear Unit (ReLU) activation was chosen to avoid
nonlinearities. Each convolutional layer was initialized by Glorot uniform kernel
initializer [26]. Finally, a multilayer perceptron (MLP) was included to receive
the information of the last convolutional layer for MI detection. The first dense
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layer is composed of 2048 neurons and the last one uses 1024 units. The output
of the perceptron is connected to a Dropout function additional layer, in order to
avoid over fitting, and finally fed a softmax function layer to classify. The softmax
is the output layer of the neural network, which contains a neuron corresponding
to each type of MI (class), For a total of 4 neurons. One Dropout layer was added
after the last convolutional layer in order to avoid over fitting. Finally, Adap-
tive Moment Estimation (Adam) optimizer [27] was selected as the optimization
algorithm. This method is based on adaptive estimates of lower-order moments
due to its computational efficiency and its capacity to work with non-stationary
objectives. The parameters of the optimizer follow those provided in Kingma
et al. original paper [27], except for the initial learning rate fixed 0.0001.

4 Results and Discussion

4.1 Experimental Setup

Proposed deep learning architecture was implemented in Keras [28], a deep
learning framework that uses TensorFlow [29] as backend. A learning model
was trained for each subject during 120 epochs, and performance was computed
using a 5-fold cross-validation strategy, i.e. 80% of subject samples for train-
ing and 20% for testing. Thus, nine evaluations, one per subject, were carried
out. Performance measurements are computed as the mean for the five folds per
subject, and the mean for all subjects as the model accuracy.

Experiments were carried out in Kubuntu Linux distribution, in a Dell Pre-
cision T5810 CPU equipped with Intel Xeon processors of 3 GHz, 8 cores, 64-bit
architecture, 16 GB of RAM. No GPU was used in this work, the network was
trained only in CPU cores. The preprocessing stage of the database using Matlab
was performed on the same computer.

4.2 Experimental Results

The results obtained for each of the PSD estimators are shown in Table 1, which
report the mean testing accuracy and Cohen’s kappa coefficient per subject,
for both Periodogram and Welch PSD estimators, from a 5-fold cross-validation
strategy. As can be observed, the Welch function obtained a higher performance
compared to the Periodogram function (accuracies of 0.88 and 0.82, respectively),
improving in a 13.6% the best accuracy reported in state of the art for the same
dataset. It is also important to note the small variability (standard deviation)
of the proposed approach in comparison with state of the art methods, as it is
shown in Table 2, even to subjects with poor results in previous works such as
the subjects 2, 5 and 6.

Additionally, Table 3 presents a comparison of the mean accuracy obtained
by the proposed approach using the Welch function and state of the art works,
including they that not reported results per subject. According with the results,
the proposed approach outperform all of them.
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Table 1. Performance of the proposed approach for each subject in the database

Subject Welch Periodogram

Accuracy Kappa Accuracy Kappa

1 0.86 0.82 0.78 0.78

2 0.87 0.83 0.81 0.75

3 0.93 0.91 0.86 0.82

4 0.85 0.81 0.80 0.73

5 0.84 0.79 0.77 0.69

6 0.86 0.82 0.78 0.71

7 0.88 0.84 0.81 0.75

8 0.89 0.86 0.84 0.78

9 0.92 0.89 0.89 0.86

Mean ± std 0.88 ± 0.030 0.84 ± 0.039 0.82 ± 0.042 0.75 ± 0.056

Table 2. Performance comparison with state of the art methods according to accuracy
per subject

Subject Yang et al.
(2015)

Sakhavi
et al. (2015)

Bashashati
et al. (2015)

Periodogram
(Proposed)

Welch
(Proposed)

1 0.77 0.81 0.79 0.78 0.86

2 0.50 0.54 0.61 0.81 0.87

3 0.80 0.85 0.86 0.86 0.93

4 0.54 0.65 0.74 0.80 0.85

5 0.65 0.59 0.60 0.77 0.84

6 0.49 0.44 0.57 0.78 0.86

7 0.81 0.84 0.87 0.81 0.88

8 0.84 0.87 0.81 0.84 0.89

9 0.82 0.78 0.84 0.89 0.92

Mean Acc. ± std 0.69± 0.15 0.71± 0.16 0.74± 0.12 0.82± 0.04 0.88± 0.03

Table 3. Performance comparison with state of the art methods according to mean
accuracy

Methodology Mean accuracy

Merinov et al. 2016 0.650

Helal et al. 2017 0.670

Yang et al. 2015 0.692

Sakhavi et al. 2015 0.706

Bashashati et al. 2015 0.743

Proposed approach 0.879
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5 Conclusions and Future Works

In this paper a new approach to identify motor imagery from EEG signals was
proposed and evaluated. Proposed approach is composed of two main compo-
nents, a PSD based feature extraction and a deep learning classification. Accord-
ing with the reported results, the proposed method provides a reliable strategy
for differentiating the movement intention, outperforming state of the art meth-
ods that were evaluated using the same dataset. Additionally, Two PSD estima-
tors were herein evaluated, showing that modified periodogram (Welch function)
reach a better representation of the signal variations. We evaluate heuristically
other network architectures, changing number of layers and convolutional filters
per layer (results not shown). However, we note that architectures composed by
more layers but less filters per layer, obtained better performance than those
with less layers but many filters.

On the other hand, because EEG signals have not spatial relationship
between channels, we implemented a preprocessing step that allows to reordering
the location of the EEG channels according to their location in the scalp. Other
spatial filters could to be explored in this stage to evaluate the advantages and
drawbacks of this scheme.

As future work, global optimization algorithms could be employed for hyper-
parameter optimization of learning model parameters, which could to improve
the final performance. In addition, different feature extraction methods could be
also evaluated.
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