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Abstract—P300 wave and Steady-State Evoked Potentials are
viable alternatives in the development of Brain-Computer Interfaces based on electroencephalography since the selection of
different external stimuli can be used to interpret the intention of
a subject to perform a specific task for control or communication
purpose. However, there are many challenges related to learning,
comfortability, and adaptability to the environment. A possible
solution for these challenges is to create classification models
trained with a set of subjects rather than per subject. This paper
proposes the implementation of a Capsule Neural Network for
P300 and SSVEP classification named CapsN2. CapsN2 architecture is based on capsules, which are groups of neurons that
find features invariant to translation, rotation, and scale. Also,
CapsN2 generates less variance between subjects and requires
significantly fewer samples during the training than convolutional
neural networks. This is because the model is trained with all
subjects and not per subject. Results report that CapsN2 requires
a few samples to learn the P300 wave detection and SSVEP
classification with competitive performance compared with other
popular methods in the literature. In addition, CapsN2 acquired
the EEG signal with just one active electrode channel. Then,
CapsN2 is a feasible option to process evoked potentials in
comfortable, adaptable BCI embedded systems.
Index Terms—Evoked potentials, Capsule Neural Network,
P300 wave, SSVEP

I. I NTRODUCTION
The development of Brain-Computer Interfaces (BCI) based
on Electroencephalography (EEG) has increased in recent
years due to their applications for disabled people, medical
diagnosis, rehabilitation, games, marketing, security, etc. There
are many neuroparadigms for the development of BCI processing methods such as evoked potentials [1], [2], motor imagery
[3], Slow Cortical Potentials (SCP) [4] and speech imagery
[5], [6]. The analysis of evoked potentials has been one of
the most studied areas because they can be used for different
communication purposes and EEG signal generation is easier
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than other neuroparadigms [7]. However, the development
of BCIs faces several challenges related to the processing
of evoked potentials. One is the small datasets to train the
machine and deep learning models [8]. Two possible solutions
are to increase the dataset samples or to generate new models
that can learn with a small number of samples. We chose to
generate a model because many well-documented deep neural
networks have been proposed in the literature in recent years,
like the capsule neural networks.
Capsule Neural Networks (CapsNet) are deep learning
models that solve most of the mentioned challenges because
these networks have an architecture based on capsules, which
are groups of neurons that learn from fewer samples than
other models. CapsNet generalizes better than other models
because capsules look for relationships between input features.
Capsules are groups of neurons that can be trained with
significantly fewer samples than convolutional neural networks
because they find features invariant to translation, rotation,
and scale [9]. These invariant features are useful to train
networks for all subjects instead of by subject in EEG signal
processing. For example, the P300 waveform is different
in latency and amplitude in each subject. For this reason,
the current recognition models perform specialized training
for each subject. However, these feature variations can be
generalized by CapsNet models. In the case of SSVEP, the
datasets are smaller than P300, but CapsNet’s generalization
help to improve the recognition capability in terms of accuracy
and recall, and consequently in increasing the number of
SSVEP classes for BCI development. In addition, CapsNet has
been used in some methods for EEG signal processing with
good results [10]–[12]. For these reasons, we consider that
CapsNet could help to solve most of the challenges and issues
of neuroparadimgs and BCIs based on EEG. Contributing to

