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a b s t r a c t
Since the emergence of brain computer interface (BCI), several methods have been applied to associate
an electroencephalographic (EEG) recording with a speciﬁc mental task. Particularly, in the classiﬁcation
stage, several techniques such as linear Fisher discriminant (LD), feed-forward artiﬁcial neural networks
(FNN) and radial basis function neural networks (RBF) have been applied successfully with BCI applications. However, in BCI applications, there is a challenge related to avoid long and tedious calibration
session for users, this implies that the classiﬁcation techniques used during the classiﬁcation stage, have
to be trained with a reduced number of EEG recordings. However, most of the classiﬁcation techniques
require several samples to learn accurately an association with a particular mental task. Since the spiking neural models (SNM) have shown their robustness in pattern recognition problems, this paper is
focused on demonstrating that they are potential alternatives to classify EEG recordings when they are
trained with a reduced number of data samples. To do that, we computed the coherence from a subset of
three electrodes to obtain the feature vector of each EEG recording. Then, this information was classiﬁed
using the SNM. In order to evaluate the robustness, the SNM was trained varying the number of samples.
Furthermore, based on the performance and the conﬁdence interval achieved in the classiﬁcation, we
developed two indexes to evaluate and compare the SNM against LD, FNN and RBF. The experimental
results over the IIIa, IVa and V data sets from BCI International Competition III, suggest that the SNM are
the best option to avoid long calibration sessions.
© 2018 Elsevier B.V. All rights reserved.

1. Introduction
A brain computer interface (BCI) is a communication system
which enables a subject to control a device only using the brain
activity, i.e. without the use of muscles nor peripheral nerves [1].
Then, a correct relationship between the brain activity recorded
and a command control must be established to achieve the control
of the device.
A generic BCI scheme consists of the next stages: acquisition (in BCI applications, the electroencephalography (EEG) is the
most widely used recording technique), pre-processing, feature
extraction and classiﬁcation. Since the emergence of BCI, several
processing methods have been proposed focusing on the different stages [2–4]. However, there are some challenges, which must
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be addressed to achieve real-life BCI applications: select a reduced
electrode set, avoid long calibration sessions reducing the number of recordings for training a classiﬁer, increase the information
transfer rate and BCI illiteracy [5–7].
To reach an acceptable classiﬁcation rate in a BCI application, it
is necessary to train the classiﬁer with a huge amount of recordings.
Collect this amount of recordings implies long calibration sessions
for the users, which may result tedious for them. Therefore, during
the classiﬁcation stage, it is desirable to employ a classiﬁer able to
learn with a reduced number of recordings in order to avoid long
calibration sessions.
One alternative to reduce the number of recordings involves
to reduce the dimensionality of the feature vector to satisfy that
the number of features be less than the number of recordings. For
example in [7–9], the authors described an approach to select a
reduced electrode set. However, this solution might not be always
practicable, since for some subjects several features to differentiate between two or more mental tasks are necessary. So, a more
feasible solution could be obtained if it is used a robust classiﬁer
capable to learn with few recordings.
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Artiﬁcial neural networks (ANN) have been applied to several
pattern recognition problems, including EEG classiﬁcation for diagnosis of alcoholism [10], detection of epileptic seizure [11] and
others [12]. Among the most popular models used in motor imagery
EEG classiﬁcation, we could mention feed-forward neural networks
(FNN) and radial basis function neural networks (RBF) [13,14].
However, it is well known that this type of classiﬁer requires a
large training data set to get an acceptable accuracy.
Recently, a new type of ANN based on spiking neural models
(SNM) has attracted the attention of the ANN scientiﬁc community. SNM are considered as the third generation of neural models
[15]. They are mathematical abstractions that mimic the behavior
of biological neurons in terms of a differential equation. These models are stimulated during a period of time with an input current and
at the output, they generate a spike train, similar to real neurons.
Although these models are used in the computational neuroscience
ﬁeld to model cortical regions from the brain [16–18], recently they
have been applied to solve pattern recognition problems. According to the results reported in [19–25], these models have shown
advantages against classical neural networks. In that sense, SNM
can be seen as an alternative method to classify patterns obtained
from a wide range of problems.
In [26], the authors developed a spiking neural network for
epilepsy and epileptic seizure detection using EEG. Although the
results were encouraged, the spiking neural network required a
large training data set to get an acceptable performance.
In [27,28], the authors described a methodology for recognizing
EEG spatio-temporal data using a spiking neural network called
NeuCube. The proposed method was useful to predict the response
to treatment and dose-related drug effect using EEG data collected from subjects with opiate addiction, patients undertaking
methadone maintenance treatment, and non-drug users.
In [29], the authors also proposed a spiking neural network for
classifying continuous EEG recordings using wavelet transformation and a network of leaky-integrate-and-ﬁre (LIF) neurons as
nodes in a multi-layered structure.
Although spiking neural networks have been applied to classify
EEG signals obtained from several mental tasks, these approaches
require many samples during the training phase to get a high
performance. Based on the results obtained from these previous
researches, it is still necessary to evaluate different SNM or learning strategies to determine if they could be considered as robust
classiﬁers to train BCI systems using a reduced number of recordings.
Therefore, the goal of this research is to demonstrate that an
SNM is a potential alternative to classify EEG signals when the number of recordings is reduced to avoid long and tedious calibration
sessions.
To achieve this goal, we proposed a methodology that integrates
the coherence and SNM to classify motor imaginary EEG signals
under short calibration sessions. Based on [30], we computed the
coherence into a subset of three electrodes to get the feature vector
from the EEG signals. Since the coherence is highly sensitive to the
frequency at which it is computed, in this paper the coherence was
not computed in a speciﬁc frequency but in a range of frequencies.
After that, based on [19,20], we trained an SNM using a strategy
based on particle swarm optimization (PSO). Finally, to evaluate the
robustness of the SNM, we developed two indexes based on the performance and the conﬁdences intervals: performance-conﬁdence
index (pci) and stability index (si). In addition, the performance
and robustness of the SNM, trained with a different number of
samples, was compared against other popular classiﬁers (used in
EEG classiﬁcation) such as linear Fisher discriminant (LD), feedforward artiﬁcial neural networks (FNN) and radial basis function
neural networks (RBF) using the IIIa, IVa and V data set from BCI
International Competition III.
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This paper is organized as follows: In Section 2, the proposed
methodology is exposed, in Section 3 results and discussions are
shown and Section 4 presents the conclusions from this work.

2. Methods
As it was mentioned in the Introduction, a generic BCI scheme
consists of the next stages: acquisition, pre-processing, feature
extraction and classiﬁcation. The brain activity is recorded during
the acquisition stage. Next, in the pre-processing stage, the EEG signal is enhanced through ﬁltering and ampliﬁcation. In the feature
extraction, the most representative information is extracted from
the EEG signal to build a feature vector. Finally, in the classiﬁcation
stage, the recorded signal is associated with a mental state in order
to emit a command control [1].
In this paper, the feature extraction stage is approached through
the coherence, and the classiﬁcation is achieved applying a spiking
neural model (SNM). So, in this section both methods are brieﬂy
exposed. For more detailed information see [30,19,20].

2.1. Feature vector
Given an EEG data set in a M × N × T matrix, where the total number of electrodes is expressed by M, N indicates the total number of
data points and T is the total number of trials, the goal is to select a
sub set of L electrodes, with L  M, based on the coherence values.
The coherence is a metric that expresses, in the frequency domain,
the correlation between two signals. Then, given two EEG signals
recorded from electrodes j and k, expressed as xj (n) and xk (n), the
coherence between them is given by [31]

2
j,k
(f ) =

|Pjk (f )|2
Pj (f )Pk (f )

(1)

,

where f indicates the frequency at which the coherence is computed, Pjk (f) is the cross spectral density of xj (n) and xk (n), and Pj (f)
and Pk (f) are the individual
 signal’s
 auto-spectral densities.
Then, for each one of M//L subsets, the coherence between





all D = L//2 possible combinations from the sub set of L electrodes is computed as was expressed in (1), obtaining D coherence
values to form a D-dimensional feature vector y. To assure that
these coherence values express true connectivity, a signiﬁcance
level j,k is established according [32].
The coherence computation is carried out in an iterative process
for all T trials for each i = 1, 2, . . ., I class. If in a subset of L electrodes
all D coherence values are signiﬁcant, i.e.

