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Abstract—EEG signal classification is an important task to
build an accurate Brain Computer Interface (BCI) system.
Many machine learning and deep learning approaches have
been used to classify EEG signals. Besides, many studies have
involved the time and frequency domain features to classify
EEG signals. On the other hand, a very limited number of
studies combine the spatial and temporal dimensions of the
EEG signal. Brain dynamics are very complex across different
mental tasks, thus it is difficult to design efficient algorithms
with features based on prior knowledge. Therefore, in this
study, we utilized the 2D AlexNet Convolutional Neural Network
(CNN) to learn EEG features across different mental tasks
without prior knowledge. First, this study adds spatial and
temporal dimensions of EEG signals to a 2D EEG topographic
map. Second, topographic maps at different time indices were
cascaded to populate a 2D image for a given time window.
Finally, the topographic maps enabled the AlexNet to learn
features from the spatial and temporal dimensions of the
brain signals. The classification performance was obtained
by the proposed method on a multiclass dataset from BCI
Competition IV dataset 2a. The proposed system obtained an
average classification accuracy of 81.09%, outperforming the
previous state-of-the-art methods by a margin of 4% for the
same dataset. The results showed that converting the EEG
classification problem from a (1D) time series to a (2D) image
classification problem improves the classification accuracy for
BCI systems. Also, our EEG topographic maps enabled CNN
to learn subtle features from spatial and temporal dimensions,
which better represent mental tasks than individual time or
frequency domain features.

I. INTRODUCTION

Brain Computer Interface (BCI) is one of the human
machine interaction technologies that enable persons to con-
trol external devices through their brain signals [1]. EEG
signal recording enables the BCI system to translate brain
activities into multiple tasks predetermined by the conducted
experiments during the training process. The current trends in
BCI focus on neuroprosthetics applications such as restoring
damaged hearing, sight, and movement. Likewise, a pros-
thesis can be used to replace the impaired functions of the
nervous system and brain-related problems as well as sensory
organs. Moreover, BCI systems could be used for more
advanced non-medical applications such as games and smart
home control [2].

EEG signal processing is one of the main challenges of
BCI systems to build a reliable interface for a variety of BCI
applications. There are various types of EEG signals that have
been used for BCI systems to control external devices, where
each type is used in different applications depending on the
brain area of interest to study. The most popular forms of
these signals are P300 evoked potentials, steady-state visual
evoked potentials (SSVEP), and Motor Imagery (MI) signals
[3]–[5]. In this study, we focused on MI signals, which reflect
human intentions and imagination.

Machine and deep learning are some of the most important
parts of BCI development systems for pattern recognition.
Many algorithms were developed to classify MI signals using
feature extraction and simple classifiers like in Lemm et al.
[6] where they utilized the accompanying EEG µ-rhythm
perturbation to distinguish between different EEG patterns.
Baig et al. [7] employed the Self-Organizing Maps (SOM)
method in MI signals classification. Besides, Zhou et al.
[8] produced a bi-spectrum feature extraction method to
characterize the non-Gaussian information contained within
the EEG signals. Moreover, Ang et al. [9] used Common
Spatial Patterns (CSP) cascaded filter bank features method
for MI task recognition.

Continuous EEG data recording provides a large amount of
data used for training. Deep learning is known for providing a
better performance mainly when the size of the recorded data
increases. Regarding signal processing, the number of deep
learning studies is limited than in other fields. Among deep
learning studies, the study in An et al. [10] showed the suc-
cess of the Deep Belief Network (DBN) over Support Vector
Machines (SVMs) in the classification of EEG MI tasks. On
the other hand, CNN was used in several different studies to
classify MI signals. Likewise, several studies used different
methods to convert EEG signals to image representation for
CNN or Recurrent Neural Networks (RNNs) [11].

The polar projection method was used to map the electrode
locations from 3D to 2D representation, where the power
spectrum from each electrode for different frequency bands
was extracted [12]. Moreover, in Tabar et al. [13] Short-Time
Fourier Transform (STFT) method was used to convert EEG
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time series into 2D images and the spectral content of µ and
β frequency bands were used explicitly and fed into CNN
and stacked auto-encoder to classify MI tasks.