the knowledge and technology of BCI, this paper presents
the implementation of a CapsNet named CapsN2 in detecting
and classifying evoked potentials. The evoked potentials were
selected for this analysis because it is one of the easiest
neuroparadigms to implement, the response by the subjects
is natural, and no extensive training is needed for the subjects
to learn to use the BCI. The selected evoked potentials
are P300 event-related potential wave [13] and Steady-State
Visual Evoked Potential (SSVEP) [14]. P300 and SSVEP were
selected because they are the most popular neuroparadigms for
communication and control purposes in the literature.
The rest of the paper is organized as follows: section II
presents the P300 and SSVEP dataset used for the analysis.
Section III describes the CapsNet and its adaptation for P300
wave detection and SSVEP classification. Section IV reports
the results, and finally, section V presents the conclusions.
II. DATASET
The datasets used in this work were acquired using gold
electrodes placed in the channel Oz, the ground A1, and the
reference Fpz, standard positions of the 10–20 system. The
OpenBCI Cyton Board digitizes the EEG signals at a sampling
frequency of 250Hz. The first dataset contains EEG signals of
evoked potentials related to events (ERP), specifically the P300
wave. This dataset will be called P300-DB1channel, and it is
presented in II-A. The second dataset, likewise, contains EEG
signals but of steady-state evoked potentials (SSVEP), which
will be called SSVEP-DB1channel.
A. P300-DB1channel
The dataset P300-DB1channel was presented in [15] and
it is composed of EEG signals obtained from eight healthy
subjects aged 21-25 years, seven male and one female. The
P300 wave is evoked with the protocol shown in Fig. 1,
where a subject observes a monitor with four square stimuli,
while each square changes its color from black to white
randomly (flashing). The times for color change are given by
the number of samples received by the acquisition device, the
time the boxes remain blank for 25 samples, and black for 30
samples. This process is repeated until each square stimulus is
colored white 15 times. Fig. 1 shows that the flash starts after
sample 1001 because the protocol waits four seconds to avoid
brain activity interference. The P300 wave will be evoked
approximately 300 ms after the stimulus that the subject stares.
Each subject performed 48 sessions, resulting 48 s(n) EEG
signals, where n = 1, ..., 4550. The signal s(n) is preprocessed
with a 3rd order band-pass Butterworth filter with 1-15 Hz
cutoff frequencies. After the filtering, the first 1000 samples
of s(n) are eliminated, generating a new signal sp(n), n =
1, ..., 3550. Once the signal has been filtered, the signal sp(n)
is normalized with the Z-scores to have zero mean and unit
variance, as shown in the following equation:
spn (n) = (sp(n) − µsp )/σsp

filtered signal. Subsequently, we know that spn (n) contains
the EEG signal throughout the entire flashing presentation.
It is necessary to divide the time into slices corresponding
to the square flashings to obtain the P300 wave because
the four squares flash randomly. For this purpose, spn (n) is
decomposed into 15 fragments of 400 mS, which correspond
to the time interval of m = 100−500 mS after the flashing was
presented. Thus, Pij (m) will contain each of the fragments,
where i = 1, ..., 15 is the fragment number, and j = 1, ..., 4 is
the square number to which it belongs. The following equation
defines the fragment grouping:
15

1 X
Pij (m)
XEj (m) =
15 i=1

(2)

where m is the sample index in the fragment of 400 ms,
XEj is an array of 100 data signals composed of the four
averages of the 15 time-slices after the presentation of each
flash. At least one of the averages must contain the P300 wave.
B. SSVEP-DB1channel
This dataset was presented in [16] and comprises EEG
signals from 11 healthy subjects aged 22-25 years, nine
male and two female. The SSVEP is evoked with a subject
observing in a monitor the color inversion of 4 checkerboards
at different frequencies, as Figure 2 shows. The color inversion is presented simultaneously in the checkerboards. The
frequencies used to evoke a steady state potential are 6.097
Hz, 6.578 Hz, 7.575 Hz, and 8.62 Hz on a monitor with
a refresh rate of 60 Hz. Eight subjects develop 48 sessions
(12 for each checkerboard), while three subjects generate 24
sessions (6 for each checkerboard). The signal is defined as
ss (n), where n = 1, ..., 3000. The 456 raw EEG signals ss (n)
are filtered with a 3rd order Butterworth bandpass filter with
cutoff frequencies of 0-15 Hz.
ss (n) is transformed to frequency domain with the Fast
Fourier Transform (FFT) to determine which color inversion
frequency is present in ss (n). The following equation performs
the transformation to the frequency domain:
Xf (k) =

N
−1
X

ss (n)e−i2πkn/N

(3)

n

Xf (k) is normalized to generate the same range of values
for all the EEG signals. The normalization is performed using
equation 1 with the Z-score technique. Finally, the normalized
signals xf (k) are trimmed in the frequency range of 5.5-9.1 Hz
to maintain the frequencies at which the checkerboard color
inversion was performed and reduce the computational cost.
From this point on, the normalized signals xf (k) with k =
1, ..., 30 will be used as the feature vector for classification in
the next section.
III. C APSULE N EURAL N ETWORK