 
2
j,k
(f ) > j,k

∀D =

L

2

combinations

(2)

the electrode set and the coherence values are stored.
Now take importance the coherence values that allow us discriminate different mental tasks. Considering the case of I different
classes, each of one containing T trials, where T ≤ T are the trials
2 (f )}
satisfying the condition in (2) and {j,k
denotes the coheri,t

ence between signals for a given t trial and i class, the mean class
coherence is
T

1 2
i = 
{j,k (f )} ,
i,t
Ti
i

t=1

(3)
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Fig. 1. Scheme of a spiking neuron.

In order to determine if the coherence values allow us to discriminate among different mental tasks and regarding (3), we can
apply the following hypothesis test
Fig. 2. Stages of the classiﬁcation using SNM.

Ho : 1 = 2 = · · · = I

(4)

Ha : any negation of Ho .
A variety of methods can be applied to reject the null-hypothesis.
Independently of that, the L sensors are selected based on the pvalues of the statistical test in order to select the sensors which
provide the maximal difference among the coherence values for the
I different classes. If pj,k deﬁnes the p-value corresponding to the
coherence between EEG signals recorded from electrodes j and k,
the most likely differences between coherence values occurs when
pj,k  ˛.

(5)

where ˛ is the signiﬁcance level in the hypothesis test.
Finally, the feature vector yOPT is built by the coherences values
computed from the selected L electrodes. These coherence values
attain the condition in (2) and the p values from the hypothesis
test (4) are a lot less than the signiﬁcance level (5) in most of its D
dimensions.
2.2. Classifying with spiking neuron models
Spiking neural models were proposed since the beginning
of XX century [33,15]. Basically, these models are capable of
modeling different neurodynamic properties of neurons. Among
the most popular, we could mention the integrate-and-ﬁre,
Hodgkin-Huxley, resonate-and-ﬁre, FitzHugh-Nagumo and Izhikevich models [34–38].
Due to its simplicity and versatility, in this paper we are going to
use the Izhikevich neuron model which is deﬁned with a differential
equation described in (6):
C v̇ = k(v − vr )(v − vt ) − u + I

ifv ≥ vpeak then

u̇ = a{b(v − vr ) − u}

v ←− c, u ←− u + d

(6)

where v represents the membrane potential and u is the recovery current. The membrane capacitance is represented with C, the
resting membrane potential with vr , the instantaneous threshold
potential with vt , and the spike cutoff value with vpeak . Finally, a
is the recovery time constant, b force to u behaves as an amplifying (when b < 0) or as a resonant (when b > 0), c deﬁne the voltage
reset value, and d represents the total amount of currents activated
during the spike.
In this research, we are going to use the parameters that produce
regular spiking patterns, see Fig. 1.
Based on the work described in [19,20], the next behavior
must be reached to apply successfully a SNM in a pattern recognition task: “patterns from the same class produce similar ﬁring
rates in the output of the spiking neuron and patterns from other
classes produce ﬁring rates different enough to discriminate among
the classes”. To achieve that, in [19,20] the authors proposed a
methodology that can be separated in four stages, see Fig. 2: data

adquisition, input current computation, ﬁring rate computation,
classiﬁcation.
Given an input pattern (feature vector) xi ∈ Rn , which corresponds to the presynaptic potential of different receptive ﬁelds,
it is transformed into an input current by means of the synaptic
weights’ neuron model wi ∈ Rn by applying (7)
I = x · w.

(7)

Then, this input current is used to stimulate the spiking neuron
model during T ms to obtain the spike train and compute the ﬁring
rate as described in (8)
fr =

Nsp
,
T

(8)

where Nsp is the number of spikes that occur within the time window of length T. After that, the average ﬁring rate of each class
AFR ∈ RK is computed.
Finally, to classify an unknown input pattern x̃, it is necessary
to stimulate the spiking neuron using the current obtained with x̃,
compute its ﬁring rate fr and compare it against the average ﬁring
rate of each class by mean of (9)
K

cl = arg min(|AFRk − fr|)

(9)

k=1

The authors suggested that the learning process could be conducted by an optimization strategy for adjusting the synaptic
weights of the spiking model to generate different ﬁring rate for
each class k. Among these strategies, we could mention particle
swarm optimization (PSO) [39], artiﬁcial bee colony (ABC) [19],
cuckoo search (CS) [40], differential evolution (DE) [21] and genetic
algorithms (GA) [20]. According to [41], these learning strategies
provide similar results among them during a pattern recognition
task. This fact gives us the possibility of choosing any of these
strategies taking into account the easiest for implementation, fast
convergence and low complexity.
2.3. Training spiking neuron models using PSO
Different evolutionary computation as well as swarm intelligence techniques have been applied as a learning strategy for
training artiﬁcial neural networks [42,43]. Particle swarm optimization (PSO) is a technique widely used for optimizing non-linear
and non-differentiable continuous space functions with a great
accuracy. This technique has been widely applied for training and
designing ANN [39,44–46]. This algorithm is based on a set of SN
particles (population) si that represent solutions (positions) to the
optimization problems. During each iteration t of the optimiza-
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tion process, each particle updates its current position based on
a velocity function according to (10):
vi (t + 1) = ωvi (t) + c1 r1 (pi (t) − si (t)) + c2 r2 (pg (t) − si (t))

(10)

where pg is a memory that represent social component (best solution of the population), pi is the memory of each particle that
represent the cognitive component (best solution of the particle),
an inertia weight is represented with ω that changes each iteration in the range [1, 0), r1 and r2 are uniformly distributed random
numbers U(0, 1) called the craziness, and c1 and c2 represents the
acceleration coefﬁcients. The boundaries of this function are limited according to [vmin , vmax ].
Once computed the velocity of each particle i, they update its
position according to (11):
si (t + 1) = si (t) + vi (t + 1)

(11)

To asses the quality and know the aptitude of each possible
solution, the particles are evaluated by means of a ﬁtness function.
For more details of this algorithms, the reader could refers to
[47]. The basic PSO algorithm is described in Algorithm 1.
Algorithm 1.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

PSO pseudo-code.

t=0
Initialize the swarm population of solutions si (t) ∀ i, i = 1, . . ., SN
Evaluate the population f(si (t)) ∀ i, i = 1, . . ., SN
Initialize best local position pi = f(si (t)) ∀ i, i = 1, . . ., SN
Initialize best global position pg = min(f(si (t)) ∀ i, i = 1, . . ., SN)
for t = 0 to MAXITER do
for i = 1 to SN do
Compute velocity vi (t + 1)
Compute new position si (t + 1)
Evaluate the ﬁtness of the particle f(si (t + 1))
if f(si (t + 1)) < pi =then
Update best local position pi = f(si (t + 1))
endif
endfor
if min(f(si (t + 1) ∀ i, i = 1, . . ., SN) < pg = then
Update best global position pg = min(f(si (t + 1)) ∀ i, i = 1, . . ., SN)
end if
t=t+1
end for

