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ARTICLE INFO Abstract
Background. Brain computer interface (BCI) systems by extracting knowledge from
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research, an approach is proposed for P300 classification based on novel machine
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e P300 Methods. In the pre-processing step, channel selection, data augmentation (by
e Brain computer ADASYN method), filtering and base-line drift were done. Then, in the classification
interface (BCI) step, four different CNN classifiers including CNN1D, CNN2D, CNN1D_Autoencoder,

and CNN2D-Autoencoder were used for P300 classification.

Results. After implementation and tuning the networks, 92% as a best accuracy was
achieved by CNN2D_Autoencoder. This result was achieved with a considerable
tradeoff between complexity and stability.

Conclusion. The acquired results emphasize the ability of the deep learning methods in
P300 classification and approve the advantage of using them in BCI systems. Furthermore,
autoencoder versions of CNN networks are more stable and have a faster convergence.
Meanwhile, ADASYN is a suitable method for augmentation of P300 data and even ERPs
by sustaining the premier feature space without copying data.

Practical Implications. Our results can increase the accuracy of P300 detection and
simultaneously reduce the volume of data using the proposed model. Consequently,
they can improve character recognition in P300-speller systems generally used by
amyotrophic lateral sclerosis (ALS) patients.
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Extended Abstract

Background connection channel to the outside world for disabled
Brain computer interface (BCI) systems by  people, without physiological interfaces. There are
extracting knowledge from brain signals provide a  different types of brain signals. Because of the

*Corresponding author; Email: zahraamini64@gmail.com

© 2022 The Authors. This is an Open Access article published by Tabriz University of Medical Sciences under the terms of the Creative Commons
Attribution CC BY 4.0 License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.


https://doi.org/10.34172/mj.2022.033
https://mj.tbzmed.ac.ir/
https://doi.org/10.34172/mj.2022.033
https://orcid.org/0000-0002-5473-5964
https://orcid.org/: 0000-0001-6495-1313
https://orcid.org/0000-0003-0087-9476
https://orcid.org/0000-0003-1768-910X

Afrah, et al.

portability and ease of signal acquisition, BCIs based on
electroencephalography (EEG) signal are the most
popular ones. Event related potentials (ERPs) are a
specific type of EEG signals generated after a specific
stimulation. The stimulation can be visual, audition, or
based on touch. P300 is one of the most important ERP
components. BCI speller is a type of BCI used for
typing based on visual P300 component. BCI speller
contains signal acquisition, pre-processing, signal
classification, and finally application. The critical part
of P300-based BCI systems is classification step. In this
research, an approach is proposed for P300
classification based on unsupervised deep learning
methods using convolutional neural networks (CNN)
and autoencoder networks.

Methods

The proposed method includes preprocessing and
classification. In the pre-processing step, channel
selection based on the P300 structural features was
done, so that for subject A, Fz, Cz, Pz, C3, C4, PO7,
and PO8 and for subject B, Cz, C3, C2, F2, F8, and
FC4 channels were selected. In the next step, data
augmentation based on Adaptive Synthetic Sampling
Approach (ADASYN) was considered. This method
preserves the feature space as before, maintains
structural formation of P300 signal; it also prohibits
signal copying by synthetic approach, which prevents
overfitting. Moreover, to improve signal to noise ratio
(SNR), band pass Chebyshev filter with the cut off
frequency of 0.1 to 20 Hz was applied. Then, to
remove the DC part of the signal, base-line drift was
done. Because of necessity of processing nonlinear
data and thanks to noticeable improvement in
hardware, deep learning methods were getting
popular for processing medical data. In the case of
neuroscience data processing, based on literature,
CNN were the most used and popular methods
among all types of deep learning models. To have a
feasibility of reasonable comparison with other
researches, BCI competition III dataset was selected.
By applying supervised CNN methods on this dataset,
we noticed that delay in convergence and instability
during the training and validation process were two
main shortcomings of the methods. To address these
challenges, we employed CNN methods based on
unsupervised learning. Afterward, in the classification

step, four different CNNs, including CNNID,
CNN2D, CNNI1D_Autoencoder, and CNN2D-
Autoencoder were used for P300 classification. Two
parts of autoencoders are encoder and decoder;
autoencoder receives the data at the first layer of
encoder and reconstructs it at the last layer of decoder.
During this process, the network learns how to
abstract the data at the latent space which is fed to
classifier.

Results

After implementation and tuning the networks,
the results showed minimum fluctuation in accuracy
and loss diagrams during training and validation
process, which indicates more stability in autoencoder
networks. Furthermore, autoencoders showed faster
convergence compared to supervised approaches of
CNN1D and CNN2D. By increasing the dimension of
the data, the value of the evaluation metrics increased,
but the complexity of the networks also increased
drastically, which is a disadvantage for classifier. By
applying unsupervised feature extraction methods
based on autoencoder networks, we applied deep
learning-based approach for classification of P300
with low computational complexity. We addressed
this issue by abstract data through autoencoder
network. In terms of sensitivity metric, autoencoder
network showed better performance. In accuracy and
precision metrics, networks with two-dimension
input data illustrated higher scores in both groups of
autoencoders and supervised networks. However, this
superiority did not apply to the F1-Score criterion. In
accuracy metric, 92%, in precision, 89%, in sensitivity
98%, and in F1-Score metric 94% acquired the best
results. The results were achieved with a considerable
tradeoff between complexity and stability in
autoencoders, which is because of the advantages of
unsupervised ~ feature  extraction based on
autoencoders.

Conclusion

In this study we evaluated the performance of deep
learning methods in EEG interpretation, especially
P300 signal for use in BCI systems. The acquired
results emphasized the ability of the deep learning
methods in P300 classification and approved the
advantage of wusing them in BCI systems.
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Furthermore, autoencoder versions of CNN networks
were more stable and had a faster convergence
because of their ability in data abstraction. Because of
the oddball nature of ERP signals, the classes of these
types of signals are not balanced, leading to bias in
classification. There are many data augmentation
approaches, but two main weaknesses of these

methods include copying the data and randomness.
The proposed ADASYN method is a suitable method
for augmentation of P300 data and even other types of
ERPs by sustaining the premier feature space and
without copying data.
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