(1)

where spn (n) is the normalized signal, µsp is the mean of
the filtered signal, and σsp is the standard deviation of the

Capsule Neural Networks (CapsNet) is a deep neural network proposed by Sabour et al. in 2017 [17]. These networks
have an encoder-decoder architecture, and their functionality

Fig. 1. Sampling protocol to evoke P300 wave in [15]

ct1 (m) = f (Wτ (n) ∗ χ(m) + βt )

Fig. 2. Example of checkerboard color inversion in [16]

is based on groups of neurons called capsules whose activity
is related to an entity present in the input [17]. CapsNets are
useful in EEG signals because this network model with the
capsules features invariant to the translation, scale, or rotation
[9]. Also, CapsNets have achieved good results in different
EEG signal analyses [18]. Then, capsules can find evoked
potential features with less variance between subjects, latency,
and waveform.
The P300 wave and SSVEP were analyzed with an adaptation of CapsNet to EEG signals named CapsN2 [6], which
is shown in Figure 3. The original CapsN2 is composed
of three main layers: Convolutional Layer, Primary Capsule
Layer (PC), and Classifier Capsule Layer (CC). However, for
P300 and SSVEP evoked potentials, some modifications were
necessary due to the dimensions of the input signals [19], [20].
A. Analysis of P300-DB1channel
For P300, we concatenated all arrays XEj from each session
of all subjects, so we will have a new array αγ (m) where
γ = 1, ..., 1536 is the index of the 1D vector of input to the
network with dimensions of m = 1, ..., 100.
The convolutional layer has a set of filters defined as
Wτ,ρ defined by the following equation:

(4)

where the input is χ(m) = αγ (m), ct1 (m) are the feature
maps, τ = 30, and n = 1x70. The βt is the bias and f is the
activation function ReLu type. Also, the convolutional layer
has a stride of one.
The PC layer starts with a convolution of the equation (4)
where the input is χ(m)ct1 (m) and the output is ct2 (m),
τ = 80 of n = 1x25, the activation function is ReLu, the
stride is 2, and there is no padding. ct2 (m) is reshaped as
ct2 (n, m) ∈ R80×4 → ϕi ∈ R8×40 to generate 40 primary
capsules of 8 neurons. The activation function is a squashing
function described by the following equation:
ϕi
||ϕi ||2
(5)
1 + ||ϕi ||2 ||ϕi ||2
where ui is the output vector from i-th capsule from PC
layer and ϕ is the activation vector of the capsule.
Then, the communication between PC capsules and CC
capsules is given by a prediction vector ûj/i = Wij ui , where
Wij is a weight matrix. ûj/i is the prediction vectors from
PC capsules to CC capsules. Once the prediction vectors ûj/i
are obtained, the coupling coefficients send the information
between capsules only if the information encoded between
PC and CC capsules is related. The coupling coefficients are
trained with an iterative algorithm proposed in [17] whose basis is the dot product to know the angle between (relationship)
the vector of the j-th CC capsule and the vector of the i-th PC
capsule. The pseudocode of this algorithm can be found in
[17], and for our experiments, we used three iterations, which
were defined based on previous CapsNet for EEG processing
[10]. Consequently, the activity vector sj of the CC layer
capsules will be defined as the weighted sum of the coupling
coefficients cij and the prediction vectors ûj/i :
ui =

Fig. 3. Model of CapsN2 for Vowel Imagery [6]

sj =

X

cij ûj/i

(6)