In the context of the SNM and the EEG classiﬁcation, each particle from the swarm corresponds to a set of synaptic weights, and
the size of particle is determined in terms of the number of features extracted from the EEG recordings that stimulate the SNM.
The learning process consists in computing the value of the synaptic weights to maximize the performance of the SNM during the
EEG classiﬁcation task. In order to guide the learning process the
ﬁtness function described in (12) was used:
p


f (w, X, d) = 1 −

c(w, xi , di )

i=1

p

(12)

where w represents the synaptic weights of the Izhikevich neuron
model, X represents the set of input patterns, d represents the set of
desired patterns associated to each pattern, p represents the number of patterns, and c(w, x, d) represents a function that computes
if the pattern was classiﬁed correctly and is deﬁned as:


c(w, x, d) =

1, |d − y(w, x)| = 0
0,

|d − y(w, x)| =
/ 0

(13)

where x is the input pattern, d is the desired class, y corresponds to
the class detected with the SNM, and w are the synaptic weights of
the SNM.
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3. Results and discussion
In order to evaluate the performance of the proposed methodology, we employed three different data sets from BCI international
competition III, all of them related to imaginary movement:
• Data set IIIa. This data set contains the EEG recording from three
subjects, labeled as k3b, k6b and l1b. The tasks asked to the
subjects were imagery left hand, right hand, foot or tongue movements. For subject k3b, there are 90 trials for each mental task,
for the other two subjects, there are 60 trials for each task. The
register was made using 32 electrodes. In this work only left hand
and foot imagery movements were used.
• Data set IVa [48]. This data set contains the EEG recording from
ﬁve subjects labeled as aa, al, av, aw, ay. Each subject was asked to
imagine two different movements: right foot and right hand. For
each mental task, 140 trials were registered using 118 electrodes.
• Data set V [49]. This data set contains the EEG recording from
three subjects, labeled as S1, S2 and S3. Each subject was asked
to perform three different tasks: imagination of repetitive selfpaced left hand movements, imagination of repetitive self-paced
right hand movements, and generation of words beginning with
the same random letter (in this work, only movement tasks were
used). Four sessions were performed, each lasting 4 min in which
the subject performed the task about 15 s accordingly with the
operator’s request. The acquisition was achieved using 32 electrodes. The 15s were segmented in 2s overlapped 1s. In this way,
approximately 300 trials were generated for each mental task.
To evaluate the robustness of the SNM, when it is trained with a
reduced number of data samples (to avoid long calibration session
for the subjects), the classiﬁcation stage was performed varying
the number of samples that composed the training data set from
50% to 10% of the total recordings. The testing data set was always
conformed by 50% of the entire recordings. In order to avoid the
data in training or the evaluation set inﬂuence the classiﬁcation, a
random sub-sampling validation test of 30 iterations was done.
All data sets were preprocessed applying a Butterworth band
pass ﬁlter of fourth order with cutoff frequencies 1 and 100 Hz.
After that, the feature vector y was built in terms of the coherence
between the EEG signals. We used L = 3 electrodes for each subject,
which in the case of the data set IV were obtained from a subset of
M = 16 electrodes (F7, F8, Fp1, Fp2, F3, Fz, F4, C3, Cz, C4, P3, Pz, P4, O1,
Oz, O2). In the case of data sets IIIa and V the L = 3 electrodes were
selected from the original electrodes set used in the recording. The
selection was carried out as described in [30] and summarized in
Section 2.1. The signiﬁcance level ˛ in the hypothesis test described
in (4) was set to 0.5.
Instead of computing the coherence for a speciﬁc frequency as
reported in [30], we computed the coherence within a range of
frequencies since the coherence value is highly sensitive to the
frequency in which it is computed. The selected frequency range
was from 8 Hz to 18 Hz because this is the range in which the
(de)synchronization due to the movement tasks occurs. So the feature vector is expressed as y = [ 2 (f1 ),  2 (f2 ), . . .,  2 (fN )], where
2 (f ),  2 (f ),  2 (f )], N = 11, f = 8 Hz and f
 2 (f ) = [1,2
1
11 = 18 Hz. The
1,3
2,3
selected electrodes are listed in Table 1.
In order to train the Izhikevich neural model, we set its parameters as C = 100, vr = −60, vt = −40, vpeak = 35, k = 0.7, a = 0.03, b =−2,
c =−50, and d = 100. To solve the differential equation’s model, we
set the parameters of the Euler method as dt = 1 and simulation time
as T = 1000. For the training algorithm (PSO), the population size
was set to NP = 40, the maximum number of generations to MAXGEN = 1000, the velocity to VMAX = 4 and VMIN =−4, the crazyness
to c1 = 2 and c2 = 2, ω was varied in the range [0.95–0.4] through
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Table 1
Electrodes selected for each subject to build the feature vector [30]. * For this data
set, the electrodes name is supposed by the authors based on the scheme reported
in the data set description.
Data set

Subject

Electrodes

Data
set
IVa

aa
al
av
aw
ay

Fz, C3, Cz
C3, Cz, P3
C3, C4, P3
F3, C4, P3
C3, P3, Pz

Data
set
Va

S1
S2
S3

C3, C4, Cz
C3, C4, Cz
C3, C4, Cz

Data
set
IIIa

kb3*
kb6*
lb1*

FCz, C3, C4
Cz, P2, P3
C3, Cz, Pz

the generations and the boundaries were set to XMAX = 10 and
XMIN =−10.
In addition, the performance of the SNM was compared against
a linear discriminant classiﬁer (LD) and two popular artiﬁcial neural networks: feed-forward neural network (FNN) and radial basis
function neural network (RBF).
It was demonstrated in [50] that winner-take-all strategies are
computationally powerful compared with standard neural models
with threshold and sigmoidal gates, furthermore, instead of using
more than a single layers of nonlinear neurons (sigmoidal) to represent complex functions it is enough employing a winner-take-all
strategies as nonlinear unit. In order to obtain the best accuracy
with the FNN, we evaluate, compare and design different architectures (SNB, SFNNB, FNN1B, FNN2B, FNN1 and FNN2) composed of
different number of layers, number of neurons and type of neuron in the output layer. These architectures were trained using
a Levenberg-Marquardt learning algorithm (during 5000 epochs)
with a learning rate of 0.1 and goal error of 0.
The architecture SNB was composed of one single sigmoidal
neuron where outputs greater than 0.5 were assigned to class 1,
otherwise class 0.
The architecture SFNNB is composed of a hidden layer with 2 to
10 sigmoidal neurons and an output layer with a sigmoidal neuron
where outputs greater than 0.5 were assigned to class 1, otherwise
class 0. For each subject and dataset, we maximize the accuracy
determining the best number of neurons for the hidden layer.
For the architectures FNN1B, FNN2B, FNN1 and FNN2, the number of neurons that composes the hidden layers hn was computed
according to Eq. (14)
hn = (nf + nc )

(14)

in which nf is determined in terms of the number of features that
contains the input pattern and nc is determined with the number
of classes of the dataset.
For the architecture with two hidden layers, the neurons were
distributed as follow: hn1 = 0.6hn and hn2 = 0.4hn, respectively.
For the architectures FNN1B, FNN2B, sigmoidal neurons were
used in the hidden layers and one sigmoidal neuron was used in
the output layer. To determine the class to which an input pattern
belongs, we establish a threshold value (th) to indicate that outputs greater than th belongs to class 1, otherwise class 0. To select
the th, we tested different values in the range [0.1–0.9] using an
increment of 0.1, and then selected the best th for each subject and
conﬁguration.
For the architectures FNN1, FNN2, hyperbolic tangential neurons were used in hidden and output layers, and the number of
neurons in the output layer on was determined in terms of the
number of classes of the data set nc . To determine the class to which
an input pattern belongs, we applied a winner-take-all approach,

Table 2
Average performance achieved with different FNN architectures.
Data training [%]