In our approach, we transformed the EEG signal classi-
fication problem from a 1D time series classification to a
2D image classification problem. At each time index for a
given EEG time window, we constructed an EEG topographic
map as each electrode is mapped to its location onto a skull-
like image. Then the constructed topographic maps were
resized, converted to grayscale, and cascaded sequentially
per each subject to populate 2D topographic image. The
constructed EEG topographic images represent the signal
activation changes in both spatial and temporal dimensions.
Moreover, AlexNet CNN architecture was investigated to
classify different EEG MI tasks from the constructed topo-
graphic images.

II. METHODOLOGY

A. Dataset

The proposed approach was analyzed and evaluated using
dataset 2a from BCI Competition IV. The dataset contains
four classes of movements (Left, Right, Feet, and Tongue)
and recorded from nine subjects. Two sessions on two
different days were conducted and each session comprised six
runs separated by short breaks. Besides, each run consisted
of 48 trials (12 for each of the four possible classes),
yielding 288 trials per session. The recorded trial was nine
seconds in length. Hence, the recorded signal shape for each
subject was 576 × 1750 × 25 in the form of #trials ×
#samples × #electrodes. The signal was sampled at 250
Hz and recorded from 22 EEG channels and 3 monopolar
Electrooculography (EOG) channels [14].

B. Data preparation and Preprocessing

We followed the classification procedure proposed by Fang
et al. [15] as a two-seconds window was selected from the
EEG time scheme as shown in Fig. 1. The time window from
the third to the fifth second was selected to produce a total
number of 500 samples. Therefore, the shape of the signal
per each subject was reduced to 576×500×22. Besides, the
selected window was preprocessed by a first order 8-30 Hz
Butterworth bandpass filter to eliminate the signal artifacts.

C. EEG topographic maps

The selected two seconds window constructed an EEG
signal of shape 500× 22 for each trial as the EOG channels
were ignored to reduce the noise. At each time index, 22
electrodes reading was drawn as points on a skull-like circle
of radius 2 cm to construct a 2D EEG topographic map as
shown in Fig. 2. All electrode readings were mapped to a
grayscale value from 0 to 255 and intermediate points in the
circle were interpolated with cubic grid interpolation to form
a skull-like EEG topographic map of size 50× 50 pixels.

The selected two seconds window has 500-time samples.
Thus, each trial has 500 topographic maps. The constructed
EEG topographic maps were cascaded together to populate

one image of topographic maps for each trial, which trans-
forms the 1D time series of shape 500 × 22 to a 2D repre-
sentation of EEG maps of shape 1000 × 1250 representing
the spatial and temporal dimensions of the EEG signal for
the given time window.

Fig. 3 shows a part of the EEG topographic image
where each topographic map represents the signal activity
across different electrodes at the corresponding time sample.
It also represents a small window of 100 milliseconds,
which contains 25 topographic maps. Topographic images
changed the dataset organization from a time series of shape
576× 500× 22 to a 2D image of shape 576× 1000× 1250.
Topographic images provided as input for AlexNet to learn
subtle features that discriminate between different MI tasks.

Fig. 1. Timing scheme of the EEG paradigm.

Fig. 2. EEG 2D topographic map.

Fig. 3. Topographic image of a 100 milliseconds
window.
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D. AlexNet CNN

The proposed method adopted AlexNet 2D CNN archi-
tecture with some modifications to classify MI tasks from
EEG topographic images [16]. Table 1 shows the used
AlexNet architecture as we modified the original architecture
as follows: First, we changed the input shape of the network
to 1000 × 1250 pixels. Second, we changed the Softmax
layer size to 4 one per each class. Finally, we doubled the
number of flattened Dense Layers (DL) after layer C5 to
better resolve temporal features.

AlexNet uses local response normalization immediately
after the first two layers C1 and C2, which makes that most
active neurons inhibit neurons at the same location in the
neighboring feature maps [17]. This normalization is suitable
for the EEG MI tasks recognition causing inhibition for
inactive topographic maps. During the training process, we
used the L2 regularizer to prevent overfitting. The employed
loss function was the mean square error (MSE) and Adam
optimizer was used to optimize the training process.

III. EXPERIMENTAL RESULTS

To develop a certain algorithm that boosts the BCI per-
formance measures for the utilized dataset, we performed 9
different experiments. In each experiment, one of the nine
subjects’ EEG signals were utilized in the training process
for the Alex-Net CNN model.

Experiments conducted using Python Tensorflow Frame-
work on an Intel 2.76 GHz Core i7 PC of 8 GB of RAM,
with GeForce 840m. Experiments were evaluated in terms of
classification accuracy to compare our results with the other
studies that used different algorithms for the same dataset.
Each subject in the dataset comprised 567 total number of
trials, with 144 per each class. The model was trained for
each subject separately with the 10 k-fold cross-validation.