i

The CC layer has two class capsules j = 1, 2 since we
are solving a binary classification problem (P300 wave or not
P300). Finally, the output vj of each capsule is calculated
with (5). Then, the maximum argument of the magnitude
of the normalized activation vector is taken to define the
classification of the model.
The decoder is used as a regularizer for the training stage,
and its architecture comprises vj as input and three fully
connected layers with 2048, 4096, and 100 neurons in its
layers. Details on how the training process will be presented
in the results section.
B. Analysis of SSVEP-DB1channel
The signals xf (k) of SSVEP-DB1channel are concatenated
to form the matrix ϕγ (k), which contains all EEG signals
from all sampling sessions of each subject. According to
different experiments, the number of signals is insufficient
to train CapsN2. For this reason, we use data augmentation
duplicating the feature vector γ to form bidimensional signals,
thus forming ϕγ (k, κ) where k = 1, ..., 30 and κ = 1, ..., 30
and containing 456 arrays that will be used as the input to the
neural network model.
Based on the differences in input dimensions, CapsN2 was
modified with the characteristics presented in Table I. Another
parameter that changed was the number of neurons in the
decoder, defined as 512, 1024, and 900. The following section
describes the dataset partitions and the training processes.
IV. R ESULTS AND COMPARISONS WITH LITERATURE
This section reports the classification results for the analysis
of the P300-DB1channel and SSVEP-DB1channel. The analysis compares the accuracy of CapsN2 with other methods

TABLE I
M ODIFICATIONS TO THE C APS N2 MODEL FOR SSVEP-DB1channel
ANALYSIS

Layer
Parameters
Input
Output
Convolutional layer
10 filters 9x9
30x30
10x21x21
Convolution for PC 80 filters 9x9, s=2a
10x21x21
80x7x7
Reshape
490 capsules
80x7x7
490x8b
PC layer
490 capsules
ûj /i
CC layer
4x4c
ûj /i
vj
a Stride of 2, b 490 capsules with 8 neurons, c 4 capsules with 4 neurons.

presented in the literature. For both datasets, K-fold crossvalidation with five folds was performed to give statistical validity to the experiment. The dataset was partitioned
into training, test, and validation sets. For the classification
of P300-DB1channel and SSVEP-DB1channel the partitions
were 60% for training, 20% for testing and 20% for validation.
The experiments were developed with a Dell Precision
Tower 5810 workstation with NVIDIA GPU 970x, Intel E51603 processor, and 8 Gb RAM of 2133 Mhz. For the training
with P300 and SSVEP datasets, we used the backpropagation
algorithm with the ADAM type optimizer, a learning coefficient of 0.0005, batch size of 1, and 10 training epochs.
In addition, the coupling coefficients were trained with the
dynamic routing between capsules algorithm.
Popular BCI embedded systems reported in the literature
were considered for the comparisons. The selection of the
BCIs for comparisons is based on the criteria presented in [15],
[16] which are focused not only on the processing algorithm
but also on the functionality features of the BCI. These features
are the subjects used to know the learning generalization of
the method and the number of channels required to achieve
the reported accuracy.
A. Results of P300-DB1channel classification
Table II reports the comparisons of P300 BCI systems.
Ramirez et al. proposed in [2] developed a method to recognize

TABLE II
C OMPARISONS OF POPULAR PAPERS IN THE LITERATURE BASED ON P300
WAVE RECOGNITION .
Method
LEBci [2]
MD-BCI [21]
ANFIS [22]
EML [23]
MA [24]
3D-P300 [25]
CapsN2 (Ours)