Classiﬁer

Data set IVa

Data set V

Data set IIIa

50

SNB
SFNNB
FNN1B
FNN2B
FNN1
FNN2

49.8 ± 2.5*
50.8 ± 2.9*
65.7 ± 7.2*
65.3 ± 7.1*
70.5 ± 4.8
71.1 ± 4.4

49.8 ± 1.9*
50.4 ± 1.9*
55.1 ± 5.5*
57.7 ± 4.7*
62.4 ± 3.7
63.5 ± 3.1

49.7 ± 4.9*
51.2 ± 4.5*
62.8 ± 7.6*
61.7 ± 8.4*
66.0 ± 5.1
64.8 ± 6.1

40

SNB
SFNNB
FNN1B
FNN2B
FNN1
FNN2

49.9 ± 2.8*
50.9 ± 2.8*
64.6 ± 8.3*
65.9 ± 7.1*
69.8 ± 5.0
70.3 ± 5.0

49.9 ± 2.0*
50.6 ± 2.1*
55.8 ± 4.7*
58.3 ± 5.1*
63.6 ± 2.7
62.8 ± 2.7

50.1 ± 4.7*
50.9 ± 4.2*
62.2 ± 6.3*
63.3 ± 7.3
64.8 ± 6.7
64.5 ± 5.3

30

SNB
SFNNB
FNN1B
FNN2B
FNN1
FNN2

49.6 ± 2.6*
50.7 ± 2.9*
63.8 ± 7.7*
65.0 ± 6.8*
68.0 ± 5.3
69.5 ± 5.3

49.4 ± 2.2*
50.5 ± 2.8*
58.2 ± 3.9*
58.4 ± 4.7*
62.2 ± 3.4
62.7 ± 3.0

49.2 ± 3.9*
51.2 ± 4.0*
59.6 ± 8.9*
61.2 ± 8.8
63.6 ± 6.3
64.1 ± 7.0

20

SNB
SFNNB
FNN1B
FNN2B
FNN1
FNN2

49.9 ± 2.7*
50.8 ± 2.7*
64.1 ± 6.6*
63.1 ± 8.3*
66.4 ± 5.3
68.1 ± 5.6

50.2 ± 2.1*
50.5 ± 1.8*
56.0 ± 5.9*
56.8 ± 5.0*
59.1 ± 3.9
59.8 ± 3.6

50.4 ± 4.5*
50.8 ± 5.2*
61.5 ± 8.0
61.6 ± 9.8
57.8 ± 7.8
61.7 ± 7.1

10

SNB
SFNNB
FNN1B
FNN2B
FNN1
FNN2

49.9 ± 2.7*
50.7 ± 2.6*
61.1 ± 7.7*
61.0 ± 7.8*
65.3 ± 7.1
63.8 ± 7.3*

50.2 ± 1.8*
50.5 ± 2.1*
55.5 ± 5.6*
55.9 ± 5.1*
57.7 ± 4.6
58.4 ± 4.7

49.8 ± 4.8*
50.8 ± 4.2*
58.7 ± 7.9
59.4 ± 7.3
61.7 ± 8.3
58.9 ± 8.6

where the neuron with the highest output value is set to 1 and the
others to 0; if neuron one is set to 1, it indicates that the pattern
belongs to class 1, if neuron two is set to 1, indicates that pattern
belongs to class 2.
Finally, a random sub-sampling validation test of 30 iterations
was done to compute the average performance of the different
architectures.
In order to determine which conﬁguration was the most suitable to recognize the EEG signals and assess if there are signiﬁcant
differences among the accuracies achieved with the different ANN
architectures, we applied an ANOVA test. Since the ANOVA test
showed that there are signiﬁcant differences, a multiple comparison test was performed. In Table 2, we present the average
accuracy for all subjects for each data set. The maximum accuracy
is remarked with bold font and the accuracies that present signiﬁcant difference based on the ANOVA and multiple comparison tests
are followed by an asterisk.
After evaluating the experimental results, the ANOVA test
corroborates that the winner-take-all strategy in the output
layer provides signiﬁcantly different results compared with those
obtained with the other architectures. Based on these results,
we selected the FNN based on the winner-take-all strategy for
comparing the results against those obtained with the proposed
methodology.
We adopted two different approaches for training the RBF. In
the ﬁrst approach (RBF1), the hidden layer hn was composed of
2 to 10 Gaussian neurons where the center and the width were
selected using a kmeans clustering algorithm. The output layer was
composed of one linear neuron where outputs greater than 0.5 were
assigned to class 1, otherwise class 0. For each subject and dataset,
we maximize the accuracy determining the best number of neurons
for the hidden layer.
The second approach (RBF2) used an incremental architecture.
When the learning stage begins, the hidden layer has no neurons
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Table 5
Performance achieved for data set V.

Data Training [%]

Classiﬁer

Data set IVa

Data set V

Data set IIIa

Data Training [%]

Classiﬁer

S1

S2

S3

Average

50

RBF1
RBF2

56.0 ± 4.2*
70.8 ± 4.9

55.6 ± 3.6*
62.5 ± 2.4

53.6 ± 5.5*
66.1 ± 5.5

50

40

RBF1
RBF2

55.6 ± 4.5*
71.5 ± 4.1

55.3 ± 3.5*
61.8 ± 2.4

52.7 ± 5.2*
61.4 ± 6.0

SNM
LDA
FNN1
FNN2
RBF2

72.6 ± 2.2
75.6 ± 1.4
71.1 ± 3.9
73.3 ± 2.7
72.3 ± 1.9

59.4 ± 2.8
60.9 ± 2.6
58.4 ± 3.7
58.0 ± 3.8
56.4 ± 3.3

56.6 ± 2.8
57.61 ± 2.8
57.6 ± 3.6
59.3 ± 2.8
58.7 ± 2.1

62.9 ± 2.6*
64.7 ± 2.2
62.4 ± 3.7*
63.5 ± 3.1
62.5 ± 2.4*

30

RBF1
RBF2

54.6 ± 4.1*
72.3 ± 4.0

54.7 ± 3.1*
62.3 ± 2.6

51.7 ± 4.7*
61.9 ± 5.9

40

20

RBF1
RBF2

54.0 ± 4.7*
70.4 ± 4.8

54.2 ± 3.9*
61.8 ± 2.8

52.4 ± 5.6*
62.9 ± 5.6

10

RBF1
RBF2

53.0 ± 4.1*
65.9 ± 6.6

52.7 ± 3.6*
58.8 ± 3.6

51.4 ± 5.0*
59.8 ± 8.2

SNM
LDA
FNN1
FNN2
RBF2

71.9 ± 2.1
71.7 ± 1.6
72.5 ± 2.0
71.9 ± 1.9
70.5 ± 1.8

60.0 ± 2.9
61.3 ± 2.7
58.8 ± 3.0
58.7 ± 2.8
57.0 ± 2.4

56.6 ± 2.2
57.4 ± 2.2
59.4 ± 3.2
57.8 ± 3.5
58.0 ± 3.0

62.8 ± 2.4*
63.5 ± 2.1
63.6 ± 2.7
62.8 ± 2.7*
61.8 ± 2.4*

30

SNM
LDA
FNN1
FNN2
RBF2

71.6 ± 2.5
71.8 ± 1.6
71.3 ± 2.9
72.0 ± 2.5
72.4 ± 2.0

60.5 ± 2.5
61.1 ± 1.9
57.2 ± 4.0
58.6 ± 3.3
55.7 ± 3.5

56.2 ± 3.4
56.5 ± 3.4
58.0 ± 3.4
57.6 ± 3.1
58.8 ± 2.3

62.8 ± 2.8
63.1 ± 2.3
62.2 ± 3.4
62.7 ± 3.0
62.3 ± 2.6

20

SNM
LDA
FNN1
FNN2
RBF2

70.3 ± 2.7
71.4 ± 2.2
71.1 ± 2.4
69.4 ± 3.0
71.5 ± 2.2

59.2 ± 2.8
56.2 ± 2.5
56.2 ± 3.3
54.5 ± 4.9
57.0 ± 3.2

54.7 ± 3.0
56.1 ± 3.0
56.0 ± 3.3
55.6 ± 3.1
56.8 ± 3.1

61.4 ± 2.8
61.3 ± 2.6
61.1 ± 3.0
59.8 ± 3.6*
61.8 ± 2.8

10

SNM
LDA
FNN1
FNN2
RBF2

69.5 ± 2.8
65.8 ± 4.0
66.8 ± 4.2
67.6 ± 4.0
68.9 ± 2.9

57.0 ± 4.2
53.3 ± 2.7
55.8 ± 4.7
53.9 ± 5.3
53.4 ± 4.2

54.5 ± 2.7
54.0 ± 2.7
54.8 ± 2.8
53.8 ± 4.9
54.2 ± 3.6

60.3 ± 3.2
57.7 ± 3.1 *
59.1 ± 3.9
58.4 ± 4.7*
58.8 ± 3.6

and nc linear neurons in the output layer. Neurons in the hidden layer are added each iteration during the learning process
until a number of neurons or speciﬁc error is reached. In order
to determine the maximum number of neurons and the width of
the Gaussian, we tested different values for the width in the range
[0.1–2.0] using an increment of 0.1 and a maximum number of neurons computed as mnn(hma) = (((np − nc )/20) × hma) + nc where np
represents the number of patterns, nc the number of classes and
hma is a value from 1 to 20. The goal error was set to 0.01. For
each subject and dataset, we maximize the accuracy determining
the best number of neurons for the hidden layer and best width. As
equal as FNN1 and FNN2, to determine the class to which an input
pattern belongs, we applied a winner-take-all approach, where the
neuron with the highest output value is set to 1 and the others to
0.
Finally, a random subsampling validation test of 30 iterations
was done to compute the average performance of the RBF1 and
RBF2.
In order to evaluate if there are signiﬁcant differences between
the results achieved with RBF1 and those obtained with RBF2, we
applied a hypothesis test with a signiﬁcance level p = 0.01. Table 3
shows the average performance for all subjects for all data sets. As
equal as in Table 2, the cases with signiﬁcant differences are indi-