The proposed system for classification of MI tasks was
investigated for each subject in the dataset. The signals
went through the EEG topographic image generation process,
where a 2D EEG topographic map was produced from the
locations of the corresponding electrodes. Then, the topo-
graphic maps were cascaded to populate one topographic
image for each trial for a two seconds window. The input
passed into the cross-validation process dividing the data
to training, testing, and validation sets before the training
process. Finally, the divided sets were fed to the input layer
of AlexNet CNN for the training process with 0.0001 learning
rate and 0.05 regularization scale.

The proposed method showed the highest performance
measures on the investigated dataset and obtained an average
accuracy of 81.09%. Table 2 shows a comparison between
the highest performance measures for the dataset. To the best
of our knowledge, Sakhavi et al. [12] obtained an average
accuracy of 67.01% of all subjects while Tabar et al. [13]
obtained an average accuracy of 79.60%.

The proposed study obtained higher average accuracy than
both studies except for subject 4 and 6, where the study

TABLE I. Alex-Net Modified Neural Network
Architecture

Layer Type Maps Kernel Strides Output
Shape

In Input - - - 1000 x
1250

C1 CNN 96 11 x 11 4 x 4 250 x 312

M1 Max
Pool 96 3 x 3 2 x 2 125 x 156

C2 CNN 256 5 x 5 1 x 1 125 x 156

M2 Max
Pool 256 3 x 3 2 x 2 62 x 78

C3 CNN 364 3 x 3 1 x 1 62 x 78
C4 CNN 364 3 x 3 1 x 1 62 x 78
C5 CNN 256 3 x 3 1 x 1 62 x 78
D1 DL - - - 1000
D2 DL - - - 500
D3 DL - - - 250
D4 DL - - - 125
Out DL - - - 4

TABLE II. Comparison Between Proposed Method And
Other Studies In Terms Of Classification Accuracy

Subject Proposed
system (%)

Sakhavi et al.
[12] (%)

Tabar et al.
[13] (%)

S1 83.94 79.16 76.00
S2 71.23 52.08 65.80
S3 87.15 83.33 75.30
S4 84.10 62.15 95.30
S5 86.40 54.51 83.00
S6 78.23 39.24 79.50
S7 77.14 83.33 75.50
S8 82.56 82.64 75.30
S9 79.14 66.67 73.30

Average
accuracy 81.09 67.01 77.60

proposed in [12] obtained higher results only for these two
subjects. Topographic images represented better features for
MI tasks classification as the CNN layers extracted features
represent the EEG signal pattern changes in different MI
tasks. Moreover, topographic images have simpler features
than extracted Short-Time Fourier Transform (STFT) in
[13] and Common Spatial Patterns (CSP) features in [12],
which provide lower testing time to facilitate the real-time
performance of BCI systems.

For further investigations, the recorded data from all sub-
jects were merged into one dataset to validate the results as
the topographic images were normalized. The normalization
process was necessary as the EEG signal was recorded
from nine different subjects, then fed for training to the
AlexNet CNN. The normalized topographic images recorded
an average cross-validation accuracy of 80.24%, which is
almost the same accuracy averaged of all subjects.

The time performance of the experiment showed a fast
real-time response as the algorithm recorded an average
testing time of 35 ms, unlike other methods in the literature,
which recorded an average testing time like hundreds of
milliseconds. Real-time BCI systems are sensitive not only
to classification accuracy but also to testing time which guar-
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antee a fast-reliable interface with external devices. However,
the experiment obtained low testing time, the algorithm could
be faster if we decreased the time window than 2 seconds
and the successive overlapping between successive windows
to meet up with real-time application requirements.

IV. CONCLUSION

The proposed method investigates a multi-class classifica-
tion problem with AlexNet CNN and topographic images
as features. Topographic images show how we can relate
the spatial and temporal dimensions of the EEG signals
as the signal pattern changes in both source and time of
activation. The experiment was conducted by dataset 2a
from BCI Competition IV and obtained an average accuracy
of 81.09%. The obtained accuracy is higher than average
accuracy obtained by the best studies conducted on the same
dataset set by 4 %. Moreover, the proposed system could be
used for real-time applications as the simplicity of feature
extraction achieved average testing accuracy of 35 ms for
fast reliable external devices control.
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