Subjects
8
4
8
9
5
10
8

Channels
3
8
16
1
6
1
1

Accuracy
96.43%
67%
90%
85.72%
80.5%
97.83%
91.27%

the P300 wave with a convolutional neural network from a
dataset of 8 subjects with EEG signals from 3 active electrodes. The average accuracy of this work was 96.43%. Anil
et al. developed in [21] a BCI system that communicates with
Mobile Devices (MD-BCI) under the recognition of the P300
wave using three stimuli and processing based on frequency
selective filters. This method obtained an average accuracy
of 67%. Achhanccaray et al. reported in [22] a classification
with an Adaptive Neuro-Fuzzy Inference Systems (ANFIS) for
detecting P300 wave using four channels and eight subjects
whose results reported an average accuracy of 90%. Xie et al.
presented in [23] an Extreme Machine Learning (EML) based
on a method for single-channel P300 wave recognition from
visual stimuli Oddball paradigm, where the average accuracy
was 85.72%. De Venuto et al. developed in [24] a BCI based
on the P300 wave to control mechatronic actuators (MA)
with EEG signals. This BCI achieved an average accuracy
of 80.5% for five subjects. Onur et al. reported in [25] a new
paradigm for P300 wave combining 3D animations and using
one-column flashing. This paradigm uses two-layer artificial
neural networks with a single output. Authors generate 1, 3,
and 15 flashes to test their algorithm. Onur et al. obtained
an average accuracy of 97.83% with one electrode and ten
subjects.
According to Table II, the methods with the best performance are 3D-P300 [25], and LEBci and CapsN2 have the
third best performance with 91.27%. However, CapsN2 uses
only one channel (one active electrode), and according to
statistical analysis, CapsN2 has less variance between subjects.
B. Results of SSVEP-DB1channel classification
Table III shows the comparisons of five SSVEP BCI systems
Ramirez et al. developed in [16] a method for SSVEP recognition in EEG signals called EP-SSVEP. This method uses
a single active channel and an artificial neural network tested
with eight subjects. The average accuracy for the classification
obtained was 96.09%. Martišius et al. reported in [26] a 3-class
BCI game system (BCI-G) based on SSVEP-type EEG signals
and linear discriminant analysis (LDA). The system was tested
with two sets of 2 subjects, with an average accuracy of 78.980.5%. Wang et al. presented in [27] a wearable BCI system
based on SSVEP for a 3D quadcopter navigation (BCI-Q) with
four active electrodes and designed with ten subjects. The
method is based on Canonical Correlation Analysis (CCA),
and the average accuracy was 78%, performing classification

for each subject. Ma et al. developed in [28] an algorithm for
the classification of SSVEP-type EEG signals in BCI (CCABCI). This algorithm is based on different combinations of
methods such as CCA and Support Vector Machine (SVM),
and Continuous Wavelet Transform (CWT). The best combination proposed is CCA-CWT-SVM, whose average accuracy
was 91.76% with ten subjects using seven active electrodes.
Siribunyaphat et al. presented in [29]a novel SSVEP-based
BCIs method (QR-BCI). Their approach is the modification of
patterns by changing frequencies, harmonics, and the inclusion
of a Quick Response (QR) visual stimulus. The method was
tested with 12 subjects and six active electrodes, where the
average accuracy was 91.4%.
TABLE III
C OMPARISONS OF POPULAR PAPERS IN THE LITERATURE BASED ON
SSVEP RECOGNITION .
Method
EP-SSVEP [16]
BCI-G [26]
BCI-Q [27]
CCA-BCI [28]
QR-SSVEP [29]
CapsN2 (Ours)

Subjects
8
2
10
10
12
8

Channels
1
4
4
7
6
1

Accuracy
96.09%
78.9-80.5%
78%
91.76%
91.4%
98.02%

As can be seen in Table III, CapsN2 achieved the best
average accuracy results in SSVEP recognition. Also, CapsN2
is one of the two works that use only one active electrode.
Another important aspect is that the training and classification
of CapsN2 are performed with the EEG signals of all subjects,
while the other methods are trained for each subject. The
training times are below 20 seconds, and the propagation times
of a sample through the network are below 0.2 seconds, which
indicates the opportunity to implement the model in real-time.
V. C ONCLUSIONS
In this work, we presented the implementation of a capsule
neural network-based model called CapsN2 focused on recognizing P300 and SSVEP evoked potentials from EEG signals.
The classification of P300 was done with 91.27% using a set
of 1,536 EEG signals from 8 subjects, and the classification
of SSVEP was performed with 98.02% utilizing a set of 456
frequency-domain EEG signals from 11 subjects. The main
contributions of this analysis are:
•

•

CapsN2 can train, validate, and classify P300 and SSVEP
evoked signals with the combination of signals from all
subjects into a single set of signals. On the other hand,
the methods presented in the literature have a per-subject
basis, which means that they are trained and validated for
each subject.
According to the performance comparisons, CapsN2
achieves third place for P300 detection and first place
in the classification of SSVEP frequency. These performances are because the architecture based on capsules of
CapVI finds features with low variance between subjects
and invariant to translation, rotation, and scale. Then,

CapsN2 is an adaptable network that can be used for
any evoked potential.
• CapsN2 finds evoked potential features with one channel
from one active electrode, which allows better usability
to the BCI embedded system than the rest of the methods.
For future work, the learning method and the processing
of the capsules must be deeply analyzed to improve the
performance in P300 detection and to implement CapsN2 in
an actual BCI embedded system application.
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