cated with an asterisk. From these experiments, we observed that
the RBF2 provides the best results which are signiﬁcantly different
from those achieved with RBF1. Based on these results, we selected
the RBF2 for comparing the results against those obtained with the
proposed methodology.
Tables 4–6 show the average performance value and standard
deviation for all subjects achieved with the SNM as well as a comparison against other classiﬁers.
Table 4 shows the average performance obtained with the classiﬁers using data set IVa (which contains 140 recordings for each
class). The average performance obtained with the SNM for all sub-

Table 4
Performance achieved for data set IVa
Data Training [%]

Classiﬁer

aa

al

av

aw

ay

Average

50

SNM
LDA
FNN1
FNN2
RBF2

68.7 ± 3.7
67.2 ± 3.3
65.2 ± 6.7
63.0 ± 6.1
58.0 ± 7.7

90.7 ± 2.4
84.1 ± 3.3
89.4 ± 2.1
90.1 ± 3.0
90.7 ± 2.2

60.5 ± 3.5
55.9 ± 3.6
57.9 ± 4.1
59.3 ± 5.1
51.6 ± 7.4

72.9 ± 3.4
69.2 ± 3.4
69.9 ± 3.8
72.5 ± 5.0
71.1 ± 3.7

72.3 ± 1.6
67.4 ± 3.5
70.0 ± 7.3
70.4 ± 2.9
82.5 ± 3.5

73.0 ± 2.9
68.8 ± 3.4*
70.5 ± 4.8*
71.1 ± 4.4*
70.8 ± 4.9*

40

SNM
LDA
FNN1
FNN2
RBF2

67.1 ± 4.2
65.1 ± 3.9
63.0 ± 7.6
62.7 ± 7.1
62.3 ± 6.7

89.6 ± 4.2
83.6 ± 3.6
88.7 ± 2.9
89.5 ± 3.4
89.7 ± 2.4

60.4 ± 4.5
55.5 ± 3.6
58.7 ± 3.5
59.3 ± 4.0
55.6 ± 4.8

71.8 ± 3.9
68.3 ± 3.5
68.8 ± 5.2
70.3 ± 5.8
68.2 ± 4.4

71.5 ± 2.4
66.2 ± 3.5
69.7 ± 5.5
69.6 ± 4.8
81.7 ± 2.1

72.1 ± 3.8
67.7 ± 3.6*
69.8 ± 5.0*
70.3 ± 5.0
71.5 ± 4.1

30

SNM
LDA
FNN1
FNN2
RBF2

66.0 ± 4.9
62.1 ± 3.8
59.9 ± 6.7
61.5 ± 6.3
64.3 ± 5.0

88.7 ± 4.3
81.5 ± 4.2
87.3 ± 7.5
88.9 ± 3.4
88.9 ± 2.8

59.3 ± 4.4
54.8 ± 3.6
56.4 ± 4.0
58.3 ± 5.2
59.5 ± 5.2

72.3 ± 3.9
66.3 ± 4.1
68.4 ± 4.7
67.9 ± 7.2
69.0 ± 4.5

71.0 ± 2.4
64.0 ± 4.4
67.8 ± 3.5
71.1 ± 4.2
79.6 ± 2.6

71.5 ± 4.0
65.7 ± 4.0*
68.0 ± 5.3*
69.5 ± 5.3*
72.3 ± 4.0

20

SNM
LDA
FNN1
FNN2
RBF2

65.8 ± 4.4
58.2 ± 5.0
60.4 ± 7.3
60.1 ± 7.7
61.5 ± 6.3

87.2 ± 4.9
76.3 ± 5.5
87.1 ± 2.6
86.9 ± 4.0
87.4 ± 4.3

60.0 ± 4.3
53.1 ± 4.1
54.6 ± 5.4
57.7 ± 6.6
58.8 ± 5.6

69.9 ± 3.6
63.0 ± 4.5
67.9 ± 4.5
67.8 ± 4.3
70.4 ± 4.4

68.9 ± 2.8
61.6 ± 4.1
69.2 ± 2.7
68.2 ± 5.1
73.8 ± 3.5

70.4 ± 4.0
62.4 ± 4.6*
67.8 ± 4.5*
68.1 ± 5.6*
70.3 ± 4.8

10

SNM
LDA
FNN1
FNN2
RBF2

61.5 ± 7.4
50.4 ± 5.8
60.9 ± 6.2
57.2 ± 6.7
53.7 ± 7.0

84.1 ± 4.8
49.0 ± 9.3
81.0 ± 6.2
78.8 ± 8.0
85.4 ± 6.1

58.3 ± 5.4
50.1 ± 4.8
56.3 ± 5.5
53.4 ± 8.7
57.2 ± 5.4

67.1 ± 7.4
49.5 ± 5.7
67.2 ± 6.3
63.9 ± 8.6
64.0 ± 10.9

67.4 ± 3.0
50.2 ± 7.3
66.5 ± 2.3
65.9 ± 4.4
69.4 ± 3.5

67.7 ± 5.6
50.6 ± 6.6*
66.4 ± 5.3
63.8 ± 7.3*
65.9 ± 6.6
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Table 6
Performance achieved for data set IIIa.

Table 7
Results of the ANOVA test of the accuracy values.

Data Training [%]

Classiﬁer

S1

S2

S3

Average

50

SNM
LDA
FNN1
FNN2
RBF2

85.3 ± 3.6
79.2 ± 4.4
84.9 ± 2.9
85.3 ± 3.2
85.6 ± 2.8

60.6 ± 4.7
54.2 ± 7.9
58.4 ± 6.5
57.9 ± 7.4
61.1 ± 5.2

58.3 ± 4.9
51.7 ± 4.7
54.8 ± 5.8
51.2 ± 7.6
51.6 ± 8.4

68.1 ± 4.4
61.7 ± 5.6 *
66.0 ± 5.1
64.8 ± 6.1*
66.1 ± 5.5

SNM
LDA
FNN1
FNN2
RBF2

84.6 ± 4.3
78.2 ± 4.2
84.7 ± 5.5
82.9 ± 4.3
78.6 ± 4.4

60.6 ± 6.0
56.1 ± 6.8
57.7 ± 6.4
58.7 ± 5.3
55.3 ± 8.2

58.7 ± 4.8
48.9 ± 6.2
52.1 ± 8.1
52.0 ± 6.2
50.3 ± 5.6

68.0 ± 5.0
61.1 ± 5.7*
64.8 ± 6.7*
64.5 ± 5.3*
61.4 ± 6.0*

SNM
LDA
FNN1
FNN2
RBF2

82.9 ± 3.7
72.6 ± 4.2
82.6 ± 4.9
81.2 ± 7.8
84.7 ± 4.3

60.0 ± 6.6
51.4 ± 6.1
57.3 ± 6.9
58.1 ± 6.1
48.1 ± 6.7

58.9 ± 4.8
50.1 ± 8.0
50.8 ± 7.1
53.2 ± 7.1
52.8 ± 6.7

67.3 ± 5.0
58.0 ± 6.1*
63.6 ± 6.3*
64.1 ± 7.0*
61.9 ± 5.9*

SNM
LDA
FNN1
FNN2
RBF2

82.7 ± 4.2
50.7 ± 9.1
77.9 ± 9.8
78.9 ± 9.2
83.0 ± 4.6

58.2 ± 6.2
50.7 ± 6.3
53.3 ± 7.7
54.2 ± 7.0
56.7 ± 6.6

57.8 ± 5.7
51.1 ± 6.7
50.3 ± 5.5
52.1 ± 5.0
49.1 ± 5.5

66.2 ± 5.4
50.8 ± 7.4*
60.5 ± 7.7*
61.7 ± 7.1*
62.9 ± 5.6*

SNM
LDA
FNN1
FNN2
RBF2

79.1 ± 7.7
51.1 ± 11.6
70.6 ± 11.1
72.6 ± 11.0
74.8 ± 13.3

56.6 ± 5.9
51.1 ± 5.5
52.5 ± 7.1
51.4 ± 9.0
55.5 ± 6.8

55.1 ± 6.3
47.8 ± 6.6
50.4 ± 5.3
52.7 ± 5.9
49.1 ± 4.5

63.6 ± 6.6
50.0 ± 7.9*
57.8 ± 7.8*
58.9 ± 8.6*
59.8 ± 8.2*

40

30

20

10

jects decreased from 73.0% to 67.7% when the number of recordings
for training was diminished from 50% (70 EEG recordings for each
task) to 10% (14 EEG recordings for each task). The SNM provided
the best average accuracy, except when 30% of the recordings were
used during training, where the RBF2 provided the best results.
Although the average performance of RBF2, FNN1 and FNN2 also
was acceptable, this type of neural network requires several neurons to obtain acceptable results. Furthermore, in the critical case,
when the classiﬁers were trained with 10% of the samples, the SNM
provided the best results for three of the subjects (aa, av, aw) and
the RBF2 achieved the best results for al and ay. Nonetheless, the
principal advantage of the SNM against RBF and FFN is related to the
number of neurons required to obtain acceptable results. Finally, in
average the LDA (which is commonly used in BCI applications) provided the lowest performance, even when the classiﬁer was trained
with an acceptable number of data samples.
Table 5 shows the average accuracy achieved with the classiﬁers
for the data set V which contains 300 recordings (a big amount of
recordings compared against the other data sets) for each class. In
this set of experiments, we observe that LDA achieved the best accuracy when the 50–30% of the total recordings (150–60 recordings
for each class) were used during training stage. The RBF2 achieved
the best performance when it was trained with 20% of the recordings. In the worst case, when 10% of data samples (30 recordings
for each class) were used to train the classiﬁers, a decrease in the
performance can be observed for most of the classiﬁers, in this
condition, the SNM achieved the best accuracy higher than 60%.
Although with this data set the other classiﬁers provided a better
accuracy, the SNM showed its robustness against the other classiﬁers when the number of samples used to train was drastically
reduced.
Table 6 shows the results obtained with data set IIIa, which contains 60 recordings for each class. In average, the SNM provided the
best results in all training conditions from 68.1% to 63.6%. Except
for subject S1 (when it was trained with 50%, 30% and 20% of the
total recordings) and subject S2(when it was trained with 50% of
the total recordings) where the RBF2 provided the best results.

F values
Data set Data
training [%]

p values

IVa

50
40
30
20
10

20.3, 117.4, 23.71
19.90, 963.39, 13.28
50.12, 854.81, 7.69
86.47, 751.90, 6.36
175.05, 247.60, 16.30

7.73E−16, 3.03E−308, 6.67E−56
1.45E−15, 2.20E−288, 1.93E−31
2.90E−37, 1.06E−272, 5.5E−17
4.58E−60, 3.04E−256, 1.74E−13
6.97E−105, 5.44E−134, 7.07E−39

V

50
40
30
20
10

13.50, 1368, 7.7
13.40, 1575.30, 7.3
2.0, 1293.2, 9.9
5.2, 1198.4, 5.4
7.89, 616.14, 2.47

2.29E−10, 2.25E−188, 9.81E−10
2.45E−10, 5.67E−200, 4.34E−9
0.0981, 8.48E−184, 1.13E−12
4.34E−4, 1.12E−177, 1.85E−6
3.74E−6, 1.21E−127, 0.01

IIIa

50
40
30
20
10

17.9, 1323.9, 3.4
20.2, 1022, 1.9
20.8, 1000.6, 10.4
65.43, 475.68, 37.97
35.43, 231.92.9, 14.63

1.33E−13, 1.06E−185, 9.18E−04
2.86E−15 4.15E−165, 0.064
1.01E−15, 1.82E−163, 1.99E−13
2.62E−43, 3.26E−110, 1.14E−45
1.23E−25, 2.78E−69, 5.40E−19

Table 8
Average of the area under ROC curve for all data sets.
Classiﬁer

Data set IVa

Data set V

Data set IIIa

50

SNM
LD
FNN1
FNN2
RBF2

81.1 ± 3.1
72.3 ± 3.7*
77.0 ± 5.7*
77.4 ± 4.6*
77.0 ± 4.2*

71.9± 2.8
69.5 ± 7.9*
67.8 ± 5.0*
69.6 ± 3.7*
67.0 ± 2.6*

77.0 ± 4.5
63.12 ± 6.4*
70.2 ± 5.2*
70.2 ± 7.2*
70.6 ± 5.4*

40

SNM
LD
FNN1
FNN2
RBF2

80.10 ± 3.5
70.4 ± 3.8*
76.3 ± 4.8*
76.8 ± 5.0*
76.4 ± 4.0*

72.1 ± 2.9
68.4 ± 7.9*
69.0 ± 3.3*
68.7 ± 3.0*
66.6 ± 2.4*

75.6 ± 5.9
60.3 ± 6.4*
69.2 ± 7.1*
70.6 ± 6.2*
68.6 ± 5.2*

30

SNM
LD
FNN1
FNN2
RBF2

80.11 ± 4.4
67.1 ± 4.5*
74.3 ± 6.4*
76.1 ± 5.4*
77.6 ± 4.4*

71.6 ± 3.2
66.9 ± 8.4*
67.6 ± 3.9*
68.1 ± 3.6*
66.4 ± 2.6*

74.9 ± 6.5
58.1 ± 6.9*
68.4 ± 7.4*
68.3 ± 7.3*
68.2 ± 6.4*

20

SNM
LD
FNN1
FNN2
RBF2

79.1 ± 4.9
60.6 ± 4.9*
73.5 ± 5.5*
74.6 ± 6.2*
76.8 ± 3.6

71.9 ± 3.9
65.1± 8.1*
66.2 ± 3.9*
64.9 ± 4.7*
66.3 ± 2.8*

74.0 ± 6.0
49.0 ± 7.1*
65.0 ± 10.4*
67.0 ± 7.6*
67.4 ± 6.7*

10

SNM
LD
FNN1
FNN2
RBF2

76.8 ± 6.4
49.6 ± 6.9*
72.8 ± 5.6*
71.2 ± 9.0*
71.0 ± 6.7*

69.5 ± 4.5
59.4± 9.0*
63.3 ± 4.8*
62.1 ± 5.9*
62.8 ± 4.0*

69.6 ± 9.2
47.9 ± 10.1*
61.4 ± 12.4*
63.2 ± 12.8*
66.0 ± 8.4

To ensure that the differences in the accuracy values described
above are statistically signiﬁcant, we applied an ANOVA test of two
ways regarding the different classiﬁers and the subjects. In Table 7
are shown the F and p values. As it can be seen, in all cases it is
possible to say that there are differences statistically signiﬁcant in
at least one classiﬁer. Therefore, a multiple comparison test was
performed to ﬁnd those classiﬁers that report these differences. In
the last column of Tables 4–6, the maximal average accuracy value
for each condition is marked with bold font, and the accuracy values
which result statistically signiﬁcant different are indicated with an
asterisk. As it can be seen, most of the cases the SNM achieved the
maximum values, and these values present differences statistically
signiﬁcant to the achieved with the others classiﬁers.
On the other hand, to evaluate the sensitivity of the classiﬁer, the
area under ROC curve was computed, see Table 8. In this case, the
ANOVA test was also applied to detect if the differences in the average area are statistically different. The results are shown in Table 9.
Once more, the maximal value for each condition is remarked in
bold font and the values which are statistically different to it are
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Table 9
Results of the ANOVA test of the area under ROC curve values.
F values
Data set Data
training [%]

p values

IVa

50
40
30
20
10

60.2, 1027.2, 24.5
88, 1107.6, 13.7
133.53, 770.93, 7.58
242.61, 593.11, 8.88
291.38, 231.19, 22.89

6.23E−44, 6.50E−297, 1.16E−57
5.82E−61, 4.67E−307, 1.33E−32
1.92E−85, 2.03E−259, 1.08E−16
3.76E−132,6.75E−227, 4.12E−20
2.9E−149, 7.34E−128, 3.65E−54

V

50
40
30
20
10

22.9, 1348.7, 8
34.3, 1607.6, 11.9
27.8,1296.5, 15.2
36.53, 915.44, 4.1
45.44, 545.67, 5.14

3.33E−17, 3.29E−187, 4.43E−10
7.26E−25, 1.17E−201, 2.15E−15
1.35E−20, 5.26E−184, 9.6E−20
2.42E−26, 1.28E−156, 9.89E−5
5.81E−32, 2.67E−119, 3.8E−6

IIIa

50
40
30
20
10

51.2, 1211.8, 3.9
56.6, 1186.4, 4.5
63.72, 716.59, 7.41
113.92, 457, 22.88
36.95, 182.38, 11.87

2.46E−35, 1.43E−178, 1.98E−4
1.97E−38,7.14E−177, 2.88E−5
2.21E−42,2.17E−138, 2.84E−9
2.25E−66, 1.24E−107, 3.09E−29
1.31E−26, 3.00E−58, 2.30E−15

Fig. 3. Average ROC curve obtained with six different classiﬁers (50% of data for
training) for data set IVa.

Fig. 4. Average ROC curve obtained with six different classiﬁers (50% of data for
training) for data set V.

marked with an asterisk. As it can be seen, the SNM provided the
best area under ROC with the three data sets and all conditions,
and these values present differences statistically signiﬁcant to the
achieved with the others classiﬁers.
Figs. 3–5 show the average ROC curve for all classiﬁers when
50% of the data are used to training. As it can be seen, the curve
obtained by the SNM classiﬁer always describes a better trajec-

Fig. 5. Average ROC curve obtained with six different classiﬁers (50% of data for
training) for data set IIIa.

Fig. 6. Average ROC curve obtained with six different classiﬁers (10% of data for
training) for data set IVa.

tory than those described by the other classiﬁers. Combining these
results with those exposed in Table 9, it is possible to say that
the sensibility of the SNM is better than the showed by the other
classiﬁers. Although the artiﬁcial neural networks also provided an
acceptable ROC curve, it is important to remark that they need several neurons to obtain these results whereas the SNM need only
one neuron.
Moreover, when the data used to training the classiﬁers is drastically reduced to 10%, the SNM keeps its ability to ranks correctly
the feature vectors, this observation is supported by the ROC curves
showed in Figs. 6–8.
These results suggest that the SNM can be consider such as an
alternative classiﬁcation tool for the BCI applications in short calibration sessions, even without selecting a speciﬁc frequency when
the feature is in the frequency domain (in this case the feature used
was the coherence). Although in some cases the RBF2 achieved the
best accuracy for some subject, in average, we observed that the
SNM was more robust when was trained 10% of the total recordings,
in contrast to the other tested architectures, where the accuracy
diminished to less than the 60%.
In order to compare the performance stability of the SNM against
the other classiﬁers, we computed the conﬁdence intervals (CI)
with a signiﬁcance level of ˛ = 0.05. Table 10 shows results obtained
with data set IVa. In general, the SNM reached the minimum conﬁdence intervals width which express that the variability in the
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Table 10
Average performance, conﬁdence interval’s (CI) width and proposed pci for all data sets.
Classiﬁer

Data set IVa

Data set V

Data set IIIa

Mean

Width of CI

pci

Mean

Width of CI

pci

Mean

Width of CI

pci

SNM

50
40
30
20
10

73.0
72.1
71.5
70.4
67.7

16.2
21.2
22.2
22.2
31.1

100
87.6
84.2
81.9
57.9

62.9
62.8
62.8
61.4
60.3

14.3
13.2
15.5
15.7
18.0

79.2
93.0
74.4
64.2
48.9

68.1
68.0
67.3
66.2
63.6

24.3
27.9
27.8
29.8
36.9

100.0
91.9
90.3
83.4
61.1

LD

50
40
30
20
10

68.8
67.7
65.7
62.4
50.6

19.0
20.1
22.3
25.8
36.5

85.0
80.6
71.7
57.5
8.2

64.7
63.5
63.1
61.3
57.7

12.4
11.9
12.8
14.3
17.3

98.3
92.8
87.4
58.7
31.1

61.7
61.1
58.0
50.8
50.0

31.4
31.7
33.8
40.9
43.8

68.1
64.4
49.7
15.2
8.8

FNN1

50
40
30
20
10

70.5
69.8
68.0
67.8
66.4

26.6
27.5
29.3
25.0
29.5

73.1
69.7
62.2
70.7
58.2

62.4
63.6
62.2
61.1
59.1

20.7
15.2
19.1
16.8
21.5

53.5
80.8
57.6
58.3
28.1

66.0
64.8
63.6
60.5
57.8

28.1
37.1
34.8
42.6
43.5

86.4
64.0
65.4
40.6
31.5

FNN2

50
40
30
20
10

71.1
70.3
69.5
68.1
63.8

24.5
27.8
29.3
30.8
40.5

78.6
70.2
65.5
59.4
30.2

63.5
62.8
62.7
59.8
58.4

17.2
15.2
16.4
20.2
26.3

73.8
75.4
70.9
37.8
6.6

64.8
64.5
64.1
61.7
58.9

33.6
29.2
38.7
39.2
48.0

71.3
79.9
58.7
51.1
24.9

RBF2

50
40
30
20
10

70.8
71.5
72.3
70.4
65.9

27.1
22.6
22.4
26.8
36.6

72.7
83.4
85.6
72.5
42.7

62.5
61.8
62.3
61.8
58.8

13.5
13.3
14.4
15.8
19.8

79.2
75.6
75.0
66.4
32.1

66.1
61.4
61.9
62.9
59.8

30.5
33.6
32.7
30.9
45.5

81.5
62.0
65.2
71.8
32.6

Fig. 7. Average ROC curve obtained with six different classiﬁers (10% of data for
training) for data set V.

Fig. 8. Average ROC curve obtained with six different classiﬁers (10% of data for
training) for data set IIIa.

results obtained with this classiﬁer was lower than with LDA, RBF2,
FNN1 and FNN2.
Table 10 also shows the results obtained data set V. We observed
that for all classiﬁers the conﬁdence interval’s width was low since
the data set contains several recordings which is an advantage for
the stability of statistics. As we expected, the LDA obtained the
minimum conﬁdence interval’s width followed by the SNM.
For the results obtained with the data set IIIa, Table 10 shows
that the SNM provided the best results achieving the minimum
conﬁdence interval’s width even when the number of recordings
was reduced. This results also conﬁrm that SNM is stable through
all experiment conditions (diminish the data training from 50% to
10%).
In addition, to compare the behavior of the SNM against the
other classiﬁers in terms of the performance and the conﬁdence
interval’s width, we proposed a performance-conﬁdence index
(pci) that combines both measures and express an unique value in

the interval [0 100], where 100 corresponds to the best classiﬁer.
This index is deﬁned as
pci = wp

 p−p
m

pM − pm



+ (1 − wp ) 1 −

c − cm
cM − cm

(15)

where p is the performance of the classiﬁer, pm and pM is the minimum and maximum performance obtained from the set of the
experimental results respectively, c is the width of the conﬁdence
interval, cm and cM is the minimum and maximum conﬁdence interval’s width computed from the experimental results, and wp is a
parameter that weight the performance and the conﬁdence interval’s width. It is important to mention that if it is necessary to
compare the behavior of the classiﬁers against the ideal classiﬁer
the next parameters must be used: pM = 100, pm = 100/I where I is
the number of classes, cM = 2 · z˛/2 · std where z˛/2 is the statistics
value according of the conﬁdence level ˛, std is the expected value
of the standard deviation, and cm = 0.
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Fig. 9. Behavior of the proposed pci obtained with six different classiﬁers for data
set IVa.
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Fig. 11. Behavior of the proposed pci obtained with six different classiﬁers for data
set IIIa.

Fig. 12. Behavior of si-index for different values of weight factor w with six different
classiﬁers. Data set IVa.

SNM and determine if the classiﬁer could be useful to avoid long
calibration session with subjects. This index is deﬁned as:

Fig. 10. Behavior of the proposed pci obtained with six different classiﬁers for data
set V.

⎧ 
pcia − pcim
⎪
⎨ w · pciM − pcim
si =
 
⎪
⎩ w · pcia − pcim

pciM − pcim

Table 10 shows the results obtained with the pci index. As it can
be seen, for the data set V (which contains several recordings), the
highest pci is obtained with LDA when 50–30% of the data samples
were used during training stage. However, for 20% and 10% the SNM
achieved the highest pci. Moreover, for the data sets IVa and IIIa, the
SNM provided the best pci values for all training conditions.
This result suggests that the SNM is the best option when a
reduced number of recordings are collected for each subject during
calibration sessions. The behavior of the pci when the number of
samples in data training decreases can be seen in Figs. 9–11.
Finally, based on the pci index, we developed a stability index
(si) to asses the effect of reducing the size of the data train in the



+ (1 − w)

1−


+ (1 − w)

sd − sdm
sdM − sdm

1−

sd − sdm
sdM − sdm

pcia ≥ 50

,



(16)
· 0.5,

pcia ≤ 50

where pcia is the average pci index obtained with the classiﬁer
using different sizes of the training set, pcim = 0 and pciM = 100 is
the minimum and the maximum pci index value, sd is the standard
deviation of the pci index obtained with the classiﬁer using different sizes of the training set, sdm = 0 and sdM = 28 is the minimum
and the maximum standard deviation of the pci index value, and w
is a weight factor for the pci index and the standard deviation. In
other words, for the case when w > 0.5 the performance is more
important than stability and when w < 0.5 the stability is more
important than the performance. Therefore, the si index is useful
to rank the classiﬁers according to its stability and performance
through different training conditions.
Fig. 12 shows the results obtained from data set IVa in terms of
si index. As the reader can observe, the best si index was obtained
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Table 11
Average number neurons in the hidden layer that composed the FNN and RBF for
each data set.

Fig. 13. Behavior of si-index for different values of weight factor w with six different
classiﬁers. Data set V.

Data

Data set IVa

Data set V

Training %

FNN1

RBF2

FNN1

RBF2

FNN1

RBF2

50
40
30
20
10

35
35
35
35
35

98
85
43
25
14

35
35
35
35
35

139
82
28
21
6

35
35
35
35
35

21
10
12
18
6

Data set IIIa

general the values obtained for the ROC area, pci and si index corroborates the stability of the model, showing that the SNM is the
best option to avoid long calibration session with subjects with an
acceptable accuracy.
It is also important to remark that the main advantage of the
SNM compared with FNN and RBF is focused on the number of neurons, whereas FNN and RBF that provides the best accuracy require
in average more than 38 neurons to obtain acceptable results, the
SNN use only one neuron, see Table 11. This advantage could be
also important for real time BCI applications.
Another advantage showed in this paper is that it is not necessary to select a speciﬁc frequency to achieve acceptable results.
This is a relevant fact due to the coherence is highly sensitive to
the frequency in which is computed, and restrict the coherence
value to speciﬁc frequency could provoke to lose the accuracy in
the classiﬁcations since the highly variability in the brain activity.
4. Conclusions

Fig. 14. Behavior of si-index for different values of weight factor w with six different
classiﬁers. Data set IIIa.

with the SNM, even if we want to weight the stability or the performance. Although FNN1 and FNN2 did not provide acceptable
results in terms of the performance, the si suggest that this type of
neural network provided better stability than RBF2 and LDA. However, when we weight the performance, the si suggest that RBF2
was better than FNN1, FNN2 and LDA.
The results obtained from data set V are shown in Fig. 13. As
it can be seen, the SNM achieved the best si index when w < 90.
Although the previous analysis based on performance and pci suggest that LDA is the best option for this data set, the si index shows
that the SNM presents more stability in both cases, when stability
or performance is weight. Only when w > 90 i.e. the performance
is the most important, the LDA was the best classiﬁer.
Finally, Fig. 14 shows the behavior of si for data set IIIa. As it can
be seen, the best si index was obtained with the SNM, even if we
want to weight the stability or the performance.
Based on the exposed results, we analyzed the behavior
obtained with the SNM and showed its robustness when the number of recording is reduced. Although the performance of the SNM
was not the best for some subjects and training conﬁgurations, in

In this paper, we described the advantage of using a spiking
neural model (SNM) to discriminate electroencephalography signals from motor imagery movements when it is necessary to avoid
long calibration session. For this purpose, we combined a method
for computing a feature vector, from a EEG recording in terms of
the coherence, with a method for training a SNM by means of the
particle swarm optimization algorithms.
The proposed methodology was tested with three data sets from
the BCI International Competition III and the results were compared
against LDA classiﬁers and two different artiﬁcial neural networks:
Feed-forward neural networks (FNN) and radial basic function neural network (RBF).
The fact that we used data set with different number of samples allow us to explore the behavior of the classiﬁers in different
conditions. For the data sets or conditions where the classiﬁer was
trained with several samples, the classical LDA and SNM provided
an acceptable performance. However, when the classiﬁers were
trained with data sets composed of a reduce number of samples,
the SNM, RBF and FNN provided better results.
In few cases, the RBF and the FNN achieved a better accuracy
than the SNM, however, those models in average require more than
30 neurons to obtain that results, whereas the SNM only one neuron. The SNM achieved the best results for most of the subjects. To
ensure that the differences in the accuracy values were statistically
signiﬁcant, we applied an ANOVA test of two ways regarding the
different classiﬁers and the subjects, where in most of the cases the
SNM achieved the maximum values, and these values presented
differences statistically signiﬁcant to the achieved with the others
classiﬁers. Furthermore, to evaluate the sensitivity of the classiﬁer,
the area under ROC curve was computed, where the SNM provided
the best area under ROC with the three data sets and all conditions
and kept its ability to ranks correctly the feature vectors (this observation is supported by the ROC curves), and these values presented
differences statistically signiﬁcant to the achieved with the others
classiﬁers.
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These results suggest that the SNM could be used as a generic
classiﬁer and also an interesting option for real-time BCI applications. However, if we want to guarantee the best accuracy for all
subjects, we have to tune a speciﬁc classiﬁer for each subject.
On the other hand, it was also important to evaluate the
robustness of the classiﬁers in terms of their stability through all
conﬁgurations and when the number of samples during training is
reduced. In that sense, the performance and the conﬁdences intervals were used to propose two different indexes for comparing
the performance and stability of the classiﬁers: performanceconﬁdence index (pci) and stability index (si).
For the case of the pci index, in general the SNM obtained the best
results, but for some subjects and training conditions, the RBF and
LDA provided better results. These results indicate that for some
subjects, the SNM is more stable than the other classiﬁers.
From the experiments, we also observed that the SNM provided
the best si index (when the performance is the most important,
when the stability is the most important or when an equilibrium
between performance and stability is the most important). Furthermore, this index is useful to discover the advantage of some
classiﬁers, not only in terms of the performance but in terms of the
robustness with a reduced number of training samples.
Therefore, based in these indexes and the ROC area, we conclude
that the results obtained with the proposed methodology are very
promising and suggest that the SNM is the best option to avoid long
calibration session with subjects with an acceptable accuracy.
Furthermore, this methodology does not require to select a
speciﬁc frequency to achieve acceptable results, which is very
important because some feature extraction methods are highly sensitive to the frequency, this is the case of the coherence. Due to the
variability of the brain signals is more convenient to use a frequency
range than a speciﬁc frequency.
Nowadays, to improve these results, we are exploring new theories to compute the feature vector based on the fractal theory as
well as new technique to design spiking neural networks